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A B S T R A C T   

Grapevine leafroll associated virus 3 (GLRaV-3) is one of the most common viruses that adversely affect grape 
production quality around the world. Grapevine virus is usually detected by polymerase chain reaction (PCR) 
tests, but the main diagnostic challenges with the PCR are uneven distribution of symptoms, low virus titers in 
early stage, and the tests are time consuming and expensive. In the absence of effective control and treatment for 
grapevine virus, the recommendation is to remove infected vines before they become a source of transmission 
and a rapid and early detection method for viruses is urgently needed. This study investigated how GLRaV-3 
infection affects spectral behavior of grapevine leaves and the use of remote sensing tools to identify changes 
caused by the biotic stress. A Real-Time RT-qPCR test was performed to select representative vines with healthy 
and GLRaV-3 infection, and changes in electromagnetic (EM) spectrum of leaves were observed with a portable 
hyperspectral spectrometer and a multispectral sensor on a remotely piloted aircraft system (RPAS). The results 
of this study suggest that foliar EM reflectance may differ depending on the presence or absence of visible 
symptoms of infected leaves and different stages of virus infection progress could be indicated by changes in the 
relative rate of reflectance around 700 nm. This research also confirmed that the development of a narrow-band 
hyperspectral index for the detection of grapevine virus is feasible, further research is recommended in a much 
more comprehensive investigation including a combination of hyperspectral sensor and chlorophyll fluorescence 
sensors, interpolation of suspect wavebands into ratios or indices, larger sample sizes and a more controlled study 
environment.   

Introduction 

Many vineyards around the world suffer economic losses due to virus 
infections. Grapevine leafroll associated virus 3 (GLRaV-3) is one such 
virus that commonly affects grape production quality in nearly every 
major grape-growing region [1–5]. In most cases, grapevine virus is 
detected in infected leaf tissue of a vine by amplifying the viral genome 
sequence with the polymerase chain reaction (PCR) [6]. The main 
diagnostic challenges with the PCR method are that infected vines have 
uneven symptom distribution so not all leaves may contain the virus at 
the same level, new infections are low in virus titer, and multiple viruses 
can infect grapevines at high rates requiring multiple tests to detect all 
viruses present [1,7]. Sampling grapevines and testing is also time 
consuming and expensive. Since effective control and treatments for the 

grapevine virus have not been developed yet, recommendations are to 
remove infected vines before they act as a source of transmission in the 
vineyard. There is an urgent demand to develop an efficient method for 
the rapid and early detection of viruses. There has been good progress in 
using remote sensing technology to detect the spatial allocations and 
patterns of viticulturally meaningful variations such as water stress [8] 
and nutrient deficiency [9], yet further research is required to evaluate 
their effectiveness in detection of biotic stresses in vineyards. 

An observation on the phenotypic changes induced by GLRaV-3 
infection shows two distinct features: late season reddening of foliar 
tissues and interveinal reddening (primary veins remain green). The 
virus-infected leaves turn red primarily as a result of anthocyanin 
deposition [10] and transformation of the vein areas in the stressed 
leaves is also expected from the dilution effect of carbohydrate buildup 
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at the grape ripening period [11–13]. Pathogenic attacks initiate 
biochemical pathways, and the plant defense system responds to the 
threat of infection by pathogens in two different ways [14]. First, de-
fenses are initiated by inducible mechanisms when pathogens are 
perceived as a threat and cause induction of defense pathways, even in 
the undamaged leaves of pest infested plants soon after attack [15]. The 
inducible defenses are still not completely understood, but changes and 
accumulations of papillae are observed as a physical barrier to prevent 
pathogens from accessing the inner cells of the plant [16]. The second 
mode of plant defense system, Hypersensitive Response (HR) is involved 
in defense mechanisms against pathogen infected cells limiting further 
pathogen multiplication and spread [17]. Stress activates the HR pre-
dominantly through reactive oxygen species (ROS) that oxidize poly-
unsaturated fatty acids with altering permeability and affect the 
structural integrity of cells [17]. 

A remote sensing application for agriculture uses electromagnetic 
waves to sense soil or plant matter. The majority of remote sensing 
applications involve measuring the reflected radiation instead of the 
transmitted or absorbed radiation [18]. Biological pigments absorb en-
ergy from photons of sunlight, which carry energy proportional to their 
radiation frequency [19–21]. Due to the role of pigment molecules in 
plant photosynthesis and stress responds, pigment content in leaves is a 
good indicator of plant health and photosynthetic activity [19]. The 
reductions in a plants’ capacity for photosynthetic activity due to a stress 
could be demonstrated through changes in pigment quantities and ra-
tios, which can significantly alter the plant’s interaction with electro-
magnetic energy. Plants receive radiation on the wavelengths of 
400-700 nm, which are absorbed by their pigment molecules and uti-
lized for their individual energy potentials [22]. There are many other 
types of key pigment molecules in plants for remote sensing, such as 
carotenoids [23], flavonoids, and anthocyanins [24]. The Electromag-
netic (EM) reflectance of vegetation in agriculture is measured in mul-
tiple wavelength bands, mostly the green, red, red edge and 
near-infrared bands (NIR) and the reflectance is computationally 
transformed to the variable indices [25]. Different factors have a pro-
found impact on the reflectance levels in the visible, red edge, and NIR 
peaks. The visible region of the reflectance is influenced by pigment 
molecules, while changes in NIR spectrum are affected by variations in 
leaf arrangement and density [26]. The red edge peak is in the boundary 
between visible and NIR spectra and the peak is applied to calculate 
plant composition such as chlorophyll contents [27]. Previous research 
proved that chlorophyll concentration is negatively correlated to the EM 
reflectance at the red edge range and an increase in chlorophyll con-
centration shifts the inflection point of entering red edge region to 
higher wavelength [28–30]. The emission of fluorescence in red edge 
and NIR regions can also be an important electromagnetic signal for 
plant stress detection [31]. Chlorophyll fluorescence is an emitted light 
energy in photosynthetic tissues upon excitation with natural or artifi-
cial illumination in the red and red edge peak to disperse the excessive 
photosynthesis energy and to protect the chloroplast from oxidative 
damage [32]. Chlorophyll molecules in leaves can either facilitate 
photosynthesis, release heat or emit fluorescence, and these three pro-
cesses are competitive, such that any increase in output in one affects the 
yield in the other two [32]. Photosystem II (PSII), a solar 
energy-harvesting component in higher plants, is regulated by external 
environmental factors [33]. Nonphotochemical quenching (NPQ) occurs 
when moderately excess light occurs without damaging PSII reaction 
centers. Unwanted energy is harmlessly released as heat while the 
photochemical quenching system is engaged [33]. 

