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JBEANI N PR B, AN E AR B AN [F] 2R A
VERM REIEARR, BAAmE 1. RAR% 8BS E
TE-FRRER AL (GC-MS) N2 7890A L5 (S A
BN 5975C A5 B

X1 PEN3 BB TFEERSBEMKEEERFM

Table 1 Sensors equipped in PEN3 electronic nose and their main
characteristics
S Rk
TR S B AT TR R Reference

substance and

Sensors characteristics detection limits/

Sensors No. Sensors name

(mgkg™)
S1 wicC X EIAE YR K, 10
@ WSS BH i%'rénﬁg‘ri, X ERAM NOu. 1

R
S3 W3C AT HEIMNA PR #, 10
S4 W6S XA R Ha, 100
S5 W5C eI N5 B b A R ke, 1
S6 wi1s G R B CHa, 100
S7 WIW A R HsS, 1
S8 W2S X R CO, 100
S9 WIW Xﬂ‘%?&ﬁi%éﬁ%%uﬁ GijRREdY] H,S. 1
RE

S10 W3S i ke R CH,4, 100

1.3 REAHE
1.3.1 &-F 3807k

T RAH T 202 B AR HCE RS R E AR
FIm R, RIGHZHI R SHRE (R . “—
PRMRAE+1 2R L o “—MRMRE+2 iR i Al “—
PRARTE+3 MR i, JL4 41, HAFERE 20 MEE
FE i, 35 80 7 M6 T8 o I8 A, AR 4L YL 24 he
73 il IRARIG 2 22 HE T 8:00 W4 AH B B AR AL HUBCE T 45
TERPk b, 2 5 ST RERFREELS (60 cmx40 cm) ¥ HRAE
TAREAE, KM SREE R ILAE, FRUETS S A
FasE, MIEZMA REE 6 h G, H% Kty
d2 W) MERTEMRYE (6 h) BN T Sl F Y
Kl HELF BRI SEON: ETAL SR 60 s, SHFE
9 600 mL/min, FMllES A2 90 s, 2 H 400 mL/min.
1.3.2 AR &I B AR 5 &

FRAEFE R YIUSCEE: SR Wl 4R 2% B R IR R W),
K FH AR 45 58 2 F0 A AR M AR AL A0 358, R0 4
ZHF T RIRL, AL E 3 AEEEM. #R
JEHE RN AR B, s E L 6 h 5, L
NIRRT A

FERYRI: BURWMAESE, £ 0.3 mL 1)=& H
BRI 3 UGAT IR TE, 35 0.9 mL, 7EMRVEE RIVE RN
N 10 uL TR HON 5%107° ul/ul ) 28R E s GARD —
AHBE GERD WAV NNARY, BUREETE 2 ul W0 RE
Lol

ARG A% R HP-5MS itk (30 mx0.25
mmx0.25 um) , FHSNAS, WE 2 mL/min. FHEFET:
YIRRIRE 50 CLRFF 2 min, L 5 C/min WEERTHEZE

180 'C, fRFF 0.1 min, ZR5LL 10 'C/min MR THi %
250 °C, fR¥F 20 min. FHEKA: BFH VB FES
KB (ED , HTREEN 70 eV, PUMAFEIE N 150 C,
B TURIRE N 230 °C, HELEEEA 280 C, FEEHEN
30~50 amu.
1.4 BRSNS

Mmoo b AT SRR i Zerp 2L 5 M
FROIE(E: fRefd (85sMRfE)  mHUA. “PFIIME-
Nk REEAEMN Z AP G &Sl RHERS 2
(principle component analysis, PCA) X} 5 FRFE(E 3E47
BB b, Ba i T 22 R8s & K g
(multi-layer perceptron neural network, MLPNN) . f&[A]
FE R B 2 M 24127 (radial basis function neural network,
RBENN) FIHER 22> HL) (extreme learning machine,
ELMD XJ 5 FHFFAEAE [ 73 FEBUREAT 704, 3X 3 Pl
W2 H TR 2 B %A 5, MLPNN B B 1z 44
AE JIRIZR 55 RE ), RNFNN B A EF W Sk A e i 2
STRFE, T ELM AH bAR G5 B4 28 90 28 W78 LR UE 57 ) R BE
PTG T A RIS S, X 3 P S ik
A FAEZe M43 26, 3 B MLPNN fI RBENN ¥ 7] B 1
IBM SPSS Statistic 24.0 #fF (3E[ SPSS A 7)) LigfT,
FE G ERAE, FIIERUX 3 e X 4 77k T A58
HIgE R tr. Ik fee E. mAEM- P E 3 Fh
BARFFEAE, 3 FIEREZEATRENLA G, FEIC IR B
BEAT 0 200 o B85 SR S A B AL B AP Csupport
vector machine regression, SVR) 4353 3 PP AR sk
AIEAFL AN 22 R AR A 3 57 6 55 AR A6 B A 4% e 0= %) [l U o U
R, e O R [l A AR

