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Abstract In wireless sensor networks (WSNs), link is a key element to achieve interconnects and
multi-hop communication. Link quality is the fundamental of upper protocols, such as topology
control, routing, and mobile management. The effective link quality prediction (LQP) can not only
improve networks throughput and decrease node energy consumption, but also prolong network life
time. In this paper, we give a concrete analysis about the related works on WSNs link quality
prediction. A novel model, fuzzy support vector regression (FSVR), is proposed to predict link
quality, which makes the impact of noise and outliers get high accuracy. The link quality samples are
collected from three different scenarios. Taking the character of data distribution in unstable links into
consideration, a kernel fuzzy ¢c-means (KFCM) algorithm as an unsupervised learning algorithm, is
applied to cluster the training set automatically in terms of partition coefficient and exponential
separation (PCAES). The membership degree of samples is obtained to get fuzzy set for FSVR. The
chaos particle swarm optimization (CPSQO) algorithm is employed on each cluster in order to choose
the suitable parameter combination for the model. The experimental results show that compared with
the empirical risk-based BP neural network prediction methods, the proposed prediction model

achieves higher accuracy and better generalization ability.

Key words  wireless sensor networks (WSNs); link quality prediction (LQP); support vector

regression (SVR); kernel fuzzy c-means (KFCM) ; chaos particle swarm optimization (CPSO)
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Fig. 2 Flow chart of FSVR algorithm.
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Fig. 5 Playground.
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Fig. 6 Link quality in a road environment.
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Lo Table 3 Distribution of Sample in a Square Environment
R3 THPEERIHHER
0.8 lj Standard 95% Confidence Interval
Parameters Mean o
Deviation Lower Upper
0.6
% PRR 0. 36 0.25 0. 34 0. 37
0.4 RSSI —89. 27 1.95 —89. 43 —89.12
0.2 SNR 5.34 1. 29 5.23 5. 44
LQI 81. 37 6.93 80. 81 81.93
0 100 200 300 400 500
Data Sequence EE% 1~3 m%ﬂeﬁiﬁl%%T’%‘ﬁ%%& RSSI,
Fig. 7 Link quality in a square environment, SNR,LQI 5 PRR 2 [a] ¥ 3¢ Bl H — &2 19 A1 5G4, B

B7 ) v B A

1.0 VT Ty T v YY"V 2 4 WWWW
0.8} l %
0.6
:
0.41
0.2}
0 100 200 300 400 500
Data Sequence
Fig. 8 Link quality in a playground environment.

8 g BE I TR
B AR R IR T . R G 1 (statistical product
and service solutions, SPSS) X | 15 (19 &£ 7 %4 5 b
T SR 1~3 fis .

Table 1 Distribution of Sample in a Playground Environment

R1 BEPEESHER

Standard 95% Confidence Interval
Parameters Mean )
Deviation Lower Upper
PRR 0.96 0.07 0.95 0.96
RSSI —70.62 7.58 —71.13 —70.11
SNR 24. 34 8.48 23.78 24.91
LQI 105. 18 3.08 104. 97 105. 38

Table 2 Distribution of Sample in a Road Environment

R2 REPEEFHER

Standard 95% Confidence Interval
Parameters Mean
Deviation Lower Upper
PRR 0. 65 0.27 0.63 0.67
RSSI —84. 14 7.25 —84. 60 —83.69
SNR 12.08 6. 35 11.68 12.47
LQI 97.92 9.39 97.33 98.50

W% PRR A9 REMRLE SR B . 1 4 RSSI 8
E/NT 3 H — 87 dBm, i 15 T i B & B AIK . H 76 I
ftb 37 5 RSST A 1 22 80K EARIE BT 5 LQT %)
PRI 1 SR8 R O 85 R SNR O BEAR 4F X 5 H AN
[Fi) 46 20 ) % 6 B .l ML R L 2R SO TR ) S e T
D TN i o
5.2 XEERE

