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1. Introduction

Often times, scientists and engineers encounter scenarios that require the solutions to

underdetermined linear system
Ax = h, (1.1)

where A € RP is a linear operator, 7 € R¥ is an estimation, and x € R”. In (1.1), k < n and the
solutions are infinitely many. As a regular feature, (1.1) appears in signal processing via compressed
sensing (CS) techniques [1-3], where the sparest of the solutions to (1.1) are of paramount interest. To
solve (1.1), we first consider the general optimization problem (Pp)

(Pg) : min H(x) s.t. Ax = h. (1.2)

29

Taking H(x) to be strictly convex like the squared ¢, — norm namely, “||x||5” ensures a unique but not
sparse solution. On the other hand, selecting H(x) to be the non-convex ¢, — norm guarantees a sparse
solution and the new model is formulated as

min ||x||p s.t. Ax = h, (1.3)

with ||.||[p denoting the components of the vector x that are non-zeros, A and h remain as defined
above, and k is the number of measurements. The minimization problem (1.3) is mostly referred to as
the £, minimization problem [4]. Even though the £, — norm is often referred to in the measurement
of a vector’s sparsity, its implementation in the model (1.3) is combinatorial and computationally
intractable [5]. To address this issue, researchers considered H(x) to be the {; —norm, which is not only
convex but also ensures sparse solutions to the problem in (1.1). Thus, to obtain the sparest solution to
problem (1.1), researchers mostly consider the regularized convex optimization problem

) 1
min H(x) := S| Ax - hli5 + lidly, (1.4)

where the term ||x]|;, which denotes the £;-norm, is incorporated to penalize large values in the objective
function, while 7 > 0 serves as a parameter that regulates the balance between achieving sparsity and
minimizing the residual error. Clearly, the objective function H(x) in (1.4) is convex and nonsmooth.
Nonetheless, suitable iterative schemes [6, 7] have been suggested in the past decades to obtain its
solution. The scheme by Figueiredo et al. [6] is by far the most prominent method applied to solve (1.4).
The main approach involves the reformulation of (1.4) by splitting x € R" as

x=a-b, a,beR],
with b; = (=x), a; = (x;);, Vi = 1,2,...,n, where (x), = max{0, x}. By employing this expression,
the ¢; — norm is further represented as ||x|l; = ela + b, with e, = (1,1, ...,1)7 € R", leading to the
reformulation of (1.4) as
1
min {Ellﬂ(a —b)—h+1(’a+e'b) abe Rﬁ}. (1.5)
In addition, the authors in [6] showed that (1.5) can further be expressed as

mwin {%W&p + QY| ye Ri"}, (1.6)

AIMS Mathematics Volume 10, Issue 8, 19675-19692.



19677

where , ,
_ (4 _ —-q — Al | AA —AA
l//—(b), Q—T€2n+(q), q=Ah, B-= “atA A |
Considering that B is positive semi-definite, (1.6) is a convex quadratic programming problem [8].
The authors in [8] also stated that ¢ is the solution to (1.6) provided it solves the following system of
nonlinear equations:
F(Y) = min{ys, By + Q) = 0, ¢ € R¥. (1.7)

Remark 1.1. It was proven in [8] that F in (1.7) is monotone, namely the function F satisfies
(F(x) = Fo)'(x=y) 20, Yx,y e R™. (1.8)

Among the various algorithms for solving (1.7), the Newton- and quasi-Newton-type algorithms [9,
10] are arguably the most prominent. This stems from the fact that they exhibit rapid convergence
from initial points that are within a neighborhood of the solution point [11, 12]. However, the huge
requirement for storage space and other tasking computations makes them not ideal for large-dimension
problems. In the past decades, modified versions of famous conjugate gradient (CG) formulas for the
unconstrained minimization problem

min f(x), (1.9)

xeR™
where f : R" — R is smooth with gradient Vf(x) = g(x), have been employed to solve (1.7) [13]. This
is mainly because the CG schemes do not require huge memory space to be implemented. Starting
with a guess of xy € R", iterates of the CG method are generated by the formulas

Xie1 = X + Sg, S = idy, k=0, (1.10)

where x; represents the k' iterative point, % > 0 is a steplength generated by a line search process
along the scheme’s direction d;, which is computed using the following formulas:

do = =80, dir1 = —&k1 +Brdi, k=0,1,..., (1.11)

with g1 = g(xxy1) and By denoting the CG updating parameter which is crucial in the scheme’s
implementation and is different for each method. The reader should see the comprehensive survey
in [14, 15] for different CG methods with different parameters ;. Below is a list of the classical S
parameters:

