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Abstract—Wireless sensor networks (WSNs) show immense 
promise in many applications, such as environmental monitoring 
and remotely metering. Compressive sensing (CS) is a novel 
signal processing that has been envisioned as a useful regime to 
address the energy and scaling constraints in WSNs. CS is able to 
move the burden of sensory nodes to central cloud/server. 
However, prevailing CS reconstruction algorithms are vulnerable 
to noise. In this paper, we exploit the natural noise-tolerance 
property of least mean square (LMS) adaptive filter and propose 
a greedy-LMS algorithm for CS reconstruction. When SNR is 
48dB, greedy-LMS algorithm achieves 16% and 47% higher 
successful rate than BPDN and OMP, respectively. In addition, 
the computational complexity of greedy-LMS is competitive with 
OMP.  

Keywords—CS-based wireless sensor networks; sparse signal 
reconstruction; least mean square (LMS); 

I. INTRODUCTION

Wireless sensor networks (WSNs) [1] have a vast field of 
applications, including environmental monitoring, intelligent 
building, and remotely metering. Moreover, WSNs play an 
important role in Internet of Things (IoT) as the foundation 
infrastructure. The illustration of WSNs is shown in Fig. 1. The 
WSNs are built of a large number of sensor nodes and rare 
gateway sensor nodes. The sensor nodes are inexpensive, with 
limited resource for communication. Each sensor node is 
connected to several nodes. These sensor nodes will 
sequentially aggregate measured data to a gateway sensor node. 
The gateway sensor node, which is more expansive, will 
transmit the measured data to central cloud/server.  

The conventional WSNs encounter the issues of data 
transmission in energy harvesting and asymmetry. The lifetime 
of sensor nodes are limited by available batteries. Hence, we 
would like to acquire the information of targeted environment 
with as less measurements as possible. In addition, the 
asymmetric data transmission leads to inconvenient to replace 
batteries periodically. Since the sensor nodes are deployed to 
monitoring physical phenomenon in space, such as temperature 
or humidity, the measured data are spatially correlated and 
compressible under proper basis. Compressive sensing (CS) [2] 
had been envisioned to decrease require measurements in 
WSNs. CS theory states that the environmental signals can be 
recovered from far fewer measurements than conventional 
WSNs if the signals are sparse in some domain. The illustration 
of CS-based wireless sensor networks [3]-[4] is shown in Fig. 2. 

With the regime of CS, global communication cost can be 
reduced. Furthermore, the energy consumption of sensor nodes 
becomes more symmetrical that each sensor node transmits 
same amount of measurements.  

The CS-based wireless sensor networks [3]-[4] are 
emerging field that has drawn a great deal of attentions. In the 
cloud/server, environmental signals are recovered with the 
received fewer measurements. Since the sensory node is 
inexpensive, the transmitted measurements are prone to contain 
noise. How to reconstruct the environmental signals with the 
noisy measurements is a crucial problem. Exiting CS-based 
WSNs literatures adopted prevailing basis pursuit denoising 
(BPDN) algorithm [5] or orthogonal matching pursuit (OMP) 

This work was supported in part by the Ministry of Science and 
Technology of Taiwan under Grant MOST 103-2220-E-002-003, and in part 
by NOVATEK Fellowship. 

Fig. 1. Convectional wireless sensor networks. 

Fig. 2. CS-based wireless sensor networks. [3] 
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algorithm [5] to reconstruct spare signals. Because BPDN 
algorithm lays the foundation of convex optimization and 
linear programming to be noise-tolerance, the computational 
complexity is extremely high. On the other hand, OMP is low-
complexity but vulnerable to measurement noise. Hence, the 
prevailing CS reconstruction algorithms are tradeoff between 
noise-tolerance and low-complexity. 

In this paper, we aim to develop a CS reconstruction 
algorithm which is not only robust to noise but also low-
complexity. Therefore, we propose a novel reconstruction 
algorithm named greedy-LMS algorithm. The greedy-LMS 
algorithm adopts the pursuing process as OMP to identify 
nonzero terms of sparse signals and applies well-known least 
mean square (LMS) adaptive filter, which has the natural 
property of noise-tolerance [6], to estimate the value of 
nonzero terms. When SNR is 48dB, the proposed greedy-LMS 
algorithm achieves 16% and 47% higher successful rate than 
BPDN and OMP, respectively. In addition, the required 
multiplications of greedy-LMS are competitive with OMP. 

