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Abstract
It usually contains a large amount of redundant information to use the hyperspect ’
information to create a model, which will increase the difficulty of the model SiS.

Therefore, i¢’s so important to select the characteristic wavelength in anfe ve and
quick way. This study is proposed by using the competitive ive re ampling
(CARS) to select the characteristic wavelength for detecti ﬂreduu r content in

ong them, 190

the idation set. The
and cI varlable extraction

rlable’el atl n (MC-UVE), genetic
squares @LS) Experimental results

ARS hassthe best effect, compared to full

samples are selected as the calibration set and

performance of CARS is compared with full spec
methods such as Monte Carlo uninformativ:
algorithm (GA) and moving window partla
show that the band screened by algorl
spectrum modeling, the wavelength es from 203 to 33, the model
validation set coefficient R? incre f m 0. S% .8965, and the root mean square
error prediction (RMSEP) decrega rom | 0.0458 t0 0.0416. The results demonstrate that
it is feasible to detect the g sugar t of potatoes by using CARS combined

with hyperspectral imagi

the potatoes. In that experiment a total of 238 samil
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1. Introd Q
Reduci ar cor& potatoes is one of the important factors that affect the
. i "

processing quality atoes [1]. It’s significant for the deep processing of
potatoes to dete @'reducing sugar content of potatoes in an accurate and rapid
way. At prese& determination method of reducing sugar is a traditional one,
such as electrocthemical method and colorimetric method whose detection precision
is higher%l.it is difficult to popularize in the measurement of a large number of
to many complicated steps , a long time, high cost etc.[2].It has an
application prospect to discuss a rapid detection method of the Reducing
ontent of potato. Hyper spectral imaging technology is a new type of
ultural products nondestructive detection technique, which is a perfect fusion
of traditional imaging techniques and spectroscopic techniques. In this way, it can
obtain the spatial and continuous spectrum information of research object so that it
gets the favor of researchers who are committed to studying the nondestructive
testing field of the quality of agricultural products at home and abroad [3]. At
present, this technique is applied to the detection of fat and moisture content of
potato chips [4], and the content of potato tuber moisture, starch, protein, reducing
sugar and crude fiber and potato tubers potassium etc. [5] However, due to the
hyperspectral resolution, a large amount of collinearity and redundant data is
present in the original spectral information. Therefore, it is necessary to select the
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key variables before the quantitative analysis of the internal quality of agricultural
products by using hyperspectral data. Studies have shown that the model that is
more easily to be explained and has more stable performance can be obtained via
spectrum optimization [6,7].

In this paper, the main task is to use competitive adaptive reweighed algorithm
(CARS) to select the characteristic wavelength after obtaining spectral information
of potato based on hyperspectral imaging technology by using potato as the research
object, and also respectively create partial least squares ( PLS)model by comparing
with extraction methods of the full spectrum and other variables , such as Monte
Carlo uninformative variable elimination (MCUVE), genetic algorithm( GA) and
move window partial least squares( MWPLS) , and use the validation set to confirm
the validity of the model through comprehensive comparison of various variable
selection methods in the prediction results of reducing sugar content in the potato so
as to obtain the optimal application of various variable selection meth

hyperspectral in quantitative analysis of the quality. v
2. Materials and Methods O
2.1. Sample and Instrument \* \(@

The potatoes with different varieties f' f Harbin city,
Heilongjiang Province, are chosen as the resea bject 0 experlment A total
of 238 samples in the removal of surfac ects ar d for image collection.
Among them, 190 samples are selecf r, ly as t del sample set, and the
other 48 as the prediction sample set hat th tatoes must be cleaned clearly
before experiment. &

The hyperspectral image acqu@ﬁe systemsﬂ%e in the HeadWall Company, USA,
shown as Figure 1 is used in t rimen ystem consists of three parts, namely

image acquisition unit, a i ource §$ ample conveying platform. The image

acquisition unit includes am,image sp er, CCD camera and lens. The light source
is a fiber halogen 150W adjustable power. The slit width of hyperspectral
image spectrome %ﬁm and spectral range is from 400 to 1000nm. The spectral
resolution is 1. |mage acquisition band is 3nm, and the spatial

resolution i
6
& sample

nveylng platform

Q)O

Figure 1. Hyperspectral Image System [8]

2.2. Image Acquisition

Before acquiring the hyperspectral image, the exposure time of spectral camera is
set so as to ensure to get clear images according to the intensity of the light source,
and the speed of conveying device need to be adjusted to avoid the distortion of
image size and spatial resolution. After several debugging, the related parameters
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including 30 cm of object distance, 350ms of exposure time, 70W of the power for
the light source are determined finally. During each experiment process, a selected
potato is placed on a white background plate, and then put on the objective stage.
When acquiring image, linear detector is horizontal scan in the vertical direction of
the optical focal plane. As the movement of objective platform, linear detector scans
the image of the entire plane so as to complete the sample image acquisition.

