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HIGHLIGHTS
e Hyperspectral image processing was used to classify Palmer amaranth and soybean species.
e Chemometrics methods (PCA, PLS-DA, and SIMCA) were used to extract features and establish classification models.

ABSTRACT. Herbicide-resistant weed species are one of the largest threats to modern agriculture, as ineffective weed con-
trol results in significant yield losses or increased costs through alternatives such as mechanical methods. Palmer amaranth
(Amaranthus palmeri S. Watson) has been one of the most troublesome weeds. Its identification through the adoption of site-
specific weed management systems will help farmers select more appropriate control options to reduce costs and improve
efficacy, resulting in increased farm revenue. In this study, a pixel-wised method was evaluated for the classification of
Palmer amaranth and soybean (Glycine max L.). A pushbroom hyperspectral imagery acquisition system was used to collect
imagery from 224 spectral bands ranging from 400 to 1000 nm. Greenhouse experiments were conducted in three different
runs. Greenhouse-grown plants were evaluated to generate predictive models from paired samples generated with 56 rep-
lications in each run. Data collection occurred weekly when Palmer amaranth plants were between approximately 2.5 and
12.7 em tall. Partial least squares discriminant analysis (PLS-DA) and soft independent modeling of class analogy (SIMCA)
were tested to classify Palmer amaranth and soybean. Half of the dataset (Palmer amaranth = 42, soybean = 42) was used
to train the models, and the other half (Palmer amaranth = 42, soybean = 42) was used to test model performance. Prelim-
inary results showed that the PLS-DA model with PLS factors as input had a cumulative variation (R’Y cum) of 60% and
predictive ability (0?Yum) of 60%. The SIMCA model showed a cumulative variation of 85% and a predictive ability of
82%. Overall, this study illustrated the capability of hyperspectral imagery to classify Palmer amaranth and soybean, which
will increase the efficiency of weed control in modern agriculture.
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almer amaranth (dmaranthus palmeri S. Watson) is
an invasive weed species and an aggressive com-
petitor with crops throughout the growing season.
In the early 20th century, Palmer amaranth was na-
tive to the Sonoran Desert region and was documented in the
U.S. in 2001 (Ward et al., 2013). In 2018, Palmer amaranth
was confirmed in North Dakota (NDSU Extension, 2018).
Palmer amaranth biotypes have developed resistance to
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different modes of chemical action, which makes their con-
trol using common herbicides difficult. Individual plants of
the species may grow 5 to 8 cm per day, exceeding 2 m in
height with many branches. The species is intensely compet-
itive with slow-growing crops for water and fertilizer (Davis
etal., 2015; Horak and Loughin, 2000). Palmer amaranth has
a strong ability to germinate and emerge throughout the
growing season. Its reproductive biology and wind-polli-
nated habit (Sosnoskie et al., 2012) favor a genetically vari-
able population formation because its pollen can travel long
distances. Culpepper (2012) demonstrated that pollen from
glyphosate-resistant male plants could be transferred by
wind up to 300 m to glyphosate-susceptible females, which
resulted in the survival of progeny when sprayed with
glyphosate. Most Palmer amaranth found in crop fields
shows resistance or tolerance to glyphosate, resulting in
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increased chemical usage and increased difficulties in weed
control. All these features result in reduced crop yields and
biomass content.

Soybean (Glycine max L.) is a prominent crop in North
Dakota. In 2019, an estimated 5.9 million acres were planted
to soybean, which accounted for 7.5% of the soybean acre-
age in the U.S. (NASS, 2019). Palmer amaranth has been
reported to present a large interference to soybean growth
and yield. A large reduction in both biomass and seed yield
of two soybean cultivars in Arkansas was observed in a study
of Palmer amaranth in a soybean field (Monks et al., 1988).
A density of 10 plants m™! resulted in a soybean yield reduc-
tion of 68% (Klingaman and Oliver, 1994). Studies have
demonstrated that Palmer amaranth caused economic yield
loss in many other crop species, including cotton (Berger et
al., 2015; Norsworthy et al., 2014), corn (Massinga et al.,
2001; Massinga and Currie, 2002; Wiggins et al., 2015), and
sorghum (Besangon et al., 2017; Hay et al., 2019).

