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Identifying gas sensors soft fault based on K-means algorithm
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Abstract: In response to soft faults in underground gas sensor equipment, such as data drift, long-term
data below or above normal values, cyclical data changes, and large data values, etc., the K-means
algorithm based on adaptive optimal clustering points of contour coefficients is proposed to identify the
types of soft faults in gas sensors. This method uses the soft fault signal of the gas sensor collected by the
monitoring system to perform packet decomposition processing, and combines the RBF neural network to
perform the soft fault recognition training of the contour coefficient K-means adaptive algorithm. The K-
means adaptive algorithm can automatically optimize the cluster center point, use the iterative loop of the
cluster center point to calculate the optimal center point, and select the best cluster point for K-means
clustering, so that it can identify the fault type of the soft fault signal. The experiment proves that the
adaptive contour coefficient K-means algorithm can effectively identify the soft fault types of gas sensors
and improve the accuracy of coal mine safety monitoring system data.

Key words: monitoring system; fault identification; neural networks; clustering algorithm; gas sensor

PR 2 4 W I WE 4% 2R G0 P BU T A% SR AR R X I RGBT T ELH ROk ESHE % 4e

W N ROk B AT SR AR BT A% TR AR R A Y R [EEINSY S i S = N1 A O 03! 0 B o 7 )
W B BIF oY HL A BRI B . X B T A% SRR ARk
e B #1:2020-02-18 B B R I O, AR AR S MR BRC T AR R AR IR S A
BEWEER W LR QB G BT A LI HE Ceste2018jsex- BRI © Im BB OB K IS F el T IE#
gioylbg);();iij[;())ﬁﬂ?f%ﬁi@ﬂ?ﬁmfgﬁﬂfﬂ@iﬁ (). w0 ORCHR B () . R OB
ST, B, FEAERT RN AL, T A Witk 7E gh) S RORCERY . AR WS A Ak B B T
SUEALFBS. E-mail: 840110352@qq. com 1 TR Y NI S A2 Sy IR e A R AR T —




W% . BT K-means 53k 18 B FU T 15 86 2% 4 R AR 58 < 11 -

ELHBEARAFE.

) HET R Ak, AR B R R e AR BT
fEFTECER R 7. S8R RS AR T A
SEr s kY, e A R R LB O, 25 A R,
Sy, Gy, ISCEES W, BRSO RO,
RGERR, AEEBIRZE, BAINE N M2, S
PR, BB, WIFERE, SN g
Pek, RS RN R PA U . A T B A
Y RS 7 A S TR SR sl (R O i . BT R
B 7 I T B BRI ks RASE AT EX S
FIWERBL Y, JF FLad N PRk, sk SR 45 R 4,
METSZE O L AT R TR BT AR RN R A A R
PE . BITAEE LA GRS DR 4
A0 WA A R 6 BT A% TR R AR B 10 s RN FL I
RIRAR RS IBITIEOL . ARSCEEH T —Fhf8 B R 4k
A i N f AR B 2 ) K-means &3 46 I BT 37 1% /5%
VLA BB W Ty i . TR R R R s
FIEACTE IR T3 e e bt o5, SRR R R 2R 1
4T K-means 2, [AEF455 RBF #2826 5006 %)
Tl b BU A% B RS RRAE BB i VR it A 2R AT B IS N
AR AN K-means 335 730 U145, SEREE i
BAT Y BL I A5 S S B R A O
1

WA RBEAS 5 DR L5

1.1 HRHEES/MNEESHE

NG il SR AR5 HEAT A R AR i .
JRUBE bR BSOS A iy e B R AT 25 46 )
WK 43 AR B AIE — 25 4 M . BB 4% S DIORS 4 b 3%
AEARAIAS 5 o DRI/ D60 4 i BB 85 11 335 7 b X 5 At
{5 5 BT 5 1 B B HEAT A AR5 5 A RRAIE . 48
LI5S SRR 56 4 5 A IR IE M A 1. Nk
AT R T T A5 5 M B4 43 B o /Ny
fif A7 7E AR IR &R

S=AAA3+DAA3+ADA3+DDA3+AAD3+

DAD3+ADD3+DDD3 (D
1.2 RYERESHEERN

AN AT A R — P B AR R R
MM Sk, Hha oo REREL o h
NI RRER s LI AE R bR BOH S PR AR . A U

@ () = D hug, (20 — k)
k

(me 2> (2)
Gonit (O = D gup (2t — k)
k

P g 23 390 R AR TR 908 e % 5 R O O R K /D
e AL fife RV R A 236 8 4 50N

o 1
J di" = ?Zdﬂu—n
L
2m 1
1 = ?ZdLgsz&
L

dy = 2 di"h s + 2 dim! r—2L 3
. L

7 U A E . TTRUE X d = {di ) R
OFFRAE S . oA R O ST IR B g il . (B
Je/NBRLI o3 R AE A AR IR IE LR . R
ANBALR AR B RUOR AR, R — I RAEIRAR —
Ao DRI/ D 2 ik I G A RS A S ST AT R O
AL AR S R e AR . K /DN B R L A
EosH

