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HIGHLIGHTS 
 A novel combination of robotic and hyperspectral camera systems was customized to collect data in a greenhouse envi-

ronment. 
 Five popular weed species and crop (soybean) data were collected and analyzed in this research. 
 Seven different types of hyperspectral data preprocessing methods were tested to obtain the best performance of the 

model.  

ABSTRACT. Soybean production is greatly affected by different types of weeds such as horseweed, kochia, ragweed, redroot 
pigweed, and waterhemp in the midwestern region of the United States. Identification of the soybean plants and the weeds 
is crucial to controlling the weeds in precision agriculture. The objective of this study was to classify soybean plants and 
five weed species where a hyperspectral imaging camera with a spectral range of 400 to 1000 nm was used to acquire the 
images. To acquire the HSI images, a customized robotic hyperspectral data collection scanning platform was developed 
and used in the greenhouse. A total of 983 hyperspectral data cubes were captured from the greenhouse environment 
(n = 252, soybean; n = 731, weeds). Spectral information was extracted from the collected images and then a classification 
model was developed by applying partial least squares discriminant analysis (PLS-DA). To construct the calibration and 
validation data set, the images were each divided into 70% and 30% ratios for model training and testing, respectively. 
Seven types of data preprocessing techniques, including mean normalization, maximum normalization, range normalization, 
multiplicative scatter correction (MSC), standard normal variate (SNV), Savitzky–Golay first derivatives, and Savitzky–
Golay second derivatives, were explored individually and accepted as the best preprocessing method based on the highest 
performance in calibration and validation results. The results showed maximum validation model performance was found 
at 86.2% by applying the Savitzky–Golay second derivatives preprocessing method for multiclass and 89.4% for binary 
class. The most important wavelength information was evaluated from the beta coefficient developed using the same pre-
processing method. Finally, chemical images were generated using a best-performer model to identify the soybean plants 
from weeds. The generated images showed a significant difference in chemical composition between soybean and weed 
plants at 443 nm, 633 nm, 743 nm, and 968 nm. The correlation between these peaks and the chemical components of the 
plants involves α-carotenoid, chlorophyll, and moisture, respectively. This study shows promising results for the application 
of HSI in weed control systems for soybeans and relevant weed identification in precision agriculture applications. 

Keywords. Greenhouse robotic system, Hyperspectral imaging, Precision agriculture, Weed identification. 

oybeans are considered a major crop all over the 
world. In 2020, global soybean production was 339 
million metric tons (Anon, 2020). It has multiple 
uses for humans, such as vegetable oil extracted 

from the soybean, dairy products (soya milk), and bean curd 
(tofu); it is also an important food source for animals. As a 

result, maximum soybean productivity is critical not only for 
the agricultural economic context but also for the nutrient-
rich food supply and security it provides for humans and an-
imals. Weeds are recognized as unwanted plants in the agri-
cultural crop fields that grow spontaneously with the eco-
nomic crops (dos Santos Ferreira et al., 2017). It causes mul-
tiple negative effects on crops, such as rivalry for water, 
light, and soil nutrients; difficulty in harvesting operations; 
and increased disease and pest risk (Rizzardi and Fleck, 
2004). As an overall consequence of these effects, the pro-
duction and quality of the crops decreased, which caused a 
substantial loss to farmers and impacted the economy of the 
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country (Voll et al., 2005). Hence, weeds are identified as 
the number one problem in all major soybean producing 
countries (Vivian et al., 2013). According to estimates, 37% 
of soybean production losses occur due to the effects of 
weeds, while diseases and pests account for 22% of losses 
(Oerke and Dehne, 2004). In the northern U.S., the most 
common weeds that typically emerge in soybean fields are 
waterhemp, redroot pigweed, horseweed, kochia, and rag-
weed (Clay, 2013). The weeds are found in the field at or 
soon after soybean planting. Weed control management is 
crucial to ensure the maximum and highest quality soybean 
production. 