AN TR) 35 5 2 30 H R F0 B B R P 10 B 5 X B
HEAT R 3 s AL BN (1 46 G b AT 40 A D) i T
kG . AR A KECM RB288 ek, B i /DR
BH R 3. KN 10, i REA MR E 8 T
25 8], FFAE 2028 18] gk B 200 S EE 1E 2R 4R L 47
ST TR IR S S DA JBUAR A A 23 8] o B AL S
—EESE I A B 50 DA AR . B C=
[0,150],6=[0.01,10],e=[0,1]. HHifl A% /Y
FSVR 2 U0 A6 75 ¥ A A% 48 2R 3 | 3ot 1 30
(genetic algorithm, GA), A 4553 Fi% 2
550y FSVR Fil BP #f 28 W 2% J5 1 06 A B2 il %
R i 5 R AT R BB XS B L S5 SR ANE 9~10 FR .
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Fig. 9 Performance of the different LQPs in unstable
link.
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Fig. 10 Performance of the different LQPs in stable
link.
10 FooE B T MEREXS L

TE AT S v, B I 2 PR BRI S K, A
(A, 5 BP i o) 46 T A AU A 1 . FVSR BE
T YA A AR B % 1 B S AR k. BP ph g W2 R BT &
56 RS P ML #R 2  J7 k BE K REAS AE h I h 4R
b R AR A5 AH I 0% T D0 RS BE 5 T FSVR DL %5 44 UK B
AN g B A B AT B Rz At H S RO AR Y
S5 A Reit — P BEARME TS 5 17 A 52 e, B2 e T
PERE. WNEL 9 R X FREAS & 15 A1 25, AR o] —Fh
BBV A 3k F U AR SO — 25 TR N 4k 22 i 53 4%
% J5T £ 1 B[] A DG PR DA RS e Mk S R v, nEl
10 7 A2 BE B, AR SR KFCM 5 28 %) B A
IR AL TN M BE T BP B 2R 28 7 1

WE 9~10 FrR, Tt R %S WEE R T .
WIRTEZ THRE/N G 5e B Tt B Rk LA,
PERE = T2 T A 48 R Bk A, Ul WY RS ke A Ak
AV RE TR L Ml e S B ] AL {AAH AT CPSO, X
2 FVRTE MR 2Z B, U LA 10 MREAR A
30~35 4k, F& T CPSO-FSVR H A fiEg iy 28 3 4F S A
RS O, E A B CPSO Bk 148 & a5 )
GRS B TR Tl ) B A8 sk e b 1 o L As L 2
ma R RRET) . LU FSVR B ) 2 80k
BBU L 2 52 ) A B () 2% 2T R ) RN TOIORS BE L A T GA
TR A 48 R T Tk

AR 3 FH 18 5 R 15 2 A ek F0 A M g L 45 R 0
& 4~5 IR,

28 4~5 A0, BE T FSVR Ay T 0 A 51 %) 75 0
TR R34 5 1 BP #i2e W 4% , Ho v CPSO-FSVR 5 Al
)3 MR 22 B/, AT UL, T CPSO-FSVR # i
155 7Y B A 7 /INRE A TR AT 250 3000 B I B A, E ORI
{5 AT RE P Y [R] B, e el 2D B f 1 FE L A K I 4% A7 1

Table 4 Comparison of Prediction Accuracy in Unstable Link

R4 TIRE Sk EE B TR B R R L

Prediction Model MSE
Grid-FSVR 0.1279
GA-FSVR 0.1170

CPSO-FSVR 0.1015

BP 0.2840

Table 5 Comparison of Prediction Accuracy in Stable Link

RS BREEBEBNERHEILL

Prediction Model MSE
Grid-FSVR 0.0172
GA-FSVR 0.0136

CPSO-FSVR 0.0085
BP 0.0403

AR M T WSNis 4 5 S5 B 390 00 A1) A 5 BOIR
Y A BT S TR ML ) A L T ) G T 2R
2 TR B S BN B B 2 S B0 B I 5T Y 5
P T —FP T FSVR #9 WSNs B [ i i 150 ) 45
YA 2 [T v AR 6T R O X AN TR
Y5 T W BE BEAT X 43, 51 AR 4R 55 T S 5 40
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