2026 4 5 A
BaTH B 3M

K K AR (T % W)

Journal of Zhengzhou University ( Engineering Science )

May 2026
Vol.47 No.3

XEHS1671-6833(2026)03-0076-07
#F BLR F1TH MBI ZESA TR 5 77 7%

LM, HBRA, WO, AR, RikE
(FBM K2 R S5 15 8 TR 2EBe, g FRH 450001)

B OE. ASIAATERMZML(CNN) @B R F k5T £ —BAHIE (4 1Q A7) ) IR MR AL SRR
5 SR EF P BT —A R T kAt Ie M % (BILSTM) fo 5% £ M % (ResNet) %9 % #5 2& 5F 47 45 #4384
R A ik (BLR M%), %26, @it b & 5569 BILSTM 42 B 1Q # 3% 64 i F 45 42, il i T £ 9% 49 ResNet-18 32 IR 2 A
09 = RV AFAE ; HOR B R KBRS R R BATHAE GRS, AT ATIR S S KB 0 B AME RS 5 BB AL 69 4 A2 4R IR
B A 342 SR B AE X BEATIR A, A A TF 2P E RML2018.0la L3477 £ hdE, 5% 2 A% .BLR WA £ 6~
30 dB /2R L X ] A 69 AR IR R A R AL E R 96. 48% AR T £ — AL A 49 ResNet A= BILSTM #£ A 5 5142 A T 2.61%
#23.91% 405 T FF B 2 M9 CNN-LSTM AR 5 T 1.25% , 3548 T PT4AE R f2 8 ) 42 30 191 22 b o9 A 200

KB A AR, ARV ENL; FEE,; HiEmkd; FTREH

RESES . TNOIL 7 XEkFRERD A

H 30 18 il i ] ( automatic modulation recogni-
tion, AMR ) J2& il {35 17 2 Fl T X 4 P 19 e S R
ARG SR ZBRERMANT, A
PUN BARE S 8 6 07 30, M58 AMR J5 vk E 251
S L TR R 56 1 de R RLAR D ik R Ty
TIE S A AR O ok A RO K R SR R A
BT A R HE LAUGE N B A H G A B O A R
FRIE R, (HAE AR A M L ( signal-to-noise ratio, SNR)
FHT VU EA R, &AL YR T
FEI R A 5 58 PRURIT N T RRAE 1) 4 6t BIR il
A S RN e A Rz A RE
AR G2 2 (deep learning, DL) 15 K14
AU A RIEE AL AR LT R AMR 42
BRI, ST IRE B AMR 2 A
SR BUE T AR, 35 B AR Se 505 B A AR [a] i)
552 2% M % 30 B8 b i B A OB U BE . 2016
A O’ Shea 2517 %A 2 1 2L F CNN ( convolutional
neural network ) AL B Il B RML2016. 10a %445 45
H 55 1 1/Q At A7 98 ) YU, 3T 8k 1 4% 52 9 1)
U 7 1 [ A R PRk, BEJS , Wu 1 R K
K HF A0 12 M 4% (long short-term memory network ,
LSTM ) $2 {5 5 (4 I 18] 2 510 1, 72 CNN Y BE Al 1

75 B #9:2025-10-16; €17 H #§ :2025-11-24
HEEUH . BERXARB=ELETHIH (61901417)

doi:10. 13705/j. issn. 1671-6833. 2025. 03. 019

SIAT LSTM, JF AR TG tEfe, b T HEE 2
(38 i 7 30T ifE — 2B B W RS B, Wang %5 BEF T
— ol 5 T A L AR A ARG MR LT B S B
A IR B BB 4E Y R ResNet 7625 T 5
Wtk EEUS 25 95% 19/ JER R, BT Y 5 A
LTt K 6 130 A2 ) 4% ( BILSTM ) B 4 i 1 HiURE AR 1Y
IR HRAE TR 8 T 242 595 1538 T 15 5 1 iR 91
R AR R T 22 0 o B U 2 0 45K B RE A
I 0 B MR PR R 2R e PR R AT 2 ) FEARAR MR L AR E T
BUAG T8y e fe . R TE R T — b
T B[] 4 FE I 2 1) 98 R ik R T i B O
R TR 5 vk TR U SR AN o 28 I 4% S 40 K
IF] A, West %' 42 1Y CLDNN & & 22 44, i@ 1
CNN LSTM I DNN % 2 3K 35 1 52 80 1 i 25 R AE 1Y
AP, SEH S B T —F CNN-LSTM
S % 3R R TR B B s TR Q A A
SRR At T 2% S 4 B B S A 2 T
R UE AR R AR | AT 48 5 A5 700 (14 R F 2 3K

S b R BIF 5% A 5 5 1R RS B 5 it BUAS T
B K ZBO07 A F EAR B — 1 101 B, OF
KSRGS PRI ZHEEGE . HE 2 A
AlA 1 & B 5T A8 I R B AS R AEAS [a] Y) B