Under different wave band, the non-uniform distribution of the light source
intensity and the influence of the dark current in the camera result in too large noise
contained in light source distribution of weak band. So the hyperspectral image must
be corrected. In order to reduce the interference caused by temperature change of
light source on the image, a full white calibration image and a full black calibration
image are acquired once when every 20 sample images are collected in this
experiment. And the hyperspectral image is obtained and calibrated according to
egn. (1) [9-12]. .

I, -1,

l= (1)

In the equation, | is a calibrated |mage Is is the oqi n | sampl QW is the

reference image acquired from the white spectra on |on pa d Id is the
dark current image obtained with a cap coverln ra Iens

2.3. Data Preprocessing

In this paper, 9 abnormal samples ar oved by@g Monte Carlo sampling
(MCS) algorithm [13,14] . To weake iminatg=the Tmpact on the spectra from
all kinds of aimless factors such eI| scattermg, it is necessary to
preprocess the spectra collecte ;K tral imager. [15]. The original
spectra are preprocessed by he me f smooth 13 points, the maximum
normalization, baseline ¢ ion, orth 5|gnal correction and standardization
respectively, and followed by compa? influence on the calibration model with
spectrum after pretreatrient , as we preprocessing method is determined by the
principle of dete n coeffl ient of aimless factor as maximum, root mean
square error as N% n, in order to improve forecasting the model's

ability, remﬁ | formatlo at has nothing to do with the sample itself as soon

as possibl @

e Reweighed Sampling (CARS)

Competitive ive reweighed sampling (CARS) is a method of variable
selection put ard according to the simulation of the law of "survival of the
fittest" i Darwin's theory of evolution [16]. Each time wavelength points with
higher te value of regression coefficient in the PLS model can be screened
thro@ adaptive reweighed sampling (ARS) technology, as well as the ones

er weight can be removed, the minimal subset selected from the root mean
%e error of cross-validation (RMSECV) in the PLS model by Using cross
validation is defined as the optimal variable subset. And the detailed algorithm as
follows :

It is assumed that the spectral matrix X, is regarded as measured sample, in

2.4. Competitive

which m is sample number and p is the number of variables , Y, , represents target

response vector. T is the scoring matrix of X, which is a linear combination of X
and W , w is combination coefficient, and c represents the regression coefficient
vector of PLS calibration model created through Y and T, e is the prediction error.
And then (2) and (3) relationship establishment as follows:
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T =X )

V =Tc+e =Xc+e =Xb+e )

In the equation, b=Wc=[bl,b2,---,bp]T represents a p-dimensional vector of
coefficients. |b;|(1<i< p), the absolute value of i-th element of b, represents the

contribution of the i-th wavelength to Y, and the larger the value of the variable is,
the more important it is. To evaluate the importance of each band, weight is defined

as:
b . (4)
o == A=12,---p

=1 i
All the weights of variables removed by CARS algorithm are set to 0. The main

flow [17] is shown in Figure 2 ,and it’s retention rate of variable I, = ae ™™

N/
X

Obtain the su varlabl
correspondin alueg after s |ng
for N ty\ \

*

Monte Carlo Sampling(M
frequencey i<=N?

y 7Y
Select randomly a certain proportion of lect the variagl et with the smallest
samples (90%) as the calibration set to croate‘ SECV by com ng the RMSECV for N
PLS model - imes .
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v K‘\ '
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o~
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%

End
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N

Y

ate the PLS model based on the new
riable subset and calculate the RMSECV

S
o

Among them, both a and k represent different constants respectively when
samples concentrate all of p variables involved in modeling to conduct MCS
sampling at the first time and just 2 variables involved in it at the N-th time.

Namely, r, =1and ry, =2/ p, and then:

Figure 2. Flow Chart of CARS Algorithm

a=(Byo ®
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In
_In(p/2) ©
N -1
In this paper, the number of variables p is set to 203, and the MC sample
frequency is set to 200, so the values of constant a and k are 1.0235 and 0.0232
respectively.

2.5. Model Evaluation

First, parameters of the model is optimized by using cross validation method, and
then the model is evaluated according to the decision coefficient, the root mean
square error (RMSEC), root mean square error of prediction (RMSEP) and root
mean square error of cross validation(RMSECV). Higher the model's decision
coefficient, smaller the RMSEP and RMSECV, and stronger the model's forecasting
ability.