Different types of weed control practices are used, such 
as chemical and/or herbicide sprays, biological practices 
where other plants and living things are put to use, and phys-
ical methods such as using cultivators and removing weeds 
manually (Suzuki, Okamoto et al., 2008).  The last two prac-
tices require intense amounts of work, hard labor, and a 
lengthy time commitment. Therefore, using herbicides has 
become the most common method for weed control. Using 
high volumes of herbicides comes with a number of conse-
quences, such as making the environment hostile and caus-
ing health hazards for mankind and animals. Thus, Site-Spe-
cific Weed Management (SSWM) is essential and involves 
identifying areas of weed density to apply herbicide (Eddy 
et al., 2014). This operation reduces herbicide requirements 
by up to 70%, which is both cost-effective and more envi-
ronmentally friendly (Mortensen et al., 1995). For the imple-
mentation of SSWM and an automated weeding system, the 
identification of crops and weeds is the primary task where 
hyperspectral imaging (HSI) can be applied as a potential 
option. 

Hyperspectral images contain information from tens or 
hundreds of wavebands with different resolution values 
(ElMasry and Sun, 2010). It is a powerful technique that in-
tegrates both the spectral and spatial information of an ob-
ject. Image data from a color camera (RGB imaging) has 
high spatial resolution with only three wavebands; in the HSI 
technique, hyperspectral image data can be perceived as a 
three-dimensional datacube containing more wavebands 
while the spatial resolution is low (Chao et al., 2001). This 
new dimension is advantageous because it is useful for in-
quiring into the chemical information of the sample. In ad-
dition, hyperspectral systems produce data with very high 
spectral resolution compare to the traditional multispectral 
systems that are intended to improve the discrimination of 
samples (Gray et al., 2009; Narumalani et al., 2009). In re-
cent studies, HSI has shown promise as a tool for crops and 
weed classification, such as two varieties of cabbage and five 
types of weed identification (Wei et al., 2015), wheat and 
canary grass classification (Kaur et al., 2015), cotton and 
weed detection (Alchanatis et al., 2005), weeds recognition 
in maize crops (Gao et al., 2018), and classification of two 
weed spices (redroot pigweed and wild oat) and three crop 
species (field pea, canola, and spring wheat) (Eddy et al., 
2014). A high accuracy (87%) was obtained for classifying 
morningglory (Ipomoea lacunosa) in soybean (Glycine max) 
using HSI and linear discriminant analysis (Koger et al., 
2003). HSI was applied for weed detection in soybean fields 
where the validation result was found to be more than 90% 

using linear discriminant analysis (LDA) (Suzuki et al., 
2008). Later, for differentiating soybean and six weed spe-
cies, HSI combined with principal component analysis 
(PCA) and LDA were applied, where LDA obtained 80% 
accuracy (Gray et al., 2009). More studies were found where 
HSI was successfully applied to classify weeds and soybean 
plants (Su, 2020; Fletcher, 2016; Fletcher and Reddy, 2016; 
Gray et al., 2008; Gibson et al., 2004). Overall, HSI was suc-
cessfully applied for weed management and achieved 
ground-level plant species discrimination. 

The main objective of this study was to evaluate the po-
tential of using HSI where a customized greenhouse robotic 
platform was used for image acquisition of soybean plants 
and five types of common weeds, namely horseweed, ko-
chia, ragweed, redroot pigweed, and waterhemp found in the 
northern area of the USA. Multivariate data analysis was 
performed to analyze the HSI data, and several prepro-
cessing techniques were probed to acquire the highest result. 
The data was collected from a typical greenhouse condition 
in order to develop a general model that can be applied in the 
real world; the customized robotic platform was meant to be 
applied to real world issues as well. The findings of this re-
search will be beneficial in developing a smart weed man-
agement system. 

MATERIALS AND METHODS 
SOYBEAN AND WEED SAMPLE PREPARATION 

The soybean seeds were collected from the local market 
in Fargo, North Dakota, USA. Five species of weed seeds 
(horseweed, kochia, ragweed, redroot pigweed, and wa-
terhemp) were collected from the Waldron greenhouse at 
North Dakota State University. Plastic pots (3.5(L) × 3.5(W) 
× 5(H) inches) were used to plant the seeds, and 2 to 3 of the 
same variety of seeds were planted in each pot filled with 
soil purchased from the local market. Later, the pots were 
placed on a plastic pot holder tray (21(L) × 10.5(W) ×3.5 (H) 
inches) where each tray contained 18 pots. Then, all the pot 
holders were kept on the tables inside a greenhouse in a ran-
dom mixing condition (Waldron greenhouse at North Da-
kota State University) during the spring of 2021. A total of 
150 pots were used for soybeans and 100 pots for individual 
weed species. Normal watering was conducted to reduce the 
dryness of the soil. The light condition was followed by the 
natural day and nighttime. After 21 days of planting, when 
the plant heights were found 10 to 12 cm on average, image 
acquisition was started. Weed management is most im-
portant during the young age of the crop since early-stage 
plants suffer for water and nutrients as they compete with the 
weeds. To evaluate the importance of the statement, the im-
ages were collected when the soybean plant was at a young 
age. Figure 1 shows the crop and weed samples used for this 
study. 

