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Fault analysis and research of wireless sensor
network based on kernel partial least squares
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Abstract: With the development of intelligent and networked sensor technology, wireless sensor networks were widely used
in human life and commercial fields, because wireless sensor network nodes usually only carry limited resources, it is prone
to failures due to insufficient resources, the accurate and timely fault diagnosis of WSN nodes can ensure the reliability of
information, thus improving the maintainability of WSN and prolonging the service life of WSN. A method of using kernel
partial least squares has been proposed to predict the fault reasons, the method overcomes the defects of traditional linear re-
gression method and the nonlinear high dimensional space for data analysis. Through many experiments, the method can
absorb the characteristics of canonical correlation analysis and principal component analysis method, provide a more tho-
rough and rich content analysi, that the reason of the fault can be predicted effectively.

Key words: wireless sensor networks, fault analysis, kernel partial least squares

. (RIREFE, T TG A% R 1 2 S TE 2 A% T Y 2% 5
B WER RS S L. A,
BEAE R REAL . W28 A TR AR IR 25 1, TG I B I 2% R R A BRI, A
T M 4% O FAA . RIS SIS skl T ek
W PR RN . AR BRSPS B RS USRI E R A, A Ty o o 2% A 44
MEFRFE. TR IR RS AA B 2 PR R A . i b R 0 2 A 1% 1 4% K

WS HER: 2017-09-23

EEWH: EKXARMFIRETIIH (No.61672123); B FARRYA E AL THITH (No.U1301253); 748 HCR
Bt RIZEE T (No.2015B010110006);  H ey A HEASRIIE 55 2L B B W I H - (No.DUT2017TB02)

Foundation Items: The National Natural Science Foundation of China (N0.61672123), The State Key Program of National Natural
Science Foundation of China (No.U1301253), The Key Science and Technology Planning Project of Guangdong Province
(N0.2015B010110006), The Fundamental Research Funds for the Central Universities (No.DUT2017TB02)

2017265-1



%72 W

SO T R i B — IRTE IR W JE B A I I 4 0 i S T o .95 -

P, AN 8 Lo S R TR A U A5 S I A AR
IR, 15 R 2 5 35000 2 AL R iR 55 o 7™ o
IR DRI, R ICE A B 1 48 R 2 W v
ATWEFUR AR A LB, S MR ) g b5 p
BEATIESL, BT A e W 2 1l AR

X WSN AT S T HERf . S s b, R
W ORIEIRTHE BT 5EtE, e m WSN nf 4%
I HAEK WSN 148 ] A iy, 19 RUI8 W H g Ay PR
) P b A L, AT e R SRS T 3 il 5 i R A TR
W), WSN 5 sl b ny Loy 2 28 filllde i F 4k
WAL o Al A e R A S R A 2 A I ] (1 T
PEr R . CPU. fRIEEE . IlAE B AR 4R
DA T A AN o] FAT B S s b b 2 4 4
RUBAR B A 2L T AE IF 5 HAR Y Ul AE, (H5 A%
T I SN B R 2 A AN HERf, 52 1 3 S D 2% 1) 1
T P,

BEAE TCL AR KN Z (1) Z N, 1 A K
XF WSN 5 sl AT 2 W (9T, SCHRR[4188 H T
— o FH B 1) TU AR AR K12 W A I 2% 9 4% 11 3 {5
R, HE AR S e B A R R R IR . 3
BR[S,61EA7 T —A> WSN 5 f W FH #1245 9 2% Ik ks
LISV, HRREER R, AEET
RAE R, WA RIS . Syoh— e L 48 145 I
A U S W B A R R S i AT
P B R R A 2 (DFD,
distributed fault detection) . JAL b (i ik 12 thir
(weighted median fault detection) 014, {HJ&ix 4t
FEL 1) T KB IZFE— N, B T REAS
TR SR AT IR BRI S, XS AEER
HWIURTHE, I EEER e, 15 RUE S
AL IRAE ECE SRR S SRR S KR I e
2 FE BN BEAT WA I 06 25U ] e g > D RE, X 43
TAEG T 5, AR )8 T4 i de /> — Fei ke
I WSN 5 SR kb Js D8], e % A 20 M 5 1Y) v
Yek, BET RS A A PEACIIRE, JF B4 & AR
3 BTRR S8 53 53 BT BRRE R, RE B8 AT 30PN 1) g o it
Ko ASCIBNHT s ks

