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Hyperspectral imaging technology was used to classify four types of soybean varieties. The reflectance 

spectra of four varieties of soybeans were extracted from hyperspectral images covering wavelengths from 
400 to 1000 nm. Firstly, exploratory principal component analysis and linear discriminant analysis (LDA) 
were carried out to infer the separability of soybean spectral data. Secondly, the spectral data were pre-
processed using multiplicative scattering correction (MSC), Savitzky–Golay (SG) smoothing, and MSC and 
SG smoothing together. Finally, classification models based on LDA, support vector machine (SVM),  
and k nearest neighbor (KNN) were established based on the full wavelengths or feature wavelengths. MSC 
and SG smoothing joint preprocessing of the spectral data was applied to establish the SVM classification 
model based on the full wavelengths, which returned a classification accuracy of 95.19%. Random forest 
was used to select the feature wavelengths from the full wavelengths to establish the LDA classification 
model, and the classification accuracy reached 82.69%. The results showed that the hyperspectral imaging 
technique combined with SVM, KNN, and LDA algorithms can be used to classify different soybean varieties 
in a fast and nondestructive way. 
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(Поступила 19 ноября 2020) 
 
Для классификации сортов сои использована технология гиперспектральной визуализации. Полу-

чены спектры отражения четырех сортов сои из гиперспектральных изображений в диапазоне 
400—1000 нм. Метод главных компонент и линейный дискриминантный анализ (LDA) позволили сде-
лать вывод о разделимости спектральных данных сои. Спектральные данные предварительно обра-
батывались с использованием мультипликативной коррекции рассеяния (MSC), сглаживания Савиц-
кого—Голея (SG), а также одновременно MSC и SG. Модели классификации, основанные на LDA, 
методах опорных векторов (SVM) и k-ближайших соседей (KNN), созданы на основе полных или ха-
рактерных длин волн. Совместная предварительная обработка спектральных данных MSC и SG 
применена для создания модели классификации SVM, основанной на полных длинах волн, которая по-
казала точность классификации 95.19 %. Метод случайного леса использован для выбора признаков 
среди всех длин волн для создания модели классификации LDA с точностью 82.69 %. Показано, что 
метод гиперспектральной визуализации в сочетании с алгоритмами SVM, KNN и LDA может ис-
пользоваться для быстрой и неразрушающей классификации различных сортов сои.  

Ключевые слова: семена сои, гиперспектральная съемка, классификация сортов, машинное обу-
чение. 
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Introduction. Soybeans are important, globally traded agricultural products that are frequently ex-
changed due to the high demand coming from a variety of countries [1]. Different types of soybean varieties 
contain different compositions of amino acids, organic acids, and sugars. Furthermore, there is a gap be-
tween seed germination ability and vitality, which also affects the nutritional values, germination rates, and 
yields of soybeans [2, 3]. Therefore, the ability to identify soybean varieties is of great significance. 

At present, seed variety identification is mainly based on the morphological characteristics of seeds. 
However, for seeds with no obvious distinguishing characteristics, this manual detection method is time con-
suming and has a large degree of observer error. To address the identification error, genetic marker technol-
ogy can be used to accurately identify different kinds of seeds [4–6]. However, this approach damages seeds 
during the treatment process and requires professional, highly trained, technicians. Furthermore, the process 
of identification using genetic markers is complex and inefficient, so it is difficult to realize the large-scale 
batch detection of seeds. Therefore, a method that can quickly and nondestructively detect soybean varieties 
is needed. 

Hyperspectral imaging (HSI) is an emerging rapid nondestructive technology that has the ability to 
simultaneously acquire spectra and spatial information. It has been widely used for identifying varieties of 
seeds in other fields and has achieved good results. Guo et al. [7] proposed a model-updating algorithm for 
maize seed variety recognition based on hyperspectral imaging using a pre-labeling method. The average 
classification accuracies were improved by 8.9, 35.8, and 9.6%. Feng et al. [8] used hyperspectral imaging to 
detect genetically modified maize kernels and their non-genetically modified parents. Their results demon-
strated that clear differences between genetically modified and non- genetically modified maize kernels can 
be easily visualized using their nondestructive determination method. To date, there have been many studies 
on the use of hyperspectral imaging technology to classify seed varieties [9–11]. Zhu et al. [12] used near-
infrared (NIR) hyperspectral imaging to classify three soybean cultivars and established a convolutive neural 
network using their average spectra and pixel level spectra; the classification accuracy surpassed 90%. Fur-
thermore, near infrared hyperspectral imaging (NIR-HSI) has been used to identify the vigor of rice seeds in 
which the full spectrum and selected feature wavelengths were used to obtain a reliable classification per-
formance (94.38% accuracy) [13]. 

