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(Convolutional neural network-Fourier analysis network, CNN-FAN) # & & 7 %&£ 2 %] (Open-set
recognition, OSR) 7 ik . # 7 % & 48 3L 3] A% 2 »F 547 M %4 (Fourier analysis network, FAN) i 4 & ,
ARG E et BRI MRRAZ T QM E 5 F, 5 B4V E W& 255 H R CNN-FAN W & A, &
J& & A OpenMax &K # Softmax ZE M s A £ AR AR & BERA T OME HHAES LMK JH A
PRACHE RN A R Y A8 AR AN R AT AESE B 08 £ 5B, 4% & AR 4 £ ZOR 45 R OpenMax 7 # AL AR 0] 3 %
AT G mE AR EZ AR 5, EITR WiSig# 3 E L x AT 32 7 F2 R B T30 T 347 M L 3 e Aw
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RABA 84V T AT AR Tk
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RS 25 22 8] 7F H 540 58 20 (Radio frequency fingerprinting , REF ) i 4% 5% [ 2 & & [ /) fc K BE B, iR ok ™
A REF A B4 T X 43 B0 00 s R 05 45, 56 28 11 1 5 B0 s ARG I A0 7 8 4 e . Wang 45110 1 3 i
Fi JRAA 7 it 28 47 0 57 9 U (Hilbert-Schmidt independence criterion, HSIC) @l & Wi B 5 E Wi BH5 &, 508
Xt T TF 28 31 9 A 28X 43 o RN B 5 A o £ 4 R R T A L B B R B 1 S A BB B
JE Y ) 2%, 28 ResNet50 FEAE £ HUZ THE AR AR 50, R 3 1 BB 2 70 28 00 000 A B4 28l 2% > B B B, O
T 2o B A 58 O 1 H AR 1 43 SRR HTE bR R . S5 SRR O IR AU 5T AR S
B4 W 4 (Convolutional neural network , CNN) Tl A8 52 B 5 A 5 B4 4 % 54> 2 FER SR A 1K
AN AN SR AR, BRE M EE R 25 1 000 S YITZRAEAR (500 AN MK AR A, FoH —fb MEif 515 58 CNN
T2 20% o B HngE AR — B3 TR AR T A A 35 U AR Y O 4 £ FL {5 5 43 25 (Open-multiple
signal classification, Open-MUSIC) 553 | 3 &3 #ift 28 ) 26 R AT O ISR AE R, DURFAE R 4 8 58 B2 1) 75 A4~
TEAE 25 [H] (3552 LUAE M F8 A, IR JE 5 R & FER SRR 5 FEAS X 9 A T AHLAMAR TR SIS 5 50 is 42 1
OSRIEMZKF|91.11% .

AT S AL R R K- (R SR 2 X By v 3 R SRR OSR 5 &L IR BNl T £
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J5F 1] B B4 5 18 (Support vector data description, SVDD ) 5 i Yl 2545 £1 35 B8 43 25 68 77, P38 3 4 2
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tron, MLP) 438 @A 8 T 5 0 22/ BTG PR . 3 0] DAk — 20 1 s 0T J) 9 vk e B i 3R A e ), 58
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Fig.1 Structure of the FAN layer model

1.2 CNN-FAN#E#I £
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VQEE  BEUR WORR WiLR FAN "N

CNN #dk IYRER
£ 2 CNN-FAN A H 25 Hy
Fig.2 CNN-FAN model structure



®AE KT CNN-FAN 49 43 53 B AR I 42 37 7) 1045

g A EE CNN-FAN A9 38 51 % € , %F CNN L FAN,CNN-FAN 7£ A [A] {55 M Fb (Signal-to-noise ratio,
SNR) TP 537 11168 74 5R 858 F 347 7 0F b S, 3 I B 1.0
BB R T/QW B A5 S F—41f5Me bl —10:2:30  09¢
I 0 5 40 1 7ML R A MR (5 S
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{F) i B0 R 8 6 BF F R, S CNN-FAN [ 31 %5 T goa
HA TR R TR T FAN RIPEREDR S S 04f

vvvvvvvv
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Fig.3 Prediction results of three models under

different SNRs
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A1 AR B e B & W 4% B U5 Y Softmax JZ . OpenMax & — Fl ¥ Softmax #1470 B9 & 1L | & 75 i
PRI B2 TR [ 750, BV SRS HE DI 2 B rp o 10 IR ) RN MR AS . ZEAR GE 1 Softmax B3k b SRR % i A
D FEAS AR R 1 U 2R rp (9 2 0 26 0 38 o SRR A8 T 4 A~ & R 80 0 B SR R AT 40 28 . KT L AE
S B T, 24 08 380 R R0 28 AR AR B, Softmax B 7A TE 7 23 0 HUAS 15 o3 28 S BE A 2 2, 5 B0 )
FER