FR ”gk+1||2 CD ||gk+1||2 DY ||gk+1||2
= [16], B;" = [17], By = 77—
S PATS L —dlg T d (g — &)

s 8he1(8ket — &) S (Gre1 — &) i (8rr1 — &)
Al (g — 2 gl ~dT g,

where ||.|| is the ¢, — norm and g, = g(x;). In recent decades, CG methods for solving (1.7) have
also been employed in solving compressed sensing problems (see [23, 24] for instances). Apart
from CG methods, some other solvers have also been developed for solving compressed sensing
problems. These includes the iterative shrinkage/thresholing algorithm (ISTA) [25], which is a
scheme that depends only on the gradient information, making it computationally cheap, the fast
iterative shrinkage/thresholing algorithm (FISTA) [26], which is an improvement of ISTA by way

[18], (1.12)

[19], B/RF = [20,21], B = [22], (1.13)
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of incorporating a momentum term for faster convergence, the alternating direction method of
multipliers (ADMM) [27], which is a scheme with the attribute of handling complex functions, and
alternating projection gradient linearization (APGL) [28], which recovers sparse signals by combining
the principle of alternating projections and £; minimization.

An essential version of CG methods that has not gained much attention for solving (1.7) is the
modified form of the classical Dai-Yuan (DY) method in (1.12). Recently, some DY-type schemes
for (1.7) have been proposed. One of these is the scheme by Liu and Li [29], where their formula
was constructed by integrating the famous DY coefficient [18], the projection method by Solodov and
Svaiter [30], and the spectral gradient scheme [31]. The authors also proved the convergence of the
method independent of the well-known differentiability assumption. In [32], Liu and Li proposed a
spectral DY-type formula for (1.7) which was constructed by combining the classical DY formula [18]
with the technique in [33]. Inspired by the work in [34] and [29], Liu and Feng [35] defined a
variant of DY method for constrained nonlinear systems. The method’s structure makes it ideal for
solving nonsmooth nonlinear problems. The convergence analysis of the scheme was discussed under
the Lipschitz condition. Motivated by the idea from [35], Sani et al. [36] proposed a variant DY
algorithm for constrained nonlinear systems, with the scheme’s direction obtained as a combination of
the classical CD and DY coefficients. Recently, Alhobaiti et al. [37] introduced two scaled DY-based
schemes for the solution of (1.7) by employing distinct strategies to determine the scaling coeflicient.
Even though the DY-type methods are promising, numerical experiments and analysis have shown that
they are quite sensitive to inexact line searches and often lack global convergence guarantees. The
reader can explore the works in [23, 24, 38] for more on methods for constrained nonlinear systems.
These new developments show that there is increasing interest in creating reliable and effective DY-
based techniques that are suited to the complexity of constrained nonlinear situations. To improve the
theoretical comprehension and practical usability of optimization algorithms in various scientific and
technical fields, more study in this field is essential.

We outline the objectives of the work as follows:

To construct a DY-type algorithm for constrained nonlinear systems.

To present a method with the vital property for analyzing the convergence of CG-type methods.
To analyze global convergence of the proposed scheme.

To describe the method’s application in sparse signals recovery.

The article is organized as follows: Motivation and details of the proposed method are given
in Section 2. Analysis of its convergence are given in Section 3. The results of some numerical
experiments to test effectiveness of the method in signal recovery are presented in Section 4.
Conclusions are made in Section 5.

2. Motivation and algorithm

To begin this section, we first introduce an important concept that is required in implementing our
algorithm and proving its global convergence. Let C € R” be a nonempty closed convex set. The
projection operator P¢ : R — C is defined as

Pc(x) = argmin|lx —y||: yeC, Vxe R,
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with the properties
IPc(x) = PeOIl < llx=yll,  Vx,y € R,

and
[Pc(x) =yl < llx=yll, VyeC. (2.1)

We also give the following lemma that is equally required in proving global convergence of the
proposed method:

Lemma 2.1. (Cauchy-Schwarz inequality) Let V be an inner product space over the field of complex
numbers C with inner product <., .). For every pair of vectors x,y € V, the following inequality holds:

e, P < (X, )¢9, ). (2.2)

