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Domain Knowledge-driven Modulation Recognition Method Combined with Deep Learning

LIU Gaohui,ZHANG Yu
( School of Automation and Information Engineering ,Xi’an University of Technology,Xi’an 710048 ,China)

Abstract ; Aiming at the problem of data redundancy and poor training performance under low SNR in data-driven deep learning modu-
lation recognition,a dual-stream network model based on domain knowledge-driven approach was proposed,and an adaptive attention
mechanism was introduced. The domain knowledge of communication signals and principal component analysis algorithm were used to
extract key dynamic characteristics, which were then employed to initialize the convolutional neural network and improve initial train-
ing performance. The 1/Q data of the signal were input into the initialized CNN to extract time domain features. Meanwhile, the bi-
spectrum data with noise suppression characteristics were processed by diagonal slices and sent to a deep residual shrinkage network
combined with a soft threshold denoising algorithm to extract frequency domain features. The time and frequency domain features,a-
long with domain knowledge,were combined to form a joint feature vector. In the classification stage,the adaptive attention mecha-
nism filtered redundant features by dynamically adjusting the number and weight of attention heads. Finally , classification was comple-
ted through a fully connected layer. Simulation results show that the recognition rate of the proposed model reaches 87. 9% when SNR
=0dB, with a maximum recognition rate of 95. 8% . The training time was reduced by 6.40% to 39. 68% . Compared to other deep
learning models, the proposed method demonstrates better performance with fewer parameters.

Keywords : modulation recognition ; knowledge driven;deep learning ;network initialization ; attention mechanism
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TREMIRHIERE. 5 2 HH K S A BUE 3K 8l 2 M 5
AN A SCRR T — A T B R TR B Bl i B A A I Y 4
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B RS AREEE (PSK) I 7 AN, R B B S B/ S
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2.1.2 BEBAPZRALEH

SoF T TR 22 ¥ 4% ( Convolutional neural network , CNN)
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B 1 2 PCA WL TR M 28 451
Fig.1 CNN structure initialized with PCA
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2.2 SUSFEREX
2.2.1 HEEBETHRGHEHE

XLi% ( Bi-spectrum ) £ 58 15 5 5 19 B il A 9 =y R E
WX B MRS A TR MR R . SRS, B as
TESMIEE AR S, SRS R Ik T X%
RAERES T .
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PSR RGERAE BT 58 SR A5 5 S S IR, 835t
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817 L P25 e i B8 BV 2R 7 AR A8 BE AR M A TR REL. BRI
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A, REE I B2 IER, By N BMEALET R RGE ST
FHIE A B ) A RE LS B BUE YT R FRAE.

FIA ST J5#) DRSN P8 42 BURAAE IR AR A0 I 2 firas,
1 BRC gt 19—k ( Batch Normalization, BN) /2 .ReLU #
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Fig.2 Soft thresholding processing of Bi-spectrum features

WSS , B2 F ReLU i pRECH 9 2 A1 2k 15 %) ReLU ¥
5 R AT SRR R BUBUSAS . # Zxd BRC Ab#5
PR R A [F] i B A 2SR 22 85 M v, i 2 R B e b
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SR A A TEE B AL 43 5 AR R4S Bl A W A 7, A
W45 B %22 B 946 . ReLU F1 Sigmoid 375 oA 44 5¢
TR H B2 5T BUE, A RUHBRE 5 T RS SR IR (E R LR AR
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1E DRSN P48 - /4 45 fy Ha B, 5 ResNet50 #H [, Res-
Net34 FE R BV RRHAR LAY BN AFHSHERIK, 5
P2 B PR A e /T B [N MR SO #% ResNet34 S 45 4
AIE $2 R P 2% = (A 4.
2.3 HENFEOHNE

TR A ST YRR R U 20 5 I A5 B4R L
FHERBIE S MR BRI 51 X, TR 45 5 BB R 5
A% A DRSN M 452 3 2 845 5 ST AE £ 51 X7, &
JEBRA S ATRRHEFE] X° TR A R B 2 RHE) P F)
X, FmN:

X=X +X +X° (17)

R P AL 5 £ 3 7 B MLl ( Muti-Head Attention,
MHA ) 54 5 5 2% (W 8] B, AR SO T B 38 B EE = A pL] (A-
daptive Attention Mechanism, AAM ) 3837 MHA Y ZLRE |3
BB H DA SIS B

XSS h NSk BN ER TR ME 3 PR, BEE
A&k B PBE TR LM EEE, IR EEME R
FAG PR TR T B ; AAM 8 322 3 1) B T A R A B
BRI SR h AR — AR SR A T
B G, SREEHIB AR I R M BIE IR, ik B T AR 4
H5MRESHB BT RS L M.