OpenMax 552 J& — B ] 1 HL 452 5 G 1 AR UM B0, A0 JBARAE T 51 AT X8 oA 260 28 51l 174y Acb 3
AE 1o EA AR T Softmax By HE R 73 A7 >k X0 43 FEAS B 2 M2 50, & 1A T — Rl T S 396 1 4L
il , Bl OpenMax J2 2% I T B A 43 A R Al iR © 26 5 By g it @ Pk o X Fh 43 A BB A8 il 412 © 30 20 85 vh iy
e B A5 0, DT B A 8 AR (T A 30 B o R T AR 43 A, OpenMax RE 8 A6 550 3 MR AC g T 2 28
FAAAZE N B Z . 5 Softmax # H , OpenMax 2 #x
BENRSETEEM T %A HE . XA l l

AT — 7 1056 BB L T2 — A M08, 275 OpenMax Softmax )

S A R T 026 00 FT R P L 41 ﬁ‘ ‘ i “ ‘
951 A 75 OpenMax HEAS 55 4 48 DU 10 BE 7 100

A B, A AU R B F B0 B9 26 909 R, Pl 4 B9 Open- 4 OpenMax I Softmax
Max J& % Softmax (98 , 76 A N A~ B 512 9L 6 - Fig.4 OpenMax and Softmax

HINT N+ B AR 3o
OpenMax PR3] JEFLANE
T4, TERI RN ZR B B, % F I G e vh R AN REAS 38 3l 1 20 I 4 (1805 2 )2 (i )2 ) B U0
] 2 ( Activation vector, AV) ,{{F- B 8 1580 43 S REAR (Y AV o X8RS 200 09 Br A5 IE 80 0 2 19 AV 3R
YIMH , 15 3 2% 25 1) Y9 (5 340 7] & (Mean activation vector, MAV ), #1410, 2851 i ) MAV h
Luw =1, (9)
n, j
A, A0 i 0 IE B A AR
SRR IR B AR LS Weibull 204 TH S BB N A AV B MAV (19 R B9, 759 2175 25 42
D.,=[d, dy -, d,] (10)
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XEEAS D, 1Y BB K AH 2547 Weibull 2 4 1 &, 45 2] B B4 A oA %8 (Cumulative distribution func-
tion, CDF)

d k
CDF (d; A,/e)—lexp((/l)) (11)

A ACREZ O M OB AR S HO 3 AR R A TS 1R 3
TE X REAS B4 B BE - B A — A IR A 45 B O 1) B Ly, E IR0 1) B 2 BT A 22K )
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B 52 SR 2 I LA S S 3 I 2 W B TR 5, A A, DU 28 SR (1 2 — AR I
B 5K S, I 32K 4 A7 T8 0 A AR )y
18 1T ISR, B A 172, (l)'gj
S — VA A LR AL B AR gl
FR 5 F AR SVE A X PR A A R L 0T
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2.3 ET CNN-FANREWESFEFLAHNEZ Fig.5 Prediction results of two methods for the

7E CNN-FAN #5280 5Ly 1 A80F 42 400, BF 44 9 Open- model under different SNRs
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Fig.6 Block diagram of the proposed OSR algorithm
BiE1 T CNN-FAN SR 5 5 IR OSR F ik
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BN« B UL R RS 2 2 A3 AR O 01 B Ly Ly =[ L yyoo, Lyyeo, o+ Ly ]
B Lyay, AT W eibull A5 Y
(1) Jy T A 28 510« % ¢ B 180 NCELEE e N A2 50 AT RUT #8645

e

(2) T3P B0 i Lyay, = /( n,-iL,w; 2 B 1 B IE B AR AR
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BN Ly =[ Ly Lyyes, = Ly [, NA> Welbull BB FN Ly, B4 Softmax 15343
B USSR 1,2, o n+ 1
(DIHHE L, BIEFIZE Luay, 1D, ={d\.d>, -+ dy}
(2)¥ N BE AR A KA CDF BREL A BINAD po= Lepe (d,),i=1,2,+-- N
(D p AMAFEATE TR A, 1 —p, AR T K5 0982, & 1 7 1R 15 43 Softmax:
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=
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1

