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Research on mixed gas detection algorithm of gas sensor array

Tan Guangtao' Zhang Wenwen® Wang Lei’

(1. Sino-German College, Tongji University, Shanghai 201804, China; 2. College
of Electronic and Information, Tongji University, Shanghai 201804, China)

Abstract: In view of the low accuracy of the traditional pattern recognition algorithm for qualitative and quantitative detection of mixed
gases, a novel algorithm of hybrid gas qualitative identification and concentration quantitative detection based on machine learning is
proposed. The algorithm constructs the feature map of sensor array data first, then uses the convolutional neural network ( CNN) to
extract features from feature maps. According to the feature map after feature extraction, different branches are used to identify different
gases, then the species of gases and their concentration range were obtained; based on the results of gas identification, the kernel
principal component analysis (KPCA) and gradient boosting decision tree (GBDT) were used to estimate the composition of the mixed
gases quantitatively. Finally, this paper used the dataset of sensor array of mixed gases of Machine Learning Database of the University of
California to verify the results. Experimental results show that the accuracy of the algorithm in the qualitative recognition of ethylene and
methane reaches 98. 7% and the average relative error of quantitative detection was less than 4. 1%. Compared with the traditional
pattern recognition algorithm, the machine learning based mixed gas detection algorithm that proposed has higher accuracy and stronger
generalization ability.

Keywords: sensor array; convolutional neural networks ( CNN); kernel principal component analysis ( KPCA); gradient boosting
decision tree ( GBDT)

ki H . 2019-08-26  Received Date: 2019-08-26
w FEAIH | B R E S & 11 (2018 YFE0105000) | B 5 8 450 & 1141 (2017 YFE0100900) | [ 5 88 24 %k 45 (201906260029 ) %% B 151 H



- 96 - LSRR R e o

5 34

0 35

il

“HLF R RGE WA AR O N TR R G, S — MR
AW ARGE, B H B T SR AR,
RGBT AR S A S AL B ST
B RIT Y S B, HLE IR A S BTy 1) AL 4
AR A DGR RN Bk 5, R Ak
2 5K (metal oxide semiconductor, MOS) S AL & 251
R G AR AR SRR iz )32 2 B AR B
R o 7 3 R e e A I AR . MOS A5 IR R 1 4
B A SO SR SUA S |, He BRI 2 R A Ak, i
R ARTEAT U RGN, (HJ2 MOS 148 & A 1 2 Y
SESMURME P RO I Ze e AR E],
X — P AR ) UL SR AR, X A [A]
B 7 vk Z — e R T2 A AT 58 SCHUBPE AN [R) 26 B Y
AL SRR A AL AR BRSO 0T LAGY SRS 22 R Sk ik
AP 45 H AE RI I E A5 5 (R A AGE 2 BF 4%
SRR IR AR 1 7 s AR I AN BB R & AT BRI RCR
UL, VF 224 B R 5 A BRI =R 5 A T 1P 2 T
VB, JFHIBUS 7 — & MR OR o 7E{5 5 A B3 i , 3¢
K[ 8-9 1 £33 13w AF AL i W5 1A 5 AV &b 3105 1
A T I 5 SCHR [ 10 ] 2538 1T 3 4R R B AR WU 155 HH Fr) A
ZX [\ (PS) (BEfE R (EV) R % B % (PSD ) 2545 F
PR T ER L T — S SRR Y L%, AR
D5, SCHR[ 11 ] SR A T2 A% 32 i3 23 (KPCA ) 1Y
LIR30 73 B (LDA ) B3t 1AL R e B AR IR ek
XTI A2, B2 1R 17 g o A JRdie o A ] A A A
P TTHRIEE | SR TR T8 X AR R 31 AR e J32 e )
SCHIRL 12 ] 5 sl Tk 57 223 3 A (ICA ) R 70 #fr MOS 4%
TR R 470 i 7 S ) i ST N AN R R S SR Y 43
2 (HR2 ICA AR A G, HAR R ECE R b A
AR R SCHR [ 13 ] 5% = 180340 F (PCA) 5 3CF¢ 1]
AIL(SVM) B 5 IR AT 2 453 SRR, SR 1T PCA B33
JB T RMEAFIESL IO 532805 7%  fEAL B MOS 2184
PEME N A5 S I AR IS BV R RS E 36T SVML Y326
D5 X KFUBEYNGRAE A M L S it , X615 WL 22 43 25 [ Al
BB B2 or e SCRp i LA & o JF H SVM 1E1E
T XN SECHAT AL, A [a] A 0 2 B0 8 AT R &
A AR, X BE R o AR — 5 LT 5 0 ) e RS R S
TR [ 14 ] SR R A S35 ) B BIL (ISVMEN ) SR fige e L 5 5
T 227 2R AR BT 1 0 20K 2 R B 92, 58% , 1k B
TR FEANZ AT RE ; SCHR [ 15 ] 3210 1T A il 42 1) &
M2 4 (RBF ) 19 28 X0 20 S8 Ak 1 ke J32 A6 0 14 7 125 5 3C
BR[ 16 4R 1 A A% 103 73BT (KPCA) X Z AR Sk
FROESRI, J5 6 FH PRI FRAE AT K B R4 (KNN) 43