Theoretically, classical CG methods produce conjugate directions under the assumption of an exact
line search and a convex quadratic objective function. However, in practical implementations where
inexact line searches are employed, this condition generally fails to hold. For instance, if the coefficient
HS is substituted into (1.11) and then both sides of the resulting equation are multiplied by g}, , we
obtain

{18t = —lgenll + B gl i (2.3)
Clearly, if g 1S > 0and g, di < 0in (2.3), the descent condition holds. In contrast, when g/, dx > 0

and B/S > 0, the condition may not hold, since the term B’ g7, dj can exceed —||gi.1]I>. To address

the shortcoming of the HS scheme, Dong et al. [39] introduced variants that ensure the condition is
satisfied while retaining the desirable properties of the original method. They presented a new variant
of HS search direction whose formula is described as follows:

. {—/lk+1gk+1 +BPdv, gl,,d>0, k>=0;
k+1

) 2.4)
—8ie1 + B d, g1, di <0, k>0, otherwise.
In (2.4), x4 1s given by

Sinde 8hVk
ATy lgenl?

5
As1 = BY = max{BY™ i,

where
-1

lldill min{y, [Igxll}’

e =

and

]lc)HS _ (1 _ g:dk) kHS t||yk||2§k+1 ot 0.
dk Yk dk Yk

Inspired by this strategy, Aminifard and Babaie-Kafaki [40] introduced a closely related modification to

the famous PRP scheme [20, 21]. Like the HS method, the PRP algorithm possesses a similar inherent

structure but also fails in satisfying the descent property under inexact line searches, as previously

observed for the HS algorithm. The direction proposed in [40] ensures the sufficient descent condition

is met while preserving the favorable properties of the original PRP method, and is defined as follows:

Ak+18k+1 +,8MPRPdk, g,{Hdk >0, k>0

(2.5)
—gie1 + BERPdy,  gl.,d <0, k>0,

do = —go, dif, = {
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where ,

k1% Lprp
k

g1 1>

Ak = 1+

2

and

MPRP _ ( B g/{+1sk) PRP _ Iyl g, 5% >0

¢ llgell? )7 lgallt 7~
Inspired by (2.4), (2.5), and the original DY formula, we present a new DY-type search direction with
the structure as follows:

A1 Freor + 8P,  FT dy >0, k>0;
dy = —Fo, di1 = it + B Tl et 7 . (2.6)
—F + B8Py,  F[, d <0, k>0, otherwise,
where , , -
Ay =14 Fear% oupy  avpy _ (1 _ Fk+1sk) MDY _ kil F ey 8 @2.7)
+1 = ’ - - — > .
IFeal P76 diy )" (df 1)
with 7 > 0 being a positive parameter. Also, 8'?" in (2.7) is defined as
MDY — ||Fk+1||2
‘ dlye
and 1l
B =y + Yty 50, (2.8)
Il
yi = F(Y) — F(xp),
where
i = X + Uidy.
From (2.8) and the monotonicity of F, we obtain
SiVe Y I Fkall Y
dly, = 22 ¢ 2B 0P > ||F >0, 2.9
e R ST |l skl ﬂk“ i+ 1118l (2.9)
which consequently implies that
iy = YIFrallllsell > 0. (2.10)
Lemma 2.2. The search directions generated from (2.6)—(2.8) satisfy the inequality
dl Fro < —cllFnlPy ¢ =1. @11

Proof. 1t is clear from (2.6) that for k = 0, dgFo = —||Fy|*. Then for k = 1,2, ..., we consider the two
cases presented in (2.6).

Case 1. F[,,

T 2 NDY T
dk+1Fk+1 = _/lk+1||Fk+l|| +ﬁk Fk+1dk

dy > 0. Pre-multiplying both sides of (2.6) by Fy,; yields

_ IF el Fioade 2 Fiose\ 1Pl IF el (Fiy 50
= 1+ 2 N F el + (1= 22 R T g — —kt
d, Vi NFeall dye | diyx (d 1)
Feal(FT .d FT i\ 1Feall?
< _lle+1||2 _ | k+l!lT(_ k+1 k) + (1 _ (;;1_ k) ||dkT+_1|| F}Z:rldk
kyk kyk k}’k
< —lIFeall.
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Case 2. F,Qldk < 0. Considering that ||F,|* and dkT)‘)k are both greater than zero, pre-multiplying the
direction in the second case by Fj. yields

||Fk+1||

k k

T 2
dk+1Fk+1 = _”Fk+1” Fk+1 ||Fk+1||

We now present the algorithm of the proposed method (see Figure 1).

