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Spectrum sensing method based on Inception-BiGRU and attention mechanism

Yin Xiaohu Zhang Anyi Zhang Keke Tian Chong

(School of Communication and Information Engineering, Xi'an University of Science and Technology,Xi'an 710600, China)

Abstract: Spectrum sensing is one of the key technologies to alleviate spectrum resource shortages, and intelligent
spectrum sensing has become a hot research direction. To address the issues of insufficient feature extraction in existing
spectrum sensing methods and poor sensing performance under low signal-to-noise (SNR) ratio conditions, a hybrid
spectrum sensing model is proposed. The model consists of an Inception module, bidirectional gated recurrent unit.
temporal attention mechanism, and fully connected layer network. Firstly, the Inception module extracts multi-scale
spatial features from the received I/Q signals. Then, the bidirectional gated recurrent unit is used to capture the
temporal sequence features of the signals, while the temporal attention mechanism enhances important temporal
features. Finally. the fully connected layer network maps the extracted features to the classification space of spectrum
states to complete classification and recognition. The experimental results show that the proposed method significantly
improves perception performance compared to several existing spectrum sensing methods. The overall detection
accuracy of the model reaches 84.55% , and when the SNR is —20 dB, the perception error of the method is 24 %. The
proposed method also demonstrates good adaptability to various modulation types of radio signals. It does not rely on
any prior information and exhibits strong robustness in low SNR and complex radio environments. This approach
achieves an effective balance between perception performance and model complexity, providing a new solution for
intelligent spectrum sensing.

Keywords: spectrum sensing; deep learning; Inception module; bidirectional gated recurrent unit; temporal

attention mechanism

] things,IoT) N\ T. % fig Cartificial intelligence, AD) £ AR )
FIZ LR L DL K TE R A 2R 40 M £ B0 R GE B KL A R
BEA 5G P 4% B9 R HUAL &6 & . W 3K M Cinternet of  FS503% W 5 ol v LA J 7 oR T M 408 26 [ K 3 {5 &

il

W H 9 .2024-11-18
* HEATH BEVE A BT RITE (2020GY-029) ¥ B

¢« 90 o



B E F A T Inception-BiGRU #wix & /1 B 69 97 1 & Jo 77 3= BF 1T

6 1

514 (federal communications commission, FCO 5% , [& £
R 43 B SRS R S SRR B R A R . A T X — IR
B, Mitola # i T IK M 4k H (cognitive radio, CR) #E&™,
CR i i3 K M #Z A FH ' (primary user, PU) IR & B 52 4L
J1 (secondary user,SU) fEE AL 2> 4 b 4 FH 25 PR 33 B, AT
G i S B R 52 RS T SR BG4 =2 () 1 o I BRI T R AE i
P %E, BE I (spectrum sensing, SS) BEW K PU i
Beity o HPIRAS SR IC R R G b i — TR B R

5 55 B3 1% J8% S0 AL % AL 45 BE 12 46 U Cenergy detection,
ED) ™ |V e 358 I8 #4400 ) 478 B PR R AE A I RRR AF (E
Rt A X S Bk e T AR R IR Bl 5 vk L 7 S B Ry A AR A
B Z 15 5 TR 7S 0 50 3 TR S HLE LU S 30 As D A 5
A6 D P R 1 - . E B 3K Bl 09 0 R SRR N Oy vk P, i
HLA 2%~ ) (machine learning, ML) 77 % {1 5 3k F Fifi #1 7% Ak
(random forest,RF) .k i 4P (k-nearest neighbors, KNN) F
L i 1A B ML (support vector machine, SVM) %5, X 86 5 1% fE
A /NG SR b 2 B3 B 0 E | T RO N R AE
FRHH 5y Z W T3, MR F MR LM E R 5T R A
RS,

AR HHE N T REm Rl & R, C B 205 iR
[ 2% 2] (deep learning, DL) I F F 55 1% & 404, A1 b F
TR GG N BB A ML Jr %, DL J7 ¥R RE 8 H 8 A7 5
B v 2E 2 JF SR BUOUR T2 RRAE 90 I S8 TR T, XA S R A 1Y
AL A SR [ E R RE ST, SCERC12 48 i T —
Fh 35 FH 4 28 X 4% (convolutional neural network , CNN) Fl{&
A2 M 2% (long short-term memory, LSTM) & 17 HY
DetectNet S35 B 771 , 18 FI T A5 A7 9 11 7 =X, I 76 46 )
PERE [ AH H ED, LSTM HI K B #t 28 W 2% (deep neural
network, DNN) A Jir 4 Ft 5 SCHER [ 1348 ty 7 — A B T I [i]
£ 4% (temporal convolutional network, TCN) B4 I 7
.5 ED AL G iR 27 ] 5 % CNN.DNN A 425 1
R RE L PR T AR A2 R B SR 14 148 1 T F LSTM
R AL R 7 ¥ & 43 A P D 4 5 5080 R0 B - e R AiE
FE i A ITAl LSTM R 4% (9 43 JSRg L 5256 45 2R R Ji
TRBHE Y LSTM 43 28 4% 10 70 250 BE A0 7 566 TR 3R T A2
Jr2Ean s SCRRLT5 42 Hh 7 —Fi il CNING XU K 190 14 M)
#% (bidirectional long short-term memory, BiLSTM) 1 H 7
B SIHLH Cself-attention, SA) ZH Ji I T4 BE 41 22 190 4% 4 11 Jak
HUBERL ST B A I SR R 58 22 5 SCHR[ 16 14 i T —Fp B
CNN HI LSTM F47 6 2% 1) 551 3% Jg& 1 75 12 - 4 Bl 15 >
P BT 23 SRR IR, 2 G 0 HEE 4 R A A R O T AL AR SR ED.
CNN #1 DetectNet 775, 3 H AH Lt DetectNet 75 % B A 5
A& 2% B SCHk (17 16 CNNLTCN A4 B 35 77 B2 g
(convolution block attention module, CBAM) &% &3 o il
1k 5328 AT A bR A A I, HG A TP BB AH LE T DNN
CNN.LSTM il TCN %4 T el

