20234 7 A
Fadt Hal

Journal of Zhengzhou University ( Engineering Science)

M K 2= 2 W (T2 ) Jul. 2023

Vol. 44 No. 4

B2 1671-6833(2023) 04-0060-07

ETERERER/MIBRBETRAMGITE X

t &, BEX, &

e, %7

(PRI 2C T R Hog g e, )i i # 610031)

W E:RESABYMERI>BNAR,REMLITFIMEAEFT R B (BSS) P g — A KR A, 430k 9 4R &
T AR AN RN IR L BE FREAE T AL ARG ERREZTRE S OEE TR DM A TR
o ATHABTRETHELE, B A EAZHRSBELE(CMM) RMEE LA LR, ETFLRTRERSF
F (MCMC) f-ok , RAAF B RN B AR A e E A, SRt AT ed 3t s e, 8 i /DAL AE 31 R4S 5 1 39 45 8 0 4 31
BRAK, — AP A THAMERALBERE G FR RN FREE AR SHM, L 94% v o 5 &

At R, A IR E T Sk 6 R A

KEW: LBEFRYB; REAET; FEH; SHRGMEE;, TRTXAZHFTF H &

B E 525 TNIIL. 72;0213 MRS A

B IR B A RS S e R R A FiES
B s LT AR A% 2% A% 12 Wi 30 A4 00 £ 5 % 5
{ESHEATIR A g A2 0 fh Hyvirinen 4517 42 i
P R 53 0l 57 RS 49 49 B (fast independent component
analysis, FastICA) & H A i % H B9 H 1870 8 5 k.
FastICA f)ff FH FT 42 2 00 0 4% 5 A BOR /b T IE 5
AN I R E IR AE 5 B, TR S PR AR
FHH, T 32 B B A A b T A A R R PR
I REF I B AR 5 o B — D ULIE = i ok
B ] FastICA BEAT 5 W 4 25, 4 1 1) 305 ]
M7 5 T SR B S R S T4, A R L 2 e T
{5, FHE i FastICA XJ i 1 2 8 185 5 247 AR
SHWE .

F T FastICA X 545 5 2E 47 52 0 25T 1E
25 IRAE T A TR URAE 5 D BOR R B R AL,
e el A RO T B IR 5 BOR B IR A O B
M, WRE R EBOR IR ST $2 0 H Al HL AL
W AP RAG TRE AL E P A — O Bk TR R )
BT B PR B TR n 32 843 43 T (principle compo-
nent analysis, PCA) 2 RE A ( singular value
decomposition, SVD) 7] i —FRAETHFERIEN
PEBAG T vk, I Akaike' ™ 48 9 7% A5 v )

W78 B 89 :2022-10-10; 48T H #3:2022-11-25
ESTHE :HRARP AL H (62131016)

doi:10. 13705/j. issn. 1671-6833. 2023. 04. 004

( Akaike information criterion, AIC) .Rissanen'’ #%H
Y B /N 5 38 ME ) ( minimum description length ,
MDL) &, BAR 3% 80 5 1 76 52 bR v vh ) iz fi
L EATC 53k 15 2 9 Al 3 45 R AN B — 2ok,
MDL FERETEAR A5 M bb 4 F P i 22 Rk s . T
e SE B R TR SR A B A 05 4508 W 23 32 B 2 P g
AT SZ e, DAL b 4 b — ol A A 5 0 R P ) R K
it A ERE L,

DI AR SCHR T — OB B R TR R AR A
PR TR EAURE A5 5 1 e e 15 B, B R
TR B AR B A AL T IRAE S 1S B R R URAE
S BRI DT S IR S B B, AR SO fE
JH EAR 2 56 ¥ 7S 79 % ( ensemble empirical mode de-
composition, EEMD) """ it 838 3# LI 44 2 47 T+ 4k
Ab PR, A ] FastICA B33 73 fi 45 20 AL 11 A0S o
HREAR TR 5 5045 B0, Tl 52 P45 5 4
1 ETFEEHERMEIT
L1 FEEHERER

1948 4F Shannon' ™' 7 {5 B8R 2 47 48 17 L

1 (entropy ) (M BEAE , SR A A 5 IR A9 A B E . A
TEPEBOR , R AR AR B IR A B R .