YEE B VLHE(1956— ) 3 VLIR Ml N M R 2 0 b2 1+ 1 A 30, 2N GG 5 3 A5 54 D & i X
PLAEHT 5T , E-mail ; jh653@ sina. com,

S| AR VLM, BRI A, 45, JET BLR JRATE5 M 2B PR HIR M Ir ik (1], AN K22 4 (L2 R ) , 2026, 47
(3):76-82,116. (JIANG H, XIAO K J, HU P, et al. Multimodal modulation recognition method based on BLR par-
allel structure[ J]. Journal of Zhengzhou University ( Engineering Science) ,2026,47(3) .76-82,116. )



%3

VA % LT BLR JRAT 854 10 2R R R0 O Tk 77

AMEXHR TR BIMERE R B Bl 5K s
FIH 2 BB Al A 0 7 s, i o T 3h 8 F B )
o AR R AR B i = 5 A R I R R X L Y ()
W Qi USRI T T ResNet B9 IR B — M1 £ 4
ARG T B TG T CNN A SRS J7
B T W PR T, T AE 256QAM Fil 1024QAM
A6 v B30T R R R U T B I RO

fHE 5 R KRBT Uor oy 3 2K T4 FARE
FoR (s B ge i BRRAE SRR AE ) F 8 R OR (a0
1Q J7 3 AR W AR 7 7 371 ) A A5 2 s (a2 e &1 Bk 45
R IEI SR . Horb 1Q BoE 6 5 15 5 19 A 47 A iR
JEEA L T2 JRE T 08 L L S WA 5 ) Wt 7 5% 10 R 3
il oA 25 5 . PR, R SO I 1Q Fi 4 A A JE ]
VEN Z A DME T8 533248 AN R 1 B AN

FEF UL R 5 AR SR T — il BT e K
FF T A2 O 24 TR 3% 2 T 4% - Bk 45 ) 1) 2 5285 0] o 1R )
77 ( BILSTM-ResNet, fii < i BLR W 4% ) . % 7 ik
R A5 B[R] 1) 2 (1 B ) (IR SS 703 (Q B) AR e
&I BCHE 3717 % A BILSTM F1 ResNet M 4% | BiLSTM il
IR 25 K AR 1Q BRI B R A B I A A s
Al B2 37 25 1] 5 5 ResNet 3 4 5 FH 2 428 IR J88 (]
O JLART REAE AN A3 A S5 BILSTM M B 5k 3y 25 A8
b AR U R HRAE |, ResNet W25 (4 JL AT 43 A3 p 3K
B2 (MR AE s 1 — 20 Fn 2 50808 19 R ) J2 Ok R
TER B AME o e, K 1 S B B R 0 SRR A ] i 28 5
RATRLG  JF R AR )2 S8 T 0 WA HE S
A sl U

1 REEBSE&ESH

BT DL A AMR REHM Y E 1 R, &
S AT v, (1) S RERE s (1) ,s,,(0) &
PO =R1=Ni | B I L WO E A e @ E P
FWES (1) ATRARR N
ra (1) = s, (1) *h (1) +n,(1),
Sty (o) AR7 (353 o
W o R BB,

B, (1) | Bl
HNETx,(0) 5,40 1D (0

—»F%ﬁfﬁﬂﬂ% fa — > B E

Wit 5, 1) 0

47{"%%1?1 47 AMR

__________________________________ ¥

W RALR |
(CNN/LSTM/...) " (BPSK/ASK/...)!

(1)
Bis o, (1) fo g

1 ETF DL AMR RS54
Figure 1 AMR system architecture based on DL

TETAL BB B, 220 Z B0t 3 AT A2 B Ak B
AT LURAGF IS5y, (1), ATLAFRIR R
Vel 1) = ¥ (1) + j¥50(1) 6 (2)
Ay, (1) FoREERE S LG5 ; y,,(1) Fomdk
W1 Q B 55 v, (1) BRI RS BIE,
1.Q W I AT A% 4 oy 52 Bk ik =X, o vl L
AR AL 5 1 W8 BEFAR AL A5 L, AT LSRR
AL (1) =y (1) +yl, (1) 5
Yaxo (1)
v (4)
BRI IR ; P (1) RRfES

(3)
P (1) = arctan

A A () FRES
WA AT 3
2 ZIEASTH BLR F B W4 4544

ARSCHF B BLR 1994 A 2 R, £ 4

ﬁﬁﬁﬁiﬁl%%@%ﬁ&%@%3¢%“o
WA HBIE

Ez BLR [ 2 & 8 [
Figure 2 BLR network model diagram
i Ak BRASE B 5 ] T 50 BB S A T 45 i 1
#TAE, BEDFEA Y 2x1 024 K/ A, Hodr 2
R T.Q MK ;1 024 fURENFEATE 1T FEA Q B I
R FE B H o B A Y DR IR BOHE A S
P 2 Ak R AR S TR A Dy R T R T S
DX £ HE 42 Fiy R ] < J BH 9 12 9 4% ( BiLSTM ) A1
%25 W 2% (ResNet) I R4, |3 B 19 BILSTM
25T X SR AE 1Q BHE AE B[] )3 51 (4 R AR AR
BiLSTM M 48 4544 & an 1l 3 B .