HYPERSPECTRAL IMAGE ACQUISITION 
A lab-based visible-near-infrared (Vis-NIR) hyperspec-

tral system was used in reflectance mode for image acquisi-
tion. The wavelength range of the HSI sensor was 400 to 
1000 nm. The main parts of the system were: (1) the camera 
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(Specim FX 10e, Middleton Spectral Vision, Middleton, WI, 
USA); (2) the illumination system (4 halogen bulbs, 25 watt 
each); (3) the customized Farmbot frame (model: 
Genesis v1.6, FarmBot Inc, San Luis Obispo, CA, USA) for 
holding the camera for scanning; and (4) the Lumo Scanner 
software, which allows the user to set up, adjust, and acquire 
data for the supported Specim spectral camera and the cus-
tomized HSI camera mount to set the scanning speed. Fig-
ure 2 illustrates the experiment system. The outside lighting 
conditions greatly affect the HSI imaging quality. In the 
greenhouse, natural sunlight and the greenhouse illumina-
tion system were available; therefore, the lighting conditions 
were too scattered and uneven. To protect the spectral infor-
mation of the sample from the outside light effect, the HSI 
camera and the image acquisition area was covered by a 
light-insulating cover (fig. 2). During image acquisition, the 
halogen lights attached to the system produce enough light 
to capture the proper image without interference from exter-
nal lights. 

The original platform, including the Farmbot component, 
was designed as a data repository and has a computer numer-
ical control (CNC) function controlled by software (fig. 3a). 
For collecting image data in this research, the frame of the 
robot was first customized based on the previous work from 
the group (fig. 3b) (Costa et al., 2022), and then updated with 
the new version, which included lighting system improve-
ment and cover design for better image quality (fig. 2). In 
general, the HSI camera captures the image by line scanning, 

and during the scan, the camera remains static while the sam-
ple moves under the Field of View (FOV) of the camera. 
However, in this study, samples remained on the table and 
were difficult to move during image acquisition. Therefore, 
the robotic platform was customized to move the camera and 
scan the samples. This procedure also helps to scan a large 
area with multiple samples in an image. Figure 3 shows the 
customization of the robotic platform. 

As each pot contains 2 to 3 plants, a total of 252 soybean 
plants were scanned from 150 pots. Weeds were also 
scanned following the same procedure and found to be 
horseweed-149, kochia-156, ragweed-151, redroot pig-
weed-118, and waterhemp-157, for a total of 731 samples. 
However, some of the soybeans and weeds found had not 
germinated. As a result, the overall sample number count 
was adjusted to account for these plants. To aid the imaging 
process, all images were subjected to a comprehensive set of 
image interrogation and analysis tools. A total of 1950 scans 
on 224 bands were performed to complete each image. Con-
sidering the signal-to-noise ratio, the conveyor platform 
speed was set to 8 mm/s and the distance between the sample 
and the camera lens was 25 cm. Due to the plant height var-
iations, some of the samples became slightly blurry even af-
ter applying the proper focusing procedure. The frame rate 
was set at 50 Hz with an exposure time of 10 ms. The binning 
value of 2 was applied for spectral and spatial during scan-
ning. For system calibration, a Teflon bar (20 × 2 cm) with 
~99% reflectance (white) area was first placed on the 

 

Figure 2. Demonstrations of HSI system used for soybean and weeds in greenhouse environment. 

 

Figure 1. Soybean plant and five weed species.  
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scanning bed and captured as a calibration image. The fol-
lowing equation was used to calibrate the hyperspectral im-
ages: 

 0 
I D

I
W D





  (1) 

where  
I = the calibrated image  
I0 = the raw hyperspectral image 
W = mean value of the white reference 
D = mean value of the dark reference. 