A narrow spectral band sensor offers a lot of potential for remote 
sensing of plant stresses and especially for detecting virus infection [34], 
phylloxera infestation [35], and differences in nutrient status and up-
take [36]. Portable spectrometers typically carry hundreds of bands and 
proved to have a potential application of remote sensing with many 
wavebands of spectral information [37]. Various crop health parameters 
are measured, including vegetation indexes and disease detection, by 

using portable sensors that can be hand-held or mobile for continuous 
and real-time observation [38]. This research aimed to develop a rapid 
and early detection method for GLRaV-3 infected vines using remote 
sensing data and we hypothesized that the presence of grapevine virus 
and its infected leaves have unique electromagnetic signatures at early 
stages of the virus development, which could be detected by a 
narrow-band, hyperspectral sensor. The representative vines of healthy 
and GLRaV-3 infection were selected by Real-Time reverse transcription 
quantitative polymerase chain reaction (RT-qPCR) test. The effects of 
biotic stress from GLRaV-3 infections on changes of electromagnetic 
(EM) reflectance spectrum of leaves were examined by hand-held 
hyperspectral spectrometer and multispectral sensor attached on a 
remotely piloted aircraft system (RPAS). To discover the early-stage 
spectral signatures of the virus infected leaves, the effect of visible 
symptoms of virus infection on the EM reflectance was also investigated 
by differentiating the EM spectra of virus asymptomatic leaves (early 
stage of virus infection) from these of healthy and virus symptomatic 
leaves. 

Materials and Methods 

Experimental Setup 

Vine selection and GPS delineation were performed prior to the 
research data collection. An initial data collection phase, including 
RPAS flight and leaf sampling for the PCR test, was performed in 
September 2016 to determine whether VIs from RPAS maps could be 
used to determine potential virus infections. The second phase of data 
collection with a hyperspectral spectrometer involved investigating leaf 
reflectance in more detail in the following season (2017) due to the lack 
of correlation between the conventional VIs and infection in 2016 data. 
The GPS delineated vines for the research were not removed between 
the two phases. 

Research vines selection and GPS-delineation 

This project involved two GLRaV-3 infected Cabernet franc vineyard 
blocks located within the Niagara Peninsula of Ontario, Canada. The 
representative vines of healthy and the GLRaV3 infection were selected 
and geolocated for detecting the virus by Real-Time reverse transcrip-
tion quantitative polymerase chain reaction (RT-qPCR) test and for 
measuring spectral reflectance by a hand-held spectrometer and 
remotely piloted aircraft system (RPAS). Invicta 115 GPS receiver 
(Raven Industries, Sioux Falls, SD) technology was applied to geolocate 
the research vines. The Invicta 115 receiver provides a 1 to 1.4m ac-
curacy, which was improved further with a subsequent adjustment with 
the Port Weller, Ontario base location, resulting in a closing precision of 
30 to 50 cm. 

PCR test for presence of grapevine leafroll-associated virus (GLRaV) 

In September 2016, three leaves were sampled from three different 
sections of vine canopy for Real-Time RT-qPCR test at the Molecular 
Biology lab at the University of Guelph (Guelph, Ontario). The leaves 
were powdered and placed in liquid nitrogen and frozen at -80◦C. In this 
study, the RNA isolation method was used to isolate total RNA from 
samples, and Nanodrop spectrophotometers were used to measure RNA 
concentrations and quantities. A High-capacity cDNA Reverse Tran-
scription Kit was used to prepare cDNA. Random hexamer sequences 
from the coat protein gene were used as a primer, the part of the genome 
that is most conserved in GenBank through sequence alignment using 
DNASTAR’s MegAlign program. A two-primer test was conducted on all 
samples to ensure the reliability of the data (Supplemental Table1 and 
2). The first set of primers of GLRaV was used for conventional reverse 
transcription polymerase chain reactions (RT-PCR), followed by testing 
the second pair of primers using a two-step SYBR Green real-time RT- 
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PCR assay, which the virus titer in leaves was quantitatively compared 
between plants. Actin was applied as a reference gene, a reliable marker 
for grapevines’ response to a stress [39]. GLRaV-3 presence was calcu-
lated from the PCR results, where a higher score reflects less virus 
presence. 