e LR AR R 7 28, AR R s 3 1
98.33% ,fHJ& KNN B3k AT 70 N T Rl R FE AR 2
G TG K |25 ZEAE A AN Koy A e o0 152 22 3k HoA
FESHCK RYREIRIRT, SCHR [ 17 ] 78 S0 P 462 I v 1)
JHEGHE N T AR AT SVM Bkt 28047 348, LATH
I ek 32 X 3000 e 0 B2 )2

AR SCEEXF MOS A2 SR 25 X AR e 8 g 7 i 4% )
FRL PR 5, 32— A AR U B B 28 I 26 ( gas
recognition convolutional neural network, GRCNN) , ¥4
LA i — A 22 SR IR IAIL , SR T 1Y Jrg 8 32 2 FN AL
(B 7 2 XAy 20— I TN A (1 2% )
T s 55— D5 AR T RARL A S IR 0N 1t A Y
ARG 5 [R1 i, 5 R 22 R 4 BAT — AL G L d o7 > O3 1
AW, EA R AR RE T 2 LRE T e A
TAATRAE SR IO B XHR A S BE Al TS 2
FRXCF I 22 5 K A 1) 8, A SCAHR H — Fh 3T KPCA'™ I
GBDT"™ Ay ¥ & £ i1 77 ¥, GBDT ( gradient boosting
decision tree ) i i JINZAR Y K2 AN Wik /NI 20 A2 7= A 1
BRIEANG B Sy 2 B 7, AR A8 57 [ 2] UM A e
SR AR B S I AR LM R B B R R
PEUFAFOL AR . A SCH R e GRONN X34 5338,
JaARAEIR A SRS 08 AR [ GBDT A5 Y #E 47 1k B i
M — e & A AR 5 5 g e SR AT 1 R
A U 52 B R AS o it Bl AN [R] o J3E I 1L 32
WA AE R, AR PN M 2 3l A5 TR UM AR S 2 B )
SRR AT 10T, U & 05 FORI CH, 5 C,H,
TRA SR BETC F R 7 2% i RS HHE A B T e i<,
AL s W 70 A 00 3 L A ) LS D S A

1 BAESEKEMEIRS

1.1 EUEWAE S rEME

AR B £ (AL IR B 51 EL A DU FPAS ] (1) MOS
18 J% 2% 5 43 91 R TGS2600, TGS2602, TGS2610,
TGS2620, FFFZEHAL 4 AN FAIG, FURRRCRAE AT 3R15 16 4>
I I A (B HEF J7 X TGS2602; TGS2602;
TGS2600; TGS2600; TGS2610; TGS2610; TGS2620;
TGS2620; TGS2602; TGS2602; TGS2600; TGS2600;
TGS2610; TGS2610; TGS2620; TGS2620) , 525 5% L Ik
I PR ASME, AL A B b CH, 5 28 C,H, 95 FiARTA]
FV BERC LL RN 9 072 50T % .t TR R AL Jk 2
GYATANIR]  THUAL BRE 3 0 A2 B AT H — R Ab B (R
B L BN X, =[ a0 ,x) x0T B fER R R(E
g, /MBS O, H— AR AR