The rest of this paper is organized as follows. Section II 
briefly introduces basic backgrounds of CS-based WSNs and 
prevailing CS reconstruction algorithms. Section III presents 
the proposed greedy-LMS algorithm. The analysis and 
simulation results are discussed in Section IV. Finally, we give 
a conclusion in Section V. 

II. BACKGROUND

A. Data aggration of CS based wireless sensor networks
CS based wireless sensor networks aggregate the data

different from conventional wireless sensor networks. For 
conventional WSNs as Fig. 1, the gateway sensor nodes will 
aggregate N-1 measurements form sensory nodes and transmit 
N measurements to the cloud or server, where N is number of 
nodes in the network. To transmit such amount of data is a 
heavy burden; therefore, the CS based wireless sensor networks 
are proposed to reduce global communication cost. When the 
ith sensor measured the information xi, an encoding process 
will be applied to multiply xi by predefined iΦ  as 

i i ixd Φ , (1) 

where xi is a scalar, 1M
iΦ

 ¡  is a column vector, and 
1M

id  ¡  is called locally encoded data. Then, the transmitted 
measurements iy of ith sensory node can be calculated by 
adding id  with received measurements such as 

i i receivedy d y  . (2) 

A simple example is given in Fig. 3. Base on the regime, the 
final transmitted measurement of gateway sensor node 
becomes 

N i ixy Φ . (3) 

Suppose that the overall environmental signal can be 
formulated as x, where T

1 2 3[ , , ,  ]Nx x x , x=x L is a vector of 
length N. The received data of the server can be formulated as  

,= +y Φx n  (4) 

where 1,  M
Ny y y  ¡  is the measurements vector, 

1 2[ ,  ,  , ]NΦ Φ Φ Φ L  represents the M × N sampling matrix, 
and 1Mn  ¡  is the measurement noise. The signals x is said 
to be K-sparse if x can be well approximated using only K 
nonzero coefficients under some linear transform. According to 
CS theory, x could be recovered from the measurement y when 
Φ is random Gaussian matrix [7], which each entry is 
independently and identically distributed (iid) Gaussian 
variable, and M satisfied [8] 

( / )M C K log N K   , (5) 

where C is a constant depending on each instance. 

B. CS Reconstruction
When CS reconstruction, the N × N basis Ψ  are inducted

and the CS formulation becomes 

+ =y =Φx n =ΦΨs Θs . (6) 

The model of compressive sensing in matrix formation is 
shown in Fig. 4. The reconstruction process can be 
decomposed into two procedures, including estimation of 
sparse solution ŝ  and reconstruction of x by 

ˆx̂ =Ψs . (7) 

 How to search the sparest vector is the main problem. The 
sparest solution can be calculated by taking l0 norm into 
account as 

0ˆ
ˆ ˆmin ,    s.t.  = 

s
s Θs y . (8) 

However (8) is generally a non-polynomial hard (NP-hard) 
problem. To overcome the difficulty, l1 norm are applied to 
replace l0 norm in basis pursuit algorithm [5] by computing 

1ˆ
ˆ ˆmin ,    s.t.  = 

s
s Θs y . (9) 

Afterwards, constraint in (8) is relaxed to recover x with noisy 
measurement in basis pursuit de-noising (BPDN) algorithm [5]: 

1ˆ
ˆ ˆmin ,    s.t. σ− ≤

s
s y Θs , (10) 

where 2
 n . 

Fig. 3. A simple example for measurement accumulation in CS-based WSNs. 

The Proceedings of the 2nd International Conference on Intelligent Green Building and Smart Grid (IGBSG)

2



 Alternative prevailing CS reconstruction algorithms are 
greedy-type algorithms, such as orthogonal matching pursuit 
(OMP) [5]. Instead of computing optimization problem with l1 
norm, OMP algorithm draws pursuing process into solving of 
sparse solution. The pursuing process will identify the location 
of a non-zero term by iteratively calculates the correlation of 
the residual along with each column of Θ . Then, OMP selects 
the column which has the largest correlation to chosen matrix
Θ  . Then, least-square (LS) process of OMP will estimate 
sparse solutions by projecting observations onto the subspace 
spanned by columns of chosen matrix Θ  as 

T 1 Tˆ ( )Ω Ω Ω
−=s Θ Θ Θ y . (11) 

 The above mentioned CS reconstruction algorithms are 
tradeoff between noise-tolerance and low-complexity. BPDN 
algorithm is able to reduce impact of noise but computational 
complexity is extremely high. OMP is low-complexity but 
vulnerable to measurement noise.  

