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Abstract

BACKGROUND: Johnsongrass (Sorghum halepense) is one of the weeds that evolves resistance to glyphosate [N-(phosphono-
methyl)-glycine], the most widely used herbicide, and the weed may cause agronomic troublesome in the southern USA. This
paper reports a study on developing a hyperspectral plant sensing approach to explore the spectral features of glyphosate-
resistant (GR) and glyphosate-sensitive (GS) plants to evaluate this approach using machine learning algorithms to differenti-
ate between GR and GS plants.

RESULTS: On average, GR plants have higher spectral reflectance compared with GS plants. The sensitive spectral bands were
optimally selected using the successive projections algorithm respectively wrapped with the machine learning algorithms of k-
nearest neighbors (KNN), random forest (RF), and support vector machine (SVM) with Fisher linear discriminant analysis (FLDA)
to classify between GS and GS plants. At 3 weeks after transplanting (WAT) KNN and SVM could not acceptably classify the GR
and GS plants but they improved significantly with the stages to have their overall accuracies reaching 73% and 77%, respec-
tively, at 5WAT. RF and FLDA had a better ability to classify the plants at 3WAT but RF was low in accuracy at 2WATwhile FLDA
dropped accuracy to 50% at 4 WAT from 57% at 3 WAT and raised it to 73% at 5 WAT.

CONCLUSIONS: Previous studies were conducted developing the hyperspectral imaging approach to differentiate GR Palmer
amaranth from GS Palmer amaranth and GR Italian ryegrass from GS Italian ryegrass with classification accuracies of 90%
and 80%, respectively. This study demonstrated that the hyperspectral plant sensing approach could be developed to differen-
tiate GR johnsongrass from glyphosate-sensitive GS johnsongrass with the highest classification accuracy of 77%. The compar-
ison with our previous studies indicated that the similar hyperspectral approach could be used and transferred from
classification across different GR and GS weed biotypes, such as Palmer amaranth, Italian ryegrass and johnsongrass, so it is
highly possible for classification of more other GR and GS weed biotypes as well. On the basis of classic pattern recognition
approaches the process of plant classification can be enhanced by modeling using machine learning algorithms.
© 2022 Society of Chemical Industry. This article has been contributed to by U.S. Government employees and their work is in the
public domain in the USA.
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1 INTRODUCTION
Various herbicides have been developed and used to control
weeds in in crop fields to enhance crop productivity. Among the
herbicides glyphosates, [N-(phosphonomethyl)-glycine] is the
one which has been most widely used, especially intensive use
in increasingly adopted genetically engineered glyphosate-
resistant (GR) cropping systems in recent years1 to ensure weed
control and crop production at the same time. Based on the most
recent available report, genetically engineered herbicide-tolerant
crops account for about 56% of global glyphosate use, and in the
USA no pesticide has come remotely close to such intensive and
widespread use,2 maybe because the nonselective feature of
glyphosate to weeds and genetically engineered glyphosate-
tolerant crops, such as corn, soybean and cotton, dominate

genetically engineered herbicide-tolerant cropping systems. Such
intense and widespread use of glyphosate has exerted a high
selection pressure on weed populations and has resulted in the
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evolution of GR weeds in crop fields. Based on the data extracted
from the International Herbicide-Resistant Weed Database,3 glob-
ally there are 51 GR weed biotypes that have been consecutively
found since 1996. For the same time period in the USA 16 GR
weed biotypes have been found consecutively. In Mississippi nine
GR weed biotypes have been found so far.
Johnsongrass (Sorghum halepense) is a GR weed that was first

reported in Argentina in 2005 in a soybean field, followed bymore
cases in Argentina in other soybean fields in 2015 and in Australia
on fallow land in Queensland in 2019.3 In the USA, GR johnson-
grass was first reported in soybean fields in Arkansas in 2007
and in soybean fields in Mississippi and Louisiana, respectively,
in 2008 and 2010.3 Johnsongrass is a monocot weed in the Poa-
ceae family. This biotype occurs in crop fields, pastures, aban-
doned fields, rights-of-way, forest edges and along streambanks.
It thrives in open, disturbed, rich, bottom ground, particularly in
cultivated fields. As mentioned above, johnsongrass was found
to eb resistant to glyphosate in Argentina and the USA, including
Mississippi. To effectively manage and control GR johnsongrass
and other GR weeds in crop fields, it is necessary to identify GR
and glyphosate-susceptible (GS) johnsongrass, and map the dis-
tribution of the GR and GS johnsongrass patches and clusters over
crop fields.
Traditionally, detection of GR and GS plants is destructive and