SPECTRAL DATA EXTRACTION 
Due to illumination light heat and ambient environmental 

conditions, some random spatial noises were generated dur-
ing image acquisition. A median filter (window size: 3 × 3) 
was applied to each band image to reduce the noise and pro-
duce a clean image. Later, the region of interest (ROI) was 
manually selected using the 933 nm band image and spectral 
information was extracted from the respective samples’ HSI 
images (Arngren et al., 2011). The mean of the collected 
spectral data was saved in a plain text format (.txt) according 
to the sample’s types. Later, the similar types of sample data 
were accumulated and converted into an XLSX file for clas-
sification operation.  

PREPROCESSING OF THE RAW DATA 
Preprocessing is an important task to reduce the effect of 

asymmetries in the spectral data, which may occur due to 
noise, light scattering, sample texture, and ambient temper-
ature. Preprocessing improves the data quality to enhance 
the model performance. In this study, eight different types of 
preprocessing were applied to the spectral data: mean nor-
malization, maximum normalization, range normalization, 
multiplicative scatter correction (MSC), standard normal 
variate (SNV), Savitzky–Golay first derivatives, Savitzky–
Golay second derivatives, and data smoothing. Normaliza-
tion preprocessing fits the spectral data into a similar range, 
while SNV and MSC remove slope differences and un-
wanted scatter effects. Savitzky–Golay derivatives im-
proved the spectral resolution by removing the baseline off-
sets and overlapping peaks. Sometimes, the noise arising 
from the instruments can be resolved by using a data smooth-
ing filter (Wakholi et al., 2018; Lasch, 2012; Vidal and 
Amigo, 2012; Rinnan et al., 2009; Maleki et al., 2007). 

MODEL DEVELOPMENT 
The objective was to develop a model that could classify 

individual types of crops and weeds. To achieve the aim, par-
tial least squares discriminant analysis (PLS-DA) was em-
ployed in this study. PLS-DA has proven to be a very versa-
tile method for multivariate data analysis, and the number of 
applications is steadily increasing in research fields like ma-
chine learning and chemometrics (Mehmood et al., 2012). 
It is a supervised method developed to address the problem 
of making accurate predictions in multivariate problems 
(Martens and Naes, 1992). PLS-DA was implemented as a 
multivariate analysis and regression method to determine the 
linear models of prediction between the spectral data (X – 
matrix, Nsamples × Kwavelengths) and the values of the parameters 
obtained from the reference measurement (Y – matrix, Nsam-

ples × 1). The general expression of PLS-DA is: 

 Y X b E    (2) 

where  
X = n × p that holds the spectral values of each class  
b = regression coefficient  
E = the error term.  
The linear relationship between X and Y is predicted using 

equations (3) and (4). 

  
T

XX TP E   (3) 

  
T

YY UQ E   (4) 

where Y is the matrix of dependent variables, and X is the 
n × p matrix of independent variables corresponding to the 
spectral variables for each hyperspectral measurement. The 
matrix X decomposes into the loading matrix P, score ma-
trix T, and error matrix EX. The matrix Y decomposes into 
the loading matrix Q, score matrix U, and error matrix Ey. 
Furthermore, the entire X and Y matrix data were divided 
into calibration and validation sets, which consisted of 70% 
of the data for calibration and 30% for validation (Uyeh et 
al., 2021; Faqeerzada et al., 2020; Ryan and Ali, 2016).  

CHEMICAL IMAGE VISUALIZATION 
From the studied data preprocessing methods, the ac-

cepted method was selected based on the highest accuracy. 
Afterwards, the chemical image was generated for the visu-
alization of soybean plants and weeds by the multiplication 
of the beta coefficients and the original masked HSI image. 

 
 (a)  (b)  

Figure 3. (a) original and (b) customized schematic diagram of Farmbot. 
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The hyperspectral image was unfolded into a two-dimen-
sional (2D) matrix and then multiplied by the regression 
(beta) coefficient obtained from the best calibration model 
and applied to the selected wavelengths. The resultant vector 
was then folded back to form a 2D image. A median filter of 
3 × 3 was applied to the 2D image to enhance the image 
quality for visual display. The difference between the pre-
dicted attributes within one sample and those from other 
sources can be visualized from the generated 2D images. Ex-
cept for HSI image acquisition, all of the operations were 
executed by using MATLAB (2020a, MathWorks, Natick, 
MA, USA) based on a custom-built algorithm. 