A RIS (1964— ) | 50 I LA A, 4 7 20 K25 AR , 3 B M S 56 0 3% B BF , E-mail; lzhao@ home. swjtu.

edu. cn,

SIFAAS : B, RIS, Tl , . B TE AR S o 8 B B A TSk [T]. AN RS2 R (L4 i) ,2023,44
(4).:60-66. (MAO L,ZHAO L. W,MENG H, et al. Single channel blind source number estimation algorithm based

on source information entropy minimization[ J]. Journal of Zhengzhou University ( Engineering Science) ,2023,44(4) .

60-66. )



5 430

BF,4 T RS B R R/ 00 E R TR 61

I L7251 5 S 5 S (1) Bz «
H(X) == [fGo)In fx)dx. (1)

P fx) HBEHLAS e X A
FEMLAS B X Y RUBRE 0 L=t (2) s .
WXJF—ﬂﬂ%wmﬂmwﬂwo (2)
Sy fCey) HBEHLASE: X A Y BOIE A HE R B
BB AR X R Y AT 6, A
i

H(X,Y)=H(X) + H(Y), (3)
IR 1 B A/ T P AT AR R A
H(X,Y) = max(H(X),H(Y)), (4)

AR5 B R A 8, FA 37 0 F

IR A5 5 A0k, 5 AR 0 B

HE RO (o) RS (1) ARSI § AR A B B £
KL

H(X) == [£(x)In f(x)dx. (5)

o T IR A5 5 Z A g ok Sr , AR 51 B 1 453 n
VAT 1 1E S X (6) BoR

HOO =3 B0, (6)
WS 1145
H(X,Y) = max(H(X) ,H(Y)) . (7)

Hi FastlCA 73 fiff 153 2] (4 £ I {5 5 02 A 74k 57
(1, S A5 SR B R, HIRa W e, 1E 5| 3
UAHEIS 1 A JER L G 55 B8 gk 1 AR X 4 v p) ik 57
5 PR B 2 R DR ek A B i U
FETHA B, B SRS, 3 8 B A5 5 2 Bk B 2
e, BE AR - 32 £ S0 AR B AR, >4 3 70 it ik (Al
THIRBOR T B UK |, 70 B 45 2R 25 iR B 2R L i g
PR 2 B B A e o B IO
TEBHIS, 20 B IS 5 A S A HA IR B 5 B A TR A
P Y AE SR 22 38 B e/, ol e A B R/ A (R0
JO7 B A R0 Sy Fe AR RAR, T (8) B

n =arg£nin [:](X")O (8)
BT LA A b, AR SO B T 4R B B/
1 RSB TR

1.2 EFGMMHRESHBMEZFEMNE

H TR SRR B, T E R T R
REERE. TR REERNERNE
Fe, Jo AT B HOR A A R 8 2, AR IR ST BEOs AT A
— > B AL AZ B0 4 A R AT LR R A R A
( Gaussian mixed model, GMM)%E:{E’WO K 1 A

SCAE AT GMM A 8L Al IR 5 PR 5 4 58 R
GMM e fif M s 2 (9) o -
fx10)=Y ad(xl6,). (9)

k=1

st Kl GMM A FAUE AR o, WS TR
K

BT kA TFRAIER, o, =0, 0, = 1; 6, =
k=1

(wirop) kA TFRAMSEG ¢(x | 6,) HFk
A TR R R 5% 1 R, =K (10) FITR
”_T)% (10)
2o, 20,
X 4% 2 B0 60 0T 2R A R AL B 1 (expecta-
tion maximum, EM) "™ 2 fCiH 545 5],
M GMM 75 3 535 5 1) 2 % B, A% S50
HE— T LU A (1) iR