Choose initial guess xg € C
Stopping criterion € = 107°

dy=—Fyandsetk =0

Setk=k+1 }_’( Compute F(xy) I I Stop, the solution is obtained I
Yes
No
Compute step length 9J; and
Y = xk + Iiedi
Yes
S—
No

. F
Determine Xg+1 = P¢c (xx — W) F(Qi)

)

| Compute search direction
by (2.5), (2.6), and (2.7)

Figure 1. Flowchart representation of Algorithm 1.

Algorithm 1. Modified Dai-Yuan method
Input:

e Tolerance value € > 0.
e Initial starting point x, € C.
e Line search and projection parameters 5 € (0,1),0 € (0,1),0 < ¢ <2,y € (0, +c0).

Initialization: Set k = 0 and dy = —F).
1: Determine F(x;) and test if ||[F(x;)|| < €. If yes, stop. Otherwise go to step 2.

AIMS Mathematics Volume 10, Issue 8, 19675-19692.
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2: Calculate ¢y = x; + thdy, with 9, = ™, where my, is the smallest nonnegative integer m satisfying
—F(xi + Oxdi) die > 59l W) lllldil . (2.12)

3: If Y € C and ||F(Yp)ll < €, then Xy = Y.
End.
Otherwise, compute:

Xkl = PC [Xk - ¢(DkF(l//k)] ) where (213)
F)" (xx — )

= . 2.14

¢ IF oI (19

4: Determine di,; by (2.6) with (2.7) and (2.8).
S5:Setk=k+1andgoto 1.

3. Convergence results

To analyze the convergence of Algorithm 1, the following useful assumptions are required:
Assumption A. A solution X € C exists such that F'(x) = 0.

Assumption B. The mapping F is Lipschitz continuous; namely, there exists a positive constant L such
that
IF(x) = FO)ll < Lllx = yll, Vx,y e R™ (3.1

The following lemma is used to prove that the linesearch procedure computed in Step 2 of Algorithm 1
is well-defined:

Lemma 3.1. (1) Let {d,} and {x;} be generated by Algorithm 1. Also, let F be continuous on R". Then,
a non-negative integer my exists satisfying (2.12).

(2) Suppose Assumption B holds, where {x;} and {y} follow from Algorithm 1. Then the step-size
¥ > 0 satisfies

(3.2)

F 2
9 > min{l BlIFl }

NF@IL + 6)lld]?
with ‘Zk = Xx; + lgkdk and l_?k = ﬂ_lﬁk.
Proof. Part one of the proof is omitted because it is similar to the proof in [41].
As for (2), if 9 # 1in (2.12), & = B~ will not satisfy (2.12), i.e.,
—FW)" di < 69IF@)lllldll.
Using (3.1) and (2.11), we get
IFdP < —F{dy = (FW) = Fi) d = F@)" dy
< (L + SIF@DIldell®
= B~ 0L + SIF @)Dl

which further yields
BIF:P

k2 = .
(L + SIIF W) IDlIdkl?

AIMS Mathematics Volume 10, Issue 8, 19675-19692.



19683

Lemma 3.2. Suppose that F satisfies (1.8) and (3.1) holds with X € C. Then, for ¢ € (0,2), the
sequence {||x; — X||} is convergent and

et = & < e = TP = ¢2 = ¢)6% o — el

holds and {x;} and {yr;.} are bounded.

Proof. The proof begins by showing that {x;} and {i;} are bounded sequences. Considering (2.12) and
the definition of ¢, we have

o — ) Fyr) = SIFE @l — gl (3.3)
From (1.8) and for all x € C, we get
(= BT F) = (o — )" F) + W — 0T F(Wr)
> (xx — ) F) + Wy — 0T F(X) (3.4)
= (x — Y)" F(y).
From (2.1), (2.13), (2.14), (3.3), and (3.4), we have
1 — XIP = IPclx — ¢DpF ()] — X
< |l — ¢OLF () — XII°

= |0 = ©) = pOF W)l
= |l = &P = 260 F ()" (o = ) + GO F (@)l

< |l = Xl = 200 F ()" (5 — ) + > OFIF I (3.5)
] (FW)" (i — y))*
= |l = XII> - 62 —
A N TTTATE
) SIFWollllx — wall*
— %P =02 -

= lbee = XU = 2 = $)& 1 — gl
which further implies that
0 < flogar = Xl < flove = Xl < ey — Xl < .o < g — X

