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Fig.1 The diagram of LIBS experimental device
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Fig.2 LIBS spectra of three ham samples
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Table 1 The division of training set and test set

WAL =Z MiKEHE/

ALK HARBZHAN

A~ A

EE Y 100 70 30
N 100 70 30
& B K 100 70 30
Bt 300 210 90

2.3 KNN(KIE4R)

K i1 4B (K-Nearest Neighbor, KNN) f& #L %% 2%
B R B % N B~y 7 s =3 N DG e R B =2
A RYE K A Il IR AR 19 28 51, 8 o 2 803
TRy 7 AT IO ST B A A X
B —RIE

TEAN 2.2 795 Rk I 25 4 A It 46 1) 38 U Fifi
BLEY , T[] B 41 5 RS T 23 45 H AN ) 09 TE A %
PR R KNN S35 57 3086 1T 100 000 U, 4 UCHR
i A1 326 50 ol IR S 1% B A 1 T0%4E R I 25 4
30%fFE R ItAE . A anIE 3 Fs

B3 B R 90 A Tl A A v 151 0 1F A
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Fig.3 The results figure of KNN loops 100 000 times
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X 4 17 = HL (Support vector machine, SVM)
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4 SVM HI T 2 ) diAy 22 L%, AR SR
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PR o e g B S m B, A A 3 A2k
A, R A 3 A

1% PR AU (Kernel function)s& SVM A% B (1) — >
HESH, M5 KNN HFE 8754 SVM T K
JBR 0 A A B T A [ A pR R ) SVML A R 3
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ARG 1) SVM AR AR FH L PEAZ , o 57 i 4
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Table 2 The accuracy rate of different kernel
functions of the SVM model

i i 3 T35 70 iE 9 3%
2 1 #% (linear) 79.53
=R % 5 XA (ploy2) 79.51
=R %5 XA (ploy3) 76.40
& H 4 (gaussian ) 66.84
25 PCA

FE W 4343 Hr (Principal component analysis,
PCA ) J& — Pl FH Y JC Wa B 2% 20 J5 i, ol DA S X
B R B, TR RO A BT A OGS A S
K. FIH PCA Kb ¥ EHE T 764G R0 B OG5 £ (5
DS NN NN R 4 & iy b1 iR RVl VT
.

FH PCA Ab B 3 Fl k BRAFE & 231 300 46 3%
BRI, DA 3 A B9 53 4 il = 2 23 ) 15
KI(K5),

Ho 551 E s (PCL) V5 2 4 (PC2)
I 3 F s (PC3) 43L& T 70.32% ,3.68% Fil
1.27%0) J5 20518 .

ME S ATLLE 1,3 Bk R AR AE R
M DL B X )

TEICAS A 57, 8% 5 T 40l 45
A KNN # SVM, 2l 57 #1000 Yk 5, 1537
I H0 IE A R PCA+KNN Fl PCA+SVM 45 F 4n &
6 Fimn .,

PCA+KNN (14 - 35 151 0 1 i 2 7E 32 1% 43 18 %)
22 ARk K, PCA+SVM AYSF- 25 1510 1F i %
WIZE 3 o8 B 23 AN I TF iR s TR, 76 =0y
ik 79 AEFIR B R,

ZE L, N PRIE ) 28 1 2% [ B 4 T e A i
M X PCA+KNN 1 PCA+SVM 4351 35 B 3 5l 23
22 A~FI1 79 A, Bt S A7 B 100 000 AKX E ,
BRALER, M2 N EWTE G T EGFELN
80.79% , Wi 79 ™ E WAL E MW EEE N
89.13%,
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R R R, W 3,
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Fig.4 The results figure of SVM loops 100 000 times
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Table 3 Summary of the results of the four methods

B F ¥ & & TR 10 7 ®X 3

IE ) R (% IE &y &% P % B A /s
KNN 70.53 85.56 64 537
PCA+KNN 73.50 88.89 4424
SVM 79.53 94.44 12 847
PCA+SVM 80.42 94.44 2775

