i E LR 4 N H http://www.c-s-a.org.cn 2016 4F 25 & FH 7 W

ET E 4R A E SR ER

RN, B F
(BONIE R 5 BRI S TRESER, AU 311121)

B RGBT T Nyquist SRAEGE L, £ BRI TRERAF R . s P 5 )
s (R, X P B -0 3 A B 2 43 L5 e 2% 23 U, 6 D00 A R 00 0 ) A ST A6
T {5 I BRI, V% SCH TR GRS IO M O A4 5, I3 T b SRR s B HRLAR), s 2 S0
[ e SRAHR P QAR B RS MRS5S . WA (55, RUTIAS I ) FRBR A H
ST, AT, BE T AT IR AR 5 AR AU T A6 2 M L M R AT TR 7k, o
RN I 7 MSE FRUSRAERE CM A D B 28, SPHT T R IR AR I 7 Ak £ 5 e 2 )
(PSS , \J

SEHEIR: IR A AT BOMIERSG W A

Time-Frequency Representation and Reconstruction Based on Compressive Sensing
LI Xiu-Mei, LV Jun s
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Abstract: Traditional time-frequency analysis is restricted by the Nyquist sampling theorem. As the amount of
information increases, higher requirements are needed in sampling rate, transmission velocity, and storage space.
Moreover, bilinear Wigner-Ville distribution is suffered from cross terms when processing multi-component signals.
Using the kernel function based methods to suppress cross terms can decrease time-frequency concentration. In this
paper, compressive sensing is combined with time-frequency analysis to solve the above problems. Under the framework
of compressive sensing based time-frequency analysis, the restriction of Nyquist sampling theorem can be lessened, and
the Wigner-Ville distribution can achieve suppressed cross terms with high time-frequency conceritraﬁon. Simulations
are provided for mono-component signal, multi-component signal, and bat sound signal, baséd on different window
functions such as the rectangular window or the Gaussian window, to Verify that the compressive sensing based
time-frequency representation reconstruction is superior to the tradiﬁpnal reconstruction method. Moreover, we analyze
the relationship between different sample regions and the performance of the reconstructed time-frequency
representations, in terms of the mean-square-etror (MSE) and time-frequency concentration measurement (CM).

Key words: compressive sensingj time-frequency analysis; ambiguity function; time-frequency representation

s

reconstruction

I A 53 B 5 5 A RIS AR A S T A, AR HIAI A5 WVD. Choi-Williams A5 #554% pR 447
TR T A5 5 A B N (R AR (06 R U B gh- Ak R AN WVD A IR, & DA 5915 5 I I AR 4
434l (Wigner-Ville distribution, fAjFX WVD) & i 443 #t PE AR U3
T3 v SR N E S o3 AT 7, AR AR 2 4y AL, FEGIR TR, BOE 5 SR UERFE
AR T EERZ RIS 5 I 2 52 2R I . H JEHRRHAT T RFE. AR AN TS BT SRE g n, #5547

@ F4TH FE K HRBI I (61571174); 114 HAREIE RS (LY 15F010010);37 1145 15 5 Ab B 5 15 5206 % FFJ80% H (ZJKL_4 SP-OP2013-02)
ORI 17):2015-11-2 14 BE R N 1):2015-12-20  [doi:10.15888/j.cnki.csa.005239]

176 AEHA « 59): Software Technique * Algorithm

© EREERREST  hup/iwvww.e-s-a.org.en



2016 4 5254 B 7 M

http://www.c-s-a.org.cn

A /[N VA

5 AR 5 Al e Bk B we, DU A JEAt 145 5 Ab BRAE
BRSO RAE TR L AR PSRN A i 225 (] P R Rk o,
IS5 A7 TR A T A5 5 AR R R T 2 el

5 45 %% (compressive sensing, fijfk CS)** it
T A SRR B 77k, 2l — 58 A I,
Fe 26 N mT LA /N TR A o B SR (P R 4, R
RAG I FEA, B Re T A S A SR ah
5. ASOKE AR S W AT T S A, A
INF 9153 BT PP SEARCRAT: s BRI PR, T8 e R A I IR R
FEREAS, R R AEFEAR G 5 I Sk R, Jf
SRAFIEE e PRI A SR B Ak RN L (1 A8 ST, ANt A7
SRR R LR (1) A ]