So, {|[x;x — X||} is non-increasing, bounded below and therefore convergent. It also implies that {x;} is
bounded. Now, by (3.1) and since |[xz4; — X|| < ||lxx — X]|, we have

IFeoll = I1F (xe) — F (| < Lllxg — || < Lllxo — ]| (3.6)
Letting L||xo — X|| = m, indicates that {F}} is bounded. Also, from (3.3) and (2.2), we obtain

SIFE@ONlxe — vl < G — i) F(yn)
< NE@llllxee — vl

which eventually yields
Ollxe — Yl < 1,
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and indicates that {i;} is bounded. Hence, from (3.1) we conclude there exists 7 such that

IF (ol < m. (3.7)
We now prove that {d;} is bounded, namely, there exists M such that

ldis1ll < M. (3.8)

From (2.6) and (2.7), we analyze two cases.

Case 1. FkT+1dk > (. By employing (2.6), (2.7), (2.9), and (2.2), we obtain

dgsill = | = A1 Fror + By il
F d F d Friill? FrotlPlldell?
<1+ Il k+;|l|| k”)lle+1|| . (1 N I k+11r|l|| k”) Il kT+_1|| Il + t“ k+lT||_||2k||
d; Yk d, i d, i (d, y)
F d F d FrotllPlld, FrotlPlldell?
< 1F e lllldill )”Fk+1||+(1 N | F ks |l ) E ks 111l p |2| k1l |2| ll : »
YUE ks lllldill YNEeerllldill ) YIFralllldell v Fraa 1Pkl (3.9)

2 2
=1+ =+ = | IIFull
Y v

2 1 t
< 1+—+—2+—2)m1d§fM1-
Y v Y

Case 2. F[ di < 0. From (2.6) and (2.10), we have

IF g ll?
T sl
Sy Yk

1 F 1|11l

A Fer llsel (3.10)
1F 1 '
= ||Frall + =1+ = |IFell
Y Y

ldiill = || = Frs1 +

< |[Frall +

1
< (1 + —)m1 déf M.
Y

Setting M = max{M,, M,}, we establish the proof. O

Lemma 3.3. Let Assumptions A and B hold. Then

]}im Hlldil] = 0. (3.11)
Proof. Combining the result in (3.5) with (3.7), we obtain
2 4 m’ <12 o2
0%l — Yl < o ¢)(||xk = XI° = lxeer — XI19). (3.12)

Considering that {||x; — x|} is convergent and {F ()} is bounded, taking the limit of the sum of both
sides of (3.12) as k approaches infinity, we get

& Jim Hldill* <0,
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which indicates that
klim Flldill = 0.

The following theorem is used to prove global convergence of Algorithm 1:

Theorem 3.4. Suppose Assumptions A and B hold, where the sequence {x;} is generated by
Algorithm 1. Then,
likminfllell =0. (3.13)

Proof. Assume by contradiction that (3.13) is not true. Then, m, > 0 exists such that
|Fill > ma, Vk > 1. (3.14)
By Cauchy-Schwarz inequality in (2.2), (2.11), and (3.14), we see that
lldill Z |1Fell =2 ma, Yk > 1. (3.15)

Also, from (3.2), (3.7), and (3.8), we have

. BIIFIP }
H|de|| > 1, - d
el mm{ L+ olF GO

. Bm3
> min{m,, ————— > 0,

(L + om)yM
which is a clear contradiction with (3.11). Thus, (3.13) holds. m|

Remark 3.5. As stated in the introduction section, DY-type methods are sensitive to inexact line
searches and do not always guarantee global convergence. The design of our method, which includes
a restart mechanism, ensures global convergence irrespective of the line search procedure. Also, our
method is derivative-free, which implies it does not require the computation of the gradient vector,
unlike some of the methods for solving (1.7) discussed in the introduction section.

4. Numerical experiments

To show the effectiveness of Algorithm 1, it was used with the methods in [42] (labelled PCG), [43]
(labelled CGD), and [6] (labelled IST) to reconstruct a sparse signal with n lengths from some k
observations. In the experiment, the mean of square error (MSE) to the original signal &%, i.e.,