H(X) =—ff(x| 0)In f(x 1 6)dx

b(x16,) = ewﬁ

=E(-1In f(x10)), (11)
1.3 EF MCMC =S HEITE

Fe 1.2 b il i GMM A] LA 3 545 5 i 48
KB, TR B B BB — D AR
RAHA, TR (8) MK M. b Tk
Ze ARy SR ik T BB, AR SO Y 5D 2R AT R B 5 R R A
(Markov chain Monte Carlo, MCMC);%;?%M]:‘IE{ILH+
AHE . MCMC /Y 38 6l O ROBOE fE: AR
R 2 AR LR LIS T 8o 8
AR SO G AR T S B AR MCMC B
L SRR L A IR B AR A B BEDLEE A, SR 5 E
PR HAEAR AKX (1) BEATAH S,

X T TR AR B B HLAEAS , A< Sl Me-
tropolis-Hastings (M-H ) 47 3 g 47 R #7715 51 IR
N E AR A A S

M-H REEFIE LRI .

BN AR B AR A B R (v | 0) | -
WA R q(x,y) 5

Bt f(x 1 0) MIBEFLAEA {2, 0,0, 2,1

SRS E m EAEE
@ BEHLRIARAL x5
@ Fori=1,2,-+ ,n;

MBI g (w2, ) BEHLAE RUFEA x,

TR EZ MR

1 f(xll H)Q(xi’xiﬂ) }
’f(x:fll 9)<](x,>1’x,-)
ML) o345 U0, 1) thA A u

if alx,x,_,) <u

alx,,x,_,) = mln{



62 LN

2R (T % R

2023 4E

return (x,_,)
else

return (x,)

@J?ﬁﬁZ’K{ w1 9% +2’.'.’xn}0 j‘jT’f}I’%ﬁEﬁzﬁ
EI’JLBI”JZ@ W25 /0 m ASFEA 153 H B 3 A 1A A
{xm+l’xm+29'“’xn}o
3 end

BT M-H REEREAG R H AR A f(x 1 6)
RYBELREA {x, .00, 0,0, | R SEREA TR T

SEERAL — In f(x e> I, 5 (12) B
H(X) ~ - z<—1nf<x|o>> (12)
T

Hix
- B TE UL AR S B oo o0 A R TR A S Y
F R AER m  GMM KR g 38 73 A 19 > 0 K M-H R
FERIREA AR L
iy - PRAE T AR ﬁo
@ i F EEMD K¢ 558 38 WL A5 5
ML WIEEZ X;
@ Forn =2,3,-
{fi i FastICA XT X 1
e Y =W X,
Forp=1,2,---,n
A GMM 145 (5 5

K

fy)) = zaqb(y, | 6,)

i/ M-H *#ﬁ%?ﬂ HAror i f(y,) BIREA

{yp] ’ypz PR ’ypl}
55 PR AEAS B B REAS T 4945 R

a0 3 fife T AL

PEAT 23, AR B 0 HEAG TR

Y" AR L bR

HO) =3 (= f(y))
TEOEES WIS
end
end
@ i AV |7 RN T A RER 0

Y IRCAA, B R e AR E: A =argmin H(Y")

2 fhE=X®

S SCHR [ 19 ] o g O FOBCHE SE 56, i R K
#Fiﬁkﬁ?zﬂnﬁs](t) RIEAR T s, (1) | R {E I
fF5 s (1) X 3ADEMES, fFomwRk0mT L
J R

s,(t) =sin 2xf t;

5,(t) = cos 2mf,t; (13)
s;(t) = (1 + cos 2mf,t)sin 2mf5t,
X PHEESHSEAT . f, =50 Hz f, =25 Hz,