FERDW e E =T RA SV e 3 2
M3 NIST Fiil FEdHATRE R, I 5 RESCIRELEL, ARAk
HBYMEHNRE T E R, EEIFENAR (D) AR
(2) Fs.

my =Vop (D
= 5, 2
S

K mo M m BN AR IR S =, wge Vo
A1 po 23 WA NFRIEIERR (L) M (glem’®) , B8
A, BI ome WA, S ARIIERME GC-MS Kl J57E
GC-MS Kb I THAR, Sy AWIRILE GC-MS Eitk
PIVET AN . S R AT 515 A R AR e & RUE A
MRIERE R FE S e &, 3T R .

2 HR5HH

2.1 ZARYERRHEBENREELZY T

S R BRI I, R AR AN 52 AR AR
PHERDILEL 40 Fh, WFEREEE 16 M, iE S
4.58%~14.21%, S EHEWAEY) 16 T, i & 5 Lk 85.27%~
94.61%, ek MRS, MEISFIEESE 7 Fh, i 5L 0.4%~
2.6%. R 2 NEEMARRMEE LY, KHRNEEEH
1% (least significant difference, LSD) #4T £ HILE, %
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ER FEE LIFEZER, Rl 1L4- IR 2-
B L2855 B RAL S LA KL a- TR0 -0 7T 46 AL D e 9
EWIBRUNEMEAREER, MZAFRERS RE
LML 1 WAL R 4R 2= R, BES &R
HEE, ZHRERERRAE R & &L E
Fxf AL AR AR B R B & . IR H i Zdhar il

B, AW IAE @RI B S % EA
e HEL, 0 2-FUE SRR AR RR A 52 (3 AR AE o=
PR, BT IRAE S HUE AORRTE P AN, HERIARAE
2 RFE GG T — L & AT 8 shPi L],
PR A 52 UE Ja R L SV 16 OB i)
KRE, MEMMAEASZ WEMIERIERMEAEEN, ZA
[FI AR e MR Rt —E %R, T
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Hid EBH—EE -

x2 ETSREAZRANBERRENZAFRENEIZELY

Table 2 Main identified VOCs emitted by undamaged cotton plants and cotton plants infested with cotton bollworms of different amounts
detected by GC-MS ug

{454 Volatile compounds A HEZH Control

Rt il Caterpillars number

1 2 3

-l a-Pinene 3.69+2.65h 9,97+0.43a 2.24+0.82b 4.05+5.23b

1,4- 255 Benzene, 1 4-diethyl- 10.81410.80b 80.18+61.38a 177.45485.03a 128.45+£52.27a

4-Z 3RS Benzaldehyde, 4-ethyl- 3.02+1.73a 5.78+4.46a 4.8245.03a 3.6140.79a

Z% Naphthalene 2.01+0.61a 1.78+1.32a 1.31+0.74a 1.16+0.54a

+ =k Dodecane 1.00+0.37a 0.70+0.05a 0.66+0.23a 1.1240.15a

At A2 Ethanone, 1-(4-ethylphenyl)- 49.14+32.88a 2538+10.10a 24.46+19.94a 23.78+12.03a

2-ffi k2% Naphthalene, 2-methyl- Oc 0.37+0.04b 0.32+0.11b 1.25+0.07a

S-Tkadf f-Cedrene 1.55+1.23a 0.80+0.44a 0.95+0.48a 0.87+0.66a

-7 0% cis-Thujopsene 44.8430.45a 19.89+10.65a 30.14+11.95a 21.82+17.92a

LY Cedrol 0.7420.17a 0.48+0.23a 0.40:£0.27a 0.6520.39a
B-f7TH p-Caryophyllene 0.66+0.53a Ob Ob 0b

TEMI4A1% Cuparene 1.08+0.54a 0.57+0.07b 0.640.09a 1.500.73a

{7 AHEE Palmitic acid 0b 3.67+2.48a 1.14x1.35a 1.05%1 23a

it 87.91+30.10b 144.58+59.29ab 225.19+39.77a 197.10+:42.22a

¥ CPHEERHE T RRERARE (P20.05) .
Note: Means followed by the same letter are not significantly different (P=0.05).
2.2 fEEAFENGL thik 54T

