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Abstract: Aiming at the problems of low reconstruction rate and poor reconstruction precision when
reconstructing sparse signals in wireless sensor networks, a sparse signal reconstruction algorithm
based on the Limit-Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) quasi-Newton method is proposed.
The L-BFGS quasi-Newton method uses a two-loop recursion algorithm to find the descent direction
dy directly by calculating the step difference between m adjacent iteration points, and a matrix Hy
approximating the inverse of the Hessian matrix is constructed. It solves the disadvantages of BFGS
requiring the calculation and storage of Hy, reduces the algorithm complexity, and improves the
reconstruction rate. Finally, the experimental results show that the L-BFGS quasi-Newton method
has good experimental results for solving the problem of sparse signal reconstruction in wireless
sensor networks.

Keywords: sparse signal reconstruction; L-BFGS quasi-Newton method; two-loop recursion algorithm;
reconstruction rate

1. Introduction

A wireless sensor network (WSN) is a wireless network composed of a large number of
sensor nodes. Each sensor node needs to collect a large amount of data and transmit it to the
sink node. Traditional data acquisition and transmission methods will cause huge energy
consumption and reduce the service life of nodes [1]. If the collected data is compressed
before transmission, the energy consumption can be greatly reduced and the node life can
be prolonged. However, the traditional Nyquist sampling frequency is too high, resulting
in excess energy consumption. To solve the problem that Nyquist’s sampling frequency is
too high. Jose et al. proposed to apply the compressed sensing (CS) [2] theory to wireless
sensor networks. The CS theory shows that as long as the signal is sparse or can be sparsely
represented, the original signal can be reconstructed undistorted from the measurement of
a linear combination far below Nyquist sampling frequency. The original signals of wireless
sensor networks are sparse, as such, and CS theory is widely used in the reconstruction of
sparse original signals in wireless sensor networks.

At present, the main reconstruction algorithms studied include greedy iterative algo-
rithms [3], non-convex optimization algorithms [4], and convex optimization algorithms [5].

The most classical greedy iterative algorithm is the matching pursuit (MP) algorithm [6].
The algorithm uses residuals to reconstruct sparse signals. The algorithm is relatively
simple, and the reconstruction rate is fast, but the sparsity of signals in a certain transfor-
mation domain is required, and the reconstruction accuracy is poor. It is suitable for cases
with a large amount of data and low reconstruction accuracy requirements, but it is not
Attribution (CC BY) license (https://  suitable for fields with high reconstruction accuracy requirements. Gorodnitsky proposed
creativecommons.org/ licenses/by / a sparse signal reconstruction algorithm based on the wavelet transform [7]. Daubechies
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squares minimization [8]. Both algorithms belong to non-convex optimization algorithms,
which can improve the reconstruction accuracy to a certain extent but whose improvement
effect is limited. Daubechies et al. proposed convex optimization algorithms to reconstruct
sparse signals in wireless sensor networks [9]. This method transforms the sparse signal
recovery problem into a convex optimization problem and solves the minimum value of
the objective function. The results obtained are globally optimal, and the reconstruction
accuracy is good and applicable to the realm with high reconstruction accuracy. It requires
fewer measurements, but the computational complexity is very high. A typical convex
optimization algorithm is the basis pursuit (BP) algorithm [10]. The BP algorithm has
high reconstruction accuracy but a low reconstruction rate. William et al. proposed a
gradient-based sparse recovery method [11], which has high reconstruction accuracy and a
fast first-order convergence rate.