iz °
%ﬁgzinfﬁkjémfi /e © [@M‘q
—A/& u' :g: tanh <

KR f,fj_ T b B ;.Jr_‘_,- i 9 h
$€*)\}='Y V Y. Y B0 ﬁ?)\n

71023 x 1022 xk\

B 3 BILSTM R % &5 &
Figure 3 BiLSTM network structure diagram
BiLSTM J2 — Ry 47 1E S [ 3% #2 9 LSTM 6 2%
WEFE R, B X F ST 55, 8 B 1l 22 190 265 75 41l
L 1] B AR T AT LA R AR B IE 1)
LSTM $% i [] 2 I 72 3 47 4k Bty A R 5], LSTM 119 4
— A B AR S T AT BT 3 A4

W)




78 PSP PN i 3 - S QRIS )

2026 4F

(R SR EINVE L TER =N L PN £ L R gE
A B AT AT L S 0 20 B RS AT U I S
BRAR L, DT A G 5 1 s S5 20 MR 2 . i ) ]
AT TE 245 i 1) T g b B Bk S b, LSTM A9 H.
SIRCReR W]

fi=0(W, - [h_,,x] +b); (5)
i, =0 (W, [h_ ,x,] +b,); (6)
¢, =tanh(W_ - [h,_, ,x,] +b,); (7)
¢, =f ¢, +i -c,; (8)
O[=U'(WU' [h,:—l’xt] +bu); (9)
h, = 0,Otanh ¢,, (10)

KL £, o, AR IRT] HATT H TT E f
th; o KR Sigmoid W B E; W, KR TiEH B
— I 2 BRCR AS A, YT x, B A R
Chy_y v, ] Ros¥ b — i 20 BeOm iR 25 70> 1l A PF
B W, W, W, a3 3R R AT AR A
TR FE R 5 b, 278 Y HTE 200 BRRIR S 5 b,
b.,b, b, il FRost T AT T AR

251 B 1] 2 s tanh S SR IE DIITE pREL; ¢, BoR
YR I 20 R £ e B TR N2 5 ¢, Bl e, 4 3ROR
YR ISE Z00 () B R S A — I 0 O RS O &
INBEITCR TR

J ] LSTM $# i 8] 26 D A7 21 46 b 38 50 A 7 51,
FEAN I ] A5 ) B HOIR 25 R, FTBR TR o, AT R 26
U2 3T T BILSTM (9% i 2 AN 77 ] 1
FECR A PR A, = (11) FrR

y, =Lh, k' 1. (11)

TS R A B 25 Be PR T Y ResNet-18 %)

% T ARG S 1 25 [REAE . aniEl 4 Bios

Conv7x7, IMaxPool2d|
3,64, Re 3x3, BasicBottle|
EREE stride=2, a stride=2, x2
adding=3 padding=1

64x64
256x256 128x128 64x64

A,
‘_[Bastottle BmchoMeHBasiigotﬂe]
32x32

8x8 16x16
1>1 024 downsample downsample ~downsample

Bl 4 ResNet-18 # 8 £ E
Figure 4 ResNet-18 model structure

ResNet i 12 75 A [F] )2 22 [B] U8 4428 3% 422 (short-
cut) JE A% 2 Bt (residual block ) 52 81 T 4 AY i1t )1 2k
HRRE AR T, O e T 2% 2 A0 T R 3 Y ) %
BRI AL A ML IS AR )2 (batch normaliza-
tion, BN ) 7 — & B I Ffff P 1 B B2 T 2% FIAh J32 5k K
BRI RS . ResNet Z5#JUNE 5 TR o

ResNet-18 [ 45 (11 22> 5k 22 B3 25 1M i, 451> 5%
ZEYLE A — WO R E, DT A 15 0 2% 2% ) 3] 4E 25

BRI, - G 1 X 4 dek R T 3 S8 A6 2 9 2 14 1)
B 2E R TR S5 AN 5 BT
t

ReLU

ReLU
F(xytx i

weight layer | .

F(x) T ReLU |1dentity

weight layer
X

B 5 ResNet Z#3
Figure 5 ResNet structure
MR WU T A D 4E Y JE I Res-
Net-18 F 5k 22 H R 5% 22 W S5t m] DL ) 327
H(x)=F(x) + x; (12)
F(x) =ReLU(BN(Conv(x))), (13)
A H(x) RGBSR F(x) RRFRZEM
$ 5 x RARHI A Conv Fn 6 BEAE BN Rt &
HLAE AL AL B Re LU /R 0T PREL
b )2 O T S S TR P B A
B D) %o B 2 B AR S AR R
H(x)= ReLU(BN(Conv(x))) + Conv,, (x), (14)
A Conv,, FTmXEAAMG 54T 1x1 BB,
LT BUS RS EEAT 3 BB AE
PG FRIEHR S PR RS Y AR SCR A
iF 25 il 5 70 2R SR 0 il 5 Ok 42 Tnﬁil/\%ﬂ/ﬁffﬁi i1
JEbG 1Q PG 5 LA(N,,, 1,1 024,2) (4% A
BiLSTM [ 4% , 5 52 8 & 5 s A (N, , 3,256,256) 1Y
HEEIE A ResNet P28 (N R FEALR) | IR b
A K BILSTM Al ResNet W £ i i (4 45 1F S B5
(1x1 024) #% ¢ 1k 4 B JE A7 Pk 82, T 18 (1 x
2 048) MURFAEAE [, ERAT RS SRS AR 48 1 I 25 KR A
A SRR S g AR ) J2 R AIE A T G S A