ARSCEERIUTT: W SCE 2 % R 4a A T
T, 53 WA T R T RGN (E 5 iR
NI, W4 TR AT M4 RGN L A S
2oy &5 ST %%W*ﬁﬁ%zﬁiﬁﬁ‘ﬁ, 505 AT
WIXHAT T B _

1 R4 an

Candes. Donoho F1 Tao 7£H i 2 7~ AL AL PR 1K)
At I, 12006 4EIE L H T RAE AN STT. A
7] T A G2 1) Nyquist RAF o B, 70 He 28 1k (1) # e HE 4L
T, R A I T 5 R 5, A2 Bk A
A SR ISR 2. IR ANZE0% T Nyquist K
FE5E BRI BRI, 6 B AR A TR S5 22 I B A
SR RGNS B . R A N BEAS — &R H, A
BRI, BGEE, AWy, IS 3 E N
HMIF I IR e B DGR P IR 0 [ R PR IR VR A
2007 4FJE R RHEI R L —. ‘

i R

y=®¥x=A%

WEfE SRR

x=argmin|fx, st y=4%% fewi

i A 4

FithiEs _,| Midon
¥ I

> —

P Gt 0 - BAARAS S (MR s . MR B
VRIS AN AT, 1 FR. (D E S, #
Nx1 Hif5 5§ 8 8] E AL # LW e RPY D
f = W, HP x WS fEERCRIIEY N RRER
7N W IEACAR AT PO L AR . B R 5L
I B HUNPAR LA AR A IEAS I A
KA 5, U R 22 A TE A AR 4 A il IE A8 4 - i U,
HHE S AEIUR T P TR R, @R, A

_-_iﬁiﬁiié{%%

T A 20 R4 B VE (restricted isometry property, {iijFK RIP)
5 A1 S A ) R O R AR 8 B AR DGy o DTS, g
— /N5 AR WA G M N4E(HL P M < )Rl
HHFED, RAGIRIEE T M x THER 2 1 5% I &
v=&dWx =A%y, LA™ = dYH CSHERET. W
I V1R 00 0 R O, WA LA 0 2 I WL iy 6

i I S I El R R 1 I [ S E O
Hadamard HEFE7. A8 i B4, (3 a, ) EH
Bk Ok O & /Lo ?ﬁﬁéﬁ I C A
y =argmin, ||x||, st v= A%y, BIHHES x
(ROHFif) B AL T BEMGGAES. BNy B
1 5 A R L A S A RS BB
N L 21 Sl M & STE P SR I e ST
PP IEASIURB EREEP, LR R DU P4

2 TR EENIE T AR N

EIF AT, 355 1 i A P/ A 54 SR
SRR B3 2k L, BT AT 164 2 A 0 K
M N, WA N S AR £ (frequency  bin)tE 5, I
AT R N NERAE B30 A 5 3 1 1
BARNN K, (55 KHWAK < N, B 55 5%
TN A B RS, DA 5 A e 1 e o
(01X K AME 54 BRI s i 2% b, B LAy
K x NASER AR, 96 R MR i, A Pk
SIS SRAT I 45 43R0 T 104

B0 WV A il

We(t.f) = [ox(t+x' (¢ —De 2 dr (1)

5 S [ BOM B 3 (ambiguity function, IR AF)#
AN

A0, = [ x(t +Dx (e - Del*dt - (2)

BOWIEEL'S WVD A2 16— 2 LA
%,

A.(6.7) = FAW,(t. )} 3)

(AR SR, 135 4 S P RO R
(P R, A8 ST 4 U A 5 b B B, 3 EL
00 BT 1) P 0043 T 357 M A R, 88 ST ¥ )
B WVD 7E R L A8 ST {504 . B
Candes “iEW], 4{5 S AR HHERT, 7T DUE 3
357 ] S AR R 1 R AR TR (5, IF HLi%AE
AT I 28 Al 5 A 5 53 R 1) TR R
ELIHERNE RIP 40, o TR 505 WVD I 45

