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Abstract

In most previous studies, noisy 1-bit distributed compressed sensing has been limited to the use of
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Gaussian random measurement matrices for signal reconstruction. However, such matrices consume
significant memory and have slow computational speeds, which hinder the development of their prac-
tical application. Therefore, as an improvement, this paper considers the application of structured
partial Gaussian circulant matrices to noisy 1-bit distributed compressed sensing. Partial Gaussian
circulant matrices can significantly reduce computational complexity and improve recovery efficiency
through fast Fourier transform. To this end, we propose a new robust 1-bit distributed compressed
sensing recovery algorithm. This algorithm can adaptively detect and correct sign flip positions by cal-
culating the number of sign inconsistencies. Numerical experiments demonstrate that, in the presence
of measurement noise and transmission noise, the recovery performance of partial Gaussian circulant
matrices is comparable to that of Gaussian random matrices. Furthermore, the recovery time of partial
Gaussian circulant matrices is shorter, and the reconstruction efficiency is higher.
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o RAAEAHF TSR . DRI, B S SR A R R R R R T TR, 1% SRAERE W] LA ) B
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RZHIWSEBME SR, AR ZAME SRR A AFE R, sl [8]. A M
AKE[9]. BTLL, Baron &5 K3 H 73 A1 UK 4 2 A1(Distributed Compressed sensing, DCS) [10], BR4EAS
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BT A LA, AV, 4D R LARFEREER. 4, DCS SR s.
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FESEBR G T AL B R, 25 B8 BIAAAE /NN B8R i = M, 7R 0TI 31 1 DU A AT B Ak
g A T AR e 4 g E AN Y B 9 0 B o BAORUE, FRATT R ZE AL 5 I EAH O (Ax) , Hor O(1)
Fe— M N 4R ) S B R R G B . NSRRI R TG E s R aE i, s
TSt A AE R MR R PN . R, Boufounos &5 B IRAE AR AI EE A T — Rl RS AL
BHET 1-bit JEHE%0(1-bit Compressed Sensing, 1-bit CS) [13], HI R ESHMSEE, MAK T NE
SR, IR KD T LR, B2 5tm 7. 1-bit CS EUFEALN:

y= sign(Ax) )

Kb, sign() AEEHET, BIR(0,0)20, y,=1: RZ, y=-1, i a JERERE A 05 i 17.
SR, FEMERTIRN, LSBT R R AERIH,, XM B S SR EAR . T,
Yan [ 14148 T HUEN S RRBER R, ATHREFEE T HMmETE, 895 B I B RS B
fr ' . Movahed %5 [ 1578 5 H — 058 mUIEARENE TN T R BAHIAI LA, DLIR e 78 A5 N 145 SR
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R T S )% LA 8 {8 (Robust Binary Iterative Hard Dhresholding, RBIHT) 5.9, AN B0 75 /K P
NI BRI AN, A R B A BRI TR — S E R BT S R AL E . A
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H T 1-bit CS WK EZAE SIS B R AR BEAG T . Lin S5 [ 18K &k 1-bit CS FITRFES: 21 h i A
Ingsakeok, RS EAERT TR A ST RERE T R ERE 1-bit CS FA T KM E RS MR R A 2,
Frald SEIGE R 1 T AR B AT DL M AT SRR R, IR IR AR

TEARSCH, AT LS 1-bit 5340 X% 48 /& 1 (1-bit Distributed Compressed Sensing, 1-bit DCS), 15 &
¥ 1-bit EALR FH BE S DCS o 7R TC LR BREN 25 [ 191 S 5 2] 2018140 4 20 MIMO R G8[ 2154,
1-bit DCS TR 2 2N TAESERRIE DL, RS S T, L, Zayyani S5[22]38 ) 7 Mg —
RrA B R N RS, IR A R B MG 5, HAZSAAE M 1-bit DCS A BB &1, JF
HXESHERERWE R, Yang [23]18H T M-AOP-e 3%, ZHEEIT T 715 (b #E, wTLA
ARGOBATE S EN . ST, XSRS s R . SR I ) & e e T B —,
Wiks T SCBRRLA , DR G e B R T A B A R

FT LA EDE, AR AEAST R B 73 & Wi P MEAE AT IR 1-bit DCS S HT o 870 s 06 31
TR R L S K ke it A6 5 ) AT SR AR, AT DG i PR A B AR s O, RORIR KT R R
HIEE, BAEEERSERRE L ZR[16]H)E K, FARE 1 —F0E (0 E A4 H % ——D-RBIHT, ZHi%
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8 IR AN e e A A AR BN RS R RE . SEHE DM, 00 e O AR O A ORI T SR T
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FIES AL RS RE, ARG 2 S Gl AE
y:sign(sign(Ax+e)+n), (1.D

Hrb, eeR™ . neR™/yHIEMENES LIRS, Mg, x:vec(X):(xl,n-,xL)T,
y=vee(Y) =y, ) Bl Ae RN B 53 6 W08 FF A0 BRI T A B AV -, A a3 5 v 1 4
WHiFE. BRitz oh, AT E e o] B E 546,

Vo) :{v:vec(V):V:(vl,---,vL)eR'"XL, supp(V)|Ss, V1||2 :||v"2,1/L} ;