Most previous studies have established classification models based on large data sets and achieved ac-
curate results, but relatively few studies have attempted to establish classification models of soybean varie-
ties with small sample sizes. The main purpose of this study was to explore the feasibility of using hyper-
spectral imaging technology to classify different soybean varieties. The specific objectives were: (1) to ex-
plore the feasibility of using principal component analysis (PCA) and linear discriminant analysis (LDA) to 
visualize different soybean varieties; (2) to qualitatively evaluate the detection ability of soybean varieties; 
(3) to analyze and compare the influence of the Savitzky–Golay (SG) smoothing and the multiplicative scat-
ter correction (MSC) on soybean spectral data; (4) to establish a soybean variety classification model based 
on full wavelengths and feature wavelengths; and (5) to compare soybean classification performance of three 
classification models using support vector machine (SVM), linear discriminant analysis (LDA) and k-nearest 
neighbor (KNN).  

Materials and methods. Sample preparation of soybean seeds. Four soybean varieties were used in this 
experiment, including Wan Dou 28 (WD28), Zhong Huang 55 (ZH55), Zhong Huang 13 (ZH13), and Zhong 
Huang 41 (ZH41), all of which were purchased from the seed market in Beijing (China). To the naked eye 
there were no remarkable differences in appearances of these four soybeans. For each type of soybean, 
204 intact soybeans were selected. Groups of 34 soybeans of the same variety were placed on sampling 
plates and hyperspectral imaging was performed on each group of soybeans separately. 

Hyperspectral image acquisition and correction. The hyperspectral imaging system used in this exper-
iment consisted of the hyperspectral imager, halogen lamp, mobile platform, and computer. The hyperspec-
tral imager was the SOC710VP hyperspectral imager manufactured by Surface Optics Corporation (USA). 
Two 150 W halogen (OSRAM GCA) lamps were used as light sources. The conveying platform was driven 
by a stepper motor for accurate control. Transmission of motor control signals and spectral image infor-
mation was conducted through USB serial communication. In this study, hyperspectral information of soy-
beans was obtained in the spectral range of 400–1000 nm. Table 1 shows the main performance parameters 
of the hyperspectral imager. 

Because the hyperspectral image acquisition process is easily affected by the external environment, the 
acquisition process was conducted entirely in a dark box. To obtain a deformable and clear hyperspectral 
image, the distance between the sample and the camera lens, speed of the moving platform, and exposure 
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time were set to 18.0 cm, 18 mm/s, and 4ms, respectively. The obtained raw hyperspectral images, which 
image light intensity, needed to be corrected to the reflected hyperspectral image. The formula for image 
correction is as follows: 

r d

w d

I I
I

I I





,                    (1) 

where I is the corrected image, Ir is the original image, Iw is the white reference image obtained using a white 
Teflon board with a high reflectivity (close to 100%), and Id is obtained through a fully covered camera lens [12]. 

 

TABLE 1. Performance Parameters of SOC 710-vp Hyperspectral Imager 
 

Spectral range, nm 400–1000 Lens type C-Mount 
Spectral resolution, nm 4.69 Weight, kg 2.95 (6.5 lbs) 

Band 128 Size, cm 9.516.822 cm 
Dynamic range, Bit 12/16 Power source 12-VDC/100-240 VAC (50-60Hz)

Pixels per line 696 Speed 30 rows/s, 23.2 s/cube 
 
Spectral extraction and data preprocessing. After obtaining hyperspectral images, threshold segmenta-

tion, image filling, and denoising processes were used to eliminate any background influence; then connect-
ed regions were obtained to mark the centroid of each seed sample. The center of the circle was the centroid 
of the sample, and a circle with a radius of 10 pixels was selected as the region of interest (ROI). The spec-
tral average of pixel points in the circle was calculated according to the equation 
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,                                                                   (2) 

where m is the number of pixels in the circle region; n is the number of spectral bands of hyperspectral im-

ages, 128 in this project; Iij is the spectral value of the ith pixel in the jth band; and I  is the average spectral 
value of the circle region. 