Software Technique * Algorithm 3KfFHiA « Hik 177

© TEREBIK AR

http:/fwww.c-s-a.org.cn



A /[N VA

http://www.c-s-a.org.cn

2016 4 254 B 7 MW

3T B R A B AR O, i 38 BOROR oA )
D FHIREAS DX TR), )t mT LA B g 05 S BN i
N A S I S N S A AU VA (R
TRREAS, B (R IS 3 7 A DR AR A8 oy IS A SR A M F) )
I, LA T AS T
YR B BRAe N AF 8 o0 X e HORE A
XA A,, B
A(8.7) =24,08.7) =dF ' W (. A} =0(W(t. F1N4)
e N R A5 -5 I 5 B T
TR 5 IR R Ay,
x(t) == +n(t) 3)
FErr s(t) Ky AR 55 () A BE R 221 v T T e
Kb AN (Q2), 35 WA B e 20k -
{ : fi[sﬂwi% (- 3]
EGEIRRORI
TR (- e ©

2

£ [ oo )

P SR LA 0, BRI, 4
155 TR BB E IR 6 S i oA, I (E T DAk
R,

el @)= [ e| oo s(o- 3] ermra ™

BB R L T 22 e, 0TS IS RIASERYN R 25011
ABLER MR 2% 3 DRI b T Ao A

pleA, (8, D)W, (6. 0] = CN(@F {1, (. D). )

= CN(OW, (&, ),a) ®
H o, CN F R E IE & 4 A (complex normal

distribution). 7£ It ) @, RS 5 K WD 4 A

WLt o2 oA Mgt S 56 AR 1, 55 & H A M 1 10
Laplace 7347, ‘e

by
L ¥ f 9
p[Wx(t.’./.}]= i‘exp [,“Wr(ﬂi’f)“]] ( )

R iy, SRR R B, (8 £SR3
MEZ Al 11 (Maximum a posterior), 1] LA#5 3],
W, (t.f) = argmaxp[®A4,(6. W, (t. IpMi(t. )]
Wy (5. f) (10)
I AF S50 o DX s B A AR X [A) 5
I AR R, BIAAL (8. Ty P B WVD WL (¢t £,
BATRH L AHAA R 77, B RSt Sk vk
(nonlinear conjugate gradient method) KK il ~ 77 F¢:
min||4;(6.7) — O(WL(E DIl + AIWet. Il (1)

178 #AFHAR « 53 Software Technique * Algorithm

Horp A5 IENIME S OB USR5 2 (K I AR 7 R
HOBKG L, P2 JROR. AR 3 S AT T A0, Ao
Lapalce 73 A7 2 Hon Al i 17 73415 75 22 e R YLE 1.

3 TG I ANE 5 AR S A 5L
AN FH 7 R MO IR AF s ep X 1 RE AR,
IR I 0 P P 4 o i g R P S SRS
TFR FH. b T 55 S R EM LR, R
W50 0 1 16 k148 D7 152 MSE R BTERAE 2 CM
kit . s
7 1 A SRR R T B 8, R T
-2 B T A T I e A A fr B /NI
3 MSE & Y40,
MSE = [[a(t) — &(£)]? (12)
L oy M1 S T B AR R A2 1T ooy 200 JTD AR
A TR B AR 5 30 e AT 4, B
at)= argmaz)ixT FR(t, w) (13)

T R B BB B ORI, R
LTI ORISR U A HERE. U0 5T 774 10 5 5
JiE CM 52 UL

[ [ rerc.of da

CM = (14)