‘ x,l _ x:nin
x = (1)

ax _ m
x; x;




57 3

SRR T BT bEE SN Rl KRN VIS - 97 -

CNN B T te BRI W0 PR A 0 B9 4F: 55, Tl
i A — B T ol = AR R SR 2 ) — e s
MR AL ) — e . RIS, il T RRUCRAE 52 BEAL IR
FERGREEI , 0 Ui/ INBAUCIN et 14 T4 -1 A 0 45 A
BEICH IR A UL T R — W BE B L 19 16 S AH A A 2 4
HRFIEIR] , R IR BETC L 16 2SR 8 7, - x"" "
RN A 16 % 16 IUFRFIER X, AR

X=| - o . (2)

re+15 rt+15
X X s

1.2 GRCNN N & 451

B A IRIZ BB W 4 25 F 1R B, I
GMRT S AR A, A SO — MR B B R W
2% GRCNN S AN [R] AR P 4 00 T Ak 1 ke 32 X i)
PO, CH, A1 C,H, TRA SRR S5/ an &l 1 pros, i3
SRFPE i ARFIE IR/ R 16x16% 1, it S 4x1
B ) 2, 1) 3 A1 P A AR T A ) e 88 IX [, 182565 &
AT e B e KAB S e, WA 1) 1,0,0,0],[0,1,
0,0],[0,0,1,0],[0,0,0, 1] 735 27 A Fir Ak e J8 X

o o e 20m
|‘Eﬂjg()’ (0; ’(;71 ’(7‘ max |
’ 3 3 ’ 3 3 ’Cl

feature map: 16x16x1

l

5%5 convl, 32, max pooling/2 ‘

l

5%5 conv2, 32, max pooling/2 ‘
l

l l

1x1 conv3, 32, max pooling/2 ‘

1x1 conv4, 32, max pooling/2

Fel,128

Fe2,128

Kl 1 GRCNN W24y
Fig. 1 Block diagram of GRCNN

GRCNN 43R FRAE S U 45 F1 3 2 X 45 FREAIE $i L )
i BFZ convl +Hi KL )ZE , BT conv2 +i KAk
JZH AL, convl Fll conv2 Y& 32 NKR/INR 5%5 IERFR
R ZE KNy 2x2 HAE KN 2, FHFReAE R %
e R ANZ ALRE ST . IRAAT B R/ 4x4x32 (%7
TEEL; 43 2 28 R IS 73 S R 2%, — e R B ] /N o 2
A B B LG AT B AR R R S T 43 3
KA T S M R OO )E iR A
B, TR A A AR i Ak e B DX T TR

1.3 GRCNN RM£gi55k R 5l 4

X 2% 5% FH 49 S G R Ui 2 X 2% 4 328 422 12 2 B0 BN D)5
1 H TR B X ] R AR B D s iR LA TR A, IR
YN GRREAS AR 1Y gyt 28 1 sigmoid BRI B0 AOHE 50 1 R
Yo =[vo.v0.v0.v0 0 i =yl EHAE N ¢, =
[tostysto,ty )" 8, =[] 0y ,60,60 1" FETUAT 5K FHPIAN 28
SRR REL L 1 R | AREAR T 45 R A
wr.

3

ly ==Y tylogy, (3)
c=0
3

Iy == Y t}logy; (4)
c=0

GRONN {1} ReLLU f=4 MUl bR 51, 3512 BRCH 2 X
W2 5 L2 TN il B8k batch (HA/NER b 5%
BRI A B RN o, s AR R34 5
BOMHH o, Ml o, WG R R .

