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Abstract;

To address the challenge of effectively recognizing unknown modulation types in signal modulation

recognition applications using deep learning models, this paper introduces a novel recognition model based on zero-shot
learning and autoencoders for open set signal modulation recognition. Features of the modulation signals are extracted
through an autoencoder, which incorporates cross-entropy loss, center loss, and reconstruction loss to ensure effective
separation of features across different modulation types. Further, open set recognition of modulation signals is
conducted based on the distribution of features in the feature space. Additionally, by incorporating the reconstructed
signals back into training, the model's recognition accuracy is significantly enhanced. Experimental results demonstrate
that the proposed model not only distinguishes unknown classes effectively, achieving an unknown class recognition rate
of 80% , but also maintains a stable known class recognition rate of approximately 95% , outperforming traditional open

set recognition methods.
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Fig. 1 Model framework
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Fig. 2 Autoencoder architecture
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Fig. 3 Convolution and deconvolution diagram
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Table 1

Autoencoder network architecture parameters

2 A%

fift B 2

LTPN
Conv 64, (3X3), stride 1, Relu, BN
MaxPool (1X2), stride (1,2)
Conv 128, (3X3), stride 1, Relu, BN
MaxPool (1X2), stride (1,2)
Conv 256, (3X3), stride 1, Relu, BN
MaxPool (1X2), stride (1,2)
Conv 512, (3X3), stride 1, Relu, BN
AvgPool (2X2), stride 2
FC 8 ¥ 512 to 1024, Relu, BN
FC 1024 to 512, Relu, BN
FC 512 to feature_dim, Relu, BN

i num_class

A

Conv 64, (3X3), stride 1, Relu, BN

MaxUnpool (1X2), stride (1,2)
Conv 128, (3X3), stride 1, Relu, BN

MaxUnpool (1X2), stride (1,2)
Conv 256, (3X3), stride 1, Relu, BN

MaxUnpool (1X2), stride (1,2)
Conv 512, (3X3), stride 1, Relu, BN

Upsample scale factor 2
FC 1024 to 8 ¥ 512, Relu, BN
FC 512 to 1024, Relu, BN
FC feature_dim to 512, Relu, BN
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Fig. 4 Classification module process
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%o, K SRR 2. 1 /NTT . SR E SEAE R B g A A% L /A
A AR B R B T K A 5 7 A B EE AL 5 5 S U
oK o i ELHEYN ST Mt I A5 S R E AR S A
I AR A T — R L 5 FURS UG 3 il 45 5 i A 23 26 i ok
Fror Uil X 1 ZERMZEM 2 ORI IEAT T HITHY

2) EAFE S TH TH il 52 56 o X6 b TP 5 7 LR 288 31 R R R 2K ) 1 R R Y
HE— 20 X il A i 7 A A A T X — 2D SRR AT I Rl 8K Z5 LR A G T BRI
x4 HRHER
Table 4 Recognition results
AV
25 1A AR 2R
A EE S KINE R 55 A E A E S KINE A F 5
16QAM (0) 96 % 87% 95 % 94 %
64QAM (1) 98 % 84 % 96 % 86 %
8PSK(2) 91 % GRAZD 79 % CRAIZ) 98 % 78%
B-FM(3) 98 % 80% 70 %6 CRAIZ) 67 % CRHIZ)
BPSK(4) 98% 1% 97 % 5%
CPFSK (5) 98 % 93 % 90 % CRAIZ) 50 % CRAZ
DSB-AM(6) 97 % 76 % 99 % 62 %
GFSK(7) 96 % 62 % 90 % 94 %
PAM4(8) 99% 92% 96 % 78%
QPSK(9) 98 % 64 % 96 % 60 %
SSB-AM(10) 96 % 64% 88% 58%
B 128 B U 97 % % 95% 72%
AR H PR 91% 79% 80% 58.5%

T T R IR, oA 2 i IR S I B A T BRI
B LR A A5 5 BT A — B SR . B O A O
SURRAEAE R 43 AR TS 224 th B0 22 oK 41 28 Il 5 AR % 7 1
BT R G IR SCRRAE , TR REJE BRUAR 7 1 28
B P AN 28] 2 B . T 1B 6 PR RRAE 25 8] 20 A R L B0
B, LW EEMESALEENFESF, SSB-AM 5
GFSK W 4#1E 4 o 4 A8 — 43 B &, Xt 3 3 SSB-AM 7

JI A 500 R B SR A B 7 R IR S . RIOE ke 7
AFEFE S INZRSE , SSB-AM (1 8 51 H 38 2 43 5 42 7+ 3] 1
96 %0 F1 8806, W Ar AT 4 B AR E I, LIL LR E
—RARTNZEIEE PIIOR TN A ARKE F A 5 S TR AR
U5 — BN R Z AT C 0 2001 ) 5 A7 2 U R 8 4
FFTE 7020 ~80 04 Z (8] . £ 3 J W BE B A [R] oR M 2R AT 22 41
B e B ELARA A 1R S A T AR AR RS i 2 2R

« 7 .



AT

v F o

T B A

B TLF- B MEZE 0 80 %6, 23 A 4 T8 4% 5 44 — 3k )5 2
BN ZR BRBL R B R RRRRETE 900 DL b AT E MK
S5 AR S TR B A AR R A AT T R Y, LI — A
TIEAR M 2 2] 19 28 16 F A B ke g A SR i 2 — Pk iR BB
TE A RY Hh 5y T8 R 01 26 1 B, 5 B 0 2 A SRR 4 T U IX
43 JIT LA U0 35 45 A T 28 31 %o T R 50 356 1) B2 ] 3 2 7 O A
FER
2.4 tEbsIE

D[R & 7 xT H

S T A B TR D vk A R K T R T VR S P R T 4R
P 45 5 5 9 ( OpenMax™?, SR2ZCNN™) #E 17 XF b,
OpenMax A4 H [a] 32 BRI — AN 85 A4, D3RR ST RE AR
AR S IR 25 5, SR2CNN #2 7 —Ff 3k T 85 25 4 IF
RN R E MBS RMERR, FERHRE K
RFNZEHEAT 296 0, A [F] T AL R B I ik PERE AN SR 5 i,
AR M-I HERG R E I 82 O AR T P A o AR AR O 1k
JCICAE AR NSN3 BE b, A% 78 J5 vk W W AR 7 A w9 b O
B R T A1% R 12% .

x5 AREFEIRANFTEMERITLL
Table 5 Performance comparison of different open

set recognition methods

ViRES ARIET OpenMax SR2CNN
ESIE S B 0.97 0. 86 0.77
RN MR R 0.91 0.50 0.79

i B 0. 94 0.68 0.78
2) AN TR B LR X e

T VA I B A Y Y R P 7 A I A R L
—20~18 dB A il 15 5 15 9 PR A, P 22 ofi o R AR
AR AR A A AE B LR R0 2R B9 U B0 1A 10
B .

100 -
80
. 60F
é
B
=
= 40
- I RR K
i -u- 2R AN
20
l""
1 1 1 1 1 1 1 1 J
20 <15 10 -5 0 510 15

fE ML (SNR)
Bl 10 ANIR) £ R He R U R

Fig. 10 Recognition rate under different signal-to-noise ratios
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