Palmer amaranth has become a major threat to crop
growth and productivity. Instead of uniform application of
herbicide, site-specific weed management is an effective so-
lution to apply herbicide based on field scouting results. Be-
cause resistance management should always include more
than one herbicide mode of action, site-specific scouting en-
ables optimum selection of complementary herbicides to
maximize weed control and application timing, which can
reduce the number of applications to a field, reduce the total
amount of herbicide applied in a season, and increase effi-
cacy to limit selection pressure for the development of herb-
icide resistance as well as provide better control of invading
resistant weeds. To achieve this goal, a new, fast, and accu-
rate field scouting method needs to be developed to increase
scouting efficiency and provide accurate information to site-
specific weed management systems. In contrast to conven-
tional scouting methods, which are based on walking certain
parts of the field and making decisions based on the observed
portions of the field, which might miss new weed infesta-
tions that cannot be easily detected, remote sensing may pro-
vide a suitable alternative to address these issues.

Hyperspectral imaging technology has been used in mul-
tiple areas in agriculture for its high specificity in compari-
son with conventional RGB imagery. Different objects on
the ground reflect different spectra of sunlight due to their
specific components. Hyperspectral imaging systems have
the ability to collect wide reflectance profiles from an object
and differentiate the object from its surroundings. In the vis-
ible region (400-700 nm), leaf pigmentation controls the
plant spectra (Huete, 2004). The leaf and canopy structures
of different species show strong spectral reflectance in the
near-infrared (NIR) and red-edge regions (Gausman, 1985).
This is an important indicator for identifying plant species
(Shapira et al., 2013). Many studies have reported that hy-
perspectral imaging is a powerful technology for detecting
weeds because different species of plants showed different
profiles of spectral reflectance (Farooq et al., 2019; Huang
et al., 2016; Matzrafi et al., 2017; Mink et al., 2020; Oka-
moto et al., 2007; Pantazi et al., 2016; Suzuki et al., 2008;
Zhang et al., 2019). Okamoto et al. (2007) developed a port-
able hyperspectral imaging system that captured spectral im-
ages in the range of 400 to 1000 nm with 10 nm resolution
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and successfully identified buckwheat (Fallopia convolvu-
lus), field horsetail (Equisetum arvense), green foxtail
(Setaria viridis (L.) P. Beauv.), and common chickweed
(Stellaria media (L.) Vill.) in a sugar beet (Beta vulgaris)
field. Suzuki et al. (2008) distinguished goosefoot pigweed,
small crabgrass, field horsetail (Equisetum arvense), and
pearlwort from soybean in a field by employing the hyper-
spectral imaging system developed by Okamoto et al.
(2007).

Research on Palmer amaranth identification using hyper-
spectral imaging systems was investigated in the past dec-
ade. Huang et al. (2016) identified and characterized glypho-
sate-resistant Palmer amaranth and Italian ryegrass (Lolium
perenne L. sp. multiflorum (Lam.) Husnot) using a labora-
tory hyperspectral imaging system and achieved a high ac-
curacy at 90%. The hyperspectral imaging system in our
study has been improved and is available for data collection
in the field, compared with the system used by Huang et al.
(2016). Gao et al. (2018) recognized Canada thistle (Cirsium
arvense), Rumex, and field bindweed (Convolvulus arvensis)
in a maize crop using a snapshot mosaic hyperspectral imag-
ing sensor that provided 25 bands from 600 to 871 nm.
Zhang et al. (2019) developed a line-scanning visible and
NIR hyperspectral imaging system that acquired 675 x 512
(spatial x spectral) images of samples in the laboratory.

Hyperspectral imaging combined with chemometrics
methods is a promising tool to acquire more spectral infor-
mation from plants and presents strong advantages for iden-
tification of plant species (Astor et al., 2014; Farooq et al.,
2019; Wendel and Underwood, 2016). In this study, hyper-
spectral imaging technology was applied to classify Palmer
amaranth and soybean based on chemometrics methods.