S

L= =+ ME o i+ X el (5)
S

L= =+ X o+ X e 3 (6)

BB s KT 0 Ly 5 L, PIRR Y, P2 M 4R
Adam ( adaptive moment estimation ) fIi; £k 3532 43 1] #R 9 45
KRR Ly, L, AR ESE UM 28 FE 3 432 240

3 = =2
2 BAESRMEE=IR7

2.1 KPCA RN E %

X BARSE TR BRE R, PCA BIE T RES £
A B, 5 EUARIE o B T 9 R E A B, T BR AR 2 )
BIER HIGIE AR R I X =[x, ,x,,

cuxy ] FORWNFEAS , Horp  BAFEAR x, S K 485 W)
i, N FRUNREAS S 8 A R & (X)) B IR IR R
X vl i e, BURT BN G 4E (D 4E) =S [H] FR O AR AEZS A] 90
fEZ,

o(x,):R* >R",D >K (7)
MR G(X) Eg .0k, B,
Y 6(x) =0 (8)

W25 1] Z b 2R
C, = (B0 = T b(x)0(x) (9)

K: €, & D x DR, SRFPITT 225 RS AR, F5 1k
(R ATTAEN

MXMUTP=§MMMQJV=M (10)



.08 - TR A R o34 %
Hoolt N R p SM5I R B A RRRAE 160 F, o TR 5 BRI MR A, B
SUBT (), BEBA B SR B: B R A, PR A i 3
=argmin ) L(y, ) = T(x; 20
B p I G (x,) b (x,) oo b(xy) BHEFR, e v, = srgmin 2 Lo (x) = Txsy)) - (20)
NI @ =[a, a0, 17, WER (1), PBE =y = fa(x)
p=2Y " adx)=d(X)a (11) %=Mmm;(m—ﬂaw0f (21)
(1) FRAR(10) B 382 2 38 f,(x) | GBDT 55 3% I 4 2 ¢
$(X)d(X) $(X)a =1d(X)a (12)  wF,

R (12) FLHETR (X)), 15
O(X)'d(X)d(X) 'd(X)a =rd(X) 'd(X)e (13)
EXKHEK =d(X)"d(X) KRN x N HEIEE

XRRAE P, 48 AE AR ) B2 1k o T 20 Al 2 R A ALK fig

J¥i] A,

Ko = \a (14)
FRARAZ L TR A% AE I K B AEME A, AL, A, FE

AL > A, > > A XRHER RN @) a,,-a,.

LR B TR B R ¢ AR R, B TEkeR

K= (15) s,

To =5 X 100% (15)

VRIS & 47 LA BEARRY K x L JEHE X, =
(Xt XXy 1 W (X, ) = [D(x,) ,0(x,0)
b (X)) 1L AT DAL R B b(X, ). W
b(X,.) BRI Less BT i p TS

t, =d(X,)"P =X, ) "d(X)a =K a  (16)

HH K, =¢(X,)"b(X) HHAKN,

K. =K., -K_-1,-1,-K+1), -K-1, (17)
XK =d(X,.)"d(X), 1, B NxNRBHEM, 1,
KN x LR, IR BE A TCR R /N,
2.2 GBDT iREiRF

GBDT #% ] iz iz Hl T 43 25, Inl 15 % ] @1, & T
Boosting B350, S BL2F ) @ it MR FNSE & L2 ) 2k
SERUES . GBDT i —e ik AL 5 5k 22 2% 2] — 1~ CART
PV Ry 552 >0 2, 30 Ao 55 2 > 4 2 i 1% 66 o 50174 2 1k 41
B AW NN B 5 2% . GBDT Hyk AR an A 2
i BRI AT AR

Mﬂ=;ﬂmm (18)

H B 25 MR R T RS T x
Y, BD = {(x,,7,), (%,,5,) -, (x,,5,) | AN
AHT— A B M B £ (x), KR B
L(yofi (x)) , 4526 R P J7 351 bR, 1

L(y, f(x)) =(y, = fi(x) = T(x;357,))>  (19)

1) PRS-

ﬂU)=mgMn2LOm7J (22)
2) BRI I = 1.2, M,
(DX THREA =1,2,-,n, HEEE.

rie =y =i (X)) (23)
(2) AT ZZ VRIS HL y

(3) BRI .