Ma Duxiang proposed to apply Newton’s method to a sparse signal reconstruction
algorithm [12]. Newton’s search direction is used to replace the steepest descent direction
and obtain the second-order convergence rate, which improves the reconstruction rate of
the sparse signal to a certain extent. Newton’s method requires the inverse of the Hessian
matrix, which requires large computational quantities and can improve the reconstruc-
tion rate but is limited. The computational quantities are the complexity and time of
the algorithm. The longer the algorithm runs, the greater the computational quantities.
Chen Fenghua used the BFGS [13] algorithm to solve the problem of large computational
quantities in wireless sensor networks. The BFGS algorithm replaces the inverse of the
Hessian matrix with an approximate matrix Hy by iteration, which reduces the amount of
computation. However, the BFGS algorithm needs to calculate and store the 7 X n matrix
Hy. When dimension # is large, the reduced computation amount is limited. Therefore,
the L-BEGS [14] quasi-Newton algorithm is proposed in this paper to solve the problem of
sparse signal reconstruction in wireless sensors based on compressed sensing. The L-BFGS
algorithm does not need to calculate and store Hj directly but only needs to store m (m<<n)
vector pairs (sg,ux). This solves the shortcoming of the BFGS quasi-Newton algorithm,
which must calculate and store the matrix Hj, directly; the size of Hy is n X n. In Section 5,
we prove the feasibility of using the L-BFGS quasi-Newton algorithm to solve the problem
of sparse signal reconstruction in wireless sensors based on compressed sensing.

2. Signal Reconstruction Algorithm Based on Newton Method

In WSN:s, it is known that sparse signals X € R", and the matrix A € R"*" (m<<n) [13].
y € R™ is the observation vector. They satisfy the following relation:

y = Ax. @D

How to reconstruct the original signal X from a linear system is the core problem
of sparse signal reconstruction using compressed sensing in wireless sensor networks.
Equation (1) is underdetermined and has infinite sets of solutions.

In the compressed sensing problem, if the original signal X is known to be sparse under
a certain transformation, the Equation (1) can be transformed into an Ly norm minimization
problem, and the signal is reconstructed by solving the Ly norm minimization problem:

mxin||x||0,s.t.Ax =y, 2)

the Ly norm here is the number of nonzero elements of the vector.

Research shows that sparse signals can be accurately reconstructed by solving the
linear optimization of the Ly norm minimization problem. However, the Ly norm problem
is NP-hard. In other words, the solution to the Ly norm minimization problem needs
to enumerate all the permutations and combinations of non-zero values in the original
signal. Under certain conditions, the L; norm minimization problem is the optimal convex
approximation of the Ly norm minimization problem [15], and the solution to the L; norm
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minimization problem is simple. Therefore, solving the Ly norm minimization problem is
transformed into solving the L1 norm minimization problem:

mxin||x||1,s.t.Ax =y. ©)]

The L; norm minimization problem is a convex optimization problem. There are
many methods to solve convex optimization problems, and Newton’s method is one of
them. Newton’s method uses the first-order matrix and second-order Hessian matrix to
approximate the objective function quadratic, and the result is faster than other convex
optimization algorithms.

In practice, it is difficult to directly solve the linear programming problem (3). Since
matrix A is very large and complex to calculate. To simplify the calculation, problem (3)
can be transformed into an L; regularized least squares problem [16].

. 1 2
minA[xly + 3 lly — Ax]5, (4)

where A is a regularization parameter.

Since ||x||1 is a nonsmooth convex function for x, the subgradient basic approach is
not effective in solving the problem (4). The L; minimization problem (3) can be solved by
solving a suitable smooth form of problem (4).

According to the literature [17], using the Nesterov smoothing technique, ||x||; is
smoothed into the following smooth function:

fx) = éH(x(i»,

1

where:

2
H(u)={ 2o ul <7
ul =3, [uf>T,

H(u) is the Huber penalty function, T is a smooth parameter, see literature [18] for relevant
research.

The smooth function f(x) is convex, the gradient Vf (x) is Lipchitz continuous, and its
components are:

which is:
1, x> 0;
sign(v) =< 0, x=0;
-1, x<0.

For ease of calculation, let F(x) = Al x|, + 3[ly — Ang. Convert the L, regularized
least squares problem (4) into an unconstrained smooth convex programming problem:

. . 1
minF (x) = minA|lx[l + ||y - Ax[, ®)

where F(x) is differentiable when Newton’s method is adopted, the search direction of F(x)
is:

4 =~ [V2F()] VE). ©)
The gradient of F(x) is:

VE(x) = AVf(x) + AT(Ax —y).
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VE(x) is Lipchitz continuous, for the convenience of record, let:
Sk = Xk4+1 — Xks

8k = VF(xk),
U = VF(xpy1) = VF(xk) = g1 — &k

X is the iteration point of step k, xx,1 is the iteration point of step k + 1, si is the
iteration difference of adjacent iteration points, g is the gradient of F(x), u is the gradient
difference of F(x).