1) ASSCHE H — i Al FH A2 O 5t 7> — 3fe i ke Tl
WSN 5 A0 R Js o A B A% e ) 7l g v,
%7 R WO AR G MR 7 vk M B b, 7
e A R R e M 2 ) e B 64T 20 A

2) AICTT ZE RIS W T BB 5G 23 B A ik
SN ERRE A 9 WSN T i Bt J5 DL 43

BrEeft 7R . RN A, B, e
A BT 2 S A

2 WSN T a2y R fE 52

ST WSN ARG R A4 3417 S S T
i VIR R BR T R ARG N RO IR
Wl JLr, e REREHR A IR T0 e A s ) 246 1 AU 65
4 MBEHR: ARG, AP AL C
LT AR AN F P R, AR 1 0 2 1 St Y
2% W ) AT I A IR R Rt s L AR B B TS B
R L G A R bR AT LY (I R R .
A I i PR R H R RSO b R
A LR LA T I

1) A% BRI DR . Ll ™% b %
TR S R

2) AbPHERIE IR R R AR A Y R
B Ao BRAI BT A

3) JoEEAE T bR B A R D R
B AT R AR L R4 Y R . UART
RNV

4) WAL B 220 R R L 22
iy CINE TN oL NIV TV N E A R )
I o

3 EpHER

3.1 {mE/NTEEYT

i d5e /N — [l J (PLSR, partial least squares
regression) [P 22 36} 22 (10 2 ] ) A 11
Tk, Fenl 2 AR ENANM R Z, HEME 2 &
FHOGHE, i f5e 71> — 3Fe B Y 4 S PR AR TR A 5 AR B 1)
G ER e 5 22 Nt 1 VS B TR diy c:o SN s U L
T3, BBUAH SG A A A (Rl 4347 77 R 1)
R, P, fEorfrgi R, BRT o RN
M RABIAL AN, 3k w] DL I 58— 2o 2R T
F o o AT LB OG- B (R IE N 2, it — 2
B WAME .

B, A S a] BUKE i 8 A7 T 20 Ak 1) 4
®, FRE m MR {x,x, e, b 0 AR
S UNS TARPRI VRS SO VX 5 =2 N 13| RITZ W )

Y=XB+Z (1)
Hrr, B RWRIHREIEE, Z AR HLAEk
(PN  Q RE 7ot s U ' i PR At APS - NS |
B ATREHBER I X AR G R [ I A e R

2017265-2



.96+ wOf o W

38 %

HAPRHCE — 8w, HEER 6 5wy Z IR OGHE
JEkEER. o, X5 Y gt g
X=TP"+E )
Y=UQ"+F 3
Hrb, T5 U RS ¢ 5 u HRINES M, E
5 F IRk ZM . P AL Q 23 il N ) 5 p AT g 41
J§%, p Fq v LAIE i LR @) ARG BEAT TR

~—

X'z

= i " 4

pz tthl ( )
Y'u

— tT i (5)
u u

IS ¢ 55 wy Z ) AR AH SRR B W]l e 5 (6) HEA T
.

[cov(t,u,)I’ =[cov(Xw, Yc, )

= max cov(Xr,Ys)]2 (6)