Electromagnetic (EM) reflectance data collection by remotely piloted 
aircraft system (RPAS) 

The eBee Classic RPAS (Parrot group, Switzerland) was flown during 
veraison in 2016 with an altitude of 90 m and a maximum speed of 60 
km/h. The Sequoia multispectral sensor (Parrot Group, Switzerland) 
was selected for collecting spectral data and it was equipped with an 
incident light sensor of 1.2 megapixels (1280 × 960 pixels)and a pixel 
size of 3.75 μm, which represented a spatial resolution of 8.47 cm on the 
ground at the 90 m altitude. Images were collected in the visible and 
near-infrared (NIR) regions of reflectance with four wide bands (green: 
530-570 nm, red: 640-680 nm, red edge: 730-740 nm, and the near 
infrared: 770-810 nm). Additionally, the aircraft featured a GPS 
receiver, radiation monitor estimating inbound radiation, and an iner-
tial system for maintaining the alignment and positioning of imaging. 
The RPAS also had an autopilot system that provided a visual range of 
1000 m and a radio range of 5 km. The vehicle was powered by an 
electric motor with a battery life of 50 minutes. Air-Tech Solutions, 
Inverary, ON, provided a RPAS and its ground control station for real- 
time tracking and collection of images over each vineyard patch. The 
RPAS was equipped with a GPS receiver, sunshine sensor measuring 
incoming radiation, and an inertial station ensured verticality and 
orientation of images by correcting anomalies in flight attitude (i.e., 
yaw, pitch, and roll). Based on the data from the inertial station and 
radiation sensor, geometric and imaging adjustments were performed 
for geometry, reflectivity, image distortions, sun exposures, and 
vignetting effects in radiometric. A geometric correction using ground 
control points (GCPs) was performed to adjust the geometry of the image 
and adjust the bidirectional reflectance for ensuring the accuracy and 
consistency of data. Geometric distortions caused by changes in RPAS 
attitude and altitude were corrected using the information provided by 
the inertial station. Radiometric correction was performed to correct 
effects of vignetting. Data were also adjusted for the input of the sun-
shine sensor before the reflectance generation. Indices were calculated 
from the mosaics assembled from the images acquired on each phase of 
each flight by choosing overlapping pixels near nadir to minimize the 
problems of angle distortion and directional effects during the images 
acquisition. 

Electromagnetic (EM) reflectance data collection by portable spectrometer 

With a portable spectrometer model EPP2000C and SpectraWiz 
software (StellarNet Inc., Tampa, FL), the reflectance spectra of the 
leaves were obtained and analyzed with a 400-850 nm range and a 
resolution of 1 nm per pixel. In this experiment, a 5-watt halogen bulb 
illuminated the entire surface of a leaf placed on a dark plate, and a fiber 
optic cord designed to capture the reflected spectra at 45◦angle to the 
leaf surface. An optical spectrum of the white and dark surface was 
referenced frequently at every 10th measurement using a white Teflon® 
square and black surface pad. The spectral measurement was performed 
in September 2017 after the virus presence data for three strains of 
GLRaV-1, 2, and 3 had been obtained from Real-Time RT-qPCR test. A 
total of 150 leaf samples comprising 75 leaf samples from each site (25 
from healthy vines, 25 from asymptomatic vines, and 25 from symp-
tomatic vines) were measured from the two different GLRaV3 infected 
sites and were pictured in the photos shown in Supplemental Fig. 1. The 
virus-positive Cabernet franc leaves demonstrated common signs of 
GLRaV-3 during scouting spectral measurements by the portable spec-
trometer in September 2017 [Supplemental Fig. 1 (a)]. Previous study 
indicated that a visual symptom of GLRaV infection was distinct at later 

season [1,3]. Therefore, the late growing season measurements were 
used to distinguish asymptomatic leaves from symptomatic leaves. On 
the leaf blades of infected grapevines, the interveinal spaces contained 
purple pigmentation and veins appeared to have a slight band of 
greenish tissue on both sides. However, some GLRaV-3 positive vines 
remained asymptomatic [Supplemental Fig. 1 (b)]. All grapevines that 
tested negative for GLRaV-3 had healthy leaves without any virus 
symptoms [Supplemental Fig. 1 (c)]. 

Data analyses 

Mapping and data extraction 
dGPS coordinate points (latitude, longitude) as well as values from 

all manually collected variables were imported into ArcMap 10.6 and 
inverse-distance-weighted (IDW) used sampled values to estimate values 
at unsampled locations. In a spatially discretized way, IDW uses a lin-
early weighted set of data points to calculate a point’s value, where the 
weighted average of points sampled declines with rising gap from the 
unsampled location [40]. Two major parameters exist in determining 
the accuracy of the IDW interpolations: power and search radius. IDW 
relies mainly on the inverse of the distance between known and un-
known locations, raised to a mathematical power, which controls the 
significance of known points on the interpolated values based on their 
distance from the output point. The search radius controls the input 
points used in the calculation of each output cell value. Several trials of 
different combinations of power and search radius were made to identify 
parameters for IDW that created the most accurate maps but at the same 
time maintained readable and interpretable maps during this study. For 
instance, the highest and lowest values of original data were compared 
to those data from IDW and it only created the projected pattern from 
local variation and did not interrupt any original dataset. A higher 
power puts more emphasis on the nearest points, and for this study the 
default value of 2 was used. A fixed search radius was used as follows: 
Standard Sector - Four Sectors with 45◦ offset; minimum neighbors: 10, 
maximum: 15.As a data classification method, Quantile breaks were 
used, which classified the data with the same number of elements in 
each class, and thereby avoided extraordinarily large or empty classes 
and facilitating the interpretation of the maps. In remote sensing ap-
plications with dense spatial data, diffusion interpolation with a smaller 
spatial channel enables efficient interpolation and a seamless contour 
plot using the same class and colour rules as IDW method. Interpolation 
spatial methods also enable the extraction of spectral values at the GPS 
coordinated research vines from surrounding sampled data. For all 
remote sensing indices creation, the flight data were imported and dis-
played in ArcMap 10.6 with World geodetic system 1984 and projected 
in the Universal Transverse Mercator zone 17N. Using the IDW inter-
polation technique and the extract values to point tool, the resultant 
data were interpolated and further exported to Microsoft Excel sheets in 
which each study vine was associated with its dGPS coordinate points as 
well as data from the RPAS flight. In Table 1, Multiple indices can be 
calculated based on the green, red edge, and NIR regions of multispec-
tral imagery to characterize virus detection according to previous 
studies [41,42]. 