MATERIALS AND METHODS
GREENHOUSE EXPERIMENT

A greenhouse experiment was conducted in the spring of
2019 in Waldron Greenhouse at North Dakota State Univer-
sity (NDSU) to collect data on Palmer amaranth in soybean
crops. The weeds and crops were seeded in SC7 Cone-
tainers (21 cm deep with 3.81 cm diameter, Ray Leach) in a
potting mix (Sunshine Mix #1, SunGrow Horticulture, Aga-
wam, Mass.). The plants were irrigated once daily. Sodium
vapor lamps were used 24 h per day to provide supplemen-
tary illumination to accelerate the plant growth. The experi-
ment was organized in three different runs with 56 replica-
tions (Palmer amaranth = 28, soybean = 28) per run. Each
replication contained paired samples in a block size of two.
A randomized experimental design was used to minimize the
variations due to the greenhouse microclimate. The three
runs were seeded on April 10, April 17, and April 24, respec-
tively. Data collection started when the plants were at the
seedling stage, generally 2.5 cm tall. Hyperspectral data
were collected twice per week in each run until the plants
reached a height of 12.7 cm.

HYPERSPECTRAL IMAGING SYSTEM

A hyperspectral imaging system was developed in this
study to conduct data collection in different conditions. The
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hyperspectral imaging system was composed of an imaging
unit and a scanning unit. The imaging unit included a
pushbroom hyperspectral camera (model FX-10, Specim,
Ouluy, Finland) working in the visible and NIR (VNIR) re-
gion. The spectrum ranged from 400 to 1000 nm with
224 spectral bands. The full width at half maximum
(FWHM) was 5.5 nm. Line capture occurred at 30 frames
per second. The spatial sensor resolution was 1024 pixels
with a field-of-view of 38°. The spectral resolution of this
camera was 5.5 nm. This device was equipped with an inte-
grated shutter, which allowed collection of the dark refer-
ence without the need to block the light manually. White ref-
erence collection was performed using a Teflon board with
reflection of 99% of the light. Six halogen lamps (MR16-
12V-50W) were positioned at the sides of the camera in the
imaging unit.

A linear rail with a screw drive having a diameter of
1.2 cm and length of 150 cm powered by a hybrid stepper
motor (MDI1FRD17A4-EQ, Intelligent Motion Systems,
Marlborough, Conn.) was used for movement of the scan-
ning unit. The longest scanning distance was designed as 150
cm, which encompassed different crop row configurations,
e.g., 15 and 30 cm crop row spacings. LUMO Recorder soft-
ware (Spectral Vision, Middleton, Wisc.) was used for data
collection. In the greenhouse experiments, the hyperspectral
imaging system was mounted on a 3D scanning platform,
which allowed movement of the hyperspectral imaging sys-
tem in three directions based on the position and size of the
target plants and scanning area (fig. 1). The bottom frame of
the platform was made of steel to reduce vibration when the
platform was in operation. Wheels were incorporated into
the design to make it easier to move the platform over the
bench in the greenhouse.

PREPROCESSING OF HYPERSPECTRAL DATA

The method used to process the hyperspectral images is
shown in figure 2. The output from the image acquisition
software was a raw format file. These data needed to be pro-
cessed to eliminate irrelevant information due to external
factors such as the influence of nuisance signals due to illu-
mination effects and detector sensitivity. These misleading
characteristics can be presented as a function of the wave-
length but also as variations in the spatial domain. To correct
these differences in the spectral and spatial domains, a spec-
tral calibration and correction from reflectance to pseudo-
absorbance was conducted in document software (Evince
Version 2020, Prediktera, Umed, Sweden) according to
equation 1 (Mishra et al., 2017):

L, =-log, (M]
’ W?»,n - B?x.,n
where 7 is the pixel index variable of the reorganized hyper-
cube, n, is the absorbance intensity of pixel n at wave-
length A, Sy, is the sample pixel n at wavelength A, By, is
the dark reference pixel n at wavelength A, and W), is the
white reference pixel n at wavelength A.

