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Spectroscopy and Spectral Analysis
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W OE BATH w5 ETHEESMAEY SR EMR, RRAVELR RE, MK MmEREG. AN
FUVERNEME 2T . 8 A ENE N R R SRS D RO G, B AR T kR
DHERM TR JRMUL T 9L TTRR . XA [F R 2 B A | U TR AT s S ), A R TR A e Tl A g R
R U EMMEEEGRR, XNEMWERM LIERAFREM. LA FREFES, R E =/ &RB LA™
Hb o A FTIR SGIE A 43 1) R 52 o8 AT AP o 0 AN SRS . 38 TR S v BB b SR, o 004 315 19 o
WA 3 FTIR SRS BB TR G . 456
ers, Support Vector Machines, Nearest Neighbor Classifiers i1 Ensemble Classifiers Hp 1 17 &y, 4 g
SETEAR T L ARSCEUR RLS A R RS AR A, R SRR R M SR AT 10 OB B, A R IR AR Ay
FEIEM AT, o 1 28 JFF B R 28 M Tl di £ 4 R 0k . b OB Tl G R B AT R R I A BT (HCA) , X
M AS [R] B 25 2 AP B RE S R R RIEATSE . 45 R EB/n: (DTN, B 25 FUR BB fh A 15 7 d5e 7 2R 0
%K Linear Discriminant, IIZ55E 5328 I8 2653 5 0 92. 896, 96. 4 Y51 97. 6 %0 . S HUHR il 45 B 0 IR 1 43
JH35h Subspace Discriminant, YIZR8E 40 FEIEHIR K 100 %5 (OB B a6 . K 2 ECHE @b & A0 Hh 2 50808 fin
A BAE A R, S FRRE 4 2SR T B (E 4 5 93. 6104, 95,5426, 96. 99001 99. 88 %6, A AL &
REFIAG T H Al = A RL, 3 B rh G080 A B T LI R B3 B 3 AR i X 43 I F . LI/ T e o A 2 M 0
R 5 (3) T G ASCHE Rl BT R R A HEAT HCA, #5100 4 T T8 R 3% A 2 T 18 2R 2 BE 8 dme /I 3% D3k W 8l 24 JHF 14
L2 A5 BEARRL, RGO R (O RETH 4 5 98 35 Po i 28 T o R 28 FUE BE g ook, R AL 15
BERER, FELRBOL. 25 ERY], LT RREG R AR AR AL FTIR SLiG & 4R A&, 455 Subspace
Discriminant 5 HCA, 1 DL JE 8 % 5 N [F) FP 28 4= I 1 A bR sl M AE For o0 & . AR A S HE M 2E %
550 5 06 AR I B — Rl oRT T vk
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Bt iR AL TR A% 5 1 S ) R, AR BT R R &G
. XEMNEEMLERARBREN.

XL e AHUESY . 0BT R SRR SO R
SUEATAIHT T F % 0K ) b 2 B E TS G
TR R B JEA TE S FHAE R RE i o AEAE AL 5T 245 2 4 AR 3 X
SR IF o R FSEE R AR 4 K L W L AT TR
YR AT S O kDO R A BB K R K FL S
S O LAGS DR B TR B AR A P T R AT PR Ll B
e 21 4h i (Fourier transform infrared spectrometer, FTIR)
SR E AR RA PRI B B bR A —For ik, A
AR, 2P, AR, FEEREA, WER) AT
2. g,

HOHE Rl A BRI TOAL R AE R . K AN B
PIAS LA B3l B8 AT a5 19 20 09 0 B 4R R AT R AL I
S, WS IR 10 05 6L 2 THI S IR o () 2% 5, B o 4 T A R AR
JEPENY . Marquez %5 56 F B0 Ah & 5 K K B 2 O 1% R
LLAMGIE RS, XWR T3 B AR 5 E W O M E &K
VEAT ydE AT %00, 45 3R 7 Bdi Rl 5 o0 28 ) 0 45 SR AR T B —
{5 K. Reis ZE00 5% F R B ok 725 46 2 U 4 A 55 18 2 4 40 4
DG BRI G, R ST ME AR AR . X Y F s AR U7 S AT
BB 5T SR BN, BURE RS AR Y 4 R ROR L TR T —
B s sl L BB R R R M AR e —F R, BT
ZAFARBUE R 22 5 AR T W0 AR B RAE .