N\

2
<[ 2
[ [ frere.o) ai(;m)E

31 MBS BESMEL, UESE ERENER
=SA6: ’-._ .

WA RS (SR 256 0 HOFRAR I 44> A
W 2217, H WVD FoRuwE 2b)Fis. th %
3 T AR ERY 21, WVD A7 7R ™ 5 A8 ST
HH, BEEG T XHE 5 W IE R Ao B, 76 F Hs 4 i
HSEILAE 5 TFR A, & ST 505 5 TR B B 2 AF,
W 2(c) i, Forp e 5 10 B 00 o 55 T AE ST 1
S AR VA= W LB Ty e S PTIPY (VAr e =/ QI 1B U S 7
T PR, SEOBORIE O B IR AR X ], B 2 (d)-(f)
Xt I R ITAN [ (R REASIX ), % 11 983 2 2M+1, Mo
()X B 250 M=5, (e)XH IV B S50 M=13, ()X V. & 2
e M=27; fJa, AR EEE S R R,
%6F(d)-() H IREA DX ) B AT (0 B AR i, 79
B )5 5 IR 7 H A BRI I R AR M, i (g)-(i)
Fra. TR (d)-(6) H IR AE A DX ) 5 T s 448 e e D) T s
DU rr AR S VE 045 5 TFR A, G)-(DFTs.

i3

© TEREBIK AR

http:/fwww.c-s-a.org.cn



2016 4 5254 B 7 M

http://www.c-s-a.org.cn

A /[N VA

I HLE 2 A m] LU HY SR 45 A I R SR e
AZ SIS FEA X ) Z A7 DR R. R
HOREA KT E N, 455 (R I B3R SR PR OB Ry, (L [ I
XA I e A2 22 JRURAE T, Bl L IX
BRAFEA DRI RIS, UAMEE R T 45 (K B TR 42,
] RE S R HUE 5 A8 IR IR 23 FEAS, AT 3 B0 32
SCTRR ]t A2 2.

e} At Y wve 0 AF
4y AFEEE T et FEEE T T AFEZ T

2 R G L PRI AN [RIAE A 25 ), HEAY

BN RAR S I TR, Hoh (dyw B RE & 250k

M=5, ()R N K/IN AR TE B 2400 M=13, ()% VAR

T S0 M=27, (2)-() AR (d)-(OF IIFEAX 7] A

AT A B AR A 3 1045 5 I AR R A, (G)-(D A

XF(d)-(0) T RE A DX TR]5E T s 408 I N 15 20 (145 5 I AT
FORTER.

T PR B BRI PR A T /NS TR 22 MSE Z TRl

MR R 3 fow. W, % S5 M EUE 5-21 2 [H]
N, R CS TR 5 N AR IR R TF i
ZERNT WD, M E AT FFT 3715 5 IR
FEtd I ) TF 227 M=15 IS/, 2R 5 —
RS HITE B WVD TR R MSE. 254 1, FAT7 L
Filt, EEAT FFT PRI SRR R, Rk

SRR 25, (BT SRAEAE IF Frde X, R MSE #5/)8.

EEE R PESNIE S PAUPEN U
4 iR, AL, MRCRFGE S, FIA CS FTE
{355 AR (0 R BT WVD FIFIH FFT Ay
[ 55 IEATAERIG RARE, 4 M=15 I, CS BT
EEITPE N GE & 92 TE St A e
M HUZE 5-21 2 i, BRET 568 2M+1 BUE S K

4%-16%H, FIH CS HERIME 5 I I A 7s n] LI
INERY TR Al F i 28 RS s R I TR A B, ) I R CRAIF 4%
U028 SCIAMAR. AR AT 90 2M+1 BUE 5 K
4%-16%3X — 45 10 2 ik Fp 5, HHE T
TEOL, W 5-E 7 PR, AEES AN S IR T AR
LU (A 5 R AR A,

— WVD
0l —&— FIIFFTHEHE |
—6— FIHCSHE &

. . .
25 30 35 40

. . .
5 10 15

ﬁé%M
B3 L S I OR BRI SRS T MSE
b4

12

10+ 3
8t 4

@ 6f 1
hE)
= m
(@)
3
o 2f b
o
S o
2T —wvD
a4l —A— FIFIFFTE A | |
i —e— FHICSHE#
5 ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 5 10 15 20 25 30 35 40

i R M
Kl 4 (SRR BRI ER SR CM LU

32 EHBIESHER
FIRE, I CS TEHE 5 1 I A5 2% L LA
TEARG S, WE S PR, I CS TR 1M
R T LIS 0 BT S A8 ST,
6 T FFIAE G G AIE BE AR R AF BEARDX [ 51,
T LR P 3 400 60 R OR B I 5 SRR, e 0
@ﬁ%%ﬂﬁ%ﬂ{ﬂff}mLM%j,i¢mﬁ

2

T T

O, /& AE AF 1IN (84177 6] A1 Doppler 4177 [ 47 il T
MBS 0. Rl o: O K, B R BB 5.