Table 1 
Remote sensing indices to characterize vine health and virus infections.  

Remote sensing Indices Equation 

NDRE (Red Edge Normalized Difference 
Vegetation Index) 

(NIR − Red Edge)/ (NIR + Red 
Edge) 

GNDVI (NDVI Green) (NIR − Green)/ (NIR + Green) 
GRVI (Green-Red Vegetation Index) (Green − Red)/ (Green + Red) 
MTCI (MERIS Terrestrial Chlorophyll Index) (NIR − Red Edge)/ (Red Edge +

Red) 
RTVI core (Core Red Edge Triangular 

Vegetation Index) 
100(NIR – Red Edge) − 10(NIR −
Green)  
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Correlation-based analyses 
Indices from the multi-spectral data of the RPAS flight in 2016 were 

extracted and examined to characterize vine health and GLRaV3 
detection. To run correlation-based analyses, designated clean vines by 
Real-Time RT-qPCR were assigned a “0” and GLRaV3 infected vines 
were assigned a “1”. Principal component analysis PCA and Pearson’s 
correlations analysis were performed to compare GLRaV3 presence 
against the extracted remote sensing indices through XLSTAT v2021. 
The Shapiro-Wilk test was applied to each data to verify normality and 
any outliers were highlighted on boxplots after careful evaluation of the 
data variation. Prior to the next step to perform PCA, data were stan-
dardized. With PCA, a complex data set can be reduced to simple data 
that still contains most of the original data, and data correlated with one 
another can be transformed into principal components, starting with the 
first component describing most of the variance in the data. Each value 
in the first two factors was evaluated using the square cosine of the value 
to determine the level of relationship between the value and the axis, as 
part of the PCA analysis. Square cosine near zero of short vectors are 
indicators that the model does not adequately explain the relationship. 

Portable spectrometer data analysis 
The line graphs of mean electromagnetic (EM) reflectance for leaves 

from healthy and GLRaV3 infected grapevines were used to display the 
visual difference between the treatments. The two tailed t-tests and 
column charts of mean value were also conducted to confirm that 
different reflectance levels occurred through visible and NIR wavebands 
among symptomatic, asymptomatic, and healthy leaves. 

Results 

Detection of grapevine leafroll associated virus (GLRaV)-1,2,3 infection by 
Real Time qPCR 

In this study, two Niagara Peninsula Cabernet franc vineyard sites 
were examined for the presence of GLRaV-1, -2, -3. In Table 2, no 
samples were infected by GLRaV-1 and only one vine was infected by 
GLRaV-2 across the sites, so all statistical analyses were confined to 
determining GLRaV-3 presence only. Near the time of the RPAS flight, a 
random sample was taken of upper, middle, and lower leaves of 
Cabernet franc vines in September 2016. 

Relationships between remote sensing data from RPAS flight and GLRaV-3 
infection 

Multiple remote sensing indices can be calculated based on the 
green, red edge, and NIR regions of multispectral imagery to determine 
whether vines are infected with viruses. In Table 1, The indices were 
characterized virus detection according to previous studies [41,42]. 
Fig. 1, over 83 % of the data for GLRaV-3 detection in each site was 
explained by PCA models based on the first two factors. The GLRaV-3 
infection positively correlated to NDRE in site 1 and to RTVIcore in 
site 2 but in both sites, vectors for GLRaV-3 infection were short, making 
visual comparisons challenging. According to Pearson’s correlation 
analysis did not detect a correlation between the remote sensing indices 
and GLRaV-3 infection (Table 3). 

Spectral measurements of healthy and GLRaV3 infected leaves by the 
hand-held spectrometer Wine chemical analysis. To determine if visible 
symptoms affected the remote sensing indices and wavelength bands, 
the electromagnetic spectrum of symptomatic and asymptomatic 
GLRaV-3-infected leaves were presented separately. EM reflectance 
differences between asymptomatic and healthy leaves were observed 
throughout the spectra (Figs. 2 and 3). 