XA G B R RE 1 e, 40 A i R R
FUCE 287 A B R E Z M R AR R G R LR 5
Z A ST X2,

TE R ATREA AT, T BiLSTM 1 ResNet W45 1
i B 2 SR TT B HLAA N R A RBE R T —
AR AR AN [ R T BN 118 AR A1 X A R 118 52 Wi 2 35
M, AT RLG I RR AR A B 0 B, 5 OB S 4
I K, A SOl I Ak v Ok B Ak e LA

3 BERBERIHSH

3.1 HIEENA

ARICK T i DeepSig 24 @ T 2018 4F % #i 1Y



%3

VA % LT BLR JRAT 854 10 2R R R0 O Tk 79

RML2018. 01a %4 412 . %806 4 2 & B 1k
Ab 3 Y TC L3 {5 15 5 8Os 4 Bl T LS E A I B
TR UEEE S, B 2 o 7 X FM, QAM,
BPSK,AM %), 3 DL 1/Q # ¥ # =X A7 6% , 3& T 4
774 2K B HF 5. RML2018. 01a KIS 40 1 T
RML2016 £c#i 45 i 55 1 5 2 0y 9 il {5 5 25 B Fn o
737 WA W B L, DR S B B R 4 1 15 5 i
A T A AE 5 2 3 T GNU Radio #FE
B, IR R T A5 5 78 L4 An B L i 2 Fh T 40
W& AR5 3 F 24 B R [R5 &7 28, 1
A E TS Rl R HLIE B {E 5 AM-SSB-WC, AM-
SSB-SC, AM-DSB-WC, AM-DSB-SC, FM, 19 F %
8 il 1% 5 00K, 4ASK, 8ASK, BPSK, QPSK, 8PSK,
16PSK, 32PSK, 16APSK, 32APSK, 64APSK, 128APSK,
16QAM,32Q0AM, 64QAM, 128QAM , 256QAM, GMSK ,
OQPSK ., %% %6135 2 555 904 NS fE 5, A
26 FiAS[A] A 15 e He (SNR)) |, 75 LA -20 dB 1] 30 dB,
K 2 dB, BN E ) 7 2 R AE I LA 4096 AN E
S BURERANE SRR 1024x2 19 1Q {554,
K6 J& 6 dB T 24 FiE il X ny 2R, Hr,
BN 2R [ AH 0 8, VR R IR 70y, o WIFSESR
B, M {50 AR T 6 dB B, RML2 018. 0la [ 24 2K
il B 3 e P M LA X 4y, Tk R A T HE R R
PRI AR SR TR ML 6 dB 51 30 dB, 253 H
2 dB, A 1% 24 i il 77 =2 0 BT B8R 45 RML2018. 01 _

New AT 5250 . S 7 J5 i Il 25 R 56 G0 450 R $ic R
8 2 A Lb M1 5 i A5 A K] 4 Sk DI e 4R RN At 4
YAt 2 R/NZ R T GPU A7, R 7 ik =X 48 fin
A 5 2, e AR A HEIREE B 256 N HEA (T A
&N A R JT R W IR AR S R E O 0.001, R
Adam A2 | 38 2 2l 5 AU B2 S O3 1 359 2 25 A
2 2] e PSRN [ I S B O IR B . R
SR pRA, B R RS Ol 256%256 12K . N T B
IR ALLE Y S FE P B 05 TR, 2R i Dropout
TE Ak 7 %, 78 3 U 25 3k AR B B AL 8 35 o A &2
G, Yk B o B B AE ) 3k BE AR TR N 2
FE PR AFE A Epoch YRR AL

A Y2 03 55 56 #1023 F P B Nvidia Ge-
Force RTX3090 GPU S, f& B2 5 94 1Y VS Code “F-
A PEAT SEE 05 B BLR B AR A& 7 Fros