TETA I TG 2R H (1% 451 3% J8% A1 43 35, DL S5 5 e 1 1Y)

fE22 2T RE 7, BEAE F S KR TP 4R IBOCC AR B, 35 $2 Tk
HPERE. 7ER SRR B MIELLT A5 S FRE U] ., B
T AR R SR ZEAR AR AR W8 LE 2% R T o ol T M 75 TR A
LAFHERIR NI I 278, A 7 e LA SR BOCBERRE
R RS TR AE B R ) 2 B, X A IR M LU 3R 8
A SRR AT 55 MR SR T I 2 B R

It o T FE AR AE M LU 25 1 TR 38 43 48 BUB I IR 285 1 56
BRARE A SCHE S T — P 455 Inception . X [a] |15 115 30 8200
(bidirectional gated recurrent unit, BIGRU) . i [8] 3 & 1 #L
#il (temporal attention mechanism, TAM) Fl 4> % 1 )2 M 2%
Y CH-TBT) 7 2 400 1 R R A Y 3% B8 7R3 40 Inception 46
PR B W AR 5 10 25 RLRRAE , £ 8 FRAE R 5 R )5, R A
BiGRU TR AFZ {55 (9 R (8] 454, 33 i TAM 58 4l ¢ f
WP RRAE S5 30 ik A 6 8 B0 42 2F n L B9 e I R R TE e A
I Hd SRR T RE A AU S TR R B b SU X PU B
PR 3 AR 5 TR B 2 R B R RS R B B WAF S
FEA S A H-IBT 45 R 8 47 1 S5 s 75 Ze b T I B2 e 422 e 39
P14 S A A5 SR i A B0 1 2 52 A A Y b, 15 3 PU B BE
o L . R ik W R T TR P e HLBTRL AT e
T I S AT SRR SR [ B A R 3 M A O[] O
il 07 2T Y RS

1 REEE

AT FT % S8 PR RIN A G R L b 5, SU 78 % A AT 1]
SEU FIR ARG AL R #EAT A AR N T L T IR 3R 47
FOBUBR R AFAE PU R 5, B35 8O T DLy — e ik ik
e 6 1) R

! H:{w G},
{I;(")};,\:l =
Hl :{he

iC2rnf 4e, (1)

si(n) tw, ()b,
D
K. H, ERBBEPAREE PUHS, H BRFB P
EPUGES; s;(n) B PUKRENES, w,(n) XRBERN
TH2EN o, BIE ST TS, o A D JE 3 0 5 A
ek fo APOIERE; oG MBS, N Ik
SRR .
TN O Ik R dE R EE AR TIESE P,
R P, FIRKHER P, E LR
P,=P(H, | H)
P, = P(H, | H) )
P,=P(H,| HD
Hrp, P RRBER R, FETEWE, AR P,
fEL3 5 SU K J0 1 A6 280 fef P 03 5 3800 3% R R R I
B P, 28 PU TAEZ B8 T4, NITFEIR RS
FREE . — AN T A RN A R 7 AR AR A R LG R IR A
&/ P, FIP, , A 3Cf H BT 2 (sensing error, SE)/EN
PRI By I e REFR AR B P, R P, BT (E

« 9] .



48 % woF o om T #F K
RN 2.2 BiGRU
SE — P, +pP, (3 2 TR 25 0 45 Bk = % B 40 1 T A B RE L

2 H-IBT BEEAKFEIE

2.1 Inception 1R

Inception W25 4544 1 Christian Szegedy 7F GoogleNet
T R AR T A SR T IR AT A5 4 i I 45 T [
2SR T 4% 58 CNN AU B O AR i B a0, 2 22 JEAR
S TEIAT I 4 R[] 43 20 A R ) R H A 46 B DT 52 31
X A A B 0 22 RURE FRAE 48 B, 33X A B T3S 5 T R 46 %R
[ R R AT B o7 M 47 R T IR B R YRR AR AT
BG . FEAKG 48 TR B S 80 15 L T 5 Inception B
HUREHE I 2K T F & L 2 RE I RRAE , DT 48 T8 R0 19 3% 3K i
FIXERFAE (8 P R0

5 B R T A ) 5 RO L O TR e DR AL A
B ANHIE, A 3CFR H B Z M4 b 1) Inception 4544
X P A5 AT RRAF R B, 58 o A W] — e W 4% 2 B O e
AN TR RUBE i A5 FR A fiff ) 2% B 4% [m) B 2 B 22 > RUBE |- 19
AR B B4 U2 5 W A& IE 2k M 52 JT (rectified linear
unit, ReL U #EA7 HE 4 1 A B, $12 T A5 2 1) 31 530 550 56 i 65
BRBE SRS K TR RORE B9 45 B e R R 4k R b EAT BF
A U N W RIE RN, MRl 1 R,

A
| memia | [ semea | [ wszia | [mrosesis
wEs | | smELs | | smE

ERE

Kl 1 Inception [ Z& %1 dk

Fig.1 Inception network module
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Fig. 2 GRU basic unit structure
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Fig.4 H-IBT network model structure
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Fig. 6 Comparison of sensing error of different models
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