Then, the search direction of Newton’s method can be simplified as follows:

-1
dp = — {VZP(xk)} k-
When solving the problem (5), the iteration formula of Newton’s method is:
Xgy1 = X + di.

When the Newton method is used to solve the sparse signal reconstruction problem in
wireless sensor networks, its advantage is that it has a second-order convergence rate and
that the reconstruction rate is higher than that of other convex optimization algorithms. The
disadvantage of Newton’s method is that it needs the inverse of the second-order Hessian
matrix and a large amount of computation, which will reduce the reconstruction rate to a
certain extent. In addition, it cannot guarantee that the search direction is the descending
direction of the objective function F(x) at x when V2F(x;) is not positive definite.

Based on the existing problems of the Newton method, this paper proposes the L-BFGS
quasi-Newton method to solve the problem of sparse signal reconstruction in wireless
sensor networks. In Section 5, it is proven whether the L-BFGS quasi-Newton method can
solve the sparse reconstruction problem of wireless sensor networks.

3. Principles

The L-BFGS quasi-Newton method is an improvement of the BFGS quasi-Newton
method. The L-BFGS quasi-newton method uses the information of the objective function
value and the first derivative to construct a suitable Hy to approximate the inverse of the
Hessian matrix without directly calculating and storing the matrix Hy. The complexity
of the L-BFGS algorithm is lower than that of the BFGS algorithm, and the convergence
speed of the Newton method is maintained. The constructed Hy is positive definite, which
ensures that the search direction is the descending direction of the target function F(x) at x.

Before starting the L-BFGS algorithm, we first recall the famous BFGS method. An
important problem in the BFGS quasi-Newton method is constructing a suitable matrix
By, which makes By, is an approximate matrix of the Hessian matrix. By needs to meet the
following conditions:

(1) For all k, By is symmetric and positive definite, ensuring that the direction generated
by the algorithm is the descending direction of the objective function F(x) at xy;

(2) The updating rule of a matrix By is relatively simple.

In this paper, the search direction dj is obtained by solving the following linear
equation:

Bydy = —gk-

The updating rule of the matrix By is:

Bksks[Bk ukukT

@)

Byy1 = B — .
+ s{Bksk u{sk
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When a suitable By has been constructed, Hy satisfies the condition By 1 = H,_ +11. The

Sherman-Morrison Woodbury [19] formula is used twice to obtain the updated formula of
the matrix Hy is:

T T T
SiUy US SkSk

Hiq = (I— 5 H (I — %) + =%, (8)
Uy Sk Uy Sk Uy Sk

where Hy is the approximation of the inverse of the Hessian matrix and I is the identity
matrix of order 1, Hy should satisfy the following conditions:

(1) Hy satisfies the Quasi-Newton equation:

Bi+15k = Yk or Hi1Yk = Sk

(2) Hyis a positive definite symmetric matrix;
(3) The update from Hj to Hg,1 is a low-rank update.

The specific process of the BEGS algorithm is shown in the literature [13]. It is known
that the curvature condition u]'s; > 0 can guarantee the positive definiteness of Hy,; when
Hy is positive definite. From Formula (8), an efficient recursive procedure is derived to
compute the matrix-vector product Hy. For completeness, we describe the L-BFGS recursive
procedure for Hy in Algorithm 1.

Algorithm 1: L-BFGS two-loop recursion

LInput: s, =[s,_,,8 seS]andu, =[u_, 0 ot 15
2. q¢g,

for i=k-1: k—m do
o <—ps'q

3

4

5 q=q <o

6. end

7. reH"

8 for i=k-1: k—m do
9 B plulrdk

10. rer+s(o,-p)
1l.end ,=-H,g,

12. Return the result

The two-loop recursive scheme can find the descent direction only through a simple
calculation. Hence, it is cheap to generate the search direction by using Algorithm 1.