RESULTS AND DISCUSSION 
SPECTRAL DATA EXPLANATION FOR CROP AND  
WEED HSI IMAGES 

Raw spectra were collected from each plant from 397 to 
1004 nm (224 wavebands). Using the original sample spec-
tra from each individual group, the mean spectra were gen-
erated and presented in figure 4a. The spectral pattern was 
found to be different in soybean compared to the weed 
group, where soybean plant spectra showed a high intensity 
pick from the 700 to 950 nm range. However, another high 
intensity was observed between 530 and 580 nm in the orig-
inal spectra. After applying different preprocessing tech-
niques to the raw data set, Savitzky–Golay second deriva-
tives showed a clearer spectral difference in soybean 
(fig. 4b). The spikes were observed almost in the same re-
gion as the original spectra, but the picks were sharp and 
clear. The spectral reflectance is highly corelated to α-carot-
enoid, anthocyanin, chlorophyll, and moisture (Su, 2020). 

MULTICLASS PLS-DA MODEL RESULTS FOR CROP  
AND WEED CLASSIFICATION 

Considering the six classes of the samples, PLS-DA was 
performed to develop the model. PLS-DA is a supervised 
classifier which is suitable for this study because the predic-
tors had more variables than the observations and a high 
level of correlation was present among the original predic-
tors (Wold et al., 2001).  Before applying the PLS-DA, an 
unsupervised method called principal component analysis 

(PCA) was tested. PCA performed poorly, and no cluster 
group was observed in the PCA result plot. To identify the 
outliers in the data set, Hoteling’s T2 ellipse and Q statistic 
were used, where Hoteling’s T2 measures the variation in 
each sample within the model and the Q statistic evaluates 
how each sample conforms to the model (Yasmin et al., 
2019). No outliers were detected during this operation. 

A total of seven types of preprocessing were tested to ob-
tain the highest accuracy. After applying all the prepro-
cessing methods, the classification results of PLS-DA are 
presented in table 1. Savitzky–Golay second derivatives per-
formed the best, producing the highest overall accuracy of 
86.2% using ten latent variables, as Savitzky–Golay pre-pro-
cessed spectra always give more accurate spectral infor-
mation (Kandpal et al., 2015). Latent variables were calcu-
lated from the prediction set of the classification model con-
sidering the lower error rate, which is a common practice to 
evaluate the classification model performance (Ballabio and 
Consonni, 2013). 

Figure 5a shows the PLS-DA result using the Savitzky-
Golay 2nd derivation preprocessing method with a good pre-
diction accuracy of 86.2% using 10 latent variables. Some of 
the samples were misclassified as soybean plants, especially 
from the horseweed and ragweed groups. This may occur 
due to the temperature difference during spectral acquisition, 
vibration of the sample, light scattering, and chemical 

 
 (a)  (b)  

Figure 4. (a) raw mean spectra of soybean and weeds and (b) mean spectral after applying Savitzky–Golay second derivatives. 

Table 1. Multiclass PLS-DA model classification results applying
different preprocessing methods.  

Preprocessing 
methods 

Calibration 
accuracy 

(%) 

Prediction 
accuracy 

(%) LVs[a] 
Mean normalization 88.2 82.6 15 
Max normalization 81.5 77.4 15 

Range normalization 82.4 77.8 15 
MSC[b] 81.8 75.1 15 
SNV[c] 80.3 76.2 15 

Savitzky–Golay 1st
 
[d] 86.4 81.6 9 

Savitzky–Golay 2nd
 
[e] 91.2 86.2 10 

Raw[f] 74.7 68.4 12 
[a] LVs: Latent variables 
[b] MSC: Multiplicative Scatter Correction 
[c] SNV: Standard Normal Variate 
[d] Savitzky-Golay 1st derivation 
[e] Savitzky-Golay 2nd derivation 
[f] Raw: Raw data model 
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composition similarities. The beta coefficient curve provides 
significant information related to the particular peak differ-
ence and wavelength selection, which is important to mini-
mize the excessive information from the HSI images and op-
timize the final classification system (Cheng and Sun, 2015). 
Overtones and combinations of fundamental vibrations of 
molecules comprised of -OH, -NH, and -CH groups are char-
acterized in the near-infrared (NIR) spectrum. These would 
absorb based on the chemical composition of the samples 
(Workman, Jr. and Weyer 2007). 