The calibrated images from both plant species were orga-
nized in a single mosaic, which facilitated processing. Pixels
associated with the background were removed from the mo-
saic image to reduce noise. The background pixels in the mo-
saic were eliminated by calculating the normalized differ-
ence vegetation index (NDVI) to enhance the features of
plant vegetation attributes, which made the hyperspectral
image background separation for Palmer amaranth more ac-
curate in this study. Binary automatic threshold was con-
ducted using Otsu’s method (Otsu, 1979), a commonly used
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Figure 1. Hyperspectral image data collection for Palmer amaranth and soybean in the greenhouse.
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Figure 2. Hyperspectral image data processing flowchart for Palmer amaranth and soybean classification.
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Figure 3. Preprocessing sequence for Palmer amaranth and soybean hyperspectral images: (a) original mosaic, (b) mosaic after NDVI, (¢) mosaic

after Otsu, and (d) final preprocessed mosaic.

method in agronomic applications to separate two classes of
pixels. This method calculates the optimum threshold based
on minimizing intra-class variance. It is easy to compute,
stable, and does not require prior information (Torres-
Sanchez et al., 2015). The binary layer was applied in the
dataset as a mask, in which each pixel of the mask was mul-
tiplied by each spectral layer of the data cube, as shown in
figure 3.

This technique assigned values of zero to pixels that were
not part of the vegetation. The zero values were ignored by
the software when the final dataset was exported. Segmen-
tation was carried out using ENVI software (ver. 5.6, Harris
Geospatial Solutions, Boulder, Colo.). The data were mean-
centered by subtracting the mean value of a variable from
each individual value (Burger, 2006). Standard normal vari-
ate (SNV) transformation, which corrects the dataset to base-
line shifts and slopes, was also applied to the data (Mishra et
al., 2017).

CLASSIFICATION

To distinguish vegetation species, it was necessary to as-
sociate spectral characteristics with each species. These
spectral characteristics are usually related to chemical and
physical properties. Due to the complexity of the hyperspec-
tral data, the information is typically mixed in spectral and
spatial dimensions, which means that the chemical or physi-
cal characteristics are not associated with a single wave-
length or pixel but instead with multiple pixels and wave-
lengths. This complexity of hyperspectral data requires the
use of multivariate data analysis and reduction techniques
due to the redundancy of the data.

Principal component analysis (PCA) was used to reduce
the dimensions of the hyperspectral data cube to a two-di-
mensional matrix with columns corresponding to wavebands
and rows corresponding to pixel values. The PCA method
was also used to remove noise and fine particles in the back-
ground that were not removed by the threshold method. The
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number of components for the classification models was de-
termined according to the slope of the cumulative variance.
When the cumulative variance stopped increasing signifi-
cantly, further components were not considered important.

Partial least squares discriminant analysis (PLS-DA) is a
supervised class-modeling technique that uses a PLS algo-
rithm to predict whether a sample belongs to a determined
class. For the calibration method, two matrices were created:
a matrix (X) containing the spectra for calibration and a cor-
responding matrix (Y) containing the pixels in the model that
were ideally identified as belonging to the discriminated
class. In this study, each pixel of an image was defined as
belonging to a determined class. To reduce the computa-
tional demand, each image was separated into a training da-
taset and a testing dataset; 50% of the pixels (512 pixels)
were used to train the model, and the other 50% of the pixels
were used for testing the model (Eddy et al., 2014). To fur-
ther reduce the computational demand, the PLS-DA models
were calculated with partial evenly spread cross-validation
in which only a fraction of all possible “leave-one-out” val-
idation tests were evaluated. PLS-DA is based on conven-
tional PLS regression; however, different categories (cate-
gorical variables) were organized in the corresponding ma-
trix (Y) that indicated the class category, in this case, the
plant species (Rodionova et al., 2016). A pixel-wise ap-
proach was chosen so that each pixel in the image was clas-
sified as Palmer amaranth or soybean.