The different EM reflectance peaks were segregated based on the 
inflection point of each band from Figs. 2 and 3: the green (500-600 nm), 
the red (630-700 nm), the red edge (701-740 nm), and the NIR (741-849 
nm). The EM reflectance differences between symptomatic and asymp-
tomatic leaves were more prominent than the differences between 
symptomatic and healthy leaves in green and red regions. GLRaV-3 
asymptomatic leaves also had substantially higher light reflectance 
levels than those of healthy and symptomatic leaves throughout the 
visible regions. The reflectance in GLRaV-3 symptomatic leaves had 
substantially lower light reflectance levels than these of healthy and 
symptomatic leaves at green and part of red regions. The symptomatic 
leaves had a reflectance hike at the red edge peak. This trend continued 
extending into the NIR region with a bigger increase (Figs. 2 and 3). The 
t-test results also confirmed that different reflectance levels occurred in 
these regions among symptomatic, asymptomatic, and healthy leaves 
(Figs. 4 and 5). 

Red edge spectral shifts from these leaf samples were also investi-
gated. Red edge inflection point (REIP), also known as red edge position 
(REP) is the maximum first derivative of red edge reflectance and was 
based on the formula [43]: REIP=MAX(nm) 

R(n+1)− R(n)
WAVELENGTH(n+1)− WAVELENGTH(n) = MAX(nm) R(n+1)− R(n)

1 = Max R(x), Rn =
reflectance value at wavelength n, R(n+1) = reflectance value at 

Table 2 
Real-Time qPCR results in the presence of GLRaV-2 and -3 for grapevine leaf samples collected from two study sites. “-“indicated negative result, “+” indicated cycle 
threshold (CT) value in the range of 36 to 38, “++” indicated CT value below 35.  

Site Row Panel GLRaV-1 GLRaV-2 GLRaV-3 Site Row Panel GLRaV-1 GLRaV-2 GLRaV-3 

1 3 9 − − − 2 4 12 − − −

3 24 − − − 4 37 − − +

3 39 − − − 7 37 − − −

7 39 − − ++ 7 22 − − −

7 24 − − + 7 7 − − ++

7 9 − − − 10 12 − − −

11 9 − − ++ 10 37 − − +

11 24 − − − 13 37 − − − −

11 39 − − + 13 22 − − +

15 39 − − + 13 7 − − −

15 24 − − − 16 12 − − −

15 9 − + + 16 37 − − −

19 9 − − − 19 37 − − −

19 24 − − ++ 19 22 − − −

19 39 − − + 19 7 − − −

22 12 − − ++

22 37 − − −

25 37 − − −

25 22 − − ++

25 7 − − ++
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wavelength n+1, R(x)’ = first derivative of reflectance change (slope of 
reflectance graph). 

The REIP results are shown in Figs. 6 and 7, which indicate that both 
in site 1 and site 2, virus symptomatic leaves had the lowest REIP while 
asymptomatic and healthy leaves showed the REIP shifted to higher 
wavelength. 

In the red and red edge regions, the relative reflectance changes 
(ΔRn) were determined for the different treatments to observe the rate 
of change based on reflectance values at each wavelength. The relative 
reflectance change (ΔRn) from one wavelength to another was calcu-
lated from the formula [44]: 

ΔRn = R(n)ʹ
R(n) = ln(R(n))’ = dln(R(n))

dn = lim
h− 1

ln(R(n+h))− ln(R(n))
h = ln(R(n+1)) 

– ln(R(n)). 
The MaxΔRn results are shown in Figs. 8 and 9, which indicate a 

smooth and clear trend at the inflection point for all three treatments 
with the ranges of inflection point between 698 nm and 702nm. The 
relative data also indicated that the relative changes were lower in virus 
asymptomatic leaves than these in virus symptomatic and healthy leaves 
at the inflection point. 

Discussion 

Remote sensing indices from the multi-spectral data of the RPAS 
flight were extracted and examined to characterize vine health and virus 
detection. Although previous studies demonstrated the potential for 
grapevine virus detection using multispectral sensors on RPAS’s 
[45-48], the results of correlation coefficient test in this study indicated 
that there were no significant correlations found among any of the RPAS 
remote-sensing indices and the occurrence of the GLRaV-3 (Table 3). 
The absence of any correlation between the virus infections and remote 
sensing indices could be caused by a number of factors. It is possible that 
the multi-spectral data acquisition occurred prior to the development of 
GLRaV-3 symptoms. The virus symptoms appear in the late ripening 
period as a result of source-sink dynamics that interfere with carbohy-
drates being transported from the leaves to the berry tissues, leading to 
accumulation of carbohydrates in the leaves [12]. Carbohydrate accu-
mulation in mesophyll cells inhibits photosynthesis and promote the 
accumulation of flavanols and anthocyanins for mitigating 
photo-oxidative damage via upregulated expression of MYB type tran-
scription factors [13,49]. Another possible explanation of the absence of 
correlation could be limitations of spatial and spectral resolution of the 
multi-spectral sensor measurement from RPAS flight. Multispectral 
sensors have spectrally broad bands with integration of tens of nano-
meters into one band leaving gaps between different bands and there-
fore, they are not able to reconstruct a detailed continual reflectance of 
plant canopy [50]. In this study, multi-spectral images were collected in 
the visible and near-infrared (NIR) regions of reflectance with four wide 
bands (green: 530-570 nm, red: 640-680 nm, red edge: 730-740 nm, and 
the near infrared: 770-810 nm). Based on the results of this study, a 
wavelength around 700 nm in the reflectance spectrum could be effec-
tive for identifying viruses, but the multi-spectral sensor did not include 
this wavelength. It proposed future supplement research to investigate 
630-700nm of multi-spectral band using the RPAS flight. 