4. Algorithm

In the L-BFGS method, Hy no longer needs to be calculated and stored directly. Instead,
the m latest vectors (si,ux) saved in the memory are used to update the Hy, which only
needs to store matrices of the size m x 1, saving a lot of computation cost and improving
the reconstruction rate. The specific step of the L-BFGS algorithm is Algorithm 2.

In the L-BFGS algorithm, the Wolfe line search is used to obtain the step size a;. Wolfe
line search belongs to a kind of inexact linear search. When using Wolfe line search to find
the step size ay, ay is required to satisfy the following:

f e+ aredi) = f(xe) < proggy d ©)
To make (9), flexible, we employ the non-monotone reduction condition on the:
g+ apdy) i > pog] dy, (10)

the parameterp; and p; satisfies the conditions (0 < p; < p2 <1).
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Algorithm 2: Limit memory BFGS Algorithm(L-BFGS)
1.Given: ¢ >0, k=0, oy € (O,%), 01 €(0,1), t € (0,1);
2. Initialization : xy € R"; Hy = I.

3. while ||gx|| > e do

4. Calculate the gradient g«

Compute 4 =-H.g, from Algorithm 1

5

6 while [, +ad)—f(x,) Splakngdk do
7. l a=ta
8

9

end

o =a, X =% 04,
10. Update Hi+1 by sk and ux
11. Setk=k+1

12. end

Finally, compared with the BFGS algorithm, the L-BFGS algorithm does not need
to calculate and store Hj directly; it only needs to store matrices of the size m x d and
calculate Hy by matrices of storage. The high reconstruction rate is improved by discarding
some vectors and sacrificing a little reconstruction accuracy. Therefore, compared with
the BFGS quasi-Newton method, the L-BFGS quasi-Newton method greatly reduces the
computational complexity and makes the reconstruction rate of a sparse signal faster.

5. Verify the Feasibility of the L-BFGS Algorithm

According to Section 2, the sparse signal reconstruction problem of wireless sensor
networks can be transformed into the L1 norm minimization problem. When the solution
is the optimal solution to the L; norm minimization problem, the sparse signal can be
accurately reconstructed. In other words, when algorithm 2 meets global convergence, it is
feasible.

First, we give some useful inequalities in the following lemma.

Lemma 1. Let By be symmetric and positive definite, and By,; is determined by the L-BFGS
correction Equation (7), then the necessary and sufficient condition for By,; symmetric and positive
definite is ul s, > 0.

Lemma 1 shows that, if the initial matrix By is symmetric and positive definite and
maintains u,{sk > 0 (Vk > 0) during the iteration. Then, the matrix sequence { By,1 }
generated by the L-BFGS correction formula is symmetric and positive definite, so that the
equation Byd; = —gi has a unique solution dy. It is easy to deduce that

d]szdk = _ggdk-

Since d]szdk >0, so g,{dk < 0. di is the descending direction of the target function F(x) at
Xf.

Lemma 2. If the Wolfe search criterion is adopted in the L-BFGS corrected quasi-Newton algorithm,
there is ukTsk > 0.

Proof. Since u;{sk = (Qrs1— gk)Tockdk = o (ngHdk — ngdk), according to step 5 of algo-
rithm 2, we have

8hadk > pagidy,
it is easy to deduce that
sk > (o2 = 1)gg die
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Since p, < 1 and ngdk < 0, so u,{sk > 0. By, is positively definite. The search direction
generated by the algorithm is guaranteed to be the descending direction of the objective
function F(x) at x;, making the algorithm work normally.[]

Lemma 3. If the smooth function of the Ly norm ||x||; obtained by the smoothing technique is:

where:

H(x(i))_{ ’i({)r . [x())] < T,

x(@ =32, x>,

n .
Proof. when |x(i)| < 7,f(x) = ¥ % = L
=1 1

1

It

n
x2(i) < Z%T‘Zl\x(l)l =3lxlly < llxly,
i=

when |x(i)| > 7, f(x) =

1

It

(X[ = 2) = llxlly = 5= < llx[ly, we have that: f(x) < [|x[|;.00

From Lemma 3 and the mechanism of Algorithm 2, we immediately obtain the follow-
ing theorem.

