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Abstract: This paper explains the feasibility of applying support vector machine based on cognitive wire-
less sensor network. Under condition of the wireless environment of low SNR and complex noise, aimed at
the problems that single identification method fails to reach relatively accurate results, based on Hidden
Markov Model, HMM, this paper optimizes the traditional spectrum sensing algorithm of SVM by adop-
ting multiple classifiers ensemble to reduce identification error and strengthen identification robustness,
and by adopting least square method to turn linear inequality constraints into linear constraints so as to get
optimal hyperplane to distinguish primary signal from noise and then decide primary user state. Finally, its
performance is compared with traditional energy detecting algorithm. The simulation results show that the
spectrum sensing performance based on SVM is closer to the theoretical value, is more reliable and accu-
rate than that of the energy detection, the error rate is 1. 6%, the detection probability is 18 percent higher
than the energy detection under condition of low SNR, and has more favorable detection performance and
robustness.

Key words: cognitive wireless sensor networks; spectrum sensing; support vector machine; Hidden Mark-

ov model; energy detection

KiSHEA: 2017-01-12
ELTH: By ARRAIEREEGT R (2014]M8344)
EFRT: THAR 1993 B Wiy A Bk, 28 SN Tk B AT S AR 5T . E-mail: 316259539@qg. com

SIAE: FWA, KX, (FrEf. & AW EAERENEHE SYM A GEmgnk [J] ZEIREAZFRESKBFIHK), 2017, 18
(4): 73-78. WANG Xiaodong. CHEN Changxing. REN Xiaoyue, et al. A New SVM Spectrum Sensing Strategy Based on Cognitive Wireless
Sensor Networks [ ] ]. Journal of Air Force Engineering University (Natural Science Edition), 2017, 18(4): 73-78.



74 2T RRR AR CAARA RO

2017 4F

ARV LT A IEEES02. 11 M 25 1y 1
MR 5T IEEES02. 15. 4 bRifi ) ZigBee 4% 19 ik
F5 TR A AR A 0 2 RN TAEAE AR B B 1Y
2N TCLR 5 W 4555 2 FA% i X 465 36 L 0 B L B
M A 2 M v AT M ELRR R A B . KRR & T
W SRR P LSRRI FE ) S R 3 A DA A S
TR SRy —FI R BRI JOLR A5 AR N 45 R 48
NN A BRI —Fh Sl AN B TO 2R A% B I 2% 11
VAR

7E CR BRS040 A AN AR L R 1
—ANEEAGTRE . ARSI BRI B R F B FE UL L
UE I AR | RE A DU ANE AP AR AR AR AN . B R R
(BT R DG 3 1 i S A B o T 0 ] P A
ST, RE AN ELA SR BT A AR B (L AG
B(EARES 2 52 205 . JE AP Aeuar i 75 22 B R 1
A 2 AN TE HTIB B RE 1 BRI G e 1 A

SCHRL 10 148 T — e e/ N (BT 1 Je%
VR BRTAE: 8 Ao P B WA 5 R I 1) R A 1 S R
AN R 3 P {5 5 Rl ) s SR 11 48
T MR P AR S A i R P DG JRC 308 J0% e 3 o A T 45 SR
BEOMATEE . SCHERC12 T3 s I TRk (A I ) 3 [) At
AL . g8 LR, B K25 o8 R 24
FE— P EREE T 30 A 0 3 R R Bk S A I H 1 I
RAERARFFR A N i T 5 1.

X TARAZE M [ (SNR<<—10 dB) M5 47 Ze ik 5
IFREE BG5S T RE S PR M i e 2 55 1%
G5 B A R A SR P BB £ 32 B K M
PR, BT LR mIE, A SCR A HMM 245025 4%
A B ARG TR S A 158 R 4 i R ) el i ek
i SVM B3k i CR RETEWI ih TARIRZS G S A
PRI E BB ULN I F45 5 5 A IR 440
TEOL) PR AE 2 (8] 38 5o 3 21 A A 15 21 w5 4 25 ]
KN R LA S A R o et 2
15 B I U TR 43 1 A5 5 AR 4, X 32 4
FURZSHEF TR RS,

1 REEH

1.1 FRE SVM £33 &%

FHFm = AL (Support Vector Machine, SVM),
ST Ry I B e/ N AU 118 548 D RS 2 2
T ST AR Y b — 356 T 31 A 8 B 1 B 1) 43 25 2
ALz AGRE ) 8 T T s i s B SR L
PGB ] BT DUF B 7R SNR T Y J6 2k
P PR 2 i DR i SRR [P T, B R 7 o i
SE— AT SRR JE R A7 B (T B 20 i oy 2

UERP ST G I s NP B RY L e e R ES i
Ty 00 25 (4] 3 i AR LA et 15 3 — A R A
RPAIE 225 (1) 7 fol 2 0 P A i s ) v A i — SRR
T2 o - T (80 AR 7 225 ) P9 R o DD T d
DR T~ T A [ A 3.2 A A B R T L )
T+ 3 LA 2590 X531 ) e A 5 ) ot s - 1T 114 225 (1) 22
PR BRI . A SCORHENE ST SR e T b 58 S04
[ AL R Lk AN S SR O 25 3 3 RO T
7325 NI CR RGEHERAITERE

y

1 A5 SR ) AL DR - 1 1)
Fig. 1 The optimal hyperplane segmentation of traditional
support vector machine
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Tab.1 The relationship between error rate and RBF

Parameter S

N=100 N=200

SNR= SNR= SNR= SNR= SNR= SNR=

—5 —10 —14 —5 —10 —14
1.0 0.036 0.232 0.37 0.012 0.228 0.414
1.5 0.016 0.196 0.342 0.012 0.206 0.39
2.0 0.012 0.184 0.362 0.004 0.218 0.388
2.2 0.008 0.18 0.366 0.002 0.23 0.398
2.5 0.012 0.222 0.434 0.002 0.25 0.414
2.8 0.018 0.266 0.458 0.004 0.296  0.45
3.0 0.02 0.294 0.468 0.006 0.328 0.468
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