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Fig. 1 Experimental samples

(a): High quality matsutake; (b): Inferior matsutake; (c): Pleuro-

tuseryngii; (d): Jujube hilt nipple mushroom; (e): Agaricusblazei
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Fig. 7 Comparison between BP and KNN models before and after extraction feature
(a): Original data prediction results of BP model (69.57%); (b): Original data prediction results of KNN model (60.87%) ;
(¢): Prediction results of BP model using LASSO algorithm (100%); (d): Prediction results of KNN model using LASSO algorithm (78. 26 %)



12 3 Ji 2

5348 o #r 3813

B0 HL A B0 0 45 45 o L LA AR i B AR 2R RN BE T . B
% ST AT A A £ P S o DA A A Y T S A R Oy
DG AR - 0 AT BT . PSS R 7 PR .

ALY LB 7R T A SR ET R BT LASSO FEAE 57 ik
A A A 2 R R R KNIN A B BP A B i) T30 A B2 (B
Je T SR KO A LASSO i AL G 28 9 KINN A8 100 000 4 i
N BP KEAL, BT LASSO 5734 1 BP AR 5000 oE 6 5 7T 35

Training: R=0.997 63 Validation: R=0.947 48¢

i 2
2 1.0 O Data S 1.0 O Data [¢)
= I ;
T 08 %08
& e
506 ¥ 0.6
& &
T 04 T 04
L L
202 go2
= 3
[S3] . S0
0 0.5 1.0 0 05 1.0
Target Target
Test: R=0.71837 . All: R=0.954 01
a SR
s 210 O Data &
% Fi
) 508 !
& g
* = 0.610
a *
) (=)}
¢ < 0.4
4 L
) 20248
= =
o 5 S 0
0 0.5 1.0 0 0.5 1.0
Target Target
(a)

] 100%.,
2.4 BRBEEANDH

PR B REA I3 g2 NSk A BRER . AEAS H . M EEIL
JE . AREA R S5 25, AT 3k LASSO 53 KNN il BP
BT 500 o i % [ 8 g BP LR Y LASSO B 95T )5 4
BRI 25 S 8o B, 189 S LASSO R AE $2 WCHI J5 796 i A5
AU BE X b2 R L a0 B S T L 7E B I £ 4 2 ) A, A5

Training: R=0.970 6

Validation: R=0.979 54
a 1.0 _ 1.0+
$ 0g{ ° Dua 05 80| © D
5 Fit o S Fit
£ 06 y=r 06| YT o
¢ :
K 04 £ 0.44
T T
L5102 4 0.24
] =
& &
g 0 g
0 0.5 1.0 0 0.5 1.0
Target Target

1.0 Test: R=0.974 05 1.0 All: R=0.972 02
O Data P4 O  Data W%
08 — ki { 08— o i
T, =T

0.6 0.6

0.4 0.4

02 0.2

Output~=0.9426*Target+0.075
Output~=0.9426*Target+0.017

0 0.5 1.0 0 0.5 1.0
Target Target
& ®) g

B8 E-F SNV-LASSO #5{ERRENR A E LA S iR B gExT bt
(a): JRIRHHR Y BP 5L (b) . 36T LASSO fifi & 47 A (19 BP 4574
Fig. 8 Performance of edible fungus classification model using SNV-LASSO feature extraction
(a): Traditional BP model; (b): BP model based on LASSO algorithm
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Fig. 9 Comparison between BP and KNN models before and after extraction feature
(a): Original data prediction results of BP model (67.39%); (b): Original data prediction results of KNN model (65.22%) ;

(¢);: Prediction results of BP model using LASSO algorithm (89.13%) ;

(d): Prediction results of KNN model using LASSO algorithm (80. 43%)



3814 ik 2 5 E k4 A

%39 &

R ] LASSO FRAE A% & 358 BUAT J5 0000 oE o 22 4 2= B BB, %
G5 K6 ) 7 v A O HERR R 71, 83% . LASSO FHE 1k B #
T T AT R N 97. 4%, LASSO &3k W i 4% 5 T BP i
R 250 5 Bk B

W9 Frs 8k LR LASSO BTG BP BT K
KON A58 280 14 000 45 51 % B, 3 F 1% 5 40 BT J ik BT s A 20 1Y
TR 7 B 2R B 67.39% (BP), 65.22% (KNN), T
LASSO $EAE 7 38 725 5 T 78 455 5 750 00 o A 3R 49 51 02 89. 13 %
(BP), 80.43% (KNN), H It Hl, LASSO Bk g5 4R M &
J T DX (1) p2 4 B A, A AT AR A 2 1Y ] I 4R 1
T BP BB K KNN S B 0000 v Rl . S B0 T 46 v Tl 4
FREASE 5 % 1Y v RS B A M AT