ARSCFIELRNT

HE 1 fnEkiEE RML2018. 01a 5045 45 , i i
T Ak FEASE B A BHT B 5 D o

S$B2 WD, TR LA B IR
3053 NG D s FIINILEE Do

FE|3I %P 1Q A X, =[1,,0,,,
Loz s @ ons | BRSSOl BLBEPE] M

B4 Fyi BiLSTM-ResNet W25 #5#1

SES AT N IIZR L R4 U 1/Q %L
P R R FFRZ 2% A BiLSTM-ResNet I’ 48171145 ,

1

24 2.4 2.4 2.4 24
1.6 1.6 1.6 1.6 1.6
0.8 0.8 0.8 0.8 0.8
20 20 20 =0 =0
-0.8 -0.8 -0.8 -0.8 -0.8
-1.6 -1.6 -1.6 -1.6 -1.6
24 -2.4 -2.4 24 24
2-10 12 2-10 12 2-10 12
Xl xl x‘
128APSK 16APSK 256QAM
2.4 2.4 24 24
1.6 1.6 1.6 1.6
0.8 0.8 0.8 08
20 SN L 58 X0
-0.8 -0.8 33 -0.8
-1.6 -1.6 3% -1.6 :
24 24 : -1.6 24 :
2-10 1 B 2-10 12 “4-3-2-10 1 2 2-10 1 2 2-10 1 2 3
X[ xl xl xl xl
32APSK 32QAM 4ASK 64APSK 64QAM
32 2.4 1.6 9 32
24 1.6 038 :(1)2 24
1.6 0.8 - 48 1.6
=08 < 0 20 =-32 2 08
0 iy 08 e 08
-0.8 -1 : T B -1.6 .
-1.6 -2.4 -1.6 29 B
4-3-2-10 1 2-10 1 2 2-10 1 2 T1012345 -5-4-3-2-1
Xl xl X‘ x‘ x‘
8ASK 8PSK AM-DSB-SC AM-SSB-WC AM-SSB-WC
2.4 2.4 2.4
%"g 1.6 1.6 1.6 16
0.8 O-g 0.8 o.g 0.8
o o o o =4
= 0 BN 0 0
08 0.8 ~ 08 =08 08
75.2 -1.6 -16 *%.461 -1.6
2. ~ - 2. 2.4
210 1 2 ot R R 2-10 1 2 2-10 1 2
X X, ) X, X,
BPSK GMSK OOK OQPSK QPSK

E6 6dB T 24 FiAFIFREER

Figure 6 Constellation diagram of 24 modulation modes at 6 dB



80 PSP PN i 3 - S QRIS )

2026 4F

HemA— 515
BRI SRR AL L | IR B AERE R, W

B W | AT R, I
RERER g

=
B 7 BLR HiiiRiE
Figure 7 Flowchart of BLR algorithm
THI G I HOR I 2 00, Y 8 (LS (9 2% 3
IR R IBE RS W,
FIR 6 FIORAF B fie A A5 2 0f 0 3. 5 4 4 ok
F1 03 28U, 15 BIME 5 i F0 25 R OF S
3.2 XWRERSHM
F 8045 52 RML2016. 10a, RML2018. 01a 17 7
b PR B REAS AR O g A E 5 X CNN R 45 35E A7 31
4 AT B AR U GRS OB RY 9K 5 in 28 0 1291 25
5, B SAE 5 B § 7 2R B, AT AR 2 AN [
BHEAET CNN YR30 3 a8l 8 Firs .

0sf
07
5 06}
N
8
Sos
041 RML2016
——RML2018
03
0 10 20 30 40 50 60

Epoch
B8 AEHEET (,;NN RSN

Figure 8 Recognition rate of CNN under different datasets

mE 8l LA, s R W
RML2016. 10a %4 5 CNN 5 51 5 4w | X 3 i B
K F B A RML2018. 01a K4 5, CNN 5 515503
M T RETRE, 88 L8ma Ro0r, HilgkiEmR
UEL(Epoch ) 35 3] 50 %6 I {5 5 19 ~F- 24 4R 1) 1F iy
B, B S RO R T ROE R JI 25 31— 72
JEJG R BIERE I AN = Epoch BY 3G INAS W 42 T,
FE L AN A R ECERR T

R TS BILSTM A ] J2 HlOnk A5 Y (1) 4 fig 5%
M), A 343 ) e BB 22 L2 il = )2 BiLSTM, X} 24
FiE 5 0P S TR G R AT S0 0, SERR A AR R, Y
S R FH P JZ BILSTM [ 45 Bif | 37 24 37 1) R f 5

ik 92.57% , 3= WI W 2% e % 72 41 42 B = 19 i) 7 15
B YIZE 2 S0 B B (Accuracy )
B SRR R B2 0 B DRI, AS B 5 38 3 SR T XL
JZ BiLSTM 54 #E 475256

SR a1 N IR/ : = S i - VB o
RML2018. 01a %4 £ il il A 23R i e o 2 09 A
M, JE4T T % F CNN, ResNet, BiLSTM FI CNN-
LSTM J5 ik i Il 2k o S 56k e 24 i il 7 =X, 4 il
P 2R e 13 FE MR (M6 dB F 30 dB,
KB 2 dB) , HFEEE LT A 4096 MHEA, F 1
JE R T AN ) B A B ) &2 4 B T B3R %

F1 FHEEXE

Table 1 Comparison experiment
F ik I [R5 4 E AR %
CNN O(N XK, xK, xD) 60. 59
ResNet! '’ O(LxNxK xK_ xD) 93.87
BiLSTM ! 0(2 x N x H*) 92.57
O(N XK, xK, xD) +
CNN-LSTM'™*! , 95.23
O(N x H")
) 0(2xNxH) +
BiLSTM-ResNet 96. 48