Si(x) =f (%) + T(x3y,) (24)

Y

3) REIBRZESTLES f£,(x) o
A\ | Wik \‘;ﬁﬁ%’ m N [mmE
&CART, by < i
WAREA ) T B, 8 | O > gy
RSN
K2 GBDT & i:iifs

Fig.2 Flow chart of GBDT

3 RASEKRNEX

AR SCHR TR A ARSI 43 Ry S AR BT Ak ik B X [
SRR g o A 8 A, R B DX ) 432 5 T I 2
R B IBCEARAE T 95 FOR[RIVE B RC b — ool A SR
) TR e P S, A 0/ B — B3 T, Rk B T L
Z/0A 32 4B F 62 FhvR BEIC HL AR I AR A Il 414 | 33
Tl FE T LU S 7 S I 4, VI 2 4 45 03 4 B 1) 24 45
T2 1, AR AR AR T AL e B IX [ 38 X I ) AR
B, TR — vk B e L BSCE 21 & CRRAE I PN SRS 4
PRI P A B2 DX ) 3 50 0 e D 00 4 AR A R
HEFTIIR

e BE R AT B TE I BRI 2R 4 Al AR AR
P B 4y Jy B — AR AR A SR I 2R 48 5 4 5 LR
B CH, F1 CH, A X B — <Rk (C,H, 5K CH,)
FNR AR (C,H, F1 CH,) BN ZREM S K (-) |
K,(+) K,(+) K,(+) it KPCA $EBOIGAEAERAE ; 51
X B —SARRNR A SR 4 FPAE L4 I 25 4 Fp GBDT £
ﬂfm(x) fm(x) \fm(x) \fm(x) ﬁ}%]“iﬁ:]:igﬁﬁg‘[?
C,H, .CH, AR&SAT C,H, .CH, AYH AR,

RASME e S EENE 3 FrR, Seikiun
TR i [ e B T LL Rl 4 W RR IR 14, 2848 GRCNN 5 1%



57 3

SRR T BT bEE SN Rl KRN VIS £ 99 -

#| C,H, 55 CH, 4% F P abvfe BE DX 6], AR T b ok JE€ X []
AMERFE S T ARG B, K 2 B A A BT Ak e
G0 0, S5 ARG, 75 DU e 436 X 107 9 A% R I A 2
TESR U2 BE X R (1 GBDT A AU RS i 3 0

B2 %

‘$ﬁmnm§zm

‘aﬁﬁﬂmazm

g ER L % BR BK ()
KPCASFE$EHL

B EUX B GBDT
[E AR, FREX
WA, 7,

B3 R U IR

Fig.3 Flow chart of mixed gas detection algorithm

4 ZBRHERSER

4.1 SEIWHFEARER

SEESEEAR BT 95 Fh A [R] VR B 4 A 1 £ B 2 I 20 A i
M, C,H, AU EEJLHI A 0~300%107, CH, BIHkEE
FIoM 0~20x107°, Fr AR FRik B SRR 10 Hz, B:IR
RAEELRAE 3.2 s, BWREA S 25 32x16 K/
PIREA IR B 62 PR IEAL A, B /R 1 984
165 MR AL 5 33 PR &, Bl K /hh 1 05616,
4.2 SEREXEHHLEERSH

GRCNN 12 f £ B et ReLlU 1 A 38006 pR L, 5
KERBCA A SUBH S 12 IEEZ A, FF B ka4
BB R E AR5 batch (RN b=100, %)
12421500 0,001, VE T EE ) BP fs M2 HAg 16 4
AT, 10 MREFEM L0, 4 MM 2o Hi
KRB TR 2 12 Ik A P Ak Bk BED LB
BE T RS AR 5 bateh B8 R 100, 2% 2] %4 0. 015,
PCA Bk B 3 il o 21 stk R KT 95% 1) £ s34~
B K EE B R 16 ZED/INEN 12 4E )58 BP fHZE M
gt E MR