B LASSO B % T e 2 6 315 B3 4 A1 £ B 25 90
R4 i A 80tk o LASSO 5535 5 5 #LEOE 4 553k PCA Xt

o BT AT A Ry AT 0 8 5000 P RS B B R L RRAE Sl =
SYRE L0 ERE E B,

Jo o BT BT LASSO 5k RIS A B iy Ao M Xt
T B 550 £ R 2 43 A A R A R FH S AR R B O R AT
ZYCGRIG A L BB B P AT 10 YR BT, 2 el
S R A T ST A U RS B2 A RMSE, 25 SRk 3 pr
TNe B R, BT LASSO FFAE BE 3 14 # 5E E0Oh B 1] 55 Y
U o B 2T P98 K 98. 08% , £ FH T 2% I 4 BT AL 78 1 o 1
FV-HME R 97.22% , Fe T LASSO 5 4F 5 1 BT 2 8280 by
PR GE PR . TR B

F2 LASSO 5 PCAHEBEMERESTLL
Table 2 Modeling performance comparison
of LASSO and PCA algorithms

oo SR FHE RO 0 M T PR R S R AR B O o T A T R e S L4 Rpim ) %
AERgAS AL, g BNk 2 R . SCIh 45 R & 9] PCA iR & PCA 78.09 69. 96
G 0 T i A BCPE AL BREE A R . O HLAFE SR A B R A LASSO 99. 89 88.78
FERIPERE G B S 4 5, T LASSO B4k g 8 A 4 0% 18 7 1 5K
RI3I ZHFETHFENELER
Table 3 Results of Monte Carlo method
AR % 5 N E S
15 b5 NIER . iIES . 28 . iIES .
Y E S RMSE we/ % SMSE gy RMSE W/ VSE

okl 99. 99 0.008 6 99. 98 0.170 1 98. 81 0.034 0 99. 75 0.100 0

/M 99. 86 0.001 4 90. 45 0.001 0 96. 63 0.010 0 93. 94 0.004 4

S ¥ 99. 93 0.004 1 98.08 0.042 2 97. 71 0.022 1 97.22 0.034 3

L, 5% 5 M, LASSO & 3: fe i S8 & 4k
eI RHR AR AR A e R R L, R LR
MBS RO TUIRE B2 . X T 30T 41 4043 B 4 8 b M 90 4 A v 0
. LASSO 83— Fh A3 sk i RRAE 4R U7 %

3 4 ®

R LASSO BEAT LI AL 07 1 . 454 BP A1 KNN A7

References

AEER BT, HF5E T LASSO 5 fiF 2% £ 57 1 %) T 41
SN EPE M AT AT o 38 S X bl AR 0 2 S A AL Y B0 1R
AE. A B LASSO FRAL G 56 58 3 AT LA S 80 4 0l 3% X [6) 1A ol 3%
SRAL TP A AR B T 635 0 A R AL B0 A AR T AN e
P SARGEII T T AR LU E . TR RE 48 ST B v 4 U R AE
75 326 A e 7 8 R SRS 0 A LI L 9 LR T U O 5 R AL AR
AR BN R R AT L RS R v . T T £L Ah AR AR B 2 A
SE M0 AT U LA AR DR R RS

[1] WANG Meng-dong, WANG Sheng-peng( F &%, FM:ME). Journal of Huazhong Agricultural University (48t b K 2% 244) . 2015, 34

(1) 123.

[27] Yahui L, Xiaobo Z, Tingting S, et al. Food Anal. Methods, 2017 10; 1034.
[ 3] Balabin R M, Smirnov S V. Analytica Chimica Acta, 2011, 692(1): 63.
[47] WU Xi-yu. ZHU Shi-ping. WANG Qian. et al(Z>F, $iFF. £ 3. %). Spectroscopy and Spectral Analysis(G6i% 24 5 56 1% 0 #) .

2018, 38(8): 2369.

[5] XuY, Kutsanedzie F Y H, Sun H, et al. Food Anal. Methods, 2018, 11: 1199.

LI Lu, HUANG Han-ying, LI Yi, et al(Z §&, X JE, 2=
(2): 87.