O(LXNXxK, xK, xD)

7 1 8] LIE ), BiLSTM 1 ResNet 7£ 7 31 #
W% M T 14 6 CNN 2 F+ 7 31.98% ~
33.28%, U4 Bl T ResNet, BILSTM 7F RML2018.01a
Bs A B O U RCR . S A Stk R X B
AR [ 24 25 K ) B[] A % BE HEAT A0 A, an R 1 5 2 4
iR, HitN=2x1024 Fomim ABIEA 2 DFEE
HEFEFN 1 024 DEFRIZE K K, LK, 43 5138 7R %R )
ARG B S BRI SR 5 K, x K, it EHR
PRYERT ) B 24 B B A ; D Fon i b B g L
FoREBEFZHEE; H = 256 KR B2 4E 8

T B R AR ST B A A RO R 1 R Y
BiLSTM FI ResNet i 47 Jf B, JE s BLR M %5, X
BLR M 4% (%) Z B FRIE Al & S 00 45 R a0 &1 9 PR,
Bl 5 R 5L g HUAE A A — Fh R ] Oy 2R B R —
15 W LE BE ML PR 2E 400 EEAR

100
17.5
15.0 90
12.5 80
o
gl00 70
N 7 train_Accuracy 3
3 - Accuracy 60 =
5.0 —*-train_Loss
2514 50
0 40
0 10 20 30 40 50 60
Epoch

9 BiLSTM-ResNet T i 5 55 5/t 5 2 i £
Figure 9 Loss and accuracy curve of BiLSTM-ResNet



%3

VA % LT BLR JRAT 854 10 2R R R0 O Tk 81

% 9 45 i BiLSTM-ResNet J7 ¥ 78 Il 25 72 p 1
Wk MR, HA Accuracy 58] T 96.48%
21 MK 9 Al LIFE M, BLR B e SR T
() F 273 0 3R AE IR AR I BE B — D 2% LAY (I BiL-
STM F1 ResNet) #£ 7+ T 2.61% ~3.91%, H#& T
CNN-LSTM , 2= SC B & 5803k LA 3S i 12. 89% 1 B 1] &2
Ze B AR e BT OF U R 1. 25% R T, A
SRR F AR SCE B BILSTM-ResNet £ #1385
FROE RS T R e 208 R R AT 55 rh e 9 1 41 B
AN PEBE . 3K o P B Y B AR T T e R B
1) R {F 5 T R AR By, (E 7R 55 U8 52 BR A AT
UiFEY 5t CNN-LSTM 45 &2 7% B 55 A% A A5 784 7] R
HHAWG ),

M 1 AT LLE 1A A 3 00 {5 M LE e Y
XF RML2018. 01a 4 4 (9 % /K 71 48y 96. 48%
J it — 2 BLR W48 X5 M5 5 14 25 he 01, A
Sl T A Ay SR B R VA A B, tn #l 10 B
o 10 H S bR 2 5 S bR 4 Y A8 A R
Xt IO 9 il XA 43 2 o e RE SR T A K I
FEH AR T Sy iz o Oy KR AT E B, H X
BPSK,FM, GMSK, 00K, OQPSK, QPSK % #& 5 3l
T 100% B9 4y 25 5 R, {H £ AM-DSB-SC #ll AM-
DSB-WC,AM-SSB-SC I AM-SSB-WC H =4 T —
ERREMIRE ., IRk F , BLR B R G2 42 1 i Hb
X3 A ) 9 il 07 20 Bcds . i B 10 W LUE %
Y AT D i 0 ARG B 8 i 5 =X AT 4 28 B X TR
— 8 77 2T A 8] B 09 B A 2 e AR . L
SR B i PR A 7 3 (U0 64APSK,32QAM %) | H:
PUR HE I B2 A 0. 8,

s
“™ [ 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 1.0

.. 0.00.000 0.0 00 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 e8] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

© 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.4
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

SC -
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 0.0 0.0
AM-SSB-WC -

e 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.1
‘. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

‘. 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
> 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0 0.0 00 0.0 -0.2

........ e e -0

22%%
><2s
i3<2

TR
B 10 BiLSTM-ResNet T AJ:E &4
Figure 10 Confusion matrix of BILSTM-ResNet

o B TSR A 52 2% 98 il R BR T R A R R
I 0ok of B — B Al A 2 AR, AR SR T — el
T ZHAER BLR I B I8 H 00 07 ik i i B e
RF A 2 IR 28 1 5 1R R X 5 5 N ) A s T 4 R
FRAE A 3 HORE T, JF SR T H3 A Rl SR W 4l 412 A ] A6
AT B AR AR AR G AR, AT B2 438 B 4 1T 9 15 7 A
PrE S R, S GE G RM E MAAR L, A SOk
o A A 2 A E A R AR, TR B Ak 1 4 5
st E N e T ORI, X RAE T 2R
BLR [ 2% 28 b 75 5 2% 45 5 9] i IR0 A 55 v i A 2k
Pk B R AT 5L, AR ] — AR M 2 254 5 2
B, BT 2 VA B IR R 5 3 XA 2 SR MR R O % Bk
PEAT A A A B DLk — 2 7 v % 05 ¥R 9z L g
2 BRI AN E

Sk

[1] WEI W, MENDEL J M. Maximum-likelihood classification
for digital amplitude-phase modulations[ J]. IEEE Trans-
actions on Communications, 2000, 48(2) . 189-193.