WR AR IR, B /MRS T PCA+SVM A8 Lt
SVM #2 T+ 0.89% 1 V-4 1E 8 %, X & K PCA 5
EREAR TR R A, B TR BIA IS,
Ah,PCA SEBL T X Eds iy B 24, DT R I pe 1 4
B AT B, X AR 5 A DR A i L R
X,
2.6 LEEWMAEME

4 M4 M 4% (Deep neural networks,
DNN) J2 fe A2 100 28 W 4% | L J2 24 i) iz Y
P2 2 22— M L TAESE 1 1 28 [ 28 B A DNN
S iR ) HC RSEZE AR . DNN A A J5U B 4 5] 7
FiiR

R 2R A2 B 14 S 3 B 1 S PRI L, ST i
BN RO RN A 2 ) B 4 B R 2 6
A B AT) b B I AR R PEAR &S, B S HOR Ny
0.0005, i 3 ReLU F1 Softmax 18 7% p& 8 5 i £ 43
FALS . EMGBITEERILE 8,

i 312 I 45 1) T 45 SR TR 7R SE R 150
Wl ghn, 45 BB B WIBAG R 25 , WERG KA
85.56% , WA H Ut 1 25

3 HFig
FIHBOCTE S5 OIS E AR A 4 FibLdR 2~
Xy 3 B HOR R R . KNN (572 1F
#1284 70.53% ,SVM N 79.53% ., X T i kR 1
LIBS Stk %4l ,SVM 533 b KNN 5k BA 0
B4 ZRIERG . F PCA Xt 3 Fi K BE A4 )6 3% B3040 2t
I B, 3 B0 ECET 22 4 3B ARG 79 A E K
430 AE > KNN Fil SVM 1) %y A 7% i, PCA+KNN Al
PCA +SVM 1y °F 34 1E # % 43 5l i 73.50% Fl
80.42% , 5 1 #4# il KNN 1 SVM M Lt , 4326 1F
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Fig.7 The Schematic diagram of DNN
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Origin Identification of Three Kinds of Dry—cured Ham Based on Laser—induced Breakdown
Spectroscopy Technology Combined with Machine Learning Algorithm

Guo Mao', Huang Zhongyu', Wang Jie?’, Zhou Weidong"
('Key Laboratory of Optical Information Detecting and Display Technology of Zhejiang Province ,
Jinhua 321001, Zhejiang
ZCollege of Mathematics and Computer Science, Zhejiang Normal University, Jinhua 321001, Zhejiang)

Abstract There are many types of hams and their origins are different. This article uses laser—induced breakdown spec-
troscopy (LIBS) combined with machine learning algorithms to carry out research on the identification of ham origins. The
LIBS spectrum data of 16 ham slice samples (4 Rugao ham samples, 5 Jinhua ham samples, 7 Xuanwei ham samples)
were collected in the experiment, using K-Nearest Neighbor (KNN), Support Vector Machine (SVM) and Deep Neural
Network (DNN) classifies the origin of ham samples, and studies the dimensionality reduction processing of the spectrum
data of the ham samples using Principal Component Analysis (PCA), and then combines the KNN and SVM algorithms to
classify the samples and the speed of modeling And the impact of forecast accuracy. The research results show that:
KNN and SVM combined with PCA, the modeling and analysis time is greatly reduced; the average accuracy of the four
classification methods of KNN, PCA+KNN, SVM, and PCA+SVM are 70.53%, 73.50% , 79.53% , and 80.42% , when
using KNN and SVM combined with PCA, the classification accuracy is improved slightly; Using DNN to classify the
ham samples, the classification accuracy rate can reach 85.56% , compared with KNN and SVM, DNN has a higher
classification accuracy rate for ham LIBS spectrum data. The above show that LIBS combined with machine learning algo-
rithm is feasible to distinguish ham samples from different origins.

Keywords ham; laser—induced breakdown spectroscopy; machine learning; classification