AR G R E M AR BUE B Z Bt 5 B, ik
WRERZ M AP AR . REEMEL AR T, W THE
ST 0 2R T B T SUAR R R 7l TR 2R 0 S [R) A 2 e
SEISE . ABESE T R TAE R R B B I T A
M, SR FTIR SG3% A0 & 25 JFF B 04 T A9 T 25 21 S0 48 8]
o AR TR S v R Rl K AL RS Y TR A R

3 FTIR YGiE 5 g 47 4, 454 Decision Trees, Discrimi-
nant Analysis, Logistic Regression Classifiers, Support Vec-
tor Machines, Nearest Neighbor Classifiers il Ensemble Clas-
sifiers W 17 B, 23 0 € ST TR . B A IR L
R A R Gl PR A S M T I S5 R, W A
MY . A o3 S B R M AT R 48 B 36 23 i (hierarchical
cluster analysis, HCA), I AR MR EHFH B ELE LR,
VLI Sy 5 A 2 T TR 5 4 o] i Ak — D A RO O v

1 SEgeHkay

1.1 #&

246 Ay L Bl 28 I B B O TR) B O CRRAN L B 36D RO RR . T
2012 4FR B = B A KRB A i GBS M BT AR — A
) ILIE 1. BEESRIEILE 1.

150 300 kilometer

1 HFE#ARMERER

The geographical location of Boletaceae

Fig. 1

samples with different species
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Table 1 Information of Boletaceae samples with different species
GETES P T4 R B b R i
e 2 R B. magni ficus ZHEEBRTHAITEMR % 1-1—1-10
A B. magni ficus ZWEEHHEFX 1-11—1-20
eSS B. speciosus ZHHERTSITEH % 2-1-2-10
=N | B. speciosus 2T 1 LTI B X 2-112-20
fite £1.9% 55 4 JF 1A Xerocomusspadiceus STHEEET SRS & 3-1—3-7
e 1. 583 - 1 X. spadiceus ZH A BT A R 3-8—3-15
A A A I Leccinumduriusculum 2T AR L T R B X 4-1—4-7
A% PO AR T L. duriusculum B EETSITREN & 4-8—4-14
A I B. umbriniporus EH LM A B S 51 5-8
EaUR ] B. umbrini porus ZHEERWSITEE % 5-9—5-18
S A I T B. tomentipes AHEAEETSIIH 6-1—6-10
SRR NG B. tomentipes DL B B % S 6-11—6-19
L S B. edulis ZHMEERNS LM % 7-1—7-10
L] B. edulis ZHE ST RIS 711717

L2 a5
A B e ZE AR O A (R G RRRA TR, B
DTGS 4l #%) . 552 1 L 740 KT (A 5 3-8 2 AU A IR

2yl YP-2 IR F L L 100 B2 (028 A7 IR 2 7D
TOTAT 780 A B LA S T8 3 158 0 56 0 2 )
60 FI A% 5 0 UL T S8 T2 D9 {987 o LA 80 (43
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%39 &

Brat s K MR A = B A RA RD
1.3 HRAAER FTIR iR &

FEMCRIES BB BT, WKUEE, 50 CHET R1EE, 4
JET T AR o 2 A9 T R A T 0k S i 60 T 0 e
T A E R PR AR . BRI SO R (1. 54£0.2) mg K
TRALEI R R (100+0. 2) mg. 753 B BF 8 h 58 40 1R & JF OB
RAHRY . A TS R B EL R SR B AT . AR A L b
S5 E G HE , e RIE 4 000~400 em ™', AT HIER R
FERGTH, BMFEMEENE 3 ). BOEYOGIEE A
s 2 G
1.4 RiEHETALE

Omnic8. 2 B xf #E il FTIR J5UUG 6 % 3847 WOt B e 4
YA BRI — (LA . SIMCA-P' 13. 0 XF FTIR J{i6 6%, o
FrARUE IE A48 #i (standard normal variate, SNV) . i 5 %%
(second-derivative, 2D) A ¥, Origin8. 0 #K 4 2 % FH R . #
% FTIR ¥ B, LI FTIR J6 % 804 #5147 PLS-DA
W ot . $RIDURFAEZE i . Bl MATLAB2017a 34 1 Classifi-
cation Learnertoolbox X (& 4 i 4 7# AY Il 5 .