the plants are assessed by determining the plant physiological
and biochemical changes before and after glyphosate treatment
on the whole plant, single leaves or leaf disks.4,5 With glyphosate
treatment, GS plants will show symptoms of injury with time after
treatment while GR plants will have no or many fewer symptoms
of injury depending on the resistance mechanism and growing
conditions. This traditional method is regularly used by weed sci-
entists and is effective and accurate for conducting plant physio-
logical studies on GR and GS weeds. However, this method is
destructive, tedious and labor intensive.
Glyphosate-treated plants typically indicate changes in physio-

logical, biochemical and cell structures.6 These changes can be
interpreted as plant stress, which can be detected by analysis of
measured plant optical responses from spectral characteristics.
Hyperspectral analysis has been developed for plant sensing
using sensors that subdivide the visible to infrared electromag-
netic spectrum into numbers of wavelength bins to allow detec-
tion of subtle changes in plant spectra.7,8 This technology has
been applied in agricultural studies, notably identification of plant
stress caused by drought, nutrient deficiencies, pest infestations,
and herbicide applications.9,10,11–13

To develop a rapid, nondestructive method for detection of GR
and GS weeds, Reddy et al.14 performed a research study to differ-
entiate GR Palmer amaranth (Amaranthus palmeri S.Wats.) from
GS Palmer amaranth using hyperspectral imaging technology.
The experiments were designed and conducted for forward selec-
tion to select the bands, and analyzed to evaluate three different
plant sample populations, using Fisher's linear discriminant analy-
sis to reduce dimensionality and maximum likelihood to classify
plants. The results showed that GR and GS Palmer amaranth had
the best separability in the 400–500 nm, 650–690 nm, 730–
740 nm and 800–900 nm spectral regions, which could be consis-
tently differentiated with accuracies over 90%without glyphosate
treatment. Huang et al.15 further developed the approach of
hyperspectral imaging to rapid sensing of Italian ryegrass (Lolium
perenne ssp. multiflorum) plants to determine GR plants from GS
ones. With the hyperspectral images, sensitive spectral bands
were determined with the reduced dimensionality of the

available spectral bands and the 15 most sensitive wavelength
bands were selected. Then, the maximum likelihood classification
was conducted for plant sample differentiation of GR Italian rye-
grass from GS Italian ryegrass, with the overall classification accu-
racy between 75% and 80%. Conventional data analysis and
pattern recognition algorithms provided tools for effective data
classification and modeling of hyperspectral plant sensing.11,16

Machine learning algorithms and approaches have been devel-
oped for much improved data classification and modeling of
hyperspectral plant sensing.16–20 In recent years machine learning
has been developed into the stage of deep learning.21–23 In the
domain of weed science Ferreira et al.24 proposed and developed
the use of deep learning for the detection of weeds in soybean
crops. Yu et al.25 used deep learning convolutional neural net-
works for detection of dandelion (Taraxacum officinale Web.),
ground ivy (Glechoma hederacea L.) and spotted spurge (Euphor-
bia maculata L.) growing in perennial ryegrass. However, deep
learning typically requires a large amount of data and has issues
of high computational complexity and poor interpretation. Never-
theless, although regular machine learning algorithms still have
relatively higher complexity, they basically can be effectively used
as statistical regression and analysis. Zhang et al.13 developed the
machine learning algorithms of Naive Bayes, Random Forest and
Support Vector Machine to evaluate the imaged hyperspectral
response of soybean plants to different dicamba rates and
develop appropriate spectral features and models for assessing
the crop damage from dicamba.
With our success in previous research with GR and GS Palmer

amaranth and Italian ryegrass differentiations through hyperspec-
tral imaging, we further investigated and tested if a similar spec-
tral approach could be transferred to other GR weed biotypes
through machine learning algorithms. Therefore, the objective
of this research was to develop a hyperspectral plant sensing
method using a spectroradiometer with analysis from machine
learning algorithms for rapid, nondestructive measurement, pro-
cessing and analysis of spectral data for differentiation between
GR and GS johnsongrass.

