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Abstract: To optimize the communication cost, data aggregation in wireless sensor networks (WSNs) is considered an
effective technique for energy-saving. The data aggregation
in large scale WSNs inevitably faces many challenging problems such as: energy consumption. Fortunately, most sensing
data are spatially and temporally correlated and compressible.
Matrix completion, which is, an extension to compressive
sensing, is considered as a promising reconstruction scheme
to recover having missing with low-energy consumption. This
paper proposes a data-recovery scheme which can be caste
as a low-rank matrix completion framework. In the proposed
methodology, the random access protocol is combined with
low-rank matrix completion algorithm to minimize the necessary information that sensors transmit. The results indicate
the superiority of the proposed algorithm over compressive
sensing ones.
AMS subject classification:
Keywords: Wireless sensor networks, Compressed sensing, Matrix completion, Random access protocol, Energy
consumption.

1. Introduction
Maney researches in recent years are concerned with developing energy efficient solutions to prolong the lifetime of
Wireless Sensor Networks (WSNs). Some of these solutions
are adjusting sensing ranges [1], sleep scheduling [2], clustering routing protocol [3], and data aggregation [4], [5],

[6]. WSNs face a challenge that the information collected
is incomplete due the limited energy availability to produce samples and communication constraints. To solve this,
many developers and researchers propose protocols and algorithms, including data compression and aggregation. On the
other hand, compressive sensing(CS) [7] and matrix completion(MC) [8]-[11] provide efficient ways to accurately
recover the whole data from incomplete information. CS
studies the process of acquiring and reconstructing a signal
utilizing the prior knowledge that it is sparse. This sparse
signal can be reconstructed from limited number of observations [12], [13]. Similar to CS, MC allows the recovery of
a randomly under-sampled low-rank matrix. This low-rank
MC can be regarded as an extension to the concept of sparse
vector to the matrix domain, which estimates the temporal
and spatial subspaces simultaneously [14]. However, unlike
CS-based methods, MC-based methods do not require the
prior dictionary to sparsify the original signal. Actually, both
CS and MC can recover the signal from fewer samples by
solving an optimization problem to significantly reduce the
number of transmissions over communication channel [15].
The low-rank MC, has been studied in many applications
such as collaborative filtering [16], system identification [17],
computer vision, video denoising [18], [19], machine learning [20], pattern recognition and data mining [21]. In ref [22]
studied the determination the location of sensors in WSN,
where the Multi-Dimensional Scaling technique estimates
their distances from a reference point which needs completion
of this distance matrix. It is found that the pairwise distance
matrix is low rank compared to its dimension [17]. The energy
consumption of the WSN is proportional to the sampling rate
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where the data aggregation of WSNs can be exploited by lowrank matrix completion to recover the missed samples in base
station (sink).
Since sampling and transmission process consume energy,
authors in [8] prove that under some conditions, it is possible
to recover the low-rank matrix from a few number of its entries
using a convex optimization program. Moreover, several efficient algorithms have been proposed in literature, they use
either alternative solvers instead of semi-definite programming (SDP) in nuclear norm minimization or approximating
the rank function using other forms rather than the nuclear
norm, including Singular Value Thresholding (SVT) [23],
Atomic Decomposition for Minimum Rank Approximation
(ADMiRA) [25], Fixed Point Continuation withApproximate
(FPCA) [26], Accelerated Proximal Gradient (APG) [27],
Subspace Evolution and Transfer (SET) [28], Singular Value
Projection (SVP) [29], OptSpace [11], and LMaFit [30]. It
is also possible to generalize the greedy methods of CS to
the rank minimization problem; for instance, ADMiRA [25]
generalizes the CoSaMP