2 HERSHE

2.1 FTIR ¥4

K 2 & WO B et . A AR A — A FA HL S . A IR
RS A I FTIR 20638 . dy [ a7 1. A [\ A2 4 19
FTIR i 7 3 291, 2 929, 1 640, 1 548, 1 401, 1 082,
1027, 619, 533 Fl 469 cm ' % [} 3 A B B 1 4 A W g 0
3291 cm ™t RFIE R W0 ROk 2 AF R B B R R O—H
gzl L S N—H 45 3%30 . 2 929 em ' I e g e 3= %
REbE, EEBPHE, T EMEIRD, 1640 cm™ ' K
FERIFEHEWRH C=C M4gitRs). 1 548 cm Mk F 2 HH
H BB 11 B N—H BB C=N 4543, 1401 cm ™!
MOEmTRE MR E F o C-O Zliikzhf1 O—H LI,
1239 em 'KHE AT BE MR T R C—O Mgg 4Rz fl O—H 748
WEE 2B C—O MagEdiksh, 1 082 cm ' Ky g Iy %
C—OH h#i#R3), 1 082~1 027 cm ' 5 Hl 7 W WL oy 2 0%
BB LW C—O MRz, 1 027~619 cm ' it iE £ 2R M

3291

LR W—— 1548 1082 19_27—§
1640 . e i

0.8 1 _ g

g —7

=]
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Fig. 2 FTIR Average spectra of Boletaceae

samples with different species

SR ORDTIT IR B B 1 22 R, R WOR R R S A
EEAR RNIER . 2. 05 B G 28 S5 A4 Lo % 2T RE AR TE
2.2 DEEEIEE

B (pattern recognition) J& 3l 13 L 25 A L 43 47 &
FifE B, DAt 174k | A R A 42000 o A ol A die
AREL . AL BE ., RRAEGR e A0 > R, AR 2 TR
R L. EWE RS RN, 0T 5
32250 4 A #L (support vector machine, SVM) By Vap-
nik T 1995 AEFE Y, 2 —Fh LT X f/ME 5 VO 2k 81 ig g
SERILER S O k. AR AR MR R L S R L R
PR R EB AR /S A R B, K5 i 4B 4> 28 B (Konearest
neighbor, KNN) & 4B i — MEEMY BN K4~ 4 K
MERPE T KGR Z, AN X2, REH (de-
cision tree) P\ — 28 JC A U] 7%y 2 51 41 10 1 e SRR e 0B 2 43
FRHM . BAE BN, 2 RERRE S E A RER
SVM, KNN, Tree 5§ J5 i fif e Z 43 JE ) - AE — L6/ R 2R
TIEMRAN R . X ILHEAT T et . A0 Linear SVM, Quadratic
SVM, Cosine KNN F1 Cubic KNN &8 5

A5 FTIR Sk B MG o 43 5t 7 4 a5 0 2 7 ke
SRR, W0 —4L )5 W R 35 FTIR JG 1% B 88 1, 15 355 10
Bt AT RN SR, # S AR S B H A BB . R R FT-
IR Gl Hi 247 PLS-DA B4, Ffi e AL R T 1 B9 HT LA
FHLAT . 3 SR B RO SR BB A R 16 S AT 18 > L4 4
BEATRLG . f 7 P OO A BB R [ R Y (Y B4 4 R
Kennard-Stone 5.3 . $E$£ 83 DM RAE RN, HAR 40
FE R TR 4E . Complex Tree, Medium Tree, Simple Tree,
Linear Discriminant, Linear SVM, Quadratic SVM, Cubic

R2 AEASEBHIIGERNER(%)
Table 2 Predicting results of training set

with different classifier (%)