2 MATERIALS AND METHODS
2.1 Experiment setup
GR and GS johnsongrass biotypes were raised from seeds and
used in the study. Seeds were planted in middle of November in
2016 in the research facilities of the US Department of Agriculture,
Agricultural Research Unit, Crop Production Systems Research
Unit at Stoneville, Mississippi (latitude 33.445062°, longitude
90.869967°). The planting was conducted in a controlled-
environment chamber at 1 cm depth in 50 × 20 × 6 cm plastic
trays with holes that contained potting mix. Two weeks after
emergence, johnsongrass plants were transplanted into
10 × 10 × 10 cm pots with the potting mix in the greenhouse.
Plants were fertilized with a nutrient solution and subirrigated as
needed. The greenhouse was maintained at 28/22 ± 3 °C
day/night temperature with natural light supplemented by
sodium vapor lamps to provide a 12 h photoperiod. GR and GS
plants, both at 30–40 cm tall, were used for reflectance measure-
ments. About 50 pots of johnsongrass were planted for GR and GS
biotypes, respectively, and then 36 pots of each biotype were
selected for the experiment for the analysis of the research. After
the experiment the plants were sprayed with Roundup Weather-
Max® (Monsanto Co., St Louis, MO, USA), which is glyphosate solu-
tion prepared using glyphosate potassium salt 540 g ae L−1
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sprayed at a rate of 866 g ae ha−1 to confirm the truth of the GR
and GS ones.

2.2 Plant hyperspectral sensing
At 3 weeks after transplanting in pots (WAT), 4 WAT and 5 WAT,
each pot was moved outside the greenhouse and measured
under natural sunlight with an ASD handheld portable spectrora-
diometer (ASD Inc., Boulder, CO, USA) (Fig. 1). The hyperspectral
measurements were conducted on three leaves from each pot
of plants between 11:00 AM to 1:00 PM on clear sunny days. The
average of the hyperspectral data from the three-leaf measure-
ment was used as the representative hyperspectral measurement
for that pot. From the measurements the ASD spectroradiometer
provided visible–near infrared (VNIR) spectra of johnsongrass
plants in the range of 325–1075 nmwith 25° field of view. The dis-
tance between the sensor probe and the target leaves was kept
at 10 cm. For radiometric calibration, a 0.3 m × 0.3 m Spectrolon®
white reference target with 99% nominal reflectance (Labsphere,
North Sutton, NH, USA) was measured once for every hyper-
spectral measurements of 10 plants under stable sunlight. Before
taking measurements each day, the spectroradiometer was opti-
mized with a white reference measurement to avoid data satura-
tion and a dark current measurement to reduce data noises. To
remove vegetation interference from the grass field in the back-
ground a sheet of black felt was used to cover the backs of the
plant pots (Fig. 1). Black felt has a very low spectral reflectance
that is significantly different from the spectral reflectance of the
plants. Although the wavelength range of the hyperspectral data
was 325–1075 nm, the beginning and the end of the actual spec-
tra were quite noisy. Therefore, for data analysis hyperspectral
data between 400 and 900 nm were extracted and used as the
representative spectra of each measurement. Figure 2 shows the
average spectra of GR and GS plants and the nonreflective black
felt. The two reflectance curves have similar shapes. The GR curve
had elevated green and NIR values compared with the GS curve,
indicating the difference in plant pigment and structure.

2.3 Data analysis
In data analysis, the averaged spectral band data at each WAT for
GR and GS biotypes were randomly divided into 70% for a training
data set and 30% for the testing data set so that there were
50 (25 plant samples × 2 biotypes) spectrum data points for
model training and 22 (11 plant samples × 2 biotypes) for model
testing. The spectral data were standardized using a Z score

transform to evaluate the value's relationship to the mean of a
group of values in terms of standard deviations:

Zscore,g,i,j=
xg,i,j−xg,j

sg,j
, ð1Þ

where Zscore,s,i,j is the Z score of GR or GS biotypes (g) for the ith
spectrum at the jth wavelength, xg,i,j is the spectral value of GR
or GS biotypes (g) for the ith spectrum at the jth wavelength,
xg,j is the mean value of spectral values of GR or GS biotypes (g)
for at the jth wavelength, and sg,j is the standard deviation of spec-
tral values of GR or GS biotypes (g) at the jth wavelength.