The pixel spectra within each soybean seed ROI were averaged to obtain a total of 816 spectral curves. 
During the process of collecting hyperspectral image information, random noise will affect the spectrum 
of the sample [14, 15]. The starting position of the spectral line showed high levels of noise. Therefore, 
the spectral information of the intermediate bands from 450–1000 nm was selected from the bands from 
400–1000 nm for further analysis. At present, the most commonly used spectral information preprocessing 
methods include the standard normal variable (SNV) transformation, multiplicative scatter correction (MSC) [16], 
Savitzky–Golay (SG) smoothing [17], and wavelet transform (WT) [18]. In this study, the MSC and SG 
smoothing algorithms were used to preprocess the spectral data, and then analyzed and compared to identify 
the optimal performance of the model.  

Results and discussions. Spectral profiles. The extracted spectral information of the four soybean vari-
eties are presented in the spectral curves in Fig. 1a. Figure 1b showed the average of the spectra for each 
soybean variety. It can be seen from the spectral curves of the four varieties that they were basically the 
same, with similar peaks and valleys, but there were differences in reflectance. 

 
 

 
 

Fig. 1. Spectrum of four soybean varieties: a) spectra of all samples; b) average spectra of all samples. 
 

400      500       600       700      800       900     1000           400      500       600      700      800       900    , nm 

Reflectance                                                     a                                                                             b 

0.3

0.2

0.1

0

0.3

0.2

0.1

0

WD28 
ZH55 
ZH13 
ZH41 



NONDESTRUCTIVE RAPID IDENTIFICATION OF SOYBEAN VARIETIES 
 

97

   
 

Fig. 2. Exploratory classification  scatter  plot of four different varieties of soybeans:  
a) three-dimensional scatter plot performed by principal component analysis (PCA);  
b) three-dimensional scatter plot performed by linear discrimination analysis (LDA). 

 
Exploratory classification analysis. To explore the distinguishing characteristics of the soybean varieties, 

150 soybean seeds were randomly selected from each soybean variety, and the key information from the full 
spectrum was extracted through principal component analysis. The results are shown in Fig. 2. The contribu-
tions of the first three principal components were 84.78, 6.86, and 5.24%, respectively, which together ex-
plained 96.88% of the information contained in the original spectrum. Therefore, the first three principal 
components were selected for analysis. It can be seen in Fig. 2a that there were intersecting areas between 
the WD28 and ZH55 soybean varieties and the ZH13 and ZH41 soybean varieties, and there were no obvi-
ous boundaries between classes, which was generally consistent with the spectral curve analysis. The above 
indicated that the principal component analysis failed to provide a reliable basis for soybean classification. 

To better explore the separability of the four soybean varieties, this study introduced the supervised di-
mension reduction algorithm LDA. The LDA algorithm makes intra-class distances as small as possible and 
makes the distances between classes as large as possible, so it is easier to explore the separability of soybean 
varieties [19, 20]. The first three principal components, with the largest contributions, were also used to 
make a three-dimensional scatter plot. As shown in Fig. 2b, the results showed that LDA was able to make 
the boundaries between soybean varieties more obvious, especially between WD13 and WD41. Compared 

 

 
 

 
Fig. 3. Principal component analysis extracted feature wavelengths from the spectrum: a) weight coefficient 

distribution of PC1; b) weight coefficient distribution of PC2; c) weight coefficient distribution of PC3. 
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with PCA, LDA had better classification ability, which established a solid foundation for soybean variety 
classification models. 

