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This paper aims at researching a rapid, lossless, accurate and high-robustness classification model with the
combination of hyperspectral image technology and stoichiometry to sole some problems in seed purity
detection. The hyperspectral data is subject to the wave-band selection with the combination of stoichiometry,
the mathematical model set up by using hyperspectral image is upgraded, and the seed purity is also tested.
The experiment result indicates that: as the characteristic space of the original training set sample is enlarged
by adding the new samples of 11.0%-12.8% of the predicted sample set in real time, the prediction accuracy
of the upgraded model on the seed purity can be improved. Therefore, the online model upgrading strategy
based on ISVDD can be used to improve the stability and generalization ability of the model well, and the
requirements on instantaneity and accuracy of model upgrading in the actual production can be met.

1. Introduction

The hyperspectral image technology is the detecting technology widely used in the non-destructive measuring
method of the farm product in recent years (Chen et al., 2014). Compared with the traditional machine vision
and near-infrared spectrum analysis technique, the hyperspectral image technology can be used to obtain the
image information such as the external shape and colour of the seed etc. simultaneously and reflect the
spectral information of internal chemical component inside the seed (Chen et al., 2017), so that the multi-
aspect and angle analysis on the tested object can be achieved. The hyperspectral image technology has
been widely applied in the non-destructive measuring method of the farm product due to its advantages in
many aspects. However, as the number of wave bands of the hyperspectral data is large (Chen et al., 2017),
the data storage space is not only increased in the modelling analysis by using wave band, but also the actual
calculation workload is increased, which can affect the real-time performance of the detection result. Actually
(Dupré et al., 2017), high dependency and redundancy exist in adjacent wave bands of the hyperspectral
image, due to which not every wave band is of the same value to the image processing (Elshamli et al., 2017).
The least and most representative wave-band subsets are selected with wave-band selection algorithm to
form the new hyperspectral image space, so that the original hyperspectral image space can be replaced
approximately (He et al., 2017); thus, the dimensionality reduction of hyperspectral image data can be
achieved, and the influence on the entire identification accuracy is smaller (lordache et al., 2014), which is the
final objective of hyperspectral-image waveband selection (Jia et al., 2017). Therefore, how to use the
stoichiometry method to achieve the optimum wave-band selection is of importance value on rapid and
accurate non-destructive testing of farm products (Kizel et al., 2017).

2. Hyperspectral image collection system

The near-infrared hyperspectral-image collection system (900-1700nm) is adopted in this experiment (Kumar
S. and Singh S. K., 2017). The near-infrared hyperspectral-image collection system mainly consists of light
source module, image collection module, sample delivery platform and the computer (Liao et al., 2016). The
light source module is equipped with 150W fiber halogen lamp (2Specim, Spectral Imaging Ltd., Ouluy,
Finland), which can lead out the light source signal through two branches of optical fiber so as to form the
eudipleural line source, and the light intensity is adjustable within the scope of 0-100% (Mei S, et al, 2017).
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The image collection model mainly includes the N17E-QE line-scan imaging spectrometer (Spectral Imaging
Ltd. Oulu, Finland) and the CCD camera with prismatic focusing magnifier. The spectrograph is the core part
of the near-infrared hyperspectral-image collection system, the function of which is to resolve the complicated
light into spectral lines (Moriya et al., 2017). Working principle: when on beam of composite light enters into
the prism- raster- raster component, it will be gathered into the parallel light after entering into the entrance slit
of the monochromator so as to be subject to chromatic dispersion through the diffraction grating based on
different length of the beam wavelength (Mou and Ghamisi, 2017). The spectrum is formed through the
focussing of focussing mirror based on the difference of angle in which each wave length leaving the optical
grating finally (Mwaniki et al., 2015). The spectrum waveband scope covered by the line-scan imaging
spectrometer is between 874-1734nm, and the spectral resolution is 5nm. The sample delivery platform is
IRCP0076-type electric-control shift platform (Isuzu Optics Corp, Taiwan, China) (Ni and Ma, 2017). The
resolution ratio of near-infrared hyperspectral image is 320*256 pixel (Papa et al., 2016). In case of near-
infrared hyperspectral image collection, the parameters setting should be implemented through the collection
software (Pardo et al., 2017). The image collection software of near-infrared hyperspectral imaging system is
provided by Taiwan ISUZU Optics (Priebe et al., 2004). It is mainly used to control parameters collected by the
image, including the moving speed of the platform and the exposure time of the camera etc (Rodriguez et al.,
2017). The objective of image parameters adjustment is to obtain the clear, distortionless and sizeable
hyperspectral image so as to make better preparation for the next experiment (Samek et al., 2017).

3. Hyperspectral image preprocessing

The image preprocessing is the operation of feature extraction and pre-modelling on the input image, and the
main objective of which is to enhance the valuable information inside the image, and in the meanwhile, to
restrain the information which may cause unnecessary interference on the feature extraction and data
modelling later in the image (Selvam and Karuppiah, 2017). The final objective of the preprocessing in the
experiment is to obtain the external profile information of the seed; however, hyperspectral image is the three-
dimensional information containing the two-dimensional image information and one-dimensional waveband
information (Tan et al., 2017); the profile information of the seed corresponding to each waveband is unique.
In order to avoid the complexity of the experiment operation, the ENVI14.3 software is used in the experiment
to select the image showing the clear profile of corn seed in a waveband for the preprocessing operation;
finally, the profile extracted will be mapped to all wavebands so as to extract the spectral information of all
wavebands of the seed. See the preprocessing operation procedures in the Figure 1.
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Figure 1: Preprocessing Operation of Hyperspectral Image Identification of the Seed