2.3.1 Spectral band selection
For differentiating GR and GS johnsongrass, sensitive bands of
hyperspectra were identified as being associated with different
plant biotypes. The conventional approach to spectral band selec-
tion is through correlation analysis between leaf biological
responses and spectral features and then selection of the most
statistically significant spectral bands26 or direct choice of the
maximum absorption wavelengths.27 However, there exists high
collinearity among the hyperspectral bands, and the usual band
selection methods that treat each band as an individual variable
tend to generate bands with relatively high information redun-
dancy. To resolve this issue, the successive projections algorithm
(SPA) was used in this study for sensitive band selection by con-
ducting a variable projection and matrix analysis to obtain a set
of wavelengths with the least collinearity between each other.
SPA is a variable-selection method used to select optimal vari-

ables with minimal redundancy with designated models. It
has been used to determine effective wavelengths with minimal
redundancy.28–31 SPA performs a projection operation of variable
vectors to select uniquely effective variables among those
with collinearity. To implement SPA with a model, such as the
models based on machine learning, the variable data are formed
into a n×m matrix X= x1,x2,…,xmð Þ, where each vector
x i i=1,2,…,mð Þ occupies a column in the matrix to represent a
variable with sample size n. At the beginning of the algorithm
implementation the projections are operated on the X matrix
and produce m chains of S variables, where S=min n−1,mf g is
the maximum number of variables to be selected. Each variable
in a chain is selected to have the least collinearity with the

Figure 1. Johnsongrass plant leaf hyperspectral measurement.
Figure 2. Average johnsongrass plant hyperspectral reflectance and
black felt reflectance.
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previous ones. Each chain is constructed to start from one of the
variables x i i=1,2,…,mð Þ.
Paiva et al.32 released the code of the SPA algorithm in 2012 based

on their original work in 2001.28 For this study we programed the
algorithm based on the code with m=36 and n=501 so S=36.

2.3.2 Data classification through machine learning
Usually feature selection in pattern recognition is conducted inde-
pendently from the classification process, which is called the filter

method of feature selection.33 However, the filter method of fea-
ture selection does not consider the purpose of the classifier and
the relevant feature subset will not reflect the classifier's specific
characteristics.34 The other method of feature selection is called
the wrapper method, and it can be used to wrap a classifier and
feature selection together to evaluate the performance of the iter-
atively selected features according to the accuracy of the classi-
fier.35 The wrapper method essentially optimizes the classifier
performance with selected features. Although the wrapper
method typically has a higher computational complexity than
the filter method due to iterative learning and cross-validation,
the implementation of the processes is acceptable for regular
computers in most cases for integrated operation of feature selec-
tion and classification.
To differentiate the GR johnsongrass from the GS biotypes in

this study, the SPA spectral feature selection algorithm was
wrapped with the commonly used machine learning algorithms,
including k-nearest neighbors (KNN), random forest (RF), and sup-
port vector machine (SVM), to compare them with conventional
Fisher linear discriminate analysis (FLDA). These machine learning
algorithms are representative classifiers based on different

Figure 3. Workflow of the research project.

Table 1. Initial spectral band selection accuracies from the hyper-
spectral data measured at 3 WAT wrapped with different machine
learning algorithms

Number of
band groups

Overall
accuracy

KNN 12 36%
RF 30 64%
SVM 501 36%
FLDA 6 91%

Table 2. Initial spectral band selection from the hyperspectral data
measured at 4 WAT

Number of band groups
Overall
accuracy

KNN 27 60%
RF 15 64%
SVM 501 50%
FLDA 9 55%

Table 3. Initial spectral band selection from the hyperspectral data
measured at 5 WAT

Number of band groups Overall accuracy

KNN 183 77%
RF 3 68%
SVM 501 77%
FLDA 7 100%
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pattern recognition principles and are widely used in the detec-
tion of crop stress in crop production processes. KNN is a neural
network algorithm with low complexity. It classifies an input data
point based on the distance between the data point and its k
nearest data points in the training dataset.36,37 RF is a bagging
ensemble algorithm that consists of a group of decision trees
each of which is not necessarily related.38–40 SVM uses kernel
functions and hyperplanes as a decision boundary to separate
data into classes in a n-dimensional spaces. Multiclass SVMs are
usually implemented by combining several two-class SVM classi-
fiers.41,42 FLDA is based on a linear projection from the original
dimensional space to a low dimensional space by maximizing
the between-class scatter and minimizing the within-class
scatter.43

2.3.3 Data classification assessment
The confusion matrices were generated with the results of classi-
fication of the testing dataset to visualize the performance of the
classifiers of the machine learning algorithms. With each confu-
sion matrix an overall accuracy (OA) was calculated to assess the
performance of the corresponding classifier as:

OA=
Nc

Nc+Nm
×100% ð2Þ

where Nc is the number of samples which are correctly classified
and Nm is the number of samples which are incorrectly classified.