Soft independent modeling of class analogy (SIMCA), a
statistical method for supervised classification, was also
tested to classify both plant species. SIMCA is a powerful
classification algorithm because it employs PCA as a dimen-
sion reduction method (Borregaard et al., 2000). In this
method, classification is based on the distance of each clas-
sified observation to a PCA model created from a certain
class. The PLS-DA and SIMCA classification models were
compared to find the best method to discriminate Palmer am-
aranth from soybean.
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To evaluate the performance of the PLS-DA and SIMCA
models, the predictive ability (Q*Y cum)) and cumulative var-
iation (R?Y (cum)) Were used as the main parameters to com-
pare the two models. The larger the value of Q%Y (cum), the
better the predictive ability of the model, and the larger the
value of R%Y cum), the stronger the explanatory ability.

RESULTS
PRINCIPAL COMPONENT ANALYSIS

Plants were separated from the background using the seg-
mentation procedure explained in previous sections. To ex-
plore the data and identify potential clusters, PCA was ap-
plied to the raw data without preprocessing (fig. 4). The
score plots were shaded according to the density of points,
while the score images were shaded according to the scores
of the first principal component (PC1). Some outliers were
visible in the score plots, which suggested that the segmen-
tation did not remove all the unnecessary data. The results
did not show any clusters in the score plots, and the score
images did not demonstrate any difference among species
(Sendin et al., 2019). Some variability in the score plots was
noticeable due to the time differences in the data collections
rather than the species, which suggested that further prepro-
cessing techniques were needed to eliminate that external
variability from the data.
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Mean centering and SNV were applied as preprocessing
techniques, and PCA was conducted again to remove the
outliers in figure 4a. There were still no clusters after pre-
processing (fig. 5a), which indicated that a supervised clas-
sification method was needed to classify the plant species.
Even without the presence of evident individual clusters,
outliers could be identified in the score plots because they
were farther from the main cluster. These outliers were se-
lected and removed from the dataset with the image pro-
cessing software (Evince Version 2020, Prediktera, Umea,
Sweden).

The outliers were removed from the score plot through the
selection of points that were farther away from the centroid
area (fig. 6a). The cluster was not as condensed when using
the preprocessed data in comparison with the raw data. How-
ever, that cluster separation was not due to species classifica-
tion but rather to the positions of the leaves on the plants, as
the light from the illumination system was reflected differ-
ently according to each leaf position. Evidence of this can be
observed in the score image in figure 6b, where different parts
of each plant are represented by different colors.

PARTIAL LEAST SQUARES DISCRIMINANT ANALYSIS

As shown in figure 7a, the first two PLS components were
able to differentiate Palmer amaranth and soybean species;
however, there was some overlap in the score plot, which is
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Figure 4. Principal component analysis of raw hyperspectral data for Palmer amaranth and soybean: (a) PCA score plot of first and second
components, and (b) Palmer amaranth and soybean image using first component in PCA.

S
&
=
N
=
= 0
~ Color pixel
o density of each
E' classify category
g
o -5
(=
g
=]
@]
-10
0 5 10 15 20 25 30
Component 1 (98.6%)
(a)

: W % oY 4 g ¢ 2.75

& & o kv } . # 2

Color
Amplitude

3

1

0.25
0

(b)

Figure 5. Principal component analysis of preprocessed data for Palmer amaranth and soybean: (a) PCA score plot of first and second compo-
nents, and (b) Palmer amaranth and soybean image using first component in PCA.
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Figure 6. Principal component analysis of preprocessed data for Palmer amaranth and soybean with outliers removed: (a) PCA score plot of first
and second components, and (b) Palmer amaranth and soybean image using first component in PCA.
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Figure 7. Comparison of PLS components for Palmer amaranth and soybean: (a) score plot (components 1 vs. components 2), and (b) coefficient
of determination(R”Y) and cross-validated coefficient of determination (Q*Y) by factor number.

predictable considering that redundancy of information is
common in pixel-wise classification. Figure 7b shows that
the PLS-DA model was able to classify both species with a
predictive ability (Q?Y (cum)) 0of 60% (i.€., the cross-validated
explained variance, which was calculated from the ratio of
the residual cross-validated variance and the original vari-
ance of the dataset) when using six factors. The cumulative
variation (R?Y (cum)) Was also 60% (i.c., the total variance ex-
plained by the model) for the same number of PLS factors.
The wavelength region from 530 to 680 nm was relevant
for the first component of the model, showing positive
peaks, which were positively correlated to the component,
and negative peaks, which were inversely correlated to the
component (fig. 8). The region above 800 nm did not con-
tribute as much to the model discrimination, as indicated by
values near zero. For the second PLS component, one posi-
tive peak occurred at 398 nm. There were also some positive
peaks in the region from 530 to 680 nm; however, as the
component position increased, the noise also increased, and
the peaks became smaller. In general, the visible region be-
tween 398 and 700 nm contributed to the classification of
Palmer amaranth and soybean, as that region contained the
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major peaks for the first two PLS components and repre-
sented almost 70% of the variability in the data.