¥, 4. Food and Fermentation Industries(£& 55 &8 Tlk) , 2018, 44

[ 7] Saptoro A, Tadé M, Vuthaluru H. Chemical Product and Process Modeling, 2012, 7(1): 1.
[8] WuX, WuB, Sun]J, et al. Journal of Food Process Engineering, 2017, 40(2); 23.

[97] LIU Pi-lian, WANG Xiao, LIU Mu-hua, et al(X]| A%, F B,

XA, ). Chinese Journal of Pesticide Science (4 2424 2¢4) , 2014,



%12 ik 2 5 ek 4 A 3815

16(1): 106.
[10] Frank A F, Hlutkowsky C, Bemis L, et al. Neurolmage, 2019, 184 68.
[11] Zhang Liguo, Zhang Xin, Ni Lijun, et al. Food Chemistry, 2014, 145; 342,
[12] Yosra A, Estrella Funes L. Gabriel Beltran M, et al. Journal of Near Infrared Spectroscopy, 2015, 23(2); 111.
[13] Teye E, Huang X Y, Lei W, et al. Food Research International, 2014, 55; 288.
[14] Verleker A P, Shaffer M, Fang Q, et al. Applied Optics, 2017, 56(4); 1131.

NIR Spectral Feature Selection Using Lasso Method and Its Application in
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Abstract Near-infrared spectroscopy (NIRS) is a non-destructive detection method for qualitative or quantitative analysis by
using spectral feature data. The integrity and representativeness of feature data determine the performance of the analytical mod-
el. However, existing analytical methods can only extract the feature data from the spectral subinterval. Then the developed
models using these feature extracting methods have poor stability. In order to extract the feature from the high-dimensional NIR
spectral data and improve the accuracy and stability of NIR spectral model, a spectral screening method using the Least Absolute
Shrinkage and Selection Operator (1LASSO) algorithm is proposed in this paper. Furthermore. the Tricholoma Matsutake. one
of the high-value foreign trade products in China is taken as example to validate the developed classified model using LLASSO al-
gorithm. The effectiveness of the feature screening algorithm for the high-dimensional spectral data is discussed, and predictive
accuracy and stability of the Tricholoma Matsutake distinguished and edible fungus classified model using LASSO and PCA are
also analyzed. Tt is well known that the fresh Tricholoma Matsutake has the unique shape and it is easy to distinguish its counter-
feit. However, it is difficult to distinguish the dry Tricholoma Matsutake from other mushrooms because all of dry mushrooms
have the similar flake shape. As a result, dry Tricholoma Matsutake adulteration incidents have occurred frequently. 166 dry
samples of Yunnan Tricholoma Matsutake, Pleurotuseryngii, Jujube hilt nipple mushroom and Agaricusblazei were selected in
this experiment, and 166 X 512-dimensional raw spectral data were obtained by NIRQuest 512 NIR spectrometer with a spectral
range of 900~1 700 nm. The standard normal transformation (SNV) was taken to pre-process the spectral data after the anoma-
lous data eliminating. The LLASSO was used to extract feature variables from the high-dimensional NIR spectral data based on
the spectral pretreatment. Then the typical linear (k-Nearest Neighbor, KNN) and the nonlinear modeling (Back-Propagation
neural network, BP) algorithms combined with the Kennard-Stone method were used to construct the Tricholoma Matsutake dis-
tinguished and edible fungus classified model. The effectiveness of models using LASSO and PCA were also analyzed. Further-
more, the predictive accuracy and the stability of the developed KNN model and BP model were analyzed by using the Monte
Carlo method. The experimental results demonstrated that the prediction accuracy and stability of model using LASSO were bet-
ter than those of the model using PCA. The prediction accuracy of the distinguished and edible fungus classified models using the
original spectral data were 69.57% (BP), 60.87% (KNN) and 67.39% (BP), 65.22% (KNN) respectively. And the predic-
tion accuracy of the distinguished and edible fungus classified models using LASSO algorithm were up to 100% (BP), 67.39%
(KNN) and 89.13% (BP), 80.43% (KNN) respectively. The two models were performed by 10 times Monte Carlo method and
the average results were 99. 93% and 97. 22% , respectively. Compared with the conventional feature selection methods (such as
PCA), the LASSO algorithm can extract the feature from the high-dimensional NIR spectral data. And the accuracy and stability
of the models using NIR spectral data can be improved. Furthermore, the developed algorithm is alternative to be a new feature

extraction method for NIR spectral data analysis.
Keywords NIRS; Feature extraction; LASSO; Tricholoma Matsutake discrimination; Monte Carlo method
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