[2] KRW, &R, HRA, 5. N TS R4 78 I H R

AR LR ()], HRHE L R E R (B AR E
J), 2022, 34(2); 181-192.
ZHANG C C, YU S, XU Y, et al. Survey of artificial
neural network applied to modulation recognition [ J].
Journal of Chongqing University of Posts and Telecommu-
nications ( Natural Science Edition), 2022, 34 (2):
181-192.

[3] HINTON G E, SALAKHUTDINOV R R. Reducing the
dimensionality of data with neural networks[ J]. Science,
2006, 313(5786) : 504-507.

[4] POSTADJIAN T, LE BRIS A, MALLET C, et al. Super-
pixel partitioning of very high resolution satellite images
for large-scale classification perspectives with deep convo-
lutional neural networks[ C]/IGARSS 2018-2018 IEEE
International Geoscience and Remote Sensing Symposium.
Piscataway: IEEE, 2018, 1328-1331.

[5] JE&&, s, A BT RBHEEY T HITLR
F5 B[], EEM, 2019, 40(7) : 114-125.
ZHOU X, HE X X, ZHENG C W. Radio signal recogni-
tion based on image deep learning[ J]. Journal on Com-
munications, 2019, 40(7): 114-125.

[6] CHUNG JS, SENIOR A, VINYALS O, et al. Lip read-
ing sentences in the wild[ C]//2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Pis-
cataway: IEEE, 2017, 3444-3453.

[7] O’SHEA TJ, CORGAN J, CLANCY T C. Convolutional



82

PSP BN = | S R

) 2026 4E

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

radio modulation recognition networks [ M ] //Engineering
Applications of Neural Networks. Cham: Springer Inter-
national Publishing, 2016 213-226.

WU Y L, LI X J, FANG J. A deep learning approach for
modulation recognition via exploiting temporal correlations
[C]//2018 IEEE 19th International Workshop on Signal
Processing Advances in  Wireless Communications
(SPAWC). Piscataway: IEEE, 2018 1-5.

WANG Y, LIU M, YANG ], et al. Data-driven deep
learning for automatic modulation recognition in cognitive
radios[ J].
2019, 68(4): 4074-4077.

L], VFERAT. R T IR B B0 1R U 7 IR B O
[J]. e, 2023(5): 47-51.

WANG X M, XU M Z. Radio signal modulation recogni-

IEEE Transactions on Vehicular Technology,

tion method based on deep learning[ J]. China Radio,
2023(5): 47-51.

BT, R, M, & BRARERIMEL KA
WAFAE A9 fr S AR [T]. 6B TR K% # 4R,

2023, 24(2): 129-134.

ZHANG X L, LITY, GONG P, et al. Signal modulation
recognition based on joint deep learning and expert prior
features[ J]. Journal of Information Engineering Universi-
ty, 2023, 24(2) . 129-134.

B, e, BE, F.ORRT 2006 A M 4%
FRAT7 i []. HEAE4R, 2019, 40(11) : 30-37.
ZHA X, PENG H, QIN X, et al. Modulation recognition
method based on multi-inputs convolution neural network
[J]. Journal on Communications, 2019, 40(11) ; 30-37.
TR, BRI, SROEAL, 5. & i ] 45 B R 45 1Y
A5 IR SR A [T]. Jodkim T/, 2023, 53
(4) . 807-814.

REN Y J,TANG X G, ZHANG B Q, et al. Communica-
tion signal modulation recognition algorithm based on a
temporal convolutional network [ J]. Radio Engineering,
2023, 53(4) . 807-814.

WEST N E, O'SHEA T. Deep architectures for modula-
tion recognition[ C]//2017 TEEE International Symposium
on Dynamic Spectrum Access Networks ( DySPAN). Pis-
cataway: IEEE, 2017, 1-6.

FAH, B, e AR CNN-LSTM #4
HiAE R L[] fF 5 4B, 2019, 35(5):
870-876.

WENG J X, ZHAO Z J, ZHAN J M. Modulation recogni-
tion algorithm by using parallel CNN-LSTM[J].
of Signal Processing, 2019, 35(5) . 870-876.
SNOAP J A, POPESCU D C, SPOONER C M. On deep

Journal

learning classification of digitally modulated signals using

raw I/Q data[ C] //2022 TEEE 19th Annual Consumer

[17]

[18]

[19]

[20]

[21]

[22]

(23]

Communications & Networking Conference (CCNC). Pis-
cataway: IEEE, 2022, 441-444.

e, WA, BB, S ZHESEERE RN
PRk 3 25 T 3R Jr ik (], MM Rz 24l (T2
Bi), 2024, 45(5) : 30-36.