In the following season (2017), leaf reflectance was investigated in 
greater detail with a hyperspectral spectrometer due to the lack of cor-
relation between the virus infections and muti-spectral data in 2016. 
The results of hyperspectral spectrometer revealed some distinct out-
comes that need further investigation. First, GLRaV-3 asymptomatic 
leaves had substantially higher light reflectance levels than these of 
healthy and symptomatic leaves throughout the visible (green and red), 
and red edge spectra. Plant leaf surfaces are at the front line to fight 

Fig. 1. PCA results for GLRaV-3 presence vs. remote sensing indices including green, red, red edge, NIR, NDVI, NDRE, GNDVI, GRVI, MTCI, and RTVI core. Ab-
breviations: NIR= Near infrared, NDVI= Normalized difference vegetation Index, NDRE= Red edge normalized vegetation index, GNDVI= NDVI green, GRVI=
Green-red vegetation index, MTCI= MERIS terrestrial chlorophyll index, RTVI core= Core red edge triangular vegetation index. 

Table 3 
Pearson’s correlation results between GLRaV-3 presence and remote sensing 
indices in the two virus infected vineyards. Abbreviations: NIR= Near infrared, 
NDVI= Normalized difference vegetation Index, NDRE= Red edge normalized 
vegetation index, GNDVI= NDVI green, GRVI= Green-red vegetation index, 
MTCI= MERIS terrestrial chlorophyll index, RTVI core= Core red edge trian-
gular vegetation index.   

Correlation matrix p-values 

Variables Site1 Site2 Site1 Site2 

Green − 0.449 0.016 0.093 0.948 
Red − 0.295 0.076 0.286 0.750 
Red Edge − 0.471 0.272 0.076 0.246 
NIR − 0.443 0.323 0.098 0.164 
NDVI 0.140 0.064 0.618 0.787 
NDRE 0.393 0.075 0.147 0.755 
MTCI 0.213 0.064 0.445 0.789 
RTVI core − 0.173 0.258 0.538 0.272 
GNDVI 0.190 0.138 0.498 0.561 
GRVI − 0.014 − 0.291 0.962 0.213  
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against any biotic stresses with altering its cell wall structure and 
providing a protection against pathogens [51]. The first defense system 
of plants is induced by infection with GLRaV-3, resulting in hardening of 
leaf surfaces to stop invading pathogens. Hence, the observation of 
higher light reflectance in asymptomatic leaves with GLRaV-3 infection 
in this study may be associated with the hardening of the leaf surface 
walls at an early stage of infection, preventing light penetration and 
absorption. Secondly, the EM reflectance in GLRaV-3 symptomatic 
leaves had substantially lower light reflectance levels than these of 
healthy and asymptomatic leaves in the visible (green and red) regions 
where the leaf reflectance is dominated by ability of absorbing light 
energy by leaf pigments [52]. Since the symptomatic leaves indicated 
the reduction in chlorophyll concentration and its negative impacts on 
absorbing red light for photosynthesis, the higher reflectance level was 
expected in the symptomatic leaves in the red trough [52]. The abnor-
mality between the reflectance of red peak and the virus symptomatic 
leaves in this study could be explained by presence of the second mode 
of plant defense system, known as hypersensitive response (HR), in the 
GLRaV-3 symptomatic leaves. The GLRaV-3 symptomatic leaves were at 

the later stage of the virus infection and triggered HR dominated plant 
defense response against the virus infection. Therefore, the HR may 
induce a structural change at the leaf surface, which diminishes the 
specular reflectance as each ray of the beam encounters different geo-
metric angles in the red region. Previous studies also confirmed that 
increases in leaf transmittance and decreases in leaf absorbance levels in 
the EM spectrum were observed in the stressed plants [53,54]. Another 
notable spectral observation of the GLRaV-3 infected leaves was the 
symptomatic leaves had a reflectance hike at the red edge peak. This 
trend continued extending into the NIR region with a bigger increase. An 
increasing light emission rate of the chlorophyll fluorescence in the virus 
symptomatic leaves may cause the reflectance increase in red edge and 
NIR regions. Chlorophyll fluorescence is inversely related to photosyn-
thetic rates and the symptomatic leaves with severe stress conditions 
may trigger activation of HR and induce a collapse of chlorophyll ac-
tivity and decrease in photosynthesis rates [55,56]. Lastly, The degra-
dation of chlorophyll in the virus symptomatic leaves was observed by 
comparing the red edge inflection point (REIP) index extracted from the 
EM reflectance of three virus infection treatments [57]. The REIP is 

Fig. 2. The series of electromagnetic spectra from healthy and GLRaV-3 symptomatic and asymptomatic Cabernet franc leaves measured by hand-held spectrometer 
at site 1. The reflectance( %) was average of each treatment in steps of 1 nm wavelength. 