B 1 O FIECE AR RS gL H R AE R T B IR AR
RIHHZR, 1 1a~F 1d 70500 B AE DL ERAESZ 1 5%
2 2R BN 3 2R S T ) R T Do A A W L fH 2, A Ay
RIS 18] 0~90 s, PO LT FAgma R, M 1 Fnf
DAt S AR AR i ) v S5 A S i [ty 2 A7 7 2 St
Mo %, EERIES SZREMLN T BT 8L AR
Wl SEANTE], O6f AR (P 1a) , fRIREE S2. S6 A
S8 M i 72 S Asc oy, H S1. S3 R S5 mE MAE AR AL A, T
MTZBFERE (B 16— 1d) , EEEE S2 KymiRifE
WA T S6 A1 S8, H S1. S3 Ml S5 f&K3Fm R i 1k
Bk, HFE L al%l, S1. S3 F1 S5 X5 &L &R B,
MRAE BB OO T 45 2R, (@ B AL A 52 JUE AR A 0 05
TIRB DAL, FER 1L 4- R 2-
HIEES T EHRAEYAEER, XMEWTETFRS
REAEEE. LR, SZAFEGER R B EE ARIER H
TGRS R B AR 2 e, B X ARAE A AR L R
HIHCEL A N, RS S2 MmN B Hi K, X5 S2
FRIRES ) i LA O%, MR AP 45 R,
TE52F G HE RS BN, JF AR s ina,
MACR U A PN (R EFHE) , XUHE
- SR &5 SRS I R 4 SRR A AR R — B AR IR S
S3 I S5 e B {E AR AL IZ BTG 0, BLEAS FECE R e

EMEN ST HRRUEMRAIESR, X5 ERSmEK
FOCR BN A 25 R — B0 i PR B4 i i LT B R AR Y
Wi 7 B 26 22 S 43 M T AR B, HL T B AE AR #% U S AR AE
keI b RA AT

LA Che
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Note: & and Gy are the resistance values when sensors detect sample gas and
clean air, respectively. S1 to S10 are the ten sensors of the electronic nose,
respectively.
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Fig.1 Response curves of electronic nose sensors to cotton plants
infested with different number of caterpillars
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2.3 EMHSH
ASCHL T B AL R AT 2k PRI T 5 R FAEAE

KR TR HTTER 5 FhRFE R A9 X 20 HORBEAT 928
ort, B 2a~[E 2e arRoRFE TRGEAL. PEE. m
BUE DR EM 2B E LS HE N ITE R,
P e AN () (30 4 AE 5255 20 DUR R B0 4 4% U B0 AT
Ave 5 FRFAEA B 2a~ B 2¢ S — M ME ZE W32
A58 83.01%. 97.18%. 88.58%. 88.38%K1 77.09%,
AT 4 FRFAEE A S8 — ERLar A A — i 2 MR BCK
1] 25 W3 A0h & 2 B B 0 s 2 A&/, BT 4
Fob i AEAEL T BA R SRARER L7 S 45 5 oW AR E 2 AN A Ho
HF X 5 O, M 22 WA 22 BUE A BEIR BP0
RERTEHEE. NE 2 FALEL, ETREMR, @
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BB /AN I8 il (L D X 43 R0CR LU AR B, 1 e 6 28 A
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A AN 2 RERAANE B EZRE, B2 2 UKL
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Fig.2 Discrimination results of PCA on cotton plants infested by different number of caterpillars

based on five kinds of

2.4 FARHEBRLHBEMNRENS LS
2.4.1 ATHRAFEA AR ME

M CA B b AT LLE L, e A F S
HEAPMAGEREX . N T XA FEE R
faBHITEGMX S, AET 3 MM a5

feature parameters

PR T 0 2K 04 i, H 4 dREREA (Ot
80 MMFEA) 43 MIERNREE, LB 14 MEAR(E
NINGEE, 6 MEARMERNNERE, Kk 56 MIZREMA
24 NIREREAH T 4 R Mk, %3
NOFREER,

=3 BT 3 MmEMER s ST ENEETTRMERYEREN S EER

Table 3  Classification results of cotton plants infested by different nu

mber of caterpillars based on three neural network methods and five

kinds of feature parameters

4r2IEHE# Classification accuracy rate/%

i s I FERGE — NERERE  ZOANA MRS
Neural networks Data set i Mean differential ¥ Wavelet energy  Coefficient value of polynomial
Stable value Area value Sl

value value function
— llES 92.74 100.00 93.84 93.18 93.68
ik 85.50 100.00 85.48 88.44 85.20
REBFNN il 4 85.46 R3.68 83.92 82.88 B2.88
M 68.68 68.44 68.50 69.08 69.08