Software Technique * Algorithm 3KfFHiA « Hik 179

© TEREBIK AR

http:/fwww.c-s-a.org.cn



i E LR 4 N H http://www.c-s-a.org.cn 2016 4F 25 & FH 7 W

6 0 RV i PRHC IR AP FEADFOSTRIN  cay oy ) A B I3 T 4008 00 15 e
BIFER. H SRS, AF B

O S B R 6 5 AL R
RARD. 33 S IIRIER BIE SMIFE
@ R ) wio © ae LA O 75 55, R WVD S
—— : - i FATR 2 1078 XT4E. BRI 515 51 AF 38,
D R OREA, ST IR A AT I BT T A,
(d) AFFEAIX )1 (e) AFFEAIX (A2 (1) AFFEAIX 13

)”Uﬂu%’ft?%ﬂﬁﬁﬁ%Eﬁiy\lﬁ?ﬂ]ﬁéJ iﬁamE’JHT%ﬁ JE S

(g) (h) (i)

1::75, mTuﬂﬂ%F,ﬁﬁ@ﬁﬁlﬁﬁﬁaﬁ AF S FEA
7% [, ﬁ%fﬂ%ﬁ@%ﬂﬁﬁi%. o i P PR, 3K LA

g b
i
)
Ca)_ et 7 515 5 R I J o (b) WVD (c) AF

() AFFEAIX )3

I><

Kls %Uﬂ%%ﬁﬁ;ﬁiﬁﬁ%*ﬁﬁﬁﬁfﬁffﬂwI‘Eﬂ )
Z a5 S AR R, ()X BN AR TE & S50k
M=5, ()R N K/N AR TR B 240k M=13, (D)% M F AR
T S50 M=27, % ISR 2M+1, (g)-(1) AXS
(d)-()H IFEA DX 1) LB A T4 L AR 3 15 31 (145 5
IS AR 7~ EE A4, (5)-(1) A0 (d)-(D) H IREA X )9 T
ARSI B 15 AR R B .

(a) BRSO (b) wvD (o) AF ‘,, \‘3
- 7 e Sk RS i e 5 £ I A
___ EP(d)XJr“H’J&E% ZHh M=S5, ()RR AR
(d) AFFEAK L (e) AFFEAX 2 (B AFFEAK I3 @%@iﬁ M=13, (ﬂﬁim%gﬁ;'f?ziﬁj{j M=27, %l

B B 570 o0 oo i

AT AR HAG B A5 5 IR TR FE A, (6)-(D) )
(d)-(B) P IREA DX A 35 T e 4 S A 21 (945 5 I R
X A)

4 g

A HE T IR AT AT 255 1 I AR T
f5 /N7 PE MSE RIS HURSEE CM 1E h i %
6 RIS G SO I R R ARSI, K 407 TR IR A SR I 5 BT R S R P A 1]
LRSI HER. RN IRIRESECH 0GR, T aE IREAR [, LU LA
0. =001, 0,=10" (c) *f [N ff1 i M7 % 2 BN GritARARYE . BRI A N R
0. =005, 0,=5x10° | () %F W i3 it M 8 2 B0l el s USR5 ZTAS B E T M T IR
0. =005,0,=5x10", (2)-(i) HXH(A)-OFIRERRK I 2 b9 5 R i
ELAT I A R B O S AR, G)-() )

180 #AFH AR « 53 Software Technique * Algorithm

© EREERREST  hup/iwvww.e-s-a.org.en



2016 4 5254 B 7 M

http://www.c-s-a.org.cn

A /[N VA

S 3Lk

1Cohen L. Time-Frequency Analysis. NJ: Prentice-Hall, 1995.