 

III. PROPOSED ROBUST GREDDY-LMS ALGORITHM 

A. Overview of the Proposed Greedy-LMS Algorithm 
This work is to develop a CS reconstruction algorithm with 

robustness and low computational cost. Since the LMS 
adaptive filter has the natural property of robustness, we 
combine LMS to existing iterative greedy algorithm. The 
proposed algorithm is named greedy-LMS.  

The flowchart of proposed greedy-LMS algorithm is 
shown in Fig 5. The detailed steps are listed as follows, 

Step 1) Initialize the residuals r, support location set Ω , 
and estimated sparse signal ŝ . 

Step 2) Calculate correlation between r and Θ  to identify 
the most correlated column of Θ . The column will 
be updated to selected column set Ω .  

Step 3) Derive the estimated sparse signal ŝ  through least 
mean square (LMS) process. 

Step 4) Update the residual and calculate the square of 2-
norm of the residual, which is denoted by rnorm2-square. 

Step 5) Check if termination conditions are reached or not. 
The process will go to Step 3 if all of the conditions 
are not satisfied, or else output the reconstructed 
environmental signal x̂ . 

The proposed greedy-LMS algorithm has the property of noise 
resilience and low-complexity. The detailed procedures are 
described in the following subsections. 

 
B. Initialization and Iterative Process 

In proposed greedy-LMS algorithm, the pursuing process of 
existing greedy algorithm is adopted to identify the position of 
non-zeros terms and corresponding columns in sensing matrix
Θ . In initialization, estimated sparse 0ŝ is set to be N×1 zero 
vector, where ˆts  is the estimated sparse signal after tth 
iteration. On the other hand, 0Ω  is set to be empty set  , 

where Ωt  denotes support location set in tth iteration. At last, 
residual vector is initialized as r0 = y, where rt is the residual 
of tth iteration. 

Fig. 6 illustrates the idea of pursuing process. Correlation is 
applied to select the chosen matrixΘ , and the corresponding 
location in signal is assumed to be non-zero terms. The N×1 
correlation vector Corr can be calculated as 

T| |t=Corr Θ r . (12) 

Then, the pursuing process will select the maximum element 
in Corr as  

[ ]
1 arg max{| ( ) |}t

Nω
ω ω+

∈
≡ Corr , (13) 

where 1t   is the maximum element. The new 1t   will be 
added to the support location set Ω as  

1 1{ }t t tω+ +Ω = Ω ∪ . (14) 

We denote the size of support location set 1t +Ω as L. 
Afterward, the chosen matrix ΩΘ is composed according to 

 
Fig. 4. Matrix formation of CS reconstruction. 

Fig. 5. The flowchart of the proposed greedy-LMS algorithm. 
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the support location set 1t +Ω as 

1 1
Ω Ωt t

j | jΘ { }  
v

, (15) 

where j
v

 is the jth column of Θ . 

The chosen matrix ΩΘ , which is M×L, will be inputted to 
LMS process to calculate the value of non-zero terms, which 
is denoted as 1ts % . After LMS process, the residual vector r 
and square of 2-norm of updated residual rnorm2-square will 
calculated as  

1 1 1t t tˆr y Θ s    , (16) 

2
2

1

M

norm square i
i

r r


 , (17) 

where 1tŝ  is L×1 vector of non-zero terms, and ri is ith 
element in r. The residual will approach to zero vector, which 
indicates rnorm2-square being zero. 

If maximum iteration number is reached or rnorm2-square is less 
than predefined early termination threshold THR, the 
reconstructed environmental signal x̂  will be computed and 
outputted. Otherwise, greedy-LMS algorithm will go back to 
calculation of correlation and procedure iterates. 

 
C. LMS Process 

We introduce stochastic gradient approach for robust 
compressive sensing because stochastic gradient approach has 
the natural property of denoising [6]. Least mean square (LMS) 
algorithm is a well-known stochastic gradient approach for 
low complexity and simplicity. The core idea of LMS is to 
minimize the mean square error between the desired signal 
and the output of adaptive filter.  