4. Technical route for hyperspectral image identification of the seed

See the technical route of hyperspectral image identification system of the seed in Figure 2, which includes
the collection of hyperspectral images, correction and preprocessing of images, image division and feature
extraction (Wang et al., 2017); the prediction is implemented to the samples to be tested by modelling and
using the well-trained models so as to achieve the seed purity identification (Xia et al., 2016).
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Figure 2: Technical Route of Hyperspectral Image Identification of the Seed

5. Experiment result and analysis
5.1 Establishment of core-seed purity detection model

In order to eliminate the influence of overlarge difference among characteristic parameters of different
wavebands on the modelling result, the characteristic parameters are subject to the normalization processing
before modelling of corn-seed purity detection. Then two groups of experiment are designed for the data after
normalization processing, which is the corn-seed purity detection models of 2010 and 2011. Firstly, the
Kennard-Stone algorithm (KS) is used to divide the XY2010 and ZD2010 of corn seed of the year 2011 into
the training set and the test set based on different proportions (1:1, 3:1 and 4:1), and the SVM category-
prediction model M2010 is set up so as to obtain the training accuracy cR and prediction accuracy P1R (Yang
W, et al, 2017). Then the SVM category-prediction model M2011 of corn seed of year 2011 is set up with the
same method. At last, in order to inspect the suitability of the model to samples of other years, the M2010 is
used to predict 400 corn seeds of year 2011 and M2011 is used to predict 240 corn seeds of year 2010
directly and separately, the prediction accuracy of which is RP2; see the corn-seed purity detection model
result in the Table 1.

According to this table, the prediction accuracy of M2010 and M2011 on the corn seed of the same year
reaches 100%; however, according to the suitability detection of the new sample, the prediction accuracy of
corn seeds of other years can only reach 33.8%~54.6%, which further indicates that the spectral information
can be easily affected by years, thus the stability of model established with spectral information is obviously
affected by changes in years of the corn seeds; the universal performance of models established in different
years is poor.
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Table 1: Result of Corn-seed Purity Detection Model (%)

Division ratio Mao10 Mzo11

Re Rep1 Re2 Re Rep+ Re2
1:1 100 100 47.0 100 100 50.8
3:1 100 100 33.8 99.7 100 54.6
4:1 100 100 49.0 100 100 53.8

Table 2: Prediction Accuracy Comparison of New Samples Before and After the Upgrading of Corn-seed
Purity Detection Model (%)

Division ratio

M2010 Mao11
Before updating After updating (40)  Before updating After updating (56)
1:1 47.0 98.9 50.8 94.6
3:1 33.8 98.3 54.6 94.0
4:1 49.0 98.3 53.8 94.6

As shown in Table 2 and under the division proportion of three different sample sets, in case 40 new samples
are added by using active learning are used to achieve the upgrading of the 2010 model, the prediction
accuracy on new samples can reach 98.9%, 98.3% and 98.3% separately; in case 56 new samples are added
by using active learning to achieve the upgrade of 2011 model, the prediction accuracy on new samples can
also reach 94.6%, 94% and 94.6% separately. No matter the year2010 or the year 2011, the model upgraded
based on active-learning algorithm is obviously improved compared with the prediction accuracy of new
sample before the upgrading; what's more, the upgrading effect and the division proportion of old sample
model is nearly subject to no relationship, the better stability can be achieved. The model classification result
analysis of ISVDD-based online upgrading strategy is similar to the model before upgrading; in consideration
of the effect of randomness in sample division on the experiment result, random 5 times are divided in the
training set (800*94) and the prediction set (1200*94). In addition, as the sequence of learning one-by-one of
prediction sample may affect the upgrading quality of the model, 4 times experiments are also implemented to
the prediction set (1200*94) randomly which is divided randomly each time. The final experiment result is
subject to the average result of 20 random times as the classification accuracy of LSSVN after the upgrading.
The average classification result of the upgraded LSSVM model is shown in Table 3. See the number of
samples rejected in identification during random 20 times in Table 4 (s means the random times of the division
of training set and prediction set; t means the number of times of self-random for prediction set).

Table 3: Average Classification Result of the Upgraded LSSVM Model (%)

Type Training accuracy Prediction accuracy
JIDAN7 100 994
JUNDAN18 100 93.0
JUNDAN20 100 87.7
LUDAN818 100 97.4
Average classification accuracy 100 94 .4

Table 4: Number of Samples Rejected in Identification during the Upgrading Process

Times 1t 2t 3t 4t

1s 133 142 145 147
2s 136 153 137 143
3s 138 143 140 143
4s 132 140 135 141
5s 133 142 139 143

According to Table 3, except for JIDAN7, the JUNDAN18, JUNDAN20 and LUDAN818 prediction accuracy is
obviously improved in the comparison with that before the upgrading, which is improved by 23.7%, 10.2% and
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7% separately. The average classification accuracy of the entire classification model also reaches 94.4%,
which is improved by 10.3% against the 84.1% before upgrading. According to Table 4, the upgrading of the
model is only achieved by adding the 11.0%-12.8% new samples to the original training samples, the
influence of learning sequence before and after the prediction set sample is not obvious.

6. Conclusion

The spectral features of the seed can be changed under the influence of years, which results in obvious
differences of the spectral features of seeds in the same category but different years. The model upgrading
can be hardly subject to the complete training set sample during the actual production process, which results
in the stability and generalization ability reduction of the model. To solve this problem, the new strategy of
ISVDD-based online model upgrading can be effectively applied to improve the stability and generalization
ability of the mode, and can meet the requirements on instantaneity and accuracy of model upgrading in the
actual production.
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