Theorem 1. Let {x;} denote the sequence generated by L-BFGS quasi-Newton method iteration.
When the smoothing parameter of ||x||1 satisfies Tx—0, then {xy} is a bounded sequence. Let x*
denote any limit point of {xy}, then x* is the optimal solution to the L; norm minimization problem.

Prove the smooth parameter 7y for the step k, make x; = arg minf(x) denotes the
X

minimum point of the objective function F(x) at step k, and z denote any vector satisfying
. :B}é;:ause xp = arg mxian(x), so F(x;) < Fi(z), also because Az =y, so:
Fi(2) = Ai(2) + 5140~y = Afi(z). a
And from Lemma 3, f(z) < ||z, then:
Fe(xt) < Fe(z) = Mfie(z) < Alz]l;. (12)
Since Fy(x) = Afi(x) + 3| Ax — y[3, | 4x = yl; > 0, s0:
Fi(x) > Afi(x). (13)
In combination with Equations (11) and (12), the smoothness of fi(x) is:

nT, 1 nT
Ixilly < fr (x) + 7" < Rl + Tk <

Al + 2 = 2]y + .

In addition, when the smoothing parameter 1;,—0, {x¢} is a bounded sequence. On the
other hand, it can also be proved that the limit point x* of the sequence {x} is feasible. The
limit point x* is the KKT point of the L1 norm minimization problem. Since ||x||; is convex
and problem (3) is a convex programming problem, the KKT condition is sufficient for
optimality, so x* is the optimal solution to the ||x|[; norm minimization problem (3). It can
be seen that the sparse signal of the wireless sensor network can be accurately reconstructed
by the L-BFGS quasi-Newton method.
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Corollary 1. Let the L1 norm minimization problem have a unique optimal solution, and let {x;}
represent the sequence generated by an iteration of the L-BFGS method. When k— o0 and t;,—0,
the x; converges to x*, where x* = arg min{ ||x ||;:Ax = y}.

6. L-BFGS Quasi-Newton Method Steps

The L-BFGS quasi-Newton method is developed from the BFGS quasi-Newton method.
The basic idea of the BFGS quasi-Newton method is to use the identity matrix I to gradually
approximate the H matrix, which avoids directly calculating the inverse of the Hessian
matrix. However, Hy should be stored each time. Hy is very large, and the reconstruction
rate of the algorithm is lost by direct calculation. According to Equation (8), each iteration
of Hy is obtained by iterating curvature information (sy,uy). Since Hy cannot be stored easily,
then store all the curvature information (s, uy). This kind of storage saves memory space
and improves the speed of the algorithm.

When the number of iterations is very large, all (si,uy) cannot be saved. The reconstruc-
tion rate can be improved by discarding some original (sg,uy). Assuming that the number
of storage vectors set is m. When the iteration is m + 1 times, (s1,u1) will be thrown away,
and when the iteration is m + 2 times, (s,u) will be thrown away. By parity of reasoning,
only the latest m-group (s,uy) is retained. In this way, although the reconstruction accuracy
is lost, the memory is saved, the algorithm complexity is reduced, and the reconstruction
rate is improved. So the L-BFGS algorithm can be understood as another optimization of
the BFGS algorithm.

When the L-BFGS quasi-Newton method is used to solve the sparse signal reconstruc-
tion problem in wireless sensor networks, the specific steps are as follows:

Step 1: First initialize the variable, select the initial point x(, and define the operation
error ¢. The general value of ¢ is between 0 and 1, and the initial value of the H matrix is
the identity matrix I of order n;

Step 2: Let k = 1 and calculate the gradient g at this time;

Step 3: Calculate gy, 1. If the norm of g, 1 satisfies the operating error defined, namely
lgkr1ll < ¢ it indicates that the cut-off condition is met and the algorithm is terminated.
The iteration point x, 1 is the optimal solution. If the cut-off conditions are not met, it is
necessary to go to step 4 and continue to solve the optimal solution;