( 5)1&1’5?%67\ fﬂ % :L()penmax,
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3.1 HiEkiR

A% SC A8 52 56 R TR VR RSO 4 WiSig B8t ™, 40 I 1744 BB Wi & 5125 R 41 438 4 T2
28 i 15k (Universal software radio peripheral, USRP) # W#% i 25 # 1 000 J7 A 08 G 80 | IR SR &
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Fig.7 1Q signal waveforms of three different individuals
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Table 1 Model structure

CNN FAN CNN-FAN
Input(256,2) Input(256,2) Input(256,2)
[Conv(5, (3,1),(1,1)) ReLU ) [Conv(5,(3,1),(1,1)) ReLU

Flatten FAN(512,64) Linear(64,8)
MaxPool(2,1) ]X2 MaxPool(2,1)] X2
Flatten Flatten
Linear(320,64) FAN(320,64)

Linear(64,8) Linear(64,8)
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Fig.8 OSR accuracy rates of the two recognition meth-

ods at different thresholds at the 0.057 openness
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Open-Set Specific Emitter Identification Based on CNN-FAN

WEN Jinying, XIE Yuelei’, LIU Xiangguo

(School of Information and Communication Engineering, Guilin University of Electronic Technology, Guilin 541004, China)

Abstract: In order to solve the problem of identifying unknown emitters in an open electromagnetic
environment, we propose an open-set identification method based on the convolutional neural network-
Fourier analysis network (CNN-FAN) model. The proposed method initially introduces the network layer
of Fourier analysis networks (FAN). The Fourier series properties are utilized to effectively extract the
frequency components of the signal, followed by its integration with a convolutional neural network to
formulate the CNN-FAN network model. Subsequently, the Softmax layer is substituted with an open-set
identification model, facilitated by the utilization of OpenMax. Finally, a joint optimization strategy
combining center loss and cross-entropy loss is adopted to optimize model performance. This optimization
reduces the feature distance of individual radiation sources and narrows inter-class gaps, which improves
the classification performance and enables OpenMax to distinguish between known and unknown emitter
categories. The proposed method is validated and subjected to experimental analysis on the open-source
WiSig dataset under varying degrees of openness. Experimental results demonstrate that the proposed
method attains a recognition rate of 95% at an openness level of 0.057 and an open-set recognition rate of
849% at an openness level of 0.184, thereby outperforming other open-set recognition methods. In addition,
the proposed framework provides a systematic solution for open-set radio frequency fingerprint
identification by jointly considering discriminative feature learning and unknown-class rejection. The CNN
module captures local temporal characteristics from the input radio frequency signals, while the FAN layer
further enhances the representation capability by modeling periodic and frequency-domain variations. This
complementary feature extraction mechanism enables the network to obtain more robust and separable emitter-
specific representations. Moreover, by incorporating OpenMax into the decision stage, the model is no longer
restricted to closed-set classification and can assign samples from unseen emitters to unknown categories
according to their activation distribution. The combination of feature compactness optimization and open-set
probability calibration improves both known-emitter identification and unknown-emitter rejection. These
results indicate that the proposed CNN-FAN-based open-set identification method has strong applicability in
realistic electromagnetic environments where unknown emitters may appear during deployment.

Highlights

1. An open-set emitter identification method based on CNN-FAN is proposed.

2. FAN is introduced to enhance frequency-component feature extraction from radio frequency signals.

3. OpenMax is employed to distinguish known emitters from unknown emitters.

4. Center loss and cross-entropy loss are jointly used to improve feature separability.

5. Experiments on the WiSig dataset show competitive performance under different openness levels.

Key words: individual radiation source identification; open-set recognition; deep learning; convolutional

neural network (CNN); Fourier analysis network (FAN)
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