The model was tested with the testing dataset. As shown
in figure 9, the plants were identified as Palmer amaranth or
soybean. However, some pixels within each plant were not
identified correctly because of variability within the plant
due to leaf angle and necrotic lesions on some leaves. Any
particles that were not classified as either of the two plant
species were considered “no class”.

Some pixels in Palmer amaranth plants were classified as
soybean, and vice-versa, in the pixel-wise classification.
Several pixels in the classification images were shaded parts
of the plants or corresponded to leaf edges. Both plant spe-
cies had this problem, which originated from pixels with
similar spectral information in different classes in the classi-
fication results. However, there was a large difference in the
total number of pixels classified as Palmer amaranth or soy-
bean in the same plant in most cases. The model’s predictive
ability was 60%, and figure 9 shows that most of the plants
were classified correctly, considering the average number of
pixels classified as Palmer amaranth and soybean in each
plant.

JOURNAL OF THE ASABE



W[‘]] 0.25 W[2]

0.125 oz

01 0.15

0.075 o
0.05
0.05
0.025

Loading
Loading

-0.025 -0.05

003 -0.1

-0.075
0.1

02
-0.125

-0.25

Wavelengths with the
largest contribution
to the model

kv,_ff

398 463 530 596 664 732 800 869 939

Wavelength (nm)
Component 1

398 463 530 596 664 732 B00 863 939

Wavelength (nm)
Component 2

Figure 8. Component correlation loading plot from PLS-DA model for Palmer amaranth and soybean classification.

g#'ﬂ'}g 'v. %&r

o b,f% > & i‘f’

Pred. PLS-DA Model

g?’é ¢ 4

@ No class
@ palmer
@ soybeans

Figure 9. PLS-DA classification image using testing dataset for Palmer amaranth and soybean.

Based on pixel-wise classification alone, the predictive
ability (Q*Y um)) of 60% is not high enough for most appli-
cations where species identification is necessary. Therefore,
a different model was also tested to find the model that
would best fit our application.

SOFT INDEPENDENT MODELING OF CLASS ANALOGY

The predictive ability (Q*X(cum)) of the SIMCA model us-
ing six components was 82% (fig. 10). The cumulative vari-
ation (R?X(cum)) for the same number of components was
85%. These results indicated a better performance for the
model SIMCA compared with the PLS-DA model.

The SIMCA model was applied to the testing dataset, and
the results are shown in table 1. Some pixels were not clas-
sified because they belonged to the background and were not
included in the training dataset. The model was able to clas-
sify the dataset with accuracies of 80.7% on a pixel basis and
86% based on a per plant classification. The per plant clas-
sification results were obtained when using the model to
classify plants based on the groups of pixels representing
each plant. If most of the pixels were classified as Palmer

65(1): 179-188

amaranth, then the plant was classified as Palmer amaranth,
while the pixel classification was based on single pixels. The
results were in line with the results obtained from the cross-
validation in figure 10.
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Figure 10. Cumulative variation (R’X(um) and predictive ability
(Q*X(cumy) of the SIMCA model for classification of Palmer amaranth
and soybean data using components extracted by PCA.
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Table 1. Error rate of SIMCA model applied to testing dataset for
classification of Palmer amaranth (PA) and soybean.