3 Results and Discussion QQ

In this paper, the content of reducing sugar content in fresh po % d as the
20

modeling object, and the Matlab R2013a is used to the ds with the
range from 400 to 1000nm. O \/
3.1. Selection of Preprocessing Method \\/

It is shown in Figure3 that interest r of ori pectra of the sample is
accompanied with wavelength rangé 400 1 Onm, and each spectrum
contains 203 bands. It is easy to f tt le spectral curve trend is the
similar, and no obvious abnormal rough observing Figure 3. It is

aséline drift in the spectral region due

to the rough surface of o 0 a
Therefore, the preprocessing eth

astigmatism of the environment etc.

also found that there is a lar tter ana
as smoothing 13 points, maximum

normalization, baseline ectlon onal signal correction and standardization,
are used to create spectlvely before the spectrum is analyzed
further, and it c foun e effect of smoothing pretreatment is the best

after comparis analys

6@

Reflectance

= L 1
00 800 900

1000
Wavelength(nm)

Figure 3. Spectra of Samples

It is shown in Table 1 that diverse results of PLS modeling are forecasted
according to different preprocessing methods for reducing sugar content of potato. It
can be found from Table 1 that performance of PLS model which is created through
13 point smoothing preprocessing is the best, whose decision coefficient R? and the
root mean square error (RMSEP) are 0.8516 and 0.0671 respectively. With the
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increase of smooth points, the performance of PLS model is gradually decreased.
After the maximum normalized and orthogonal signal correction, the performance of
PLS model is slightly decreased, while it is the worst after the pretreatment of
baseline correction, and the RMSEP is 0.0791.

Table 1. Results of PLS Regression of Different Pretreatment Methods

pretreatment R? RMSEC R? RMSEP

The original spectrum 0.8254 0.0689 0.8160 0.0729
Smooth 13 points 0.8801 0.0573 0.8516 0.0671
Maximum normalization 0.8241 0.0692 0.8128 0.0732
Baseline correction 0.8202 0.0696 0.8069 0.0791
Orthogonal signal correction 0.8245 0.0691 0.8139 0.0746
Standardization 0.8621 0.0637 0.8400 0.0685, N

3.2. Key Variable Selection ?‘
3.2.1. CARS Variable Selection * %Cﬁ
The full spectral variables of reducing sugar con'ihQ\f es% are screened

for many times by using CARS algorithm, fina vel nts are selected
,and the results are shown in Figure4. During S ing, t %{e Carlo sampling
number is set to 200.

With the increase of the number of |ng : ) and (c) represent the
changing of the number of variab Ccross va atlon RMSECV and the

regression coefficient of each varlab ectl he algorithm running.
It can be seen in Figure4 (a), U he in of exponential decay function,

the number of variables sele e mes from™ast to slow with the increase of the
number of samples, whic theo ithm can be used to elect rough and
select variables in the vari Ie s and improve the efficiency of the

algorithm greatly

It also can be sge ure 4 th the increase of the number of samples the
Cross valldatlon %he single PLS model is decreased first and then
increased, it r mlnlm@ the number of sampling is 28. It demonstrates
that a Iar@ er of lated information is removed from the prediction of

reducing s conter e high spectra, and RMSECV begins to increase after
the 43 sampling, roves that some key information is removed so that the

model’s perform becoming poor.
The PLS m@ created by using CARS algorithm to screen the spectral data of

each band, ,compared with the full band model. By Table 2, both RMSECV and
RMSEP bﬁ%ﬁﬂed through modeling after CARS variable selection are better than
the one@t ined through full band, and the model quality is improved obviously. In
adi, he number of bands is reduced from 203 to 33, and the number of
@ gt€s of the model is reduced significantly.
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Figure 4. Key Variables Screening by CARS

0
3.2.2. Other Variable Selection Algorithm Q
Genetic algorithm (GA) is an optimization method [ ,S|mul genetic
and evolutionary processes in the biological comm based theory of
biological evolution of Darwin's, namely survival o

st.