The spectral reflectance is also affected by the plant cell 
structure and the physical form of the plant surface (Vogel-
mann, 1989). The highest absolute values of the beta coeffi-
cient were observed at 443 nm and 743 nm (α-carotenoid), 
633 nm (chlorophyll), and 968 nm (moisture), which are dis-
played in figure 5b. The correlation between these peaks and 
chemical components of the plants is α-carotenoid, chloro-
phyll, moisture (Zwiggelaar, 1998; Gausman et al., 1981; Su, 
2020). Soybeans and weeds contain these ingredients; how-
ever, their concentration varies greatly among different 
plants, which causes the vibration amplitude of spectral ab-
sorption to be different. At a young age, the soybean leaves 
are bigger in size and softer compared to the weed leaves. The 
moisture content and chlorophyll content might be higher and 
due to these differences, peaks were found at 633 nm and 968 
nm which are particularly responsible for C-H and O-H over-
tones corelate with chlorophyll and moisture for the used 
samples. Several studies have identified important spectral 
wavebands ranging from 350 to 2500 nm for the spectral 
characterization of plant and weed species (Eddy et al., 2014; 
Thenkabail et al., 2004; Lewis, 2002) and the observed spec-
tral bands were found to be similar to the previous studies. 
The model used only 10 latent variables to achieve the best 
result, which is advantageous because using a limited number 
of latent variables reduces calculation time, which is im-
portant when applying the model in the real world. 

BINARY PLS-DA MODEL RESULTS FOR CROP AND  
WEED CLASSIFICATION 

In the multiclass classification, a significant difference 
was observed between the soybean plants and the weeds. 

Therefore, a binary classification was developed which is 
potential to discriminate the soybean plants and any weeds 
from the data set. As a result, the model requires fewer cal-
culations, making the operation faster, which is advanta-
geous when transferring the model to an online hyperspec-
tral system. The preprocessing methods remained same for 
binary class observation and among them Savitzky-Golay 
2nd derivation preprocessing method performed the best with 
89.4% accuracy. Figure 6 shows the summary of the binary 
class model results. A significant intensity difference was 
found for soybean and weeds both for raw (fig. 6a) and pre-
processed data sets (fig. 6b) which is similar to the multiclass 
classification. In the classification figure 6c showed some of 
the soybean and weeds were misclassified. Beta coefficient 
curve (fig. 6d) indicated most two important wavebands at 
443 nm and 743 nm, and 968 nm which are correlated to 
α-carotenoid and chlorophyll. The results of used prepro-
cessing methods are recorded in table 2. The higher accuracy 
was obtained by developing binary class PLS-DA model. 

CHEMICAL CONTENTS ANALYSIS RESULTS FOR CROP 

AND WEED HSI IMAGE 
Every pixel of a hyperspectral image contains a unique 

spectrum. Therefore, soybeans and weeds can be identified 
by the unique spectrum of any pixel in the sample. To gen-
erate the chemical image of the used samples, all spatial pix-
els of the hyperspectral image were considered as spectral 
data was extracted using the whole plants defined as a region 
of interest (ROI). 

The images were developed by multiplying the obtained 
beta coefficient (regression coefficient) from the binary class 
PLS-DA model with the spectra of each pixel in the image. 
The chemical mapping image offers rapid and easy access to 
the spatial distributions in which the relative intensities are 
indicated by the color bar. In the chemical image (fig. 7b), 
the soybean plants showed high intensity (yellow color) 
compared to weeds (blue color). A binary classification 
model was generated where the soybean plants are clearly 
visible compared to the weeds (fig. 7c). These acquired dis-
tribution maps validate the benefits of HSI in analyzing het-
erogeneous samples like crops and weeds. However, in some 

 
 (a)  (b)  

Figure 5. (a) PLS-DA classification results for soybean and five weed species applying Savitzky-Golay 2nd derivation preprocessing method. 
(b) Beta coefficient curve derived from the PLS-DA model using Savitzky–Golay second derivatives preprocessing methodology. Significant wave-
lengths for distinguishing soybean plants and weeds are marked with violet circles. 
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parts of the soybean plants, blue color was observed to have 
an effect on the model preference, which is also observed in 
the binary image. The possible reason for this misclassifica-
tion might be the chlorophyll and moisture content similari-
ties between the soybean and weed plants. 