% 1 5 4 FiR , GRCNN B9 AR B 20 DU 4328 5 1
THBISE X HER Fk 5 98. 7% , b 3 21 BP #4825 5 1

12% , 1L PCA By 732RT5km T 6. 8% W] T A XS T BP
22 IO 245 25 i WA N Ry 78 e /DML L MBS0 1 ) e (T
5) A SCHE B I 265 548 RE S B U7 S 2 A5 5 T R
AEAR B EL R B WSS Bt AR 4 v 1 ik
FEASUN R
®1 BPHZMEI GRCNN > L AEMHE
Table 1 Classification accuracy of BP
neural network and GRCNN

, - MHAREA UM R 3/ %
T REAER BP PCA+BP GRCNN
C,H, 384 79.3 89 95.8
CH, 224 100 71. 4 100
RAESMK 704 86.5 100 100

P 86.7 91.9 98.7
100 A —m——

——
- K ——
- L
- .
-~ L

95

g

=y

g

3 90

2

= 85

8=

s 80

=] . . == BP

g 75 e, o =¥ PCA+BP

S 1 ‘g == GRCNN
ethylene methane mixed average

Gas Type
B4 I RITL

Fig. 4 Line chart of classification accuracy

08
P
8 0.6
=}
3
<
7 0.4
[
02
0 10 20 30 40 50 60 70 80
Epoch
(a) BPH 22 ) 4% P 0RG 132 ith 2%
(a) Test accuracy curve of BP neural network
— Train_Loss
0.18r \-\ —-- Test_Loss
0.16
S0.14
0.12
0.10F

6 lIO 2IO 3I0 4IO 5I0 6'0 7I0 8I0
Epoch
(b) BPHIZE ) 2% Il 25t 2k 5 R4 K it 4%

(b) Training and test loss curve of BP neural network
K5 BP MMl

Fig. 5 Diagram of training process of BP neural network



- 100 - LSRR R e o

W% 2 7R, 4 Sl A FH T A S 10 46 6] 7 e A4 B
b B X TRIHEA TR BEARYXT C,H, BT b ik B2 DX ) 40 51l o
BRI EN T 97% %) CH, W BT b DX 8] 4 1] E A 3 345 3
T 95. 4% MK EE h AR A BT AL vk B IX T 16 732 1Y i
R T 92. 4%  BIHE FAE G50 VI Ziad B it 5
& 6 Frs .
% 2 GRCNN SfkiK E X ER 3R
Table 2 Identification accuracy of gas
concentration interval of GRCNN
C,H, WREEIX ] CH, ¥JEXH]

TR Ve
AR5 FEA%H )
PO/ % PIERI %
C,H, 384 91.7 100
CH, 224 100 71.4
REAUE 704 100 100
S 97.7 95. 4
1.0
0.8
> 0.6
g
€04t
02r
—Test accuracy of ethylene
—--Test accuracy of methane
07050 100 150 200 250 300
Epoch

16 GRONN AR JEE DX [] 500 05 2 h 2
Fig. 6 Test accuracy curve of GRCNN

4.3 BRESKREETEXWERSFT

PR I T T PP e AR IR R I i) G S ) 5 SRR B —
AR A S AR Y KPCA 5 GBDT 5 #1 gE 47 (1]
I, A SCH Y KPCA B35 4% bR B3R FH i 0 48 1) 25 4% R
BOHPE R o =5, W25, 3 o ok R
H 98 % Bt , A5 IR AR Xt - 2 1R 25 Fee /N, BOHE 4R R 16 4
HOME] 20 4k, GBDT A B R - J7 1 2% R 8k, 24 2 %
BB N 0.1, 40538 LKA, C,H, [ 34K 1 i) CART
(8] Y148 e KIR B %A 3, CH, B4 %0 b ) CART # %
KRB 2, FE AT HLAY SVR Bk A i i 428 1) 3
% R, A% PRER ZR B0 Ry i A R R A R ) {5 4, A T
HlFih 1,

WA 7 Fis  EAE ] KPCA BvE 17 F R AE H B
GBDT A MIXTR 2 A 4. 8% , W B 4T 3 1) 2 1]
IHBEE (15, 0% ) Ak R (26. 4%) 5 nE 8 Ak,
FEf ] KPCA B2k AT B E 3R UG , GBDT A5 4 SF- 24 41
XHRZEN 4. 1% , BEMLT SVR 5 Elastic Net L7