Classification results and analysis of discriminant models based on the full wavelengths. Taking the 
overall accuracy of soybean classification and recognition as the evaluation index for the model, soybean va-
riety discrimination models using LDA, SVM, and KNN and based on full wavelengths were established. 
Each soybean variety data set was divided into training sets and test sets at a ratio of 3:1. The training set and 
test set of the four soybean varieties were used as the training set and test set for the discriminant models. 
After repeating the cross-validation five times, the average accuracy of the five outputs was used as the final 
accuracy output. This study also compared how the three data preprocessing methods (SG, MSC, and 
MSC+SG) affected the three discriminant models. As shown in Table 2, for the original data set, LDA was 
best at classification with an accuracy of 88.21% for the test set, followed by SVM and KNN models, in that 
order. After SG preprocessing, the classification ability of the SVM model was better than both the LDA and 
KNN models, with test set accuracy of 86.92%. After MSC preprocessing, the output of the SVM and KNN 
models both improved, but the output accuracy of the LDA model decreased. After MSC+SG preprocessing, 
the accuracy of the SVM model for the training set and test set reached 100 and 95.19%, respectively, but the 
classification performance by the other models decreased, although in the test set the LDA model was slight-
ly better than KNN model.  

 
TABLE 2. Classification Performance of Models Based on Full Wavelengths  

and Different Preprocessing Methods 
 

Classification model Spectral data set Training set, % Test set, % 

SVM 

Raw 92.38 84.28 
Raw+SG 93.91 86.92 

Raw+MSC 93.43 88.21 
Raw+SG+MSC 100.00 95.19 

KNN 

Raw 85.10 71.63 
Raw+SG 84.94 71.63 

Raw+MSC 91.99 80.29 
Raw+SG+MSC 90.54 81.73 

LDA 

Raw 92.47 88.21 
Raw+SG 90.31 86.29 

Raw+MSC 87.34 82.92 
Raw+SG+MSC 86.38 82.48 

 
Superposition pretreatment greatly improved the performance of the SVM classification model, and the 

accuracy of the KNN classification model was also improved. However, the classifications by the LDA clas-
sification model were slightly less accurate after preprocessing. This comparison of three types of discrimi-
nant models found that data preprocessing did not improve the output accuracy of all model types in the 
same way and that spectral data sets produced different results from different models depending on the dif-
ferent preprocessing methods.  

Extraction of feature wavelengths. To reduce overfitting, reduce the number of irrelevant features, im-
prove the generalization ability of the models, make the model easier to understand, and accelerate the train-
ing speed of the model, PCA Loading, random forest (RF), and the genetic algorithm (GA) were used for 
feature selection based on 117 bands of the full spectrum.  

The contributions of the first three principal components explained more than 95% of the information in 
the original spectrum. Therefore, the loading of the first three PCs was used to identify important wave-
lengths. It can be seen that the loading of the PC1 curve was consistent with the original spectral curve (Fig. 3). 
The wavelengths at the peak and trough of the curve were the preferred choice for feature selection [11]. The 
PCA loadings of the first three PCs were used, and 24 essential feature wavelengths were selected. 

RF used bootstrap resampling technology to randomly extract some samples from the original training 
set to generate a new training set for training decision trees. That process was repeated many times to gener-
ate multiple decision trees, and the classification results were decided by voting according to each decision 
tree’s results. While training the decision tree, the contribution of each feature can be calculated, and im-
portant features can be selected by establishing the threshold of contribution rate. As shown in Fig. 4, 15 im-
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portant feature wavelengths were selected from the full wavelengths using random forest feature selection 
method. 

 

 
Fig. 4. Random forest algorithm extracts feature wavelengths from the full wavelengths. 

 
 

 
 

Fig. 5. In 100 iterations of the genetic algorithm, the feature wavelengths  
were those selected more than 80 times. 

 
TABLE 3. Feature Wavelengths Selected by the Three Feature Selection Methods 

 

Method Number Feature wavelengths, nm

PCA Loading 24 
653.83, 659.09, 664.36, 696.03, 701.32, 711.92, 717.22, 722.53, 
727.84, 733.15, 738.47, 749.12, 765.12, 775.81, 781.15, 807.95, 
813.32, 872.65, 888.91, 894.33, 899.77, 943.35, 981.68, 987.17 

RF 15 
653.83, 781.15, 786.50, 937.89, 943.35, 948.81, 954.28, 959.75, 
965.23, 970.71, 976.19, 981.67, 987.16, 992.66, 998.16 