Step 4: Calculate the search direction di and the step factor a;, and update x4, 1; to
ensure that the search direction is correct. There are many methods to calculate the step
factor ay. Here, the inexact Wolfe line search is used to solve the step factor ;. The step
size can be guaranteed to be larger than 0. In the correct search direction, the x, 1 is closer
and closer to the optimal solution;

Step 5: If k > m, keep the latest curvature information (sg,ux), and delete (s, U1,
The L-BFGS quasi-Newton method will retain m bits of data. When it exceeds m bits, it
will delete the curvature information before m bits to improve the calculation speed. This is
also the difference between the BFGS quasi-Newton method;

Step 6: Let k = k + 1; transfer to step 3. Start iterating until the optimal solution is
obtained and the algorithm stops.

Special remarks: In step 1, for the initial value xy, the initial value xy of iteration should
be selected near the root to ensure the convergence of the iterative process. The most
common way is to choose the initial value by using Newton’s convergence theorem. In
step 4, the correctness of the search direction dj should be ensured. If the search direction is
not the descending direction at x, the iterative point will deviate more and more from the
optimal point, and the sparse signal cannot be accurately reconstructed. There are many
ways to calculate the descending direction, dy. In this paper, a two-loop recursive algorithm
is adopted to find the search direction, which can ensure the accuracy of the search direction
and the two-loop recursive algorithm is simple. In step 5, if k > m is satisfied, calculate the
new curvature information and discard the curvature information before m-bit

(Sk-m Mp-m)- By giving up small reconstruction accuracy in exchange for a faster recon-
struction rate. If k > m is not satisfied, directly calculate (sg,uy). In step 6, letk =k + 1 and
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start a new iteration; no initialization is required. The result of the previous iteration is its
initial value, and the iteration continues until the optimal solution is obtained.
The flow chart of the L-BFGS quasi-Newton method is shown in Figure 1 as follows:

]

calculate d e+l
start
A4
calculate

— w.r . 0(k+]>0
initialization
parameter

A

o update x, |
calculate g,

No

/\

No
Yes

Yes
‘ delete (x, .u, . )
return the optimal
solution x, | «
A 4

calculate and
store(x, ,u, )

end

k=k+1

Figure 1. The flow chart of L-BFGS quasi-Newton method.

7. Experimental Simulation

To verify the effectiveness of the L-BFGS quasi-Newton method in wireless sensor
networks for signal reconstruction, simulation experiments are carried out. The Gaussian
matrix can satisfy the constraint isometry with high probability. In the experiment, the
measurement matrix ®€RM*N with Gaussian distribution is used as the observation matrix,
and the Gaussian sparse signal x € RN with variable sparsity is used as the original signal.
The value range of sparsity K is [1,70].

The simulation experiment in this paper takes the reconstruction accuracy and recon-
struction time of each algorithm for the original signal as the main evaluation criteria, and
the unit of time is a second (s). In the simulation experiment, each experiment is carried out
1000 times, and the average reconstruction accuracy and average reconstruction time of the
1000 experiments are taken as the final reconstruction accuracy and reconstruction time.

This paper mainly compares the reconstruction accuracy and reconstruction time of the
BP algorithm, the NSHTP [20] algorithm, the BFGS algorithm, and the L-BFGS algorithm
under conditions of sparsity. When the data changes, the difference in reconstruction
accuracy is small. This paper mainly analyzes the reconstruction accuracy of two sets of
data: n = 512, m = 256, and n = 256, m = 128. The reconstruction time is greatly affected by
the data size. To better compare the reconstruction time of each algorithm, four groups of
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data are selected to compare and test: n = 128, m = 64; n = 256, m = 128; n = 512, m = 256;
n =1024, m = 512.

First, there are two simulation diagrams about the reconstruction accuracy. In Figure 2,
n =256 and m = 128. As can be seen from the figure, there is little difference in reconstruction
accuracy between the four algorithms. The reconstruction rate of the four algorithms is
high. The BP algorithm has the worst reconstruction accuracy. The reconstruction accuracy
of the BP algorithm starts to decrease when K = 35. The BP algorithm cannot reconstruct
the signal when K = 62. The BFGS algorithm has the best reconstruction accuracy, and the
difference between the proposed algorithm and the BFGS algorithm is very small. Both
algorithms begin to reduce the reconstruction accuracy when K = 40 and cannot reconstruct
the signal when K = 72. In general, the reconstruction accuracy of the BFGS algorithm is
slightly higher than that of the proposed algorithm, but the reconstruction accuracy of the
proposed algorithm is higher than that of the NSHTP algorithm and the BP algorithm.