S5 =100 Hz f, =15 Hz, REEREIDH 0.5 s, RAEMHR
1024 Hz, 25 U545 5 il ih e dn &l 1 R,

.
- | f | 1 A

0 0.1 0.2 0.3 04 0.5
t/s
(@) s,

o]k . \

0 0.1 0.2 0.3 0.4 0.5
tls
(b) s,

0 0.1 0.2 0.3 04 0.5
t/s
(©) s,

B 1 {FEIFESHEMZE
Figure 1 Time-domain curves of simulated source signals
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Table 1 Correlation coefficient between separated
signals and observed signals
IMF J3 AHOC R EL IMF 43+ LEP %1
imf, 0.447 2 imf 0.158 9
imf, 0.678 8 imf 0.062 6
imf 0.642 2 imf, 0.013 5
imf, 0.530 0 imf 0.017 8

A0 (1S) 3R IMF 2340 5 A ¢ 2R 8033 Tk R
BEPE BRI TR 1 B (E ) (AR SCIEFEBIE D 0 =
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Figure 3 Average information entropy of the source signals

with different source numbers in 50 experiments
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Table 2 Correlation coefficient between estimated

signals and source signals

L 51 A R
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Sy Sy 3
¥, 0. 052 0. 054 0.972
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Y3 0.011 0.963 0. 040
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Figure 5 Average information entropy of the

source signals in 4 cases
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Figure 6 Variation of 3 algorithms’ accuracy with
different SNR
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Figure 7 Time-domain curve of TETRA observation
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Table 3 Correlation coefficients between IMF components

and observed signal

IMF 4y HHE R IMF 31 LIPSEY
imf, 0.852 1 imf, 0.348 8
imf, 0.853 9 imf, 0.246 5
imf, 0.202 6 imf, 0.159 7
imf, 0.260 6 imf, 0.092 5
imf, 0. 409 2 imf,, 0.032 5

T IMF 9 & A0 5C R 4RI or ik %, 15 2
imf, ~imf; o3RI TTRARE T 90% , Bk X 7
A IME 33 A0 (o) 2 BORT B9 WL 45 5, B X (2) =
[x(t) ,imf, ,imf, ,imfs imf, ,imf, ,imf, ,imf, ], 1 JH
FastICA Xt X (¢) #47TH IR0 &, 8o A SR E TR
PR RIS 5 MR SRR 4 R .

x4 HHEBEESTEHEREE
Table 4 Average information entropy of the estimated

source signals

% AR GRS K] 2% FEy {5 B E
2 0. 996 6 0.971
3 0.907 7 0. 975
4 0.992 8 0.973
5 0.963
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Single Channel Blind Source Number Estimation Algorithm Based on Source Information

Entropy Minimization

MAO Ling, ZHAO Lianwen, MENG Hua, LI Yukai

(School of Mathematics, Southwest Jiaotong University, Chengdu 610031, China)

Abstract; The problem of source number estimation was a key issue in blind source separation ( BSS) , because the
number of sources directly affected the effect of BSS. To solve this problem, this study proposed a single-channel
blind source number estimation algorithm that took the information entropy as the statistical evaluation index, and
used the information entropy to measure the information quantity of the source signal to determine the source num-
ber. To calculate the information entropy of the estimated source signals, firstly, the Gaussian mixture model
(GMM) was used to fit their distributions. Secondly, samples obeying the target distribution were sampled and the
entropy was calculated based on the Markov chain Monte Carlo (MCMC) algorithm. Finally, the source number
was obtained by minimizing the average information entropy of the source signal. A series of experiments based on
simulation data and real communication data showed that the proposed algorithm had strong robustness and could es-
timate the number of sources with 94% accuracy, thus verifying the effectiveness of the algorithm.

Keywords: single channel blind source separation; source number estimation; information entropy; Gaussian mix-

ture model; Markov chain Monte Carlo algorithm