B3 2 hASkE BT ATE

Fig.3 Adaptive attention calculation of the A-th head
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K =XW, (19)
V=XxW, (20)

A, Wy W Wy Rl 22 ) M E R M, B i 2 ) iR
A 3 i SR AR RIE YN S8R By e,
KRR B E R IR IR E A% X T 5 b
kAT AR HA
Hh =Ah(QWQh’KWKh’VWVh) (21)
P H, K5 h SRR A, FRSE b ASKER SR
BOAEE s Won, W, Wy AR S B AL AR SEAL T AR RE. 45
EHIE AR R R T ARG AR Z B AR S, HoP A, 1Y

HEARXERA:
QWQh ) (KWKh) T
A, =Softmax(7 -V, (22)
o)

K1, dy R 2k BY4E L ; Softmax 3 %0 T8 — AL AT 3 1 4t
2 a1
XA SR T 3T T B T A LA B i L v i
UIENIRIR S S I B R
G,=0o( W H,, +bgate) (23)
A W F by R F I S8, 0 () g sigmoid B BREL,
RS TN b =i B s I . 2w
H,=H,0G, (24)
X, ORISR B, RR I N EA LN ERNER
J13k.
Bl BB N R IS 2240 3k B AT A2, @
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BIK HERIAFHE G R BRI R AN Z IR R T,
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AAMuutput = hglgh'H;z (25)
K, AAM,,,,, NS RS KBS s H sk
W s &, FRER b ASRIIE, T RARRR N

exp( score, ) (26)

Er="h
h21 exp( score, )

KT
K H, score |, = 0. K,

/i
2.4 HERRE

FEAN LIRS (15 HOHE A B | 2 R 4R B M) 2 B R
MEEFIRS 222K 3 A EZ WSy, SRR B TAR QA 4 B

- B G, BB 2RSS 18] B U R N B TR S b
TR PERE AR T, RHE T AL B B BN 4 S ST XS X A
W ABLURREZHABRL &, ETHESHXED)
AN R R 7 AU B ARSI TR R T
SRR 3l B ol OO T % T T A TR i 3SR AR5 |
T PCA W6 AL & B A 2 W 25 R BU(E 5 10 i BURRAE , 1R
Fi] DRSN Xt {5 5 (9 XU E b P2 OS4SR AT 5 7850 K B B, O
T HE— 0 TUARFRE JF R T 85 B, A< SO i
SIA B B B LG, AR Y 45 0 9 2 2 A A 7 O
AMER AR BUAUTE , AT 42 5 6 20 X S B P B S T
A A TS IR S R SR B R R R 5
L5 BANS A NE S RSB, 5 B R
R R EL 26 T B R PR B

Sy ELy I 4o SRR L P miky LAF =
’ﬁ"i‘&%{n‘?‘ iﬁ%ﬁﬁ Fj“ﬁ —»] *Tﬂtgﬁ |—| g‘% ﬁm%%
1 lPCAm’aw — . T
™~ N Be FRIERUE LSS
RN N G N e M s
AEETED F A2 4K ) SR AT g%f%& thE BT e
[ !
HHATRUERT - o | i L] T —_—
ot &iiﬁ DRSNR]% RBUTEAAL i frias TAL Ty

K4 SRARIKS ZRERV S /R B R
Fig.4 Process of domain knowledge-driven multi-feature fusion classification algorithm
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T B AT A K SRR SR BCRD 3 N R L
HIRE S , ARG 67 35, AS T3 ARRAE R 3 AR R
BRG] ARG T RS T R, EEE R S B4
0 3 o R AR P P
3.1 EHREHFEE
3.1.1 #EENS

Zs 3 f# B§ GNU Radio + Python # =, & % iy Radi-
oML2016. 10a 2R 4& £F Jy 2% ST B I 25 R0 30032 19 B i
BRI BURETFERES 1. Q B E5EELL 2 x 128
WA, Ho 128 RREBAMHEAKE. PR E LS THE
HERHER KRR SR A ERAT TH
FHEHFEGIES (L& 8 #EFH . 8PSK,BPSK, CPFSK,
GFSK, PAM4 , 16QAM, 64QAM, QPSK; 3 & 1 18 %) : AM-
DSB,AM-SSB,WBFM ) 3t 22 F A2, EM tL A — 20dB L4
2dB ShMIFRELE 18dB. BASH & 1.