Fig. 3. The series of electromagnetic spectra from healthy and GLRaV-3 symptomatic and asymptomatic Cabernet franc leaves measured by hand-held spectrometer 
at site 2. The reflectance( %) was average of each treatment in steps of 1 nm wavelength. 
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based on calculation of absolute reflectance changes to get the inflection 
point at the red edge spectrum. The virus symptomatic leaves had the 
lower REIP value than these of asymptomatic and healthy leaves in both 
sites indicating the lowest chlorophyll concentration in the virus 
symptomatic leaves and the higher chlorophyll concentration in the 
healthy and asymptomatic leaves (Figs. 6 and 7) [57]. Effects of relative 
reflectance changes (ΔRn) at the inflection point were also investigated. 
Both REIP and ΔRn measured the changes in reflectance at red edge 

peak; however, the nature of the data was different from each other. The 
REIP calculated by an absolute difference between the reflectance per 
each wavelength unit while ΔRn calculated by a relative rate change 
from the original reflectance. Mathematically, the former is the slope of 
the reflectance graph, and the latter is logarithmic reflectance difference 
between the wavelengths. Since logarithmic conversion transfers an 
exponential scale into a linear scale, the relative values could be a useful 
concept to compare numerical variables with quantities growing 

Fig. 4. Comparison of mean reflectance ( %) of EM spectrums of green, red, red edge, and NIR peaks from healthy (n=25), asymptomatic (n=25) and symptomatic 
(n=25) GLRaV-3 infected Cabernet Franc leaves measured by hand-held spectrometer at site 1 using a t-test with two samples: * significant p-values (95 
% confidence). 
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exponentially in the red edge peak [58]. The concept of relative differ-
ence also allows understanding of the comparative ratio of two numbers 
that gives us a direct insight into the true scale of difference between the 
treatments [58]. Interestingly, the relative rate changes of reflectance at 
red edge region were the highest (inflection point) around a certain 
wavelength (700 nm) throughout the treatments and sites and one could 
assume that a significant spectral incidence occurred at the inflection 
point in terms of the relative changes for different stages of virus 

infections. Results also indicated that the relative reflectance difference 
among the wavelengths was significantly lower in virus asymptomatic 
leaves and higher in virus symptomatic leaves around 700 nm (Figs. 8 
and 9). The significant difference in rate increment of reflectance 
changes between the asymptomatic and symptomatic leaves around 700 
nm could be induced by the chlorophyll fluorescence effect. The incre-
ment of reflectance change around 700 nm in the virus symptomatic 
leaves would lead to the assumption that a severe stress condition with 

Fig. 5. Comparison of mean reflectance ( %) of EM spectrums of green, red, red edge, and NIR peaks from healthy (n=25), asymptomatic (n=25) and symptomatic 
(n=25) GLRaV-3 infected Cabernet Franc leaves measured by hand-held spectrometer at site 2 using a t-test with two samples: * significant p-values (95 
% confidence). 
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activation of HR might also induce a collapse of the photosystem II ac-
tivity, and the emission rate of chlorophyll fluorescence would increase 
with decreasing the NPQ activity and subsequent spike of the relative 
increment rate of EM reflectance observed around the certain peak (700 
nm) in red edge range [55,56]. 

Conclusions and recommendations 

Even though there were some experimental challenges such as visual 
assessment of virus symptoms, limited sample size, and time gaps be-
tween measurements, this study suggested that the response of indi-
vidual foliar electromagnetic (EM) reflectance may differ due to an 

absence or presence of visible symptoms of infected leaves. The relative 
rate of reflectance changes around 700 nm could be an indicator for a 
dynamic light harvesting mechanism between energy utilization and 
dissipation in different stages of virus infection progress. While re-
searchers demonstrated the feasibility of using multispectral sensors on 
RPAS to detect grapevine virus, none of the conventional spectral 
indices investigated in this study were consistent or robust enough to 
predict GLRaV-3 infection from the RPAS multi-spectral data. This study 
suggested selecting multispectral sensors with a wavelength near 700nm 
in the region of red or red edge for the remote sensing of early plant 
disease detection. The hyperspectral spectrometer data showed consis-
tent and significant differences among the spectra of healthy, 

Fig. 6. The series of the first derivative values of electromagnetic reflectance spectra in red and red edge regions from healthy and GLRaV-3 symptomatic and 
asymptomatic Cabernet Franc leaves measured by hand-held spectrometer at site 1. The absolute reflectance change was average of each treatment in steps of 5 
nm wavelength. 

Fig. 7. The series of the first derivative values of electromagnetic reflectance spectra in red and red edge regions from healthy and GLRaV-3 symptomatic and 
asymptomatic Cabernet franc leaves measured by hand-held spectrometer at site 2. The absolute reflectance change was average of each treatment in steps of 5 
nm wavelength. 
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asymptomatic, and symptomatic leaves. This finding leads to a recom-
mendation for further study in a much more comprehensive investiga-
tion since there appears to be potential for development of a narrow- 
band hyperspectral index for grapevine virus detection. For instance, a 
combination of hyperspectral sensor and chlorophyll fluorescence sen-
sors may detect changes in leaf reflectance and emission from GLRaV-3 
infection. This may warrant combination of suspect wavebands into 
ratios or indices. Concurrent virus titer and reflectance measurements 
along with much larger sample sizes and a more controlled environment 
would also be required. 
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reference genes for quantitative real time PCR in grapevine under abiotic stress, 
BMC. Res. Notes. 5 (2012) 220. 

[40] J. Li, A.D. Heap, A review of comparative studies of spatial interpolation methods 
in environmental sciences: Performance and impact factors, Ecol. Inform. 6 (2011) 
228–241. 

[41] F.-M. Wang, J.F. Huang, Y.L. Tang, X.Z.J.R.S. Wang, New vegetation index and its 
application in estimating leaf area index of rice, Rice Sci. 14 (2007) 195–203. 

[42] D. Wu, L. Feng, C. Zhang, Y.J.T.O.T.A He, Early detection of Botrytis cinerea on 
eggplant leaves based on visible and near-infrared spectroscopy, Trans. ASABE 51 
(2008) 1133–1139. 
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G. Dedieu, Detection of flavescence dorée grapevine disease using unmanned aerial 
vehicle (UAV) multispectral imagery, Remote Sens. (Basel) 9 (2017) 308. 