2.3.4 Data analysis computing
The SPA spectral band selection, machine learning plant classi-
fication, and classification assessment were programmed and
computed using MATLAB R2009a software (MathWorks Inc.,
Natick, MA, USA). Figure 3 shows the workflow of the research
project.

3 RESULTS
3.1 SPA spectral band selection
Initially, 15 bands were selected, and the results are shown in
Tables 1–3 for the data at three different WATs.
By inspecting the initial results of band selection, it was found

that most results for each model are not unique and some of
the 15 selected bands are too close to be differentiated. The band
selection procedure was therefore optimized by further band
selection based on sorting the selected bands to pick the shortest
wavelength from the wavebands apart within 10 nm. Figure 4
shows an example process of band selection optimization of FLDA
at 3WAT and other cases of the algorithms at different WATs were
implemented similarly to this process. The results for the opti-
mized band selection are shown in Tables 4–6 for the data at
different WATS.

3.2 Machine learning plant classification
Tables 7–9 show the results of GR and GS johnsongrass classifi-
cation using different machine learning classifiers at three
different WATs.

Figure 4. Example process of band selection optimization of FLDA at 3 WAT.

Table 4. Optimized selected spectral bands from the hyperspectral
data measured at 3 WAT and machine learning wrapping accuracies

Selected wavelengths (nm)
Overall
accuracy

KNN 400, 417, 435, 464, 509, 555, 647, 677, 698, 721,
760,893

32%

RF 400, 412, 437, 510, 555, 647, 677, 688, 705, 760,
893

59%

SVM 400, 421, 463, 520, 606, 647, 677, 694, 713,
760 893

36%

FLDA 400, 437, 461, 534, 647, 677, 695, 721, 760, 893 59%

Table 5. Final spectral band selection from the hyperspectral data
measured at 4 WAT and machine learning wrapping accuracies

Selected wavelengths (nm)
Overall
accuracy

KNN 400, 412, 420, 453, 556, 678, 696, 762, 873, 899 50%
RF 400, 419, 440, 556, 678, 696, 728, 762, 873, 899 54%
SVM 400, 412, 440, 542, 642, 678, 719, 750, 762, 899 50%
FLDA 400, 412, 420, 453, 556, 678, 696, 762, 873, 899 50%
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4 DISCUSSION
Figure 5 shows the OAs of the four machine learning algorithms
wrapped with the SPA spectral band selection. It can be seen that
among the algorithms, KNN and SVM could not acceptably clas-
sify the GR and GS plants at the early stage (3 WAT) but they
improved significantly with the stages and their OAs reached
73% and 77% (5 WAT), respectively, while 77% OA of SVM is the
highest overall accuracy among all classification algorithms. RF
and FLDA were better able to classify the plants at the early stage
but RF had reduced accuracy with the stages, which might be
because of the limited extrapolation ability of the model, while
FLDA had reduced accuracy at 4 WAT (50%) from 57% at 3 WAT
and increased to 73% at 5 WAT, which is considered inconsistent
across the stages. Overall, KNN and SVM are preferred with consis-
tent accuracy improvements with the stages, especially SVM
reached the highest accuracy 77% at 5 WAT among other
algorithms.

Previous studies have been conducted to develop the hyper-
spectral imaging approach to differentiation of GR Palmer ama-
ranth from GS Palmer amaranth and 90% classification accuracy
was achieved.14 A study has also been conducted to develop
the hyperspectral imaging approach to differentiation of GR Ital-
ian ryegrass fromGS Italian ryegrass with the highest classification
accuracy of 80%.15 This study developed a similar hyperspectral

Table 6. Final spectral band selection from the hyperspectral data
measured at 5 WAT and machine learning wrapping accuracies