1
MSE = —||x - x5,
n

is used in measuring the quality of recovery, where x stands for the signal restored. In the first
experiment conducted, we take the size of the signal as n = 2!? and the sparsity level as 27, implying it
contains 128 randomly nonzero elements. We also take the number of measurement £ as k = 2!° with
Gaussian noise (i.e., a random vector having normal distribution N(0;, 0*I;)), with O, representing the
zero vector, I; a k size identity matrix, and o2 is set as 107*. The measurement or estimation # is
disturbed by noise, i.e.,

h=Ax +§&,

AIMS Mathematics Volume 10, Issue 8, 19675-19692.
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where ¢ stands for the Gaussian noise. We also use f(x) = %Ilﬂx - hll% + 7l|x||; for the merit function.
The experiment was initiated with xo = A’ h, which terminates whenever

ks = Sl
1/l

Jill <1075,

where f;. represents the function value at x;,;. Also, we set parameters of Algorithm 1 for the
experiments as 8 = 0.9, 6 = 0.01, ¢ = 1.8, ¥ = 5.5, and r = 0.1. Parameters for the PCG, CGD, and
IST methods are set as used in each of the papers.

Original signal (n = 4096, number of nonzeros = 128)

71 (V|

0 1000

T T Y | Ll ik, 1 ]
™ 1.'. | L 1],][ W A L T 1]

2000 4000

The measurement

Oawmwwmwwwwmw

3000

200 400 600 800 1000
Algorlthm 1 (MSE = 8.62e—06, Iter= 117, Time = 3.58 s)
_§ }1] s L o .1‘.111 l'. . Il" — 'l”lll i 'l L .lnL I1ll 1.|lll.' ll"‘l:
0 1000 2000 3000 4000

PCG (MSE = 1.14e-05, Iter = 140, Time =4.30 s)
wil l' ]

711.1 4 ‘ I ]
o LA A LA

0 1000 2000 3000 4000
CGD (MSE = 1.84e-05, Iter=213, Time = 6.41 s)
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Figure 2. The original, measured, and recovered signals.

Figure 2 shows the original, estimated, and reconstructed signals by Algorithm 1, PCG, CGD,
and IST. It also shows that the methods almost exactly reconstruct the signals from the estimation,
where Algorithm 1 has the fastest time, less iterations, and MSE. Figure 3, on the other hand, displays
four graphs that exhibit convergence behavior of the four algorithms through MSE and the objective
function (ObjFun), as well as iterations and CPU time. Figure 3 also shows that the rate of descent for
MSE and the objective function obtained for Algorithm 1 is much faster compared to the PCG, CGD,
and IST methods. It also shows that Algorithm 1 requires less iterations and CPU time to reconstruct
the original signal than PCG, CGD, and IST for the same process. It has been described in [44] that
reducing the number of measurements without degrading reconstruction performance is an essential
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goal of the CS technique. With that in mind, we test the four algorithms with different sparsity levels
and CS ratios given by o = ’;‘, where k and n are as defined earlier.

In Table 1, which is made up of three tables labelled (a), (b), and (c), three signal reconstruction
results are reported. In Table 1(a), the reconstruction results with CS ratios A =0.5,0.25, and 0.125
and corresponding sparsity levels 128 and 32 (in brackets) are given. In Table 1(b), the reconstruction
results with sparsity level 20 and a signal with length 500, as conducted in [45], are reported. Lastly,
Table 1(c) displays the reconstruction results for different noise samples, sparsity levels, and standard
deviations. In each of the Table 1(a), (b), and (c), the scheme with the highest number of underlined
values is the most effective. Clearly, from Table 1(a), (b), and (c), Algorithm 1 records the highest
number of underlined results. Thus, we conclude that Algorithm 1 is the most effective and was able
to recover the sparse signals more efficiently while maintaining the quality of recovery.

n=4096, l$= 1024, tau=0.00384354

n=4096, k=1024, tau=0.00384354

150 150
== Algorithm 1 == Algorithm 1
= PCG = PCG
CGD ] CGD
100 s [ST i 100 = [ST
m m
0 %)
= =
501 ] 50
0 0
0 100 200 300 400 0 5 10 15
Number of iterations Processing time (seconds)

20 n=4096, k=1024, tau=0.00384354 20 n=4096, k=1024, tau=0.00384354
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Figure 3. Comparison of the results for Algorithm 1, PCG, CGD, and IST solvers.

5. Conclusions

In this paper, an iterative method, which is employed to reconstruct sparse signals in compressed
sensing, is presented. As a modified variant of the Dai-Yuan method, the new scheme addresses some
of the shortcomings of the classical DY method. It also ensures the essential condition for the proof
of global convergence holds for any line search strategy employed. It also converges globally under
mild conditions. Furthermore, its effectiveness is shown by conducting some compressed sensing
experiments, where different noise samples are analyzed.
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