[47] M. Kerkech, A. Hafiane, R. Canals, Vine disease detection in UAV multispectral 
images using optimized image registration and deep learning segmentation 
approach, Comput. Electron. Agric. 174 (2020) 105446. 

[48] H. Al-Saddik, J.-C. Simon, O. Brousse, F. Cointault, Multispectral band selection for 
imaging sensor design for vineyard disease detection: case of Flavescence Dorée, 
Adv. Animal Biosci. 8 (2017) 150–155. 

[49] D.C. Close, C.L.J.T.B.R Beadle, The ecophysiology of foliar anthocyanin, Bot. Rev. 
69 (2003) 149–161. 

[50] A. Hall, D. Lamb, B. Holzapfel, J. Louis, Optical remote sensing applications in 
viticulture-a review, Aust. J. Grape Wine Res. 8 (2002) 36–47. 

[51] C. Müller, M.J.J.O.C.E Riederer, Plant surface properties in chemical ecology, 
J. Chem. Ecol. 31 (2005) 2621–2651. 

[52] S.L. Ustin, S. Jacquemoud, How the optical properties of leaves modify the 
absorption and scattering of energy and enhance leaf functionality, Remote Sens. 
Plant biodiversity (2020) 349–384. 

[53] J.S. Schepers, T. Blackmer, W. Wilhelm, M. Resende, Transmittance and 
reflectance measurements of cornleaves from plants with different nitrogen and 
water supply, J. Plant Physiol. 148 (1996) 523–529. 

[54] A.K. Knapp, G.A. Carter, Variability in leaf optical properties among 26 species 
from a broad range of habitats, Am. J. Bot. 85 (1998) 940–946. 

L. Lee et al.                                                                                                                                                                                                                                       

https://doi.org/10.1016/j.atech.2024.100464
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0001
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0001
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0001
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0002
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0002
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0002
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0003
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0003
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0004
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0004
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0004
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0005
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0005
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0005
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0006
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0006
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0006
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0007
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0007
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0008
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0008
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0008
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0009
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0009
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0009
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0009
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0010
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0010
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0010
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0011
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0011
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0012
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0012
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0012
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0012
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0013
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0013
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0013
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0014
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0015
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0015
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0017
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0017
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0018
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0018
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0019
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0020
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0020
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0020
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0021
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0021
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0022
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0022
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0023
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0023
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0024
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0024
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0025
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0025
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0025
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0027
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0027
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0027
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0028
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0028
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0028
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0029
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0029
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0030
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0030
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0030
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0032
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0032
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0033
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0033
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0034
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0034
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0034
https://doi.org/10.3390/s18010260
https://doi.org/10.3390/s18010260
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0036
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0036
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0036
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0036
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0037
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0037
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0037
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0037
https://doi.org/10.15302/j-fase-2018240
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0039
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0039
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0039
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0040
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0040
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0040
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0041
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0041
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0042
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0042
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0042
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0043
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0043
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0043
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0044
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0044
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0044
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0045
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0045
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0045
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0045
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0046
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0046
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0046
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0047
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0047
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0047
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0048
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0048
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0048
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0049
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0049
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0050
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0050
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0051
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0051
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0052
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0052
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0052
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0053
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0053
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0053
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0054
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0054


Smart Agricultural Technology 8 (2024) 100464

12

[55] E.H. Murchie, T.J.J.O.E.B Lawson, Chlorophyll fluorescence analysis: a guide to 
good practice and understanding some new applications, J. Exp. Bot. 64 (2013) 
3983–3998. 

[56] P. Horton, M.P. Johnson, M.L. Perez-Bueno, A.Z. Kiss, A.V.J.T.F.j Ruban, 
Photosynthetic acclimation: Does the dynamic structure and macro-organisation of 

photosystem II in higher plant grana membranes regulate light harvesting states, 
FEBS J. 275 (2008) 1069–1079. 

[57] O. Mutanga, A.K. Skidmore, Red edge shift and biochemical content in grass 
canopies, ISPRS J. Photogrammetry Remote Sens. 62 (2007) 34–42. 

[58] S.E. Kastberg, Understanding Mathematical Concepts: the Case of the Logarithmic 
Function, University of Georgia, 2002. 

L. Lee et al.                                                                                                                                                                                                                                       

http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0055
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0055
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0055
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0056
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0056
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0056
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0056
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0057
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0057
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0058
http://refhub.elsevier.com/S2772-3755(24)00069-8/sbref0058

	Identification of unique electromagnetic signatures from GLRaV-3 infected grapevine leaves in different stages of virus dev ...
	Introduction
	Materials and Methods
	Experimental Setup
	Research vines selection and GPS-delineation
	PCR test for presence of grapevine leafroll-associated virus (GLRaV)
	Electromagnetic (EM) reflectance data collection by remotely piloted aircraft system (RPAS)
	Electromagnetic (EM) reflectance data collection by portable spectrometer
	Data analyses
	Mapping and data extraction
	Correlation-based analyses
	Portable spectrometer data analysis


	Results
	Detection of grapevine leafroll associated virus (GLRaV)-1,2,3 infection by Real Time qPCR
	Relationships between remote sensing data from RPAS flight and GLRaV-3 infection

	Discussion
	Conclusions and recommendations
	Ethics Statement
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments/Author disclosures
	Supplementary materials
	References