Classification Total
Soybean PA No class  (pixel count)
Ground truth Soybean 81.90%  8.43% 9.67% 231,484
PA 12.12%  77.72%  10.16% 97,051
328,535
DISCUSSION

Several studies have used hyperspectral data for weed
identification, but none has classified Palmer amaranth and
soybean species. Okamoto et al. (2007) developed a portable
hyperspectral imaging system that captured spectral images
in the range of 400 to 1000 nm with 10 nm resolution. Their
study focused on identifying wild buckwheat, field horsetail,
green foxtail, and common chickweed in sugar beet and
achieved classification success rates of 75% to 80% using
wavelength transformation and stepwise variable selection
methods. The processing methods used by Okamoto et al.
(2007) were different from the methods used in this study;
furthermore, the classified species were different.

Gao et al. (2018) separated Canada thistle, Rumex, and
field bindweed from maize using a snapshot mosaic hyper-
spectral imaging sensor, which provided 25 bands from 600
to 871 nm. Zhang et al. (2019) developed a line-scanning
VNIR hyperspectral imaging system that acquired images of
samples in a laboratory environment. They used their system
to differentiate barnyard grass and weedy rice from rice and
indicated that six wavelengths (415, 561, 687, 705, 735, and
1007 nm) showed potential to discriminate the two weeds
and rice. The studies conducted by Gao et al. (2018) and
Zhang et al. (2019) used hyperspectral data for weed identi-
fication, which provided a proof-of-concept for hyperspec-
tral imaging technology in weed identification research.
However, Gao et al. (2018) used only 25 bands in the visible
and near-infrared region for data collection. In our research,
spectral information was acquired from 224 bands in the
400-1000 nm range, which provided more spectral features
for weed identification.

The SIMCA method is commonly used in data mining,
especially in data classification (Tsugawa et al., 2011; Smidt
et al.,, 2008; Gemperline et al., 1989; Xu et al., 2013).
Shawky et al. (2020) constructed a SIMCA model to authen-
ticate, detect, and quantify plant adulterants used in fraudu-
lent saffron stigmas, including safflower, pomegranate fruit
peel, calendula flower, paprika, curcuma, hibiscus, saffron
stamens, and exhaustively extracted saffron stigmas. They
also use PLS-DA to compare the results. Their study found
that SIMCA class modeling was successful for authentica-
tion of saffron, while PLS-DA effectively discriminated au-
thentic pure samples from intentionally adulterated samples
with adulterants as low as 10 mg g!, including saffron sta-
mens and exhaustively extracted saffron stigmas. Todorova
and Atanassova (2016) used NIR diffuse reflectance spec-
troscopy with the SIMCA method to distinguish three major
soil types. Their results showed that soil samples could be
distinguished according to their classes, and the SIMCA
models correctly classified 100% of the samples in both the
calibration and validation sets.
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The research presented in this article also showed the su-
periority of the SIMCA method compared to other classifi-
cation methods (e.g., PLS-DA) for distinguishing weeds
from crop plants. Although the SIMCA method has great po-
tential for classification of weed species, more experimental
validation should be conducted in field conditions to test the
robustness of the SIMCA method. In addition, improvement
of model accuracy should be investigated by inputting more
weed and crop hyperspectral data into the SIMCA model in
both greenhouse and field conditions.

CONCLUSION

In this study, hyperspectral imaging technology paired
with chemometrics methods was adopted to identify Palmer
amaranth from soybean plants. A movable platform capable
of collecting hyperspectral images was developed to facili-
tate data collection in greenhouse conditions. The back-
ground and noise were removed using Otsu’s method, and
PCA, PLS-DA, and SIMCA were used to classify Palmer
amaranth plants and soybean plants. The PLS-DA model
achieved a cumulative variation (R?Y (cum)) of 60% and pre-
dictive ability (Q?Y (cum)) of 60%, while the SIMCA model
achieved R*X(cum) of 85% and Q?X(cum) of 82%. In the PLS-
DA model, the visible region from 398 to 700 nm contrib-
uted to the classification of Palmer amaranth and soybean
plants. Although the chemometrics methods and hyperspec-
tral imaging technology used in this study achieved promis-
ing results for the classification of Palmer amaranth and soy-
bean, improvements still need to be considered, such as
noise reduction and the robustness of the model. In future
studies, field experiments need to be conducted to improve
the classification accuracy and robustness of the classifica-
tion model.
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