GA 20 
451.54, 497.71, 523.50, 528.66, 539.01, 554.56, 570.14, 590.97, 
627.57, 664.35, 727.84, 775.80 834.84, 845.62, 872.64, 932.42, 
937.88, 948.81, 981.68, 987.17 

 
The selection of feature wavelengths was carried out using GA [18]. The 117 bands were mapped to the 

genes of the chromosomes using the binary coding method. First, the population was initialized. A popula-
tion contains multiple chromosomes, each of which contains 117 genes. The accuracy of the decision tree 
was used as the fitness to calculate the fitness value of each individual. The roulette selection method was 
used for individual selection, and individuals with high fitness value were more likely to pass on genes to the 
next generation. Then the chromosomes were crossed and mutated. Each iteration can create the optimal in-
dividual and the genes contained in the individual, and the selected feature wavelengths can be determined 
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by the genes. After analyzing the genes on the chromosomes after 100 iterations, it was found that 20 genes 
were selected more than 80 times, so the feature wavelengths represented by the genes were selected, as 
shown in Fig. 5. The feature wavelengths were selected according to three feature selection methods, as 
shown in Table 3. 

Classification results and analysis of discriminant models based on feature wavelengths. By extracting 
feature wavelengths from 117 wavelength bands without preprocessing, the SVM, KNN, and LDA models 
were established to classify different soybean varieties. The overall classification accuracy was used as the 
evaluation index to measure the performance of different feature extraction methods in classifying soybeans. 
The results, presented in Table 4, show that RF was the best of the three feature extraction methods. By 
comparing the test sets, when PCA loading and GA were used for the extraction of feature wavelengths, the 
LDA model was most accurate, followed by SVM and KNN, in that order. When RF was to extract feature 
wavelengths, the LDA model was most accurate again, the classification accuracy of the KNN model was 
higher than that of the SVM model; the reason may be that the number of support vectors was reduced to 15, 
which hindered the SVM model’s ability to deal with multi-classification problems. The KNN model had a 
certain classification advantage in dealing with the overlapping sample set, which depended on the limited 
adjacent samples. In comparing feature selection methods, we see that, although the number of features se-
lected by GA was greater than those selected by RF, the classification accuracy of the genetic algorithm was 
slightly lower than that of the random forest algorithm. The reason may be that the wavelengths selected 
more than 80 times in 100 iterations were used as feature wavelengths, which may have caused information 
loss. Without preprocessing, classification models based on feature wavelengths have lower in classification 
accuracies than classification models based on full spectra, but they are capable of more rapid and efficient 
identification of soybean varieties. 

 
TABLE 4. Classification Performance of Models Based on Feature Wavelengths 

 
Feature extracting  
method 

SVM KNN LDA 
Cal, % Pre, % Cal, % Pre, % Cal, % Pre, %

PCA Loading 83.17 76.44 74.62 66.83 80.77 77.88 
RF 85.82 80.10 85.90 81.25 83.89 82.69
GA 80.60 75.48 75.81 70.38 79.17 76.04

 
Conclusions. This study was based on hyperspectral imaging technology and used machine learning al-

gorithms to classify four soybean varieties. PCA and LDA were used for exploratory analysis. LDA was 
shown to have a good recognition effect and was able to differentiate between WD28, ZH55, ZH13, and 
ZH41. The models were then assessed using data that were preprocessed with MSC, SG, and MSC+SG, and 
compared to the original spectral data. The results showed that after MSC+SG preprocessing, the perfor-
mance of the SVM model was significantly improved with an accuracy of over 95%. However, not all the 
preprocessing methods had positive effects on the classification performance of all models. The feature 
wavelengths of the original spectra were extracted by the PCA Loading, RF, and GA algorithms. Then a 
classification model was built by selecting important features, and the influence of using the full wave-
lengths or the feature wavelengths on the performance of the three classification models was examined. The 
results showed that the classification model based on feature wavelengths needed to be improved. However, 
according to the classification results based on the RF feature selection algorithm, extracting some features 
for rapid detection of soybean varieties has great potential in detection speed and economic cost. In addition, 
it is necessary to further study the internal relationship between soybean spectra and soybean composition, 
characterize more soybean varieties, and establish and expand the experimental sample database. 
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