Iri=tsl=1

= max {Var(Xr)[corr(Xr,Ys)]2 Var(Ys)}

r=hsl=1
b, cov RPN T 72, var RoRnJi 72,
corr RRMKERE, whle WEUENE. #7 Y H
t IRV IR U, an SRR U T R R 28035 750RG R W) 5
HEAE . TGRSR — 1y 6, EBARHE
FERE o B8R X LRI 1,8, .t FENT 4,8, 8,
vy ey, ZRMEEN, REHERI XS Y
AT R e B2, Rl RO R T BL R
B=X"UT"XX'U)'T"Y (7)
fhiidse /I FFe[m Y AN IR, AR/
ARSI S BT T BEAE AR AT AR PR ), Py DAAR
SCAR T T At /IS 3Rl YT B R 25 A T AL
3.2 W& 5mE )T
A 57> — 7[R -/ (KPLSR, kernel partial least
squares regression)! "> ) S FEARLZ AU A S
Bl AR ) H b, KBRS )M AR
((SE ST S |55 ey A R E N Sl 11 R s v s A S 4
T AR X PTG A2 pR A f(o) WU
FPRFIEAS ] H o0, SINZRELK = ¢(x)d(x)"
T 2 ARG P R RN R IE 23 a] sSAR B, K
RIETH T 38528500 o i B 1) e 36 5 i AL
Mercer &3, Hiiiiz B2 % s B e m it )
et 2R Pz, K BT
M, =A% Az T I, BT DA SRR
TR A, e BlE R

2
IIx; =, 1I”

K(x)=e ®)
I, W K AT,
ﬂuWﬁ%wK:@>iijxp_ii}:g¢,

n n

TR 0 EERAENE, 1, 240 1 (0 S, R
B, Mt~ Ttk P B, 2 W 1
AR, ST LU R
v 4

g7 |
— ééTui — Kiui
Tl fuKu
ok, w AU R, o Y IS, 25Uk
W I, B BERL A . e 25, il
i KA Y (A s SRHGL R F

€)

t=dw (10)

Y't,

c =—°L 11

= (11)
Yec

4 = (12)
Ci Cl.

e ¢ A R R R — MEAIE R, SeUd R
L) ¢ M WSO 1L

L0738 W 73 RS N R VR R

BN RSN AR X A R Y

Wd AARBOEE: B

S8 AEiE S d, TER e

1) K=¢(X)p(Xx)

11! 11!
2) K:[I—””JK(I—"”]
n n

3)fori=1tod
4)  while true do

#'u,
5) W, =
"2
— — éﬁTui — Kiui
6) 1, =gw, ||¢Tu ” ’—ul-TK,-ui
iTti
7) c, = t,-Tt,-
¥,
I R

2017265-3



SO T R i B — IRTE IR W JE B A I I 4 0 i S T o <97 -

55 22 1Y)
9) if norm(t,—t,_)<e& then
10) break
11) end if

12)  end while

tt’ tt’
1)K =T -————|K | I———
) l ( tiTtij l( tl'Ttij

P 7 =Yl.—t"t"TTY”
tt,
15) end for
16)B=¢"U(T"KU) 'T'Y
17) return B
fEfi I — ik, A X 5 ¥ (kA
TS R A o SATI IS R T 2 A 44

D die /N 3feid, Wi foe /N IR M K 5
R Y 4RO AT SRSt . K5 Y 145
S

tt tt
K=\I-—|K|I-— 13
i ( tthlj l[ t"rtlj ( )
tltlTYl

v-y - (14)

F BN e A RUARACL, o n] AA HE A A e /)
TIE IR RECERE B, e T DAEERR T
B=¢'U(T'KU) T'Y (15)
I H AT LA 30 P 5 75
Y =¢B=KU(T'KU) T'Y (16)
FAEFE B v LUE I I SRR, BT

il R i MR AR T . BRI SO D B 5 A
1,

4 I

ASCR A BT, BT 2 MR
(GRS | Pri iy N S I R | B {5 R D (S L)

FHNR”, WAL B GRS M s 8]
TCER7, R AR T AN AE Sk B PN AR .
M T 2 SRR IO FERUAIG, M — (A5 W Ty
S T Ao T RSk P R i R,
038 o T R R AR N A B 7 %8, T idE— 2
AR VA LT

75 “Hks R R C R kR, R 6 103 4
Bl A THHATEI O, ASCREHLAME T 500 4%
ERIAEE, HARMAEAINGSE . i IR
(RN, wT LAAS BTN s, E e R T £
FIELSE A PV ¥ 2 1) (R A AL A Pl 2 552 Ji A
h TR AR FE AR, AR SO EL S kA T
TME—AL, KR T R E I AT SR .

AT B i e e vE S R e s VAT
PEREDCN, FEASCH L T PR R EESESS o RS
FRIEHLT Top 1. Top 3+ Top 5 HEATHERAE LLER, %
WOEARIREL necomp 4 5.