2 Qian S, Chen D. Joint Time-Frequency Analysis: Methods
and Applications. NJ: Prentice-Hall, 1996.

3 R HE IR 5 A HE AL TR AL, 2002.

4 Candes E, Tao T. Near optimal signal recovery from random
projections and universal encoding strategies. IEEE Trans. on
Information Theory, 2006, 52 (12): 5406-5425.

5 Candes E, Romberg J, Tao T. Robust uncertainty principles:
Exact signal reconstruction from highly incomplete
frequency information. IEEE Trans. on Information Theory,
2006, 52(2): 489-509.

6 Donoho D. Compressed sensing. IEEE Trans. on Information
Theory, 2006, 52(4): 1289-1306.

7 Tsaig Y, Donoho D. Extensions of compressed sensing. Signal
Processing, 2006, 86(3): 549—57\1. "

8 Li X, Bi G Time-frequency‘ reﬁresentation reconstruction of
the chirp signal ba;sed on the compressive sensing. The 9th
IEEE Conference on Industrial Electronics and Applications
(ICIEA 2014). 2014.

9 Herman M, Strohmer T. High-resolution radar via compressed
sensing. [EEE Trans. on Signal Processing, 2009, 57(6):
2275-2284.

10 Rossi M, Haimovich A, Eldar Y. Spatial compressive sensing
for MIMO Radar. IEEE Trans. on Signal Processing, 2014,
62(2): 419-430.

11 SR A2, 2wl B S 4 ST 9. oH S HL A% 41,2011,
34(3):425-434.

12 W06, BT I 4 AR IR 28 . A 3l 1627 42009,35(11):

1369-1377. '

13 7060 XU S B A KU R, BB R4 AT
Je HRFF ot e HE T 547,2009,37(5):1070-1081.

14 T35 M54 X0 057 A A 20045 B B G 2 A
T8 I R 45 B LT 24 41,2013,41(8):1506-1514.

15 Z5AKAE, TR A0 T R 5 0T 5 T UG BB AR i 1 5 S TR AR

SN R4 R T 2441,2013,41(5):905-911.

16 Peyre G. Best basis compressed sensing. IEEE Trans. on
Signal Processing, 2010, 58(5): 2613-2622.

17 Rauhut H, Schass K, Vandergheynst P. Compressed sensing
and redundant dictionaries. IEEE Trans. on Information
Theory, 2008, 54 (5): 2210-2219.

18 Candes E. The restricted isometry property and its
implications for compressed sensing. Computes Rendus
Mathematique, 2008, 346(9): 589—59“2. \

19 Applebaum L, Howard S, Searle S."Chirp sensing codes:
Deterministic ¢ompressed sensﬁlg measurements for fast
recovery:, Applied and Computational Harmonic Analysis,
2009, 26(2): 283-290.

20 Chen S, Donoho D, Saunder M. Atomic decomposition by
basis pursuit. SIAM Journal on Scientific Computing, 2001,
43(1): 129-159.

21 Figueiredo M, Nowak R, Wright S. Gradient projection for
sparse reconstruction: application to compressed sensing
and other inverse problems. IEEE Journal of Selected
Topics in Signal Processing, 2007, 1(4): 586-597.

22 Tropp J. Greed is good: Algorithmic results for sparse
approximation. IEEE Trans. on Information Theory, 2004,
50(10): 2231-2242.

23 Tropp J, Gilbert A. Signal recovery. frot’h random measurements
via orthogonal matehing pursuit. IEEE Trans. on
Information Théory, 2007, 53(12): 4655-4666.

24 Ji'S, Xué Y, Carin L. Bayesian compressive sensing. IEEE
Trans. on Signal Processing, 2008, 56(6): 2346-2356.

25 Flandrin P, Borgnat P. Time-frequency energy distributions
meet compressed sensing. IEEE Trans. on Signal Processing,
2010, 58(6): 2974-2982.

26 Orovic I, Orlandic M, Stankovic S, Uskokovic Z. A virtual
instrument for time-frequency analysis of signals with
highly nonstationary instantaneous frequency. IEEE Trans.

on Instrumentation and Measurement, 2011, 60(3): 791-803.

Software Technique * Algorithm 4K fFHiA « 53k 181

© TEREBIK AR

http:/fwww.c-s-a.org.cn