ELM I Zrf 100.00 100.00 98.92 97.50 100.00
i 91.67 95.00 §82.50 78.33 62.50
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MLPNN J7¥%: L 55@ T AR 3R 96 25008 45 1) 20 S #r o 1T 2
T RBFNN 775 SFHEE T R SR AR 5 I 1E
W R A%, B RRAEE T B A 1 4 2K IR 22
KT 70%, RIiA A RBENN J7 AN A T ARG AR 1
ZAFB RS REE BN NERHEE FRE,
BT R AE AT R A R 35 3 SRIE M R AR =y, T
T 2 =0 A M4 S 50E 19 3 0 2R I R R B R iy
%, BETHBEMPFY s R IEHE ST/ =
WIS 350 03 RAE I RO AR Y, BT IAVE 3555 2K 0E
Wi E TR T /N REN S RIEHE, XRE5ERS
MRS A —8, Wt — DR E. TS
E AN TH AE B8 % 5 47 Hh AR SR L 1 S A DA AR UE 1S
B, T LME RS JG BT 82 B B AR B R IR (R 2R 1
Bk, MAAKE, 1 MLPNN 7577k T 3T B R AEE 7
R AR, R . PRROMEREAUESE 5 F
FEAEAE P 2 RO A X LT
2.4.2 AT S A6 R AR AL

RAE R RG R RE, REME. PN
3B R TH AR B 1R A o FRBCRAE S Bl Re AE 4B P A X R
i, ERMARTERTIM. AT B REMRIEZ
HEMERDNETEES, BEEEXMABEE.
SERO A AT RUE 3 FRRRAEME A T2 2K 00, Bl
FRsEE . PR EMEBUE 3 SRR A 3T P A
G 3 IAE, BT ES . EHE S RREE
RTARTT T A% B35 B 51 1R A8 XORBUBR A X 2 RF R A 73 8
R, BT 7 AR B BE AL A TS, A%
SRR B B AL AR 53R T DR A 43 M R 5 22 4 AT
g ROR DAL BRASMESRALRT G, BT 2R IEE M 2%

OB BRI T B T R, AT e N AR R
FEFIRAC S, A G BT Re bk £k, sy BRAR
A na k= N P S BT N W s S Y N IR S i
BURMER R, R EEA A AR KRR, Rt
ITAR B FE A Ak, M4 RIS AT fE . ARIER 3
SR, T RBFENN FEER R EIRZE,
Al HAY ¥ MLPNN 7 341 ELM 53 T F — B 120 2%
AT, R S B AL SR A N 2R AR RN IR AR 1 B
[F) SR FH B AR AR B AT 20 R AT W B AR R . R 4
NI 2 P4 W 48 5 VR R 3 FR R AR A 4 A KRR AL 2
ENEE &0k e O e

ME 4 TTLUEH, SMEKRE, SHREHMEAEML,
T 2 PR LE T 2 R IEE I 2 R IER R K
P 2 PN g Tk, FET MLPNN J5ik % 2451
) R BATRL T- 3T ELM iR 28800, Ik
LI RIEFRIIE 99%LL -, MHRER K IEM R
£ 90%LA o T ELM ik, SR, %248
TEAE IR AR 1 7 2R IE A R A B KR 7, YITE 85% LA Lo
AT 7 JIEB R B R 5 AT ELM 515k K Fa
EMHTFHIMMME” 3T MLPNN 5k “FasEfti+ 1
PIE+ T AME” F3EF MLPNN 5k M “THAE+T
B E” o W, AL T ZREE AT DR A
T EBXARIE AR BEARR B EFR SRR BRE
FHAHMEEA S G, BUREER, HERTEHIEEA
R NFEAREHE, AR R EE SR s & N 4% vk
T TR BE R AR B dr 5 3, 1 H T A5
FHESEA T T SR R asm B 2R 2 2RE E, kT
B Z A A EMS R EEANEEERE, FILE
EIE T BT XA F AR AR aE AR 2K
B, B LRI, ZRMEERESHTREMR
HEERMPBRTRES, EEAH TR AR
B R fEERN KT

x4 ETF3MHMENEMNESEHEEMNBEZITRYERRABENNLLER
Table 4 Classification results of cotton plants infested by different number of caterpillars based on three neural network methods and
multiple-features parameters