WARME 1 WTLUEH, R KL BR &R & (1R
iff B 5 L B R TSR B B A o T DAYE S 1T R 5K
YAl H KL BB /E AUREFE R 23R 1 ik R
W TAE KL SRR e N, Bl ik Rl
R R TN kR . dt—H, Bk
IR BB ACUR BN PR At 52 1) 5 10

2 RoR T wdse /N —IRIEFZ A 5 /> — i AL
IEAIRECRANG L R I R R 2 P LU EE
12 i 5 /1N — TR It A 305 AU 38 n 2 T e 8
(1), I e PR AR R 1R . e S5 I,
HZ i 5 /1N — TR (1) 7 - 3B AR B 1) R S 2 AR
TN L o

5 #RiT

Bt JC 2 A S M 2% A2 NS E FR K )2 N
X WSN 1 AT e . AN RIS T, RERS IR
8 RS H WS T A PUREALTE 0 NS i
A e PSSR YIRPN 2

#1 wE/NIZFRAPLS) SZmE/N_FEKPLS)ERTRREEZEEETE Top 1. Top 3. Top 5 PHIFEHHE (LI

. PLS KPLS
iH
Top 1 Top 3 Top 5 Top 1 Top 3 Top 5
NC 0.094 0 0.100 7 0.0912 0.2100 0.1313 0.090 0
L1 0.060 0 0.048 7 0.074 0 0.002 0 0.018 7 0.0184
L2 0.056 0 0.048 0 0.073 2 0.002 0 0.018 7 0.018 4
KL 0.060 0 0.100 7 0.101 6 0.220 0 0.1453 0.103 6

2017265-4



+ 98- S e 38 %
#z2 REDIERZFEPLS) SR HR/NNZTREAKPLS)Zid R EIEXR R EAE Top 1. Top 3. Top 5 FHITEHE LLE
PLS KPLS
IHH
Top 1 Top 3 Top 5 Top 1 Top 3 Top 5
ncomp=1 0.056 0 0.094 7 0.101 6 02220 0.150 0 0.104 8
ncomp=3 0.062 0 0.096 7 0.101 6 0.2240 0.146 7 0.1032
ncomp=>5 0.060 0 0.100 7 0.101 6 0.2200 0.1453 0.103 6
ncomp=10 0.060 0 0.106 7 0.101 6 0.1940 0.1353 0.098 0
ncomp=15 0.060 0 0.1100 0.101 6 0.2240 0.1433 0.104 4
2 S R AR RS R o, B ETE R ) 4 [11] ROSIPAL R. Nonlinear partial least squares: an overview[J]. Chemo in
. NN \ for Maniocs and Advanced Machine Learning Perspectives: Complex
X 4 oK D 4 /7
:'“ IE‘I lﬁ/fTﬁL }E - B Z:1X%H& T ’ﬁz: <l [‘ﬁ/i [L[/J ﬁ'c)% IZH ’ }1: Amputation Methods and Collaborative Techniques, 2010: 169-189.
“"*%Eﬁ}f@:ﬁ? PRER 7 IR AR e e R . RIS I [12] HENSELER J, RINGLE C M, SARSTEDT M. Testing measurement
i i f composites using partial least squares[J]. International
J JAN YANYAN j: ,‘T\_,( Qj: mvariance o P gp q
*E?% $ﬁ$ﬂ£ﬁk ﬁj *ﬁ n/Jq:T““ ’ j’:%/n %i% Marketing Review, 2016, 33(3): 405-431.
Eﬂ T ZIKI% Hj I‘I’\Jﬁ&i Hb@zﬁ%ﬁ]ﬁ‘{)ﬂ“ @J ﬁ& E‘f},@ ° [13] KANEKO H, FUNATSU K. Ensemble locally weighted partial least
squares as a just-in-time modeling method[J]. AIChE Journal, 2016,
SECHk: 62(3): 717-725.
[14] ROSIPAL R. Kernel partial least squares for nonlinear regression and
[1]  XUEEE, ik, (i DHE. JGgktbikmgs (WSN) BT[] 1% discrimination[J]. Neural Network World, 2003, 13(3):291-300.
5L, 2005, 22(7): 58-61. [15] WONG E, PALANDE S, WANG B, et al. Kernel partial least squares
LIUM Y, WU Y, WU W G. Wireless sensor network[J]. Microelec- regression for relating functional brain network topology to clinical
tronics and Computer, 2005, 22(7): 58-61. measures of behavior[C]// 2016 IEEE 13th International Symposium
[2] ZHANG Q C, ZHU C S, YANG L T, et al. An incremental CFS algo- on Biomedical Imaging (ISBI). 2016: 1303-1306.
rithm for clustering large data in industrial internet of things[J]. IEEE [16] JIA Q, ZHANG Y. Quality-related fault detection approach based on
Transactions on Industrial Information 2017, 13(3): 1193-1201. dynamic kernel partial least squares[J]. Chemical Engineering Re-
[3]  XEL oA ML s B S W AR A]. YER R, 2011: 1-2. search and Design, 2016, 106: 242-252.
LIU K, The research on node fault diagnosis algorithm of wireless [17] ZHANG Q C, ZHU C S, YANG L T, et al. An incremental CFS algo-
sensor network[J]. Jiangnan University, 2011: 1-2. rithm for clustering large data in industrial internet of things[J]. IEEE
[4] HARRISON D C, SEAH W K G, RAYUDU R. Rare event detection Transactions on Industrial Informatics, 2017, 13(3): 1193-1201.
and propagation in wireless sensor networks[J]. ACM Computing
Surveys (CSUR), 2016, 48(4): 58. fEEEN:

[5] LIU Y, DONG M, OTA K, et al. ActiveTrust: secure and trustable
routing in wireless sensor networks[J]. IEEE Transactions on Informa-
tion Forensics and Security, 2016, 11(9): 2013-2027.

[6] ZHANG Q C, CHEN Z K, YANG L T. A node scheduling model based
on markov chain prediction for big data, international[J]. Journal of
Communication Systems, 2015, 28(9): 1610-1619.

(71 ARAsE, 20, g, & TR RS i A i) WSN Y
RUEEZ I, PR3h. M52 W7, 2013 (1): 149-152.

YU C B, LI R, HE Q. Fault diagnosis of nodes in WSN based on par-
ticle swarm optimization and Gaussian distribution[J]. Journal of Vi-
bration, Measurement and Diagnosis, 2013 (1): 149-152.

[8] BIRH. BE T BT ARBI MR (R IG L A% K 0 5 n M 12 Wi S50 0],
VLN S AT, 2014, 31(1): 132-135.

MAO L Q. WSN nodes fault diagnosis algorithm based on hidden
markov model[J]. Computer Applications and Software, 2014, 31(1):
132-135.

[91 ¥§MS. —FhSCdk ¥ DFD TG 2 Al k45 199 2 47 n W 12 W S0k AT
FUT). AL AR AR, 2008, 21(8): 1417-1421.

JIANG P. Research on an improved distributed fault detection algo-
rithm for node failure diagnosis in wireless sensor networks[J]. Chi-
nese Journal of Sensors and Actuators, 2008, 21(8): 1417-1421.

[10] mid R, WRFEZ, Zmedl. He I b A oA Utk s I 25 s
Krl[D]. %Ak244K, 2017, 18(5): 1208-1217.

GAOJ L, XUYJ, LI X W. Weighted-Median based distributed fault
detection for wireless sensor networks[J]. Journal of Software, 2017,
18(5): 1208-1217.

Byt (1995-) , %, HNEEN,
ﬁL@Tﬁwﬁli,Iaﬁ WAL P ES
WA BUEARE.

TIE (1986-) , F, TN, fEd, RE#T
KEEYRIT A 00, =B 5T 07 W ok A Ak I A
AT

FREZE (1968-) , B, W REN, f#id, RE#HT
KRR ARSI, BT A KB

#Ae (1992-) , B, i MO, KRB TR A A
LA, FEWHRT M AZHEEY .. BREERR. BB
P

AR (1964-) , F, RN, B, Rk
KEHEZ, WS, FEGF7 oA IE R RS, R
MEIE . R

2017265-5



	13-170610-hIw