%345
40
3 =e=Elastic Net
35 -v-SVR
=30 ==GBDT
£25
=
5 20
o=
815 IUUPTSPPITELL ”
210 ’
~_——
5 -~ - e -
O hd
ethylene methane mixed average
Gas Type

K7 BRI TR 22 3T 4k

Fig. 7 Line chart of relative error of concentration regression

o
=)

== Elastic Net
Ve

L W
S G SO
«
I
.
[91%]
o<
o7
o]

Relative Error/%
[N o)

ass®

o »n o W

methane mixed
Gas Type

P8 RFIESR HUS e JE R X R 25 4Tk

Fig. 8 Line chart of relative error of concentration

ethylene average

regression after feature extraction

BT A S ARG T v o B AR Y ] A, AR SR

T R TAILAR A= 2 0 RIR A SR E PR U R vk
JEEE AN B o i T A AR R 28 T % ) A
A DX TR) R 31 7 2, ANAR 2 B 1 TR B SR 0 E 1
PUI T S B AR i b e J32 DX 1) f U051, TR 5 AR
SEPEMN IR B IR B T 98. 6% L b, X S AR BT Ab vk
X TR0 4 B % AE 95. 4% LA b HAT — 5 197 b AL
{8 5 7E MR BRI J5 17, #2411 T KPCA 454 GBDT [k i
RN 332, xof B — AR FNIR & AR I 254 []) g B2, AR
i 7 TR PR RS ) 4 SR A AN [R) A Y AT ik R A
T I 24 R X 3R 22 7 T 4. 1% , AH 6T T 3 ) 2% [
JE S Rpm AL BT 4 i B9 KPCA 2545 GBDT ¥k
JE 15t R 0 B8k OF B A X 5% 22 3 i RE IR T 19.8%
6. 4% , R T I A RNE
Stk
[ 1] MIGUEL P, LAURA E-G. A 2lst century technique for

food control; Electronic noses [ J ]. Analytica Chimica

Acta, 2009, 638(1) :1-15.
[2] S URME R TE R SMT R & BRI T]. 4%

MHNFEHR,2016,17(5) : 1187-1200.

DOU R CH. Application of gas sensors on foreign



57 3

SRR T BT bEE SN Rl KRN VIS - 101 -

[3]

[4]

[5]

[6]

[7]

(8]

(9]

[10]

[11]

(12]

[13]

spacecraft[ J|. Chinese Journal of Scientific Instrument,
2016,37(5) :1187-1200.

FERA  SEFAF  FRCHR. LTSk ™ it B DU v
RN BT et JRE (7] L7 I AR, 2014, 37 (5)
80-84.

DU L N, CHAI CH X, GUO M J. The application of
electronic nose in quality detection of aquatic
product[ J].
37(5) :80-84.

SANKARAN S, KHOT LR, PANIGRAHI S. Biology and
applications of olfactory sensing system: A review[ ] ].
Sensors & Actuators B Chemical, 2012, 171-172(8) .
1-17.

ZHANG L, TIAN F C, DANG L J, et al.

background interferences elimination method in electronic

Electronic Measurement Technology, 2014,

A novel

nose using pattern recognition| J]. Sensors & Actuators
A Physical, 2013, 201(10) :254-263.

ZHANG L, TIAN F C. Performance study of multilayer
perceptrons in a low-cost electronic nose [ J]. IEEE
Transactions on Instrumentation & Measurement, 2014,
63(7) :1670-1679.

LIN S W, YING K C, CHEN S C, et al.

swarm optimization for parameter determination and

Particle

feature selection of support vector machines [ J ].
Expert Systems with Applications, 2008, 35 (4):
1817-1824.

MARCO S, GUTIERREZ-GALVEZ A. Signal and data
processing for machine olfaction and chemical sensing: A
review [ J |]. IEEE Sensors Journal, 2012, 12 (11):
3189-3214.