SrZRIEM® Classification accuracy rate/%

Pt BLERES

Neural N b HRME+P I E T EAE- T HRE -+ EE T (H+-F R E+HTEARE
eural networks ata set Area value and mean Stable value and mean Area value and Stable value, mean differential
differential value differential value stable value value and area value
VIE®:S 99.60 99.14 99.30 100.00
MLPNN
MR 96.02 90.70 92.54 97.74
V% 100.00 100.00 100.00 100.00
ELM

ik 86.67 100.00 90.83 90.83

2.5 BERENFREREENTNERE
2.5.1 A THAFIEAMELFERLIL REEWA
MARA

PRI H T B AR AR 52 AN [F) B A A% U S T 1 40 2K 45
B, UE B H TR R S B A AE R 52 U AR AR DL SR )
REME R BCE B WA, N T i B AE i G
FRTE MR 2% R BRI P AT HEBEAT BT 7T, SR S FF I bl
(6] U5 7 3 ST HE T A SRR AL R B |l AR .

RN T B RREE, N E MR e, IF
80 MRIEREA, M4 14 MREARIERIIGE, 6 MEALE
NMAREE . 73R F T S A 45 R AR e B Pl
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Table 5 Prediction of the amounts of cotton bollworm based on

SVR and single-features.
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2
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Table 6 Prediction of the amounts of cotton bollworm based on SVR and multiple-features parameters.
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Application of electronic nose in detection of cotton bollworm infestation
at an early stage

Dai Yuting', Zhou Bo?, Wang Jun®*
(1. College of Biosystems Engineering and Food Science, Zhejiang University, Hangzhou 310058, China;
2. Department of Mechanical Engineering, Yancheng Institute of Technology, Yancheng 224051, China)

Abstract: Cotton bollborm is one of the main pests of cotton. Cotton is under threat of yield loss and poor quality because of
the cotton bollworm. However, cotton bolworms tend to hide in the cotton plants so that there are limitations for conventional
detection methods, such as acoustic signal method, image recognition method and spectral imaging technology. A lot of
researches have shown that volatile organic compounds (VOCs) released by plants will change when they are attacked by pests.
So it is possible to get the cotton bollworm damage information by detecting the volatiles. Currently, gas chromatograph-mass
spectrometer (GC-MS) can accurately detect the composition and content of volatile matter. However, this method has some
disadvantages in practical application, such as time-consuming, high cost and inconvenience. The electronic nose is composed
of sensor array, which is an instrument to analyze, identify and detect most of the volatiles. In this study, electronic nose was
used to detect the cotton plants infested with cotton bollworm of different amounts at an early stage. The volatile organic
compounds (VOCs) in cotton were analyzed by GC-MS. The plant height of cotton used in the study was 50-70 cm, and the
boll period was about 12 weeks. Cotton bollworms used in the study were at second-instar. The VOCs emitted by the
undamaged and damaged cotton plants detected by GC-MS were different, which indicated that electronic nose had potential
in the application of cotton bollworm detection. The curve of electronic nose sensor was obtained for cotton plants infected by
different numbers of cotton bollworm. Then five kinds of feature parameters were extracted from the curves of electronic nose
sensors : stable value, area value, mean differential value, wavelet energy value and the coefficients of the fitted quadratic
polynomial function. Feature parameters were selected based on three kinds of neural network methods: multilayer perceptron
neural network (MLPNN), radial basis neural network (RBFNN) and extreme learning machine (ELM). Then stable value,
area value and mean differential value were selected because of their better classification performance among the five kinds of
feature parameters. Multiple-features were combinations of single-features. The classification analysis was carried out based
on multiple-features and three kinds of neural network methods. And support vector machine regression (SVR) models were
established based on single-features and multiple-features, respectively. The results showed that the classification performance
of multiple-features was better than that of single-features. The classification performance was best based on “stable value and
mean differential value” features and ELM. The classification accuracy of training set and test set based on “stable value and
mean differential value” features were both 100%. The regression models based on multiple-features were better than that
based on single-features. And the regression model was the best based on “area value and mean differential value” features.
The coefficient of determination (R”) and root mean square error (RMSE) of the regression model based on the training set of
“area value and mean differential value” were 0.994 0 and 0.086 0. The R* and RMSE of the regression model based on the
test set of “area value and mean differential value” were 0.923 0 and 0.370 9. The results show that feature election and
multiple-features can improve the classification performance of the electronic nose for infested cotton plants. It can be
concluded that electronic nose has strong potential for the application of detection of cotton plants infested with cotton
bollworm at an early stage.

Keywords: clectronic nose; neural network; prediction; cotton plants; cotton bollworm; feature election