In this study, the PLS model of reducing s.c nten wd according to
setting the number of genetic iterations to 200, the/initial p tion size to 50, the
crossover rate to 50%, and the mutation r o 0.5%, ?sosmg "F=RMSE" as the
fitness function , as shown in Table 2 n the r of optimal variables is

ted’and RMSECV. Figure5 (a)

determined accordmg to the number 0
indicates the corresponding relati MSECV and the number of

bIe

MC-UVE MWPLS

variables. When the number of bles is 1 m|n|mum RMSECV=0.0249 is
obtained.
Lo ms&v;sawmwmmummmm ‘
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L op e e e Y
(a) Varlam ning by GA (b)Variables screening by (c) Variables screening by

FIQ@ . Key Variables Selection Results. The Iteration Number of GA and
MC-UVE Is 200.The Window Size of MWPLS is Fixed at 27

C-UVE is also a relatively new variable selection method, based on the analysis
of the PLS regression coefficient ¢ algorithm, which is used to eliminate variables
that cannot provided effective information. MC sampling technique is used to
sample for N times by using this method, extract a percentage of the samples from a
sample set as the modeling set for PLS modeling every time, and select variables by
evaluating the stability of each variable. UVE is used to select the 203 wavelength
points, as shown in Figure 5 (b), and the dotted line indicates the stability of the
line. Finally, 95 wavelengths are selected by the UVE variable selection method, in
this way, PLS model is created, and the forecast results are shown in Table 2.
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The hyperspectral data of potato contains the target information of reducing
sugar, it is also interfered by instrument noise or non target, such as starch,
cellulose, protein, etc.. Hyperspectral information corresponding to reducing sugar
is complex, ranging different Width of interval. Moving window partial least
squares method, in a certain cross validation of the root mean square error level,
can obtain a number of Intervals of hyperspectral information which reducing sugar
content corresponding to.In this paper, we use the moving window partial least
squares (MWPLS) method to locate the information section of the calibration set of
potato samples by setting the window width to 27 and the upper limit of PLS
extracted to 15, and the result is shown in Figure 5 (c).The inverted peak curves
figure is formed by each variable point RMSECV changing with the position of the
window, in which the dotted lines indicate it is more appropriate that root mean
square error of cross validation is 0.0603 when the full spectrum contains 12
principal components. From Figure 5, we can see that RMSECV value is small
when the wavelength range from 450 to 470nm, from 520 to 560nm, fro
810nm, from 860 to 890nm and from 910 to 980nm. And then the
created through the above 106 feature spectral variables combined
set as the optimal wavelength combination for vari l%l%cﬂor@
shown in Table 2.

It can be found in Table 2 that prediction rg rom the G S model (r°pe
and RMSEP are 0.8521 and 0.0683 respectivel highe Whe MC-UVE-PLS
and MW-PLS models, and also better thapsthe full P% Further variable

results are

selection is helpful to improve the perf nee of del. Compared with the
CARS-PLS model, the prediction pe ance 0 oth is almost the same.
However the GA-PLS model uses o@lables (33 and 119), and the
r’pre has only increased by 0. 08%&S ared e CARS-PLS model. Therefore,
the wavelength selection o the str st among the above four variable
selection methods. 4

Ta@z Perf@ce of PLSR Model

\Qﬁmber of Calibration set Validation set

actor e RMSEC . RMSEP

9 0.8516 0.0729 0.8464 0.0758

@ 8 0.8610 0.0625 0.8513 0.0651

MCUVE-PLS 8 0.8541 0.0632 0.8441 0.0732
MW-PLS @ 106 12 0.8599 0.0637 0.8514 0.0672
GA-PLS @ 119 7 0.8612 0.0618 0.8521 0.0683

ediction model of the potato reducing sugar content of CARS-PLS was
\to/predict the prediction sample which are not included in the model. Figure 6
s the prediction of the content of reducing sugar of the prediction samples, the
solid lines are regression lines of refrence values and predicted values. In Figure 6,
the regression line and the straight line with the slope equal to 1 are very close, the
expression of the regression line is y=0.85x+0.02, suggesting that hyperspectral
combined with CARS selection can effectively predict the content of reducing sugar
of potatoes.

42 Copyright © 2016 SERSC


http://dict.cnki.net/dict_result.aspx?searchword=%e6%a8%a1%e5%9e%8b%e9%aa%8c%e8%af%81&tjType=sentence&style=&t=model+validation

International Journal of Hybrid Information Technology
Vol. 9, No.9 (2016)

Predictedrs. Reference

Fraictad '

¥ Refereene

Figure 6. Predicted Results of Reducing Sugar in Potato By CARS N
Prediction Set

4. Conclusions

Firstly, the content of reducing sugar i cted by using
hyperspectral imaging technology comblned ompet| daptlve reweighed
sampling algorithm. The results show th e perfp ce of the key variables
obtained by CARS algorithm is better th t of the @ectrum PLSR model. At
the same time, the CARS algorithm i ior t on the variable selection,
compared with MWPLS, GA and @end the 203 variables of the
original spectrum are reduced t er pr& RMSEP of the PLSR model are
0.8513 and 0.0651 respecti nd th%su ts are better than those of other

variables. Moreover, CA carry 6\ effective quantitative analysis to the
reducing sugar content otato. \
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