LEOPOLD J] H, BOS L D J, STERK P J, et al
Comparison of classification methods in breath analysis by
electronic nose[ J]. Journal of Breath Research, 2015,
9(4) :046002.

YAN J, GUO X Z, DUAN S K, et al. Electronic nose
feature extraction methods: A review [ J ].
2015, 15 (11) :27804-27831.

ZHANG L, TIAN F C, PEI G S. A novel sensor
selection using pattern recognition in electronic nose[ J ].
Measurement, 2014(54) . 31-39.

KoL, FAR ARELE. 2T 1CA BB i
FE[ 1] BEREAR 51, 2009(Z1) :41-43.

SONG K, WANG Q, LIN D X. ICA based gas pattern
recognition method [ J ].
Sensor, 2009(Z1) :41-43.
ARIETE, IS, B IUAS %, JET SVM Al PCA IR
B2 AR [T ]. BRI S N T fE,
2015,28(8) :720-7217.

Sensors,

Instrument Technique and

[14]

[15]

[16]

[17]

(18]

[19]

[20]

EE &I

YUD Y,QI G M,QU D J,et al. Detection method of trace
multi-component gases based on SVM and PCA[J]. PR &
Al, 2015,28(8) :720-727.

DANG LJ, TIAN F C, ZHANG L, et al. A novel
classifier ensemble for recognition of multiple
indoor air contaminants by an electronic nose[ J] .
Sensors & Actuators A Physical, 2014,
207(1) :67-74.

PRI T, S FH RBE 4500 kL) /UL ik
BERGIN 5[ 1] AL S A 2 4, 2017, 31( 1)
45-50.

YAN Y, JIANG Y, YAN SH. Detection method of
NO, concentration in coal fired power plant using RBF
network[ J]. Journal Of Electronic Measurement And
Instrumentation, 2017,31(1) :45-50.
VFACHE, B L 5K, MOS &R BES I —oniR &
SRR EEIF T[T ] AR AR 2412, 2018,39(5) -
179-187.

XU Y H, CHEN Y SH, ZHANG M. Binary mixed gas
detection method using MOS sensor array[ J|. Chinese
Journal of Scientific Instrument, 2018, 39 ( 5):
179-187.

I TERI, G , 25 5%, 5. 56T AJAFSA-SVM i 2 #h
BEEVE Y SF_6 MRS I 2o [ 1] v 0 o 54
#8274, 2018 ,32(8) :42-49.

HE Y G, SU B L, LI B, et al. Research on SFg
leakage detection based on AJAFSA-SVM temperature

compensation algorithm [ J ].

and Instrumentation, 2018, 32(8):

Journal of Electronic
Measurement
42-49.

REN S, HE K, GIRSHICK R B,

R-CNN: Towards real-time object detection with region

et al. Faster
proposal networks [ C]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39 (6) .
1137-1149.

HOFMANN T, SCHOLKOPF B, SMOLA A J. Kernel
methods in machine learning [ J ].
2008,36(3) :1171-1220.
SCHONLAU M. Boosted regression ( boosting): An
introductory tutorial and a stata plugin[ J]. Stata Journal,

2005,5(3) : 330-354.

Annals of Statistics,

- B, 2017 4F TR JMF L
AL, R B R AR BE ST AR S
I3 1) AR U S ML s
E-mail ; gt_tan@ tongji. edu. cn

Tan Guangtao received his B. Sc.

degree from Donghua University in 2017. Now



- 102 - LSRR R e o

534 %

he is a M. Sc. candidate at Tongji University. His main research
interests include pattern recognition and gas sensor.

ST, B Rl R RS R, &
BEFETT R LA AT, B RE R BB
R
- E-mail ; zhangwenwen_1203@ 163. com

g™

are machine

Zhang Wenwen is a Ph. D. candidate at
Tongji University. His main research interests
information

learning, Intelligent processing

and pattern recognition.

EF, NG H L, WA R,
SERLHT T 5 1) O e AR R I R
A5,

E-mail ; leiwang@ tongji. edu. cn

Wang Lei is a professor and Ph. D.
supervisor at Tongji University. His main
research interests are sensor detection technology and measurement

system.