ZHANG F Q, ZENG X, BAIJ Y, et al. Dynamic gesture
recognition method for machining operations based on
multi-modal data fusion[ J]. Journal of Zhengzhou Uni-
versity ( Engineering Science) , 2024, 45(5); 30-36.
QI P H, ZHOU X Y, ZHENG S L, et al. Automatic modu-
lation classification based on deep residual networks with
multimodal information[ J]. TEEE Transactions on Cognitive
Communications and Networking, 2021, 7(1) . 21-33.
KIEIE, T A, M, 5 T WE I H ShE g
PUNIT RG], TL BB ES AR, 2022, 48(4):
697-710.

ZHANG X X, WANG Y, LIN Y, et al. A comprehensive
survey of deep learning-based automatic modulation recog-
nition methods[ J]. Radio Communications Technology,
2022, 48(4): 697-710.

BAI S J, KOLTER J Z, KOLTUN V. An empirical evalu-
ation of generic convolutional and recurrent networks for
sequence modeling[ EB/OL]. (2018-04-19) [ 2025-08-
27]. https: //arxiv. org/abs/1803. 01271.

YU L, CHEN J, DING G R, et al. Spectrum prediction
based on taguchi method in deep learning with long short-
term memory[ J]. IEEE Access, 2018, 6. 45923-45933.
HE K M, ZHANG X Y, REN S Q, et al. Deep residual
learning for image recognition[ C]//2016 IEEE Conference
on Computer Vision and Pattern Recognition ( CVPR).
Piscataway: IEEE, 2016: 770-778.

WS, WA, BRI BTG ] MY REG Y B 3
PSR (0], A5 S AR R, 2023, 39(1) : 42-50.
HUANG J, ZHANG S S, CHEN S. Automatic modulation

classification method based on deep learning network fu-

sion [ J ]. Journal of Signal Processing, 2023, 39
(1): 42-50.
XGEAE, B . FET IR A 5B oLE Y i

.

PRI G5B [ T]. Joder TR, 2024, 54(12):
2913-2922.

DENG Y Z,BAI L Y. Research and implementation of
modulation recognition based on spatiotemporal joint and
attention mechanism [ J]. Radio Engineering, 2024, 54
(12): 2913-2922.

O’SHEA T J, ROY T, CLANCY T C. Over-the-air deep
learning based radio signal classification[ J]. IEEE Jour-
nal of Selected Topics in Signal Processing, 2018, 12
(1): 168-179.

(FHe%5 116 31)



116 PSP PN i 3 - S QRIS ) 2026 4

olutional entity alignment method that integrates multiple information was proposed. Firstly, the improved PageR-
ank algorithm was used to filter triplets and alleviate the impact of differences in knowledge graph structure. Next,
we learn the embedding representations of entities and attributes were learnt through graph convolutional networks,
and the relationships between entities were iteratively updated by using these representations. Finally, based on the
PBAB method, text description information was integrated and weighted with graph structure information to enhance
the effectiveness of entity alignment. The experimental results showed that the proposed method improved the
Hits@1 metric by approximately 3% compared to the optimal baseline, with corresponding improvements observed
in other evaluation metrics as well.

Keywords: knowledge graph; graph convolutional network ; entity alignment; graph attention network ; pre-trained

languages model
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Multimodal Modulation Recognition Method Based on BLR Parallel Structure

JIANG Hua, XIAO Kejie, HU Po, GONG Kexian, ZHAO Zhenyu

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: Aiming at the problem that existing convolutional neural network ( CNN)-based modulation recognition
methods are highly dependent on single modal data (e. g. , 1Q sequences) and difficult to adequately extract multi-
dimensional features of signals, in this study a multimodal parallel structural modulation recognition method was
proposed based on bidirectional long short-term memory network ( BiLSTM ) and residual network ( ResNet),
termed the BiLSTM-ResNet ( BLR network). Firstly, the temporal features of 1Q data were extracted by BiLSTM in
the upper branch, and the spatial features of constellation maps were extracted by ResNet-18 in the lower branch.
Secondly, serial feature fusion was used in the decision fusion module to better exploit the complementary nature of
the multimodal data. Lastly, the signal modulation styles were recognised with the help of the model’ s feature ex-
traction capability. In this study, experimental validation was carried out on the publicly available dataset
RML2018. 0la. The experimental results showed that the overall recognition accuracy of BLR network in the 6-30
dB SNR interval was stable at 96.48%, 2. 61% and 3.91% higher than that of the single-modal ResNet and BilL-
STM models, respectively, and 1.25% higher than that of the CNN-LSTM model with concatenated structure,
which verified that the model proposed in this paper had the modulation recognition problem Effectiveness.

Keywords: automatic modulation recognition; convolutional neural network; multimodal; feature fusion;

parallel structure



	76-82，116
	116