TS, SR e 8. 1.1 FENL N 3 4, H P 80% By
FEARE TR NG 4E, 10% WAE A4 4 AC B e, F| T
10% B4y B BIREE. RIS A5 SR A 3 25 B s ) , X AR IBLAY
B BAE SHERATIH— b Ab . A SCR AT —1
2, B min-max $RAEAY , B2 TR 1A B i 4R AR AR B I 45
RPSHBI0,1] 28], Sk 0y -

S = Smin

(27)

§=
S -5

max min

FoH S AIREAS K SO SR A R AL, i AT REZA XS L R B
(i fe/IMEL, $ S IH— Ak Bt 5 Y $hE.

#1 RML2016. a BiE&ESH

Table 1 RML2016. a dataset parameters
% ¥ Bl

SRAE T 200 kHz
TRREARAR B AR 22 0.01Hz
BRI 50 Hz
BPITR B AR 2 0.01 Hz
TR BRI 500 Hz
PR SRR TR T AR X 8
FOME SRR SH [0.0,0.9,1.7]
B HER BN B IR EE [1,0.8,0.3]

3.1.2 £B%B#EEFE

AR Rt R o, DARRAESE XU R/ 4 2% s, R
4 T L2 EWEARN Adam PEIbARVNER, WIth > iR
0. 001, HEALBEAMR K 256 , FF B iiF 4t 28 A %42 10 epochs Py
B I b A AR R AU A2 1A A I 25,

SEy RSSO Windows 11 #24E & 48, 7E NVIDIA Ge-
Force RTX 4060 GPU #£#; i9-13900HX AbHfs i+ EE &
SEIR, BR B 2 ) B 25 R0 4% 41| 45 % F Tensorflow2. 1. 0 + Py-
thon3. 7 Ff GPU fingiil| .

3.2 PCA IR ITESRE

SHEIE PCA BEHT 46 HOA EE X P45 s AN 21 A St
FASCHR B PCA SR AN HER AL L 47 i AL B v 5 B LA
ML s Xavier Pih kA B 1 He Witafbs " R =
2.1 R 9 CNN Z58 thiftd T T X L SE 86, 4645 F BEdLY)
TRALSEIERT R WNIE R 0,35 ¢k 22 2 0. 01 f S a7
FEAL R AL ARG AN EE ; Xavier 1 He 4R 4055 B R FIE 0L, A2
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RIFHT—ZHA 55— R0 M SR B SRR 1
RIS , (E P AR 4 2 , He BTG ALK AL E R 46 (b 38 53 0 A7
B R AT A R BCR FEALAE.

SCH LAV ZRUERA R AN G BASE N I A R BB R 1L
B B PERBARAE , 3B S REAL N R X LR B I, 4 38
BRI BE R 40, BB ¥ > 4 0. 001, R HEAT 10
WEEER 5 AT - 3B A D PRl b of.

%2 BT IR
Table 2 Performance comparison of different

initialization methods

o T ik Epoch/ PR
TR/ %  WE/ % % [f/s
Xavier 74.1 50.7 40 640
SRy RIIp ke 73.6 49.3 34 510
He #j#54L 80.7 56.3 24 408
PCA #jia4k 82.5 60.2 31 393

H1R 2 AT, FEVI SR e R 45 47 |, PCA IR LB IA K
FABE =N A A RE AT, e i 52 82.5% , #
RHER AR ) 60.2% . Wb, FEVIZR AR AR |, PCA F1HR 1L
I B ] (393s) 55 He %454k (408s) H:¢F- , iIX JE 5 04 He %))
TRACE I AR A R BORIE M ReLU BE o& $0AT 1T, 19
DT YNGRKER, {5 PCA S5k Rl 6T A /T REALAI A6 1k (510s )
A Xavier 77 (640s) . fJ5 , 76 Epoch YR £} b, PCA #14H1L-F-
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initialization methods
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Table 3 Training performance and resource

requirements of different models

ZH iR BRI UI%

i
#/K WR/ % HIR/ % BIF/s
CNN 4526.21 56.08 79.1 510
CLDNN 642.27 61.87 82.5 572
Transformer  5187.95 62.83 91.3 478
ResNet 4398.67 60.5 87.7 630
CNN-LSTM  10592.81  62.43 89.6 630
AR 4174.69 64.12 95.8 380
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Fig. 8 Recognition accuracy with different input features
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