Her, supp (V) B G S8V, B3, BEERATIOAN S A cr, 310 Rl vot-& B Rk 5000
71 1-bit DCS B ) F EM R LG E S, 55 il & 45 AT L, 98 3000 v Wi R RE B e 1 55
R FIREEZEN . BTk, AT BA W EE——D-RBIHT. ZH 22757 A 1 RBIHT F&5di&E
MEA N REE, AERAERERE SN ELE. £ D-RBIHT 1, RATFIAHS RBIHT —FEH 7
TR A, R 2 VORI AR IR — UL E o reshape(, N, L) 45— A& x e R™ H4ihy
—ANNxLBIFERE, BRE NP 4> 0 HFRRIE SRR SEBrtE Ik T 1k 3% n() REERER T, EiZH
FIWE T, H TR —ANERERT s 79 29080 KIAT, JPREITITE T, § NHBIEF. R
I EAE SR BA— BB T B 8 THE RIS 58 BUE, I8 A BATE VN ZAL B R E T 75585
L N T B2 A .

Algorithm 1. D-RBIHT algorithm
&3 1. D-RBIHT &3%

BN: WERFE Ae RN, 1-bit ®BIE yeR™, K u>0, Wils, H5ML, WHKHET6>0, JMER
U, s WAEERUCH n,
AMIEEE p=1L-no

T O L ST
47,
PEER: q=0,-,n,;

vt = A" (sign(Ax")—y) ;
atl = x4 —reshape(vq”,N,L) ;
xq+1 _ n(aq+l) .
[= {i e{l,-, ML} :yx(Avec(x"”)) < 0} ;
c,=c, +1;
QAR et — 3, BVRAE
RAFF SRR A B I IE.

We={ie{l -, ML},c;>5xn,}
P= {i e{l,~,ML},c, = max(ci)} ;
WERW £0

Yw =—Yw
74 )

Yp="Vp
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3. HUERHISCE

FEATT Y, FRATTHG A2 0 B s 5 N i i 7 O o P UG 0 T 5 25 B A v 30 R R AR 2 v S I A
Bl P B AL M B R EE AL N ) o EAT LRERNE, B NI B2 m/ N WRBEE sv (B 58K/ L =AN4ERE. fETA
AR T, F9% X e RV, |Supp(X)| <s, R SIFNIE AN SRR T c[N], RERT
EIAF AN 0. T2 11 iid B BN & . Rk o6, SRR S50 T S HO A H 48 E
AT N=200 F1 s =3, K, fEsLI8E7r, JATE GM A= #iERE, PGCM Dyl m i E A R .
B Jh, B EMME S 585 Lb(Reconstruction Signal to Noise Ratio, RSNR) K47 & 5256 R0 5, RSNR 7E43 1
(dB)FAL T 52 XN

E(x
RSNR =101g E(x(_)fc) :

H, 2 AEMES. RSNR B S, £RES K EMR RS BRI RO EE AT IRAT BIZ5 0
IFA], PR NFD(s). B TRIERAT, it BH B2 A B AL AR B

3.1. MERS

AT M EIE S e e R™ IR — DN ICRABHR M IE &5 N(O,af) o FITLL, A4y DU(dB) N 57 %
A(Input Signal to Noise Ratio, ISNR)E XN :

E(|4f)

ISNR =101g

ok, E(lef )= No? o ISNRBRA, ARFGEHOT A SRS, (5 eRerh, BIE M=N=200, s=
5, L=3. fEASFEM ISNR F, FATELH GM A1 PCGM [ E M i & . ISNR [(JTEHA 5dB #) 25dB. Xf T
fF—A> ISNR, A 500 KISLLE, SRJG103%° T3 RSNR. SEIG4t BE/RERE 1 ho M kB KA,
AEMEFEFEZ PGCM L2 GM, {5 5 M EM K EHEE ISNR I KMifgm. itk 4, PGCM #l GM
THIME S B EEARF R ISNR P AEE AR, PGCM A EMEIHIMHA . LTIk, WM EHER
R JJAEAN [F)FE B (0 B M P PR s >, A A I AR R
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Figure 1. Reconstruction performance of GM and PGCM with different ISNRs
& 1. GM #1 PGCM £ A[F] ISNR TRYEAIERE
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A GM TEMEHEE m/N FIWEEE s AR, BAMPIEMERE. fEE S8R L XM,
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Figure 2. Reconstruction performance of measurement rate m/N, sparsity s, signal set size L, GM and PGCM in algorithm D-RBIHT
affected by measurement noise in three different dimensions
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PRESC/N, JETHZ2PEIB WK, PGCM IR (IR 34 02 8 AR 19 B 2 o X RRBRAE s SR UL, Tl 45 B i 14 1 T A2 55
PGCM 1 GM B} [F] ZE FEIZH AR /N . TEMBLIE ORI, P AT (R Z RO o Bk UE, 7E = NERE
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Figure 3. Reconstruction time of measurement rate m/N, sparsity s, signal set size L, GM and PGCM in algorithm D-RBIHT affected
by measurement noise in three different dimensions
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Figure 4. Reconstruction performance of GM and PGCM with different symbol flip probabilities
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Figure 5. Reconstruction performance of measurement rate m/N, sparsity s, signal set size L, GM and PGCM in algorithm D-RBIHT
affected by transmission noise in three different dimensions
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Figure 6. Reconstruction time of measurement rate m/N, sparsity s, signal set size L, GM and PGCM in algorithm D-RBIHT affected
by transmission noise in three different dimensions
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Figure 7. Correct detection accuracy of GM and PGCM with different symbol flip probabilities
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