1008

90

80

70

60

50

40

30

reconstruction precision(%)

20F |~©BP 4
—¥— NSHTP
10+ —*%— BFGS
—B—L-BFGS
0 ! L L o=
20 30 40 50 60 70 80

sparsity K

Figure 2. Reconstruction precision of each algorithm under different sparsity (n = 256, m = 128).

In Figure 3, n = 512 and m = 256. At this time, the reconstruction accuracy is slightly
different for n = 256 and m = 128; however, the reconstruction accuracy of all algorithms
has deteriorated. It shows that the larger n and m, the worse the reconstruction accuracy.
The difference between the proposed algorithm and the BFGS algorithm is still very small
and within an acceptable range.

Secondly, there are four simulation diagrams about the reconstruction rate. In Figure 4,
n =128 and m = 64. It can be seen from Figure 4 that the reconstruction time of the BP
algorithm is higher than the other three algorithms, which require the longest reconstruction
time and the lowest reconstruction rate. The reconstruction time of the NSHTP algorithm
and BFGS algorithm is between the BP algorithm and the proposed algorithm, and the
proposed algorithm requires the shortest reconstruction time and the highest reconstruction
rate. The reconstruction time of the BFGS algorithm is twice that of the proposed algorithm,
and the reconstruction rate of the proposed algorithm is higher than that of the BFGS
algorithm. As can be seen from the figure, when the data is short, the reconstruction rate of
all algorithms is high, and the sparsity has little influence on the reconstruction time. There
is no obvious mutation point when the sparsity increases in the reconstruction time.
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reconstruction precision(%)

sparsity K

Figure 3. Reconstruction precision of each algorithm under different sparsity (n = 512, m = 256).

10 T T : . :
—6—BP
9T —*%—NSHTP ||
—%—BFGS
8r —8—L-BFGS | |
ol 1
[0]
£ oer 1
c
i
B 5[ 1
2
2 4 :
Q
o
= 3+ 4
2; = < © © © © © © S %
15— o o) o % % o 3
T S— E— 8 5 85— 8 —&8—1
oL i ‘ . ‘ ‘ . ‘ . s
0 5 10 15 20 25 30 35 40 45 50

sparsity K

Figure 4. Reconstruction time of each algorithm under different sparsity (n = 128, m = 64).

In Figure 5, n = 256 and m = 128. The reconstruction time by the four algorithms is
significantly higher than that when n = 128 and m = 64. It indicates that with the increase
in data length, the time for signal reconstruction is longer and the reconstruction rate is
lower. As can be seen from Figure 5, the proposed algorithm has the shortest reconstruction
time and the fastest reconstruction rate. The reconstruction time of the BP algorithm
is the longest, and the reconstruction rate is the worst. The reconstruction times of the
NSHTP algorithm and the BFGS algorithm are between the BP algorithm and the proposed
algorithm. In general, when the signal length increases, the reconstruction rate of all
algorithms will be affected, but the reconstruction rate of the proposed algorithm is the
fastest, which is significantly higher than the BFGS algorithm.
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Figure 5. Reconstruction time of each algorithm under different sparsity (n = 256, m = 128).

In Figure 6, n = 512 and m = 256. All algorithms require longer reconstruction times,
which get longer as the length of the data increases. The proposed algorithm still has the
shortest reconstruction time and the fastest reconstruction rate. The BP algorithm still
has the worst reconstruction rate. When K = 40, the BP algorithm has a small mutation
point, and when K = 45, the NSHTP algorithm also has a small mutation point. Both the
proposed algorithm and the BFGS algorithm have no obvious mutation point. It indicates
that when the data length increases, the sparsity has little influence on the BP algorithm
and the NSHTP algorithm but no obvious influence on the proposed algorithm and the
BFGS algorithm. In general, when n = 512 and m = 256, the proposed algorithm has the
shortest reconstruction time and the fastest reconstruction rate among the four algorithms.
It is less affected by sparsity, and the reconstruction rate is significantly higher than the
BFGS algorithm.
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Figure 6. Reconstruction time of each algorithm under different sparsity (n = 512, m = 256).