o 1 mp *
i = 7Zd,‘hw
A 1
2mt+1 mo %

it = ?Zd,‘g& s

dzl — Zd%mh kx . + Zdiﬁlil gkx ol (4)
L L
h’ N g:f), %%IJI% R o v L2 ngd‘{l%ﬁ¥‘o

N AL BB A i NS, A R A A
,'.T'%:‘?J__E'f%% D\J aj - 192’37'”’2N ° Iﬁjﬁﬂ‘%ﬁ‘&%}ﬂ;ﬁ

WL EES . IR &G SRR .
Ey, :J | Dy (o) |Pde = D) | dy |? (5)
k=1

A d TR Dy 005 b A 100 0
#5 n—TERI B Dy BORUE A = 0.1,
2Nk = 12 R B 15 5 R B 0
WFAE [ LR 5 RBF 22 2 09 W1 2R AH A

2 K-means £ X H %4 RBF 474
RS

2.1 K-means BHEE %

K-means 75 2 F B0 5 B0 22 18] 1 1 25 1%
o R AL TTO R B R ST R BRI B, Y
2 1] O A5 A IR A S SRR s B T 1) P
REEH, BT H e B L F R i 2850,
(NSO R RO IR R VS S € N T 2 X
BP0, G 2 TR X ) s B S O AR
Ko IR BT Lo 131 D 25 P RE 5 350 2 00 45 2 g 25 58
N = 7 S g 1 i A N 2 A A Y DY -
[ €/ TR = o A 1y N 7 s i RN T R B 2
Ko BEMFRETRBEN, BRI,



-1z - s

g

B X K-means 83 77 76 09 8k F4 . A SCX K-
means 5V B AL W) 45 58 28 B0 R E AT ik,
I B 2R BR0O0E A A RE A HE A7 R 28 R IR B DN
KO MR R B AT R, FEAR R A
MO SR RBE LN S S, K 5iEE
KEN:

s=13s (6)
n =
S — x(1) — y(@)
' max| z(7),y(i)]
12Dy <y
vy (i)
= 0, x() = y() 7

158 —b
ERWAK S, A€ CEML 2 Fom
ARKEA ¢ R JE C 28 Al A PR AR 2128 B0 5 Y
FRYRE . A ¢ CRI, v RRDEREA
BIHALAE C B RREAR R IE B IR /ME . DR R
ZHCS, ST VR A SRS B0 AR O b 28 Y 3 A L
8BS R [— 1.1, 4 S BT 1, R R
B B /N AR B UL T 9% 2K 1 T A sl
Koo n IREARBH. BOLEIR N 22 J5 #l SSE
SSE = >3V | p—m; | ®

i=1pec,

b G —5 ) Mg p— C BIREAR K my —
C, i s SSE — A FEA I R B IR 2R R LR
BRI, AR BEIE LM

D BESH M., ¥tk =1, X <M,
58 8T B BF -

a. R Bl AL BT b5 R 2 A B0 A 5 R A
K-means 895035 ;

b. MIIREEE . RS MEART CEFO A
BEEHEMED (), (c=1,2,,K) ;

e A A MR B AR B 2T SRR I Y A A A
JHREE S () s

2) H B A bR SR AR A5 R gF AT A HE A
Si GO s XREYHERE D () RN D (O Gn =
1,2,,M), (¢ = 1,2,,K), I S (GOom M
D (! LA FIWE BRI FEA

3) X T FEA HE — LR OISR, F TSR MU
) IEAE IR, T K-means R,
2.2 ETF RBF #Z W&l 4

RBF it 28 o 25 I 25 533 S — F a3 AT AR 26

x() > y()

PERREC ISR i, BATAR DAy AR £ 1k 2% > I8k
Rl EAMT BB W AR R, 225 5 0%
mF .

D ik Cr

BT A TR A B 7 A T R R R R AR AELAE
Jrfm AREAS, BB b K-means RIS AR H
W AFEARR ot VB R R E

2) Fa ) KL pRER Y BEBE Op

LR AL TE B 2 2R Komeans A H R R KW
SR, RIS REAR B R0 A0 - X R R Dy i R
BEESE, 0. = 1,2, D) Fon T AFEREN 7 22,

HIEE R
dmax
o= == b= (9

s do R TEFERY PO WP 22 (5] /Y B R A
KAA .

3) MH w,

i R RUE LA TT FE R IR N

y(x) =we (ll zi — X, )+

wo @ (|| 2, — X [[) + o0 +

wp, (| 2, — X, 1D (10)

A A B SR O d B

d; = [SDl(H ;=X D QDZ(H 2, — X [[) e

"
SD/J(H X 7X/) ||)] * [wl Wy *** u’p] (1)
B FAREA R
ng(Hl'ifxl H)
[d, d d ]T sﬁz(H i —Xo D
1 dy "t AN - .
@p(H 1‘1_Xp H>
T
[w w, = w, ] (12

901(||~T;_X1 H)

A 502(”11‘7)(2 H)

o= s B KR ol

SD/)(H X 7X/) H)
PR R P, AUE A5

T T
w,] = ¢ [dids = dy] (13)

[w, w, *

3 SEIRINIEL 5T

3.1 XHBRE
SCH DL S b ATy SR 4. I b



B4 BET Komeans B35 ) BU T A% S 4% Bl e fF 50

. 13

5 2R 8 BU S0 K dh 126 A HOCPU A AR 5 FDIRZS T 1Y
KeE 25 80 2 o X 4% AR 2 14 B I K04 HE A7 /N D
- fige Ak PR L M) /0N I A B AR OGS R IS 5 1Y
R RE . AL A pl 1A f2 VR O o 2 R 45 ) AR
A U IR A5 IR ST B9 AR AR BE i 3 A A 4 8]

1 fros,
1.0
Eosp oo —
H:l | | | |
0 2 4 6 8 10
1.0
Eﬁj 0.5
I R S
[ | | |
0 2 4 6 8 10
1.0
;‘kg 0.5
S
[ | |
0 2 4 6 8 10
1.0
g 0.5;\_/_/_/—\_/—’f
ELK‘ | | | |
0 2 4 6 8 10
1.0
g 0s L T Y
2
| | | |
0 2 4 6 8 10
Bl EHERSESE S MRETHESTESIT
Fig. 1 Characteristic energy spectrum of the

gas sensor device in five states
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Fig. 2 Sample recognition classification results
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