Selected wavelengths (nm)
Overall
accuracy

KNN 400, 437, 461, 534, 647, 677, 695, 721, 760,
893

73%

RF 400, 414, 453, 520, 558, 649, 681, 701, 717,
759, 899

55%

SVM 400, 414, 450, 512, 558, 649, 681, 701, 723,
759, 899

77%

FLDA 400, 414, 453, 513, 558, 647, 681, 700, 723,
760, 813, 900

73%

Table 7. Confusion matrices of GR and GS johnsongrass classifica-
tions based on the spectral data at 3 WAT

Calculated class

Actual class GR KNN –GS Accuracy

GR 6 5 54%
GS 10 1 9%
Overall accuracy 32%

Actual class GR RF –GS Accuracy

GR 7 4 64%
GS 5 6 54%
Overall accuracy 59%

Actual class GR SVM –GS Accuracy

GR 3 8 27%
GS 6 5 55%
Overall accuracy 36%

Actual class GR FLDA –GS Accuracy

GR 6 5 55%
GS 4 7 64%
Overall accuracy 59%

Table 8. Confusion matrices of GR and GS johnsongrass classifica-
tions based on the spectral data at 4 WAT

Calculated class

Actual class GR KNN –GS Accuracy

GR 7 4 64%
GS 7 4 36%
Overall accuracy 50%

Actual class GR RF –GS Accuracy

GR 6 5 55%
GS 5 6 55%
Overall accuracy 55%

Actual class GR SVM –GS Accuracy

GR 2 9 18%
GS 2 9 82%
Overall accuracy 50%

Actual class GR FLDA –GS Accuracy

GR 8 3 73%
GS 8 3 27%
Overall accuracy 50%

Table 9. Confusion matrices of GR and GS johnsongrass classifica-
tions based on the spectral data at 5 WAT

Calculated class

Actual class GR KNN –GS Accuracy

GR 10 1 91%
GS 5 6 55%
Overall accuracy 73%

Actual class GR RF -GS Accuracy

GR 9 2 82%
GS 8 3 27%
Overall accuracy 55%

Actual class GR SVM –GS Accuracy

GR 10 1 91%
GS 4 7 64%
Overall accuracy 77%

Actual class GR FLDA –GS Accuracy

GR 9 2 82%
GS 4 7 64%
Overall accuracy 73%
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plant sensing approach to differentiation of GR johnsongrass
from GS johnsongrass and the highest classification accuracy of
77% was achieved. These results indicate that the hyperspec-
tral approach used for classification of these GR and GS weed
biotypes, such as Palmer amaranth, Italian ryegrass and john-
songrass, could be transferred to classification of other GR
and GS weed biotypes. The process of plant classification can
be conducted by classic pattern recognition approaches and
enhanced by machine learning algorithms. The optical spectral
approaches can therefore be an alternative, which does not
require glyphosate application, to the conventional approach
to determine GR and GS weeds, which does need application
of glyphosate.
This study indicates that hyperspectral remote sensing is prom-

ising in potentially differentiating various GR and GS weed bio-
types for precision weed management. In general GR and GS
weed plants look very alike and visually it is difficult to distinguish
them. The mechanisms involved in glyphosate resistance in GR
weeds may affect its leaf chemical composition while differences
in chemical composition in turn could affect light absorption pat-
terns in GR and GS plants. This is the basis for using hyperspectral
remote sensing to differentiae hyperspectral reflectance proper-
ties between GR and GS plants. As demonstrated in this study,
in fields or when using a drone-based system, hyperspectral sen-
sitive bands can be similarly selected, and the sensors can be
designed based on the selected bands and used on a ground-
based system or drone. Machine learning is a tool to enhance data
modeling and analysis. With machine learning the complex rela-
tions in data variables such as spectral bands, vegetation indices,
and GR and GS class labels can be captured. Although each weed
biotype may have a particular spectral signature, there are uncer-
tainties in data analysis and modeling, which mainly come from
the variation of the data collected. For example, the image quality
under different weather conditions may affect the availability of
the quality spectral data of the target plants. Data collection, espe-
cially for early detection of HR weeds in fields, should therefore
ensure sufficient sample size with repeatability over different con-
ditions. The drone should be flown at an optimal altitude to
acquire quality images over the fields. Overall, hyperspectral
remote sensing has great potential for early detection of GR weed
biotypes in fields using ground-based or drone-based systems.
For these applications the optimal settings of the systems have
to be determined to adapt to different environmental conditions,
and the quality and coverage of the data are fundamental to the
success of the applications.
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