In Figure 7, n = 1024 and m = 512.The exact reconstruction time of all algorithms
becomes longer, but the reconstruction time of the proposed algorithm is the shortest and
the reconstruction rate is the fastest. The BP algorithm has the longest reconstruction time
and the worst reconstruction rate. As shown in Figure 7, with the increase in sparsity, the
BP algorithm has a mutation point when K = 30. When K = 35, the NSHTP algorithm
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has a mutation point, and the BFGS algorithm has a small mutation point. When K = 45,
small mutation points appear in the proposed algorithm. It indicates that when n = 1024
and m = 512, sparsity has an impact on all algorithms. The BP algorithm and the NSHTP
algorithm have a greater impact, and the proposed algorithm and the BFGS algorithm have
a smaller impact. In general, the reconstruction rate of the proposed algorithm is the fastest
and most stable, which is significantly better than the BFGS algorithm in the reconstruction
rate.
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Figure 7. Reconstruction time of each algorithm under different sparsity (n = 1024, m = 512).

Finally, by comparing n = 128, m = 64; n = 256, m = 128; n = 512, m = 256; n = 1024,
m = 512, the reconstruction time of four groups of data was simulated. It can be found that
the larger the length of data, the longer the time for signal reconstruction, and the worse the
rate for signal reconstruction. When n = 512, m = 256, and K = 25, the signal reconstruction
time of the BP algorithm is 9.11 s, the NSHTP algorithm is 4.23 s, the BEGS algorithm is
5.17 s, and the proposed algorithm is 1.93 s. When n = 1024, m = 512, and K = 25, the signal
reconstruction time of the BP algorithm becomes 37.25 s, the NSHTP algorithm becomes
12.57 s, the BFGS algorithm becomes 15.93 s, and the proposed algorithm becomes 4.84 s.
It can be seen that when the data length and matrix size are doubled, the reconstruction
time of the BP algorithm is more than 4 times the growth of the data, the reconstruction
times of the NSHTP algorithm and BFGS algorithm have been tripled, and the proposed
algorithm becomes 2.5 times the growth of the data. It shows that when n and m grow,
the reconstruction rate of the proposed algorithm is the most stable and fastest. Through
the simulation of reconstruction accuracy and reconstruction rate, it can be seen that the
L-BEGS algorithm is slightly worse than the BFGS algorithm in reconstruction accuracy,
but the reconstruction rate is significantly higher than the BEGS algorithm. In general, the
L-BFGS algorithm is superior to the BFGS algorithm and is more suitable for sparse signal
reconstruction in wireless sensor networks.

8. Conclusions

Aiming at the problem of a low reconstruction rate when the Newton method is used
to reconstruct sparse signals in wireless sensor networks, this paper proposes to use the
L-BFGS quasi-Newton algorithm to improve the reconstruction rate. The L-BFGS does not
need to store and calculate Hj directly; only two matrices of size m X n need to be stored.
This algorithm, by discarding some vectors and sacrificing some reconstruction accuracy,
greatly reduces the reconstruction time and improves the reconstruction rate compared
with the BFGS algorithm. At the same time, the simulation experiment is carried out to
compare the reconstruction accuracy and reconstruction time of the proposed algorithms,
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the BFGS algorithm, the NSHTP algorithm, and the BP algorithm. Experiments show
that the reconstruction accuracy of the proposed algorithm is higher than that of the BP
algorithm and the NSHTP algorithm but slightly lower than that of the BFGS algorithm.
However, the reconstruction rate of the proposed algorithm is the fastest and most stable
among the four algorithms, which is two times higher than the BFGS algorithm. Therefore,
the proposed algorithm has a high reconstruction rate and certain advantages in terms of
reconstruction accuracy. It is a better reconstruction algorithm than the BEGS algorithm.
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