The framework of LMS process of proposed algorithm is 
illustrated in Fig. 7. If all non-zero terms are identified after 
iterations, the equation (6) becomes  

Ω= =y Θs Θ s% , (18) 

where s% is L×1 vector of non-zero terms. The measurements y 
are regarded as desired signal, s%  can be regarded as filter 
coefficient vector, and ΩΘ  is the filter input matrix. 
Therefore, the estimation error of LMS adaptive filter with 
corresponding desired signal y can be formulated as 

Te yλ λ λ λ= −Θ s% % , (19) 

where iΘ%  denotes the ith row of the chosen matrix ΩΘ , and 
yi denotes ith element of measurements y. Then, the gradient 
decent recursion of the filter coefficient vector is formulated 
as 

1 eλ λ λ λµ+ = + ⋅ ⋅s s Θ%% % , (20) 

where µ is step-size.  

 

IV. PERFORMANCE ANALYSIS 

A. CS Reconstruction Performance  
We conduct a simulation of CS reconstruction for CS 

wireless sensor networks, which measurements are noisy. The 
proposed greedy-LMS algorithm, BPDN algorithm, and OMP 
algorithm are simulated. We fix the N, M, K, and modify the 
signal-to-noise ratio (SNR) to observe the recovery 
performance. The simulation setup is summarized in Table II, 
which N, M, K are set according to [4]. The basis Ψ  is set to 
be discrete cosine transform (DCT) matrix as [4]. Maximum 
number of iterations of greed-LMS is set to be M as OMP 
algorithm. The quantity of simulation data is 104 for each point 
of SNR.  

We employ the normalized root mean square error 
(NRMSE) to evaluate the reconstruction performance as 

 
Fig. 6. Illustration of pursuing process. 

 
Fig. 7. Illustration of LMS process. 
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2

1

1 ˆ( )

max( ) min( )

N

i i
i

x x
N

NRMSE
x x
=

−
=

−

∑
, 

(22) 

where ix and ˆix are ith element in x and x̂ . We regard a 
recovery as successful reconstruction if the NRMSE of the trial 
is less than 10-3. The successful rate (SR),  

-3#     10
#   

of Trials that NRMSESR
of Trials

<
≡ , (23) 

is defined as a performance index. A performance simulation is 
given in Fig. 8. The proposed greedy-LMS algorithm 
outperforms existing BPDN, and OMP algorithm. When SNR 
is 48dB, the SR of greedy-LMS, BPDN, and OMP is 100%, 
84%, and 53%, respectively. Therefore, the proposed greedy-
LMS algorithm achieves 16% and 47% higher successful rate 
than BPDN and OMP, respectively. 

 

 
C. Analysis of Computational Complexity 

Since OMP has been regarded as representative low-
complexity CS reconstruction algorithm, we would like to 
analyze the computational complexity of OMP and greedy-
LMS algorithm in terms of N, M, K, and L.  

Table II presents the computational complexity of 
multiplications of single iteration in both OMP and greedy-
LMS algorithms. The difference of OMP and SGP lies on the 
LS process and LMS process. In iteration, the OMP requires a 
matrix inversion of L by L matrix, where L is number of 
columns of T

Ω Ω( )Θ Θ . When size of chosen matrix is large, 

the multiplications required by OMP increases in O(L2). On the 
other hand, the LMS process needs to calculate M×(2L+1) 
multiplications, which is O(L). The required multiplications of 
greedy-LMS are competitive with OMP. Moreover, the 
multiplications of greedy-LMS are far less than OMP when L 
enlarges. 

 

V. CONCLUSION 
We are the first to propose a novel greedy-type CS 

reconstruction algorithm based on LMS adaptive filter. With 
the natural noise-tolerance property of least mean square 
(LMS), proposed greedy-LMS algorithm is not only robust but 
with low-complexity.  
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TABLE I. SIMULATION PARAMETERS 

Input length (N) 1024 
Measurement length (M) 256 

Sparsity (K) 32 
Basis (Ψ ) DCT 

THR 10-5 
Maximum number of iterations (itermax) 256 

Signal-to-noise ratio (SNR) 26:2:48 
Trials 1000 

 

 
Fig. 8. Successful rate of proposed greedy-LMS, BPDN, OMP algorithm. 

 

TABLE II. COMPUTATIONAL COMPLEXITY OF MULTIPLICATIONS OF SINGLE 
ITERATION 

 OMPa Proposed 
Greedy-LMS 

Correlation NM NM 

LS/LMS Process 23 ( 1) 1L M L    (2 1)M L  

Residual Update ML  ML  

Halting Condition M M 
a. The required multiplications is estimated by [10], which applied Cholesky decomposition for matrix 

inversion. Besides, the multiplications in [10] accumulate form L=1~K.  
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