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Abstract:

and control of spectrum resources, it is necessary to determine whether the received signal is from the known or unknown

In the increasingly complex electromagnetic spectrum environment, in order to realize the management

radiation source. To tackle this problem, this paper proposes an algorithm named Open-MUSIC(MUItiple SIgnal Classifica-
tion) to discriminate the known and unknown sources. The key idea of Open-MUSIC is to form the feature space from the
known classes via a judiciously designed neural network, and then the feature space is decomposed into two orthogonal sub-
spaces, namely the range subspace and the null subspace. Based on the projection ratio of the test signal’ s feature onto the
two subspaces, we can accurately discriminate the known and the unknown radiation sources. Experiments on three datasets

show that the performance of the Open-MUSIC is improved by more than 3% on electromagnetic data sets compared to oth-

er methods.
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MUSIC B2 #Y B AR B
TE R ERAE [, Open-MUSIC #5 HAth 77 i M e 42
THT 3% LA b BRI 22 1) OpenMax By MERESE T T
T 40%. 78T AMLIGE 5 5 % I, Open-MUSIC f F-
measure 5 Accuracy PRF57E90% UL |, AUC-ROC 7F 95%
DL PERE 35 T HAS
ZEE L EEEHOR A, Open-MUSIC AH XS F HoAth 7
IS A AL B H G e andE TC APLER 4R I, HLrk e
L F HA T vk 2082 TH T 4%. [RlE}, Open-MUSIC B
TG PR 22 HA SRR AR DB e TR ik

R1 MNISTHUIREREARFIERS MESHR

Ram | BREFAINMSGITTAE | BRRIRE | RS
HRZ 5%5 32 PReLU
HRZ 5%5 32 PReLU
k)= 2%2 — —
LRZ 5%5 64 PReLU
LRZ 5%5 64 PReLU
k)2 2%2 — —
LR 5%5 128 PReLU
LR 5%5 128 PReLU
k)2 2%2 — —
R 32 — PReLU
R 6 — —
*2 FTEPDW BUIBRERTE SIS NESHF
JEAFR BRWERINIRETTEL | BRUZIREE | U e
LBRZ 3%3 32 ReLU
Ak 2#2 — —
B 3%3 64 ReLU
Ak 2%2 — —
HRZ 5%5 128 ReLU
A= 22 — —
)R 512 — ReLU
IR 256 — ReLU
U 128 — ReLU
U= 55 — —

AR, AP S AEA D HA 4 D REAS . e
OpenMax X M B 28 I ZR B0 945 73 K AU 5 20 A 14
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R3 EANBURERTERFIERS N &S HR

JEAFR BREI/NIMZITCAE | BERIRE | HhhR %L
BIZE 3%3 32 ReLU
BIZE 3%3 32 ReLU
Ak 2%2 — —
BIZE 3%3 64 ReLU
BIHZE 3%3 64 ReLU
iR A= 2#2 — —
HBR)Z 3%3 128 ReLU
HRZ 3%3 128 ReLU
iR A= 2%2 — —
BH)Z 3%3 256 ReL.U
L2 3%3 256 ReLU
k)2 2%2 — —
U= 512 — ReLU
U= 256 — ReLU
U= 128 — ReLU
V) 5 — —
R4 MNISTHIRELGLER
. WAL bR
F-measure Accuracy AUC-ROC
OpenMax 0.791 0.800 0.981
OLTR 0.653 0.703 0.986
ii-loss 0.861 0.842 0.983
ARPL 0.966 0.966 0.996
Open-MUSIC 0.937 0.938 0.984
RS TEBMWELHER
i RN
F-measure Accuracy AUC-ROC
OpenMax 0.415 0.470 0.577
OLTR 0.727 0.639 0.833
ii-loss 0.911 0.906 0.935
ARPL 0.713 0.621 0.747
Open-MUSIC 0.941 0.937 0.969
F6 EANESHBELIRER
_— WAL HE bR
F-measure Accuracy AUCROC
OpenMax 0.700 0.623 0.915
OLTR 0.653 0.703 0.881
ii-loss 0.813 0.815 0.907
ARPL 0.680 0.626 0.803
Open-MUSIC 0.916 0911 0.956

RO AR | 1T Open-MUSIC fi FH 0383 2 31 2k ke S
W25, g B2 B A — > s, HLT 3 ) 20 I 4
FerbEA A R AL, 75— & R 1 AT DA/ AR
B e SR B9S2 . Open-MUSIC 7 3 /M504 1) AUC-

ROC ¥ T 95% , 2 WIAS SCR A B A 15 5 PR 1R
Hea, HHE A T R R RO

6 #it

AR A Ko R A T DA R 48K P %) R R D B AR IR
SR, A % MUSIC B3, B4 1 2 T 1E A8+ %5 W] 43 i
() TF AR AR5 5 12 Open-MUSIC. %5 15 3 1 feff ] e 55 k4
ST B A CHIZERRAE , 41 A% E 0 O AR R R, 1 T
X2 R HEA T TE 38 25 [R) 4 A8 B T 25 i
FEIR A2 8], 38 2 TS R AR RRAE AR AN 25 8] Y
BB LA AT AR 2 A TR, AR R BIBOR . 5
5 2% B Open-MUSIC 5505 75 B G B 4 1 5CR Al
FHEE VU AL T 4T
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