The data collection was conducted in a natural green-
house condition, which was beneficial for developing a gen-
eral model. The customized robotic platform is able to cover 
a substantial area during the image scanning by the HSI cam-
era compared to a lab-based scanner. Therefore, a significant 
number of plants and weeds were captured in a single image, 
which made the image acquisition procedure faster and less 
laborious. For the real-world application, this feature is 

considered advantageous for scanning large areas. Multi-
spectral imaging was used for soybean and two types of 
weed (giant foxtail and velvetleaf) detection by Gibson et al. 
(2004) and obtained 83% accuracy. In this experiment, an 
additional number of functional wavebands were used to in-
vestigate more spectral information and performance in-
creased by 4% where the classification group increased. An-
other study was conducted using a portable hyperspectral 
imaging system (wavelength range: 360 to 1010 nm) for soy-
bean and four types of weeds in Japan (Suzuki et al., 2008), 
where 30 samples were used and 15 wavebands were se-
lected for model development. In this study, the sample 
number and waveband number were significantly increased 
to build a robust model. The image quality was also im-
proved by using a static, customized robotic platform. A 
study was performed for maize plants and weed detection 
where only one-class classification was tested (Pantazi et al., 
2016). Zhang et al. (2012) applied HSI for weed mapping in 
the tomato field and the spectral range was used from 384 
nm to 810 nm. In this study, both multiclass and one-class 
classification were tested with a higher spectral range that 
was advantageous for revealing more important spectral in-
formation. 

The presented algorithm was developed to build the 
model for identifying soybean plants and weeds. However, 
for online use of the system, an additional algorithm devel-
opment is the next step of this research. The speed of the 
image processing and decision-making time of the model is 
still rather low due to the hyperspectral image size and image 
features. To overcome this situation, a high-performing 

 

Figure 6. (a) raw mean spectra of the soybean and weeds, (b) mean spectral after applying Savitzky–Golay second derivatives, (c) binary classifi-
cation results for soybean and weed species, and (d) beta coefficient curve derived from the PLS-DA model. Significant wavelengths for distin-
guishing soybean plants and weeds are marked with violet circles.   

Table 2. Binary PLS-DA model classification results applying different
preprocessing methods. 

Preprocessing 
methods 

Calibration 
accuracy 

(%) 

Prediction 
accuracy 

(%) LVs[a] 
Mean normalization 90.3 84.4 14 
Max normalization 83.7 81.4 15 

Range normalization 81.5 77.7 15 
MSC[b] 88.6 84.1 13 
SNV[c] 81.2 75.8 15 

Savitzky–Golay 1st
 
[d] 88.7 83.3 10 

Savitzky–Golay 2nd
 
[e] 93.4 89.4 10 

Raw[f] 77.6 71.3 15 
[a] LVs: Latent variables 
[b] MSC: Multiplicative Scatter Correction 
[c] SNV: Standard Normal Variate 
[d] Savitzky-Golay 1st derivation 
[e] Savitzky-Golay 2nd derivation 
[f] Raw: Raw data model  
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computer can be used, which could reduce the processing 
time significantly. The customized robotic platform was de-
signed to be used in the greenhouse and in the field for image 
acquisition. Therefore, model performance can be validated 
with real-field images. The results of this study showed the 
potential use of HSI for crop and weed identification, which 
can be used to develop an online hyperspectral imaging sys-
tem for weed management in the domain of precision agri-
culture. 

CONCLUSIONS 
Soybean is an important crop all over the world. There-

fore, weed management is crucial to produce the maximum 
production. In this study, HSI was used to identify soybean 
plants among five types of weeds where a semi-automatic 
robotic platform was used for image acquisition. In develop-
ing a multiclass PLS-DA model combined with Savitzky–
Golay second derivatives, the highest accuracy was found to 
be 86.2%, and a higher accuracy (89.4%) was obtained for 
the binary class. The best wavebands were observed from 
the beta coefficient from 443 to 968 nm. The result of this 
study showed a potential solution to detect crops and weeds, 
and the technique can be used for the automation of weed 
management for further study in the farm fields. 
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