(53 QLS &1

o B mme ma
Complex Tree 45. 8 48.2 75.5 77.1
Medium Tree 45. 8 48. 2 75.9 77.1

Simple Tree 41 42.2 59 50. 6
Linear Discriminant 92.8 96. 4 97.6 97.6
Linear SVM 79.5 75.9 92.8 98.8
Quadratic SVM 77.1 71.1 91.6 98. 8
Cubic SVM 77.1 67.5 90. 4 98. 8
Fine Gaussian SVM 13.3 18. 1 13.3 13.3
Medium Gaussian SVM  73.5 62.7 89.2 44. 6
Fine KNN 66. 3 63.7 89. 2 95. 2
Medium KNN 68.7 55. 4 79.5 91.6
Cosine KNN 68.7 55.4 80.7 97.6
Cubic KNN 66. 3 55. 4 81.9 90. 4
Weighted KNN 71.1 60. 2 81.9 94
Bagged Trees 63.9 56. 6 89. 2 92. 8
Subspace Discriminant 90. 4 94 96. 4 100
Subspace KNN 67.5 61.4 88 96. 4
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SVM, Fine Gaussian SVM, Medium Gaussian SVM, Fine
KNN, Medium KNN, Cosine KNN, Cubic KNN, Weighted
KNN, Bagged Trees, Subspace Discriminant F1 Subspace
KNN S AT A I 25, e BSR4 IEIl 28 (5% 2) 5 1l e AN
AR IS 0k . SR oK, WA . B 5 AR
il & B IR AR 43 F L B K Linear Discriminant, il 45 4 1
R AT 92. 8%, 96. 4% H1 97. 6% . BRI AT Ny
Subspace Discriminant, Y| Z54E IE#i# 2k 100% . F B Linear
Discriminant 5 Subspace Discriminant 25 ¥ g 2t 3 #5843 2%
WOk .
2.3 ARABERRESREERLR

Linear Discriminant 5 Subspace Discriminant X £ % 4§
PR AT I . R BEPL HA RRME R B 15 25 iz
SRR RE U 2 . R B BT 2 B T R
WESE S A . B o IR B Rl 0 v G B H il A B AT
10 YCB S . I 55 T0UI 25 2R VA S B LIBT3 88 Al bk 378 B
Y ELSE AR, AR AR TN AR A . AN, T AR . IRZREK

(a)
1] 12 1 1
2| 01 | 134 01| 04
» 3] 25 | 01 |[§I2 02
5
(5]
B 4 10
=
o
2
2l 5 12
6 12
7 11
7 2 2 b4 8 c 2
Actual class
(©)
1] 12 1 1
2| o2 [ESES
» 9.7
% 3 oM 0.2
o
B
8 4 10
=
2
& G 12
6 12
7 11

7 2 K b 4 s G >
Actual class

I8 Rl A OBCR R dec R A SRR, IR R (83 AR D 3
11 10 Wiz F, PR RIEF B 5y 77.6, 79.3, 80.5
1 82. 8, KB b HHR Rl-A AL R BUR I . XA ) A58 A
HEAT 10 I B, BERUAE A 83010 X 83) 4>, AR AL 43 2
BOR I, 55 128 10 A 10 ARE M BEAE DR A S EE 3 R 7
FoH 2P, VR A ARG SRR IR 1, 5 M
TRHE3HRP 25 LA 2 AR, BRI N 1, 2
F6 28, HRBHRR G BRI RO e i, {XEE 1 2R ME A
2 AKERBREE DRI KONER T 2 RRIBRIEAT 10 isH,
BRI SE EH R B 100%, MRS HSERNE 3. B
W IR GCRE AL S A RO Al A AR, A AR AR A A
RIE T B H 45 5 R 93.61%, 95.54%, 96.99% AN
99.88% . &5 HFR UL T P GAHE AL & SR M. KA [ A
FTIRYG i 54l #E 47 @4 . W Subspace Discriminant 5 %,
A LA AR AR B e A o DX A o ELUBZD T b kg i 288 M )
HOSEI 5 o — bR | YA S AN [ b 26 2 I T B 3 7 s

(b)

2/ 12.8 G 0:1

» 3 [ ERI2 8.7 0.1
kS
(5]
B4 10
5
o
e
s 12
6 12
7 11

77 4 N b4 5 [ 2
Actual class

(d)

10

Predicted class
ES

7 < 7 4 Ky G >
Actual class

B3 JEEHmNERRBEER
(a): Wit (b): B (o MBS (O PREIEME
Fig. 3 The confusion matrix of training set
(a): UV-Vis; (b): FTIR; (c): Low-level data fusion; (d): Mid-level data fusion
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®3 BRESEERFVER(%)
Table 3 Prediction results of the optimal model( % )

KL il it WEBIRm S PEBEERS
1 93. 98 95. 18 97. 60 100
2 93. 98 96. 39 95. 20 100
3 92. 77 93.98 96. 40 100
4 92.77 95.18 97. 60 100
5 92. 77 96. 39 97. 60 100
6 95.18 96. 39 95. 20 100
7 95.18 95.18 96. 40 100
8 93. 98 95.18 97. 60 100
9 92. 77 96. 39 96. 40 98. 80
10 92. 77 95.18 97. 60 100. 00

T 93,61 95. 54 96. 99 99. 88

2.4 REEEDWN

Z 48 B J5 4y B Chierarchical cluster analysis, HCA) K #&
FE AR AR P 98 8015 B LR, 85 L BOAE AR R —
P RAARE AL FTIR 9803 Al & 808 dF 17 HCA,
A AFER AL FTIR SGilk A #1743 28 Ak 2545 B 4742
P A FAE RS, IR R RE LR AR AT
WP R R G HCA UL 4, [ v+ [R) 33060 9 4 & AR 2R D
R0, R AR R g T . S AR R S A [R] b 2K TR] Il S Y
BEEG, BRSO/, Ry — SR AR L. SR 2 20 A R A
WoR, YIEFERE B 2 W, AR Rh 2 4R I AR 4y 2 2 AR
EH, R a LA, BB LA 15
R HFED 7 5 GEWRAFIFED . 2 5 ONEFMED . 5 %
AR IR 3 5 (R L0955 4R D « 6 % (i 4 JF D il
45 (LR A P BOAE G, SR Im S IR B S — 2 35
THBH ALK, R AT 5 3R 4 T B RE &1L 2215 R
B, X R4 RGO R RE L BOE . Sem 4 i 5
A PO A I TR AR AL 2 05 R 28 S B R X R A T R R 4
KA BERIL.
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Application of 17 Classification Algorithms for Authentication
Research of Various Boletus

ZHANG Yu" ?, LI Jieqing', LI Tao’, LIU Hong-gao'* , WANG Yuan-zhong®*
1. College of Agronomy and Biotechnology, Yunnan Agricultural University, Kunming 650201, China
2. Institute of Medicinal Plants, Yunnan Academy of Agricultural Sciences, Kunming 650200, China

3. College of Resources and Environment, Yuxi Normal University, Yuxi 653100, China

Abstract Many wild nocuous fungi are similar to the edible in morphology and biological characteristic, which easily leads to se-
rious food safety incident because it is difficult for farmers to distinguish them just by experience. The progress of wild edible
production makes a great contribution to rural economy of Yunnan province where the yield and export volume are highest in Chi-
na. Rapid authentication of wild edible fungi variety is beneficial for wild edible industry towards healthy development. Mean-
while, the authentication also contributes to the analysis of the genetic relationship between edible mushroom and their breeding.
Seven kinds of fungi were collected from Yunnan and other seven origins around Yunnan. Fingerprint of caps and stipe were ob-
tained with Fourier transforms infrared (FTIR) spectrometer, respectively. Cap model, stipe model, low-level data fusion model
and mid-level data fusion were established using prepressed spectra according to low- and mid-level fusion strategy combined with
decision trees, discriminant analysis, logistic regression classifiers, support vector machines, nearest neighbor classifiers and en-
semble classifiers that every model was computed 10 times. The optimal classification algorithm was selected based on the accu-
racy of training set. Hierarchical cluster analysis (HCA) was executed using the mid-level fusion dataset to judge genetic rela-
tionship between seven fungi. The results indicated: (1) The best algorithm of caps, stipe and low-level fusion is linear discrimi-
nation that accuracy is 92. 8%, 96. 4%, and 97. 6% , respectively. Subspace discriminant is the most optimal in mid-level fusion
that accuracy is 100%. (2) The average accuracy of all samples is 93.61% . 95.54%, 96.99% and 99. 88% based on the best
model of stipe, cap, low-level data fusion and mid-level data fusion. The performance of mid-level fusion is better than other
three models, which indicated that the model could distinguish the highly -similar samples by reducing the influence caused by
their origins. (3) The result of HCA based on mid-level fusion dataset displayed that the distance between Boletus magni ficus
and B. edulis was very close, which showed their chemical information were similar and genetic relationship was close. (4) The
result of HCA based on mid-level fusion dataset displayed that the distance between Boletus magni ficus and Leccinum duriuscu-
lum was very long, which showed their chemical information were different and genetic relationship was inferior. In a word,
mid-level data fusion strategy combining FTIR spectra of different parts, subspace discriminant and HCA could effectively distin-
guish different kinds of edible fungi and judge the genetic relationship, which is a novel method used for variety authentication

and genetic relationship judgment of wild edible fungi.
Keywords Boletaceae; FTIR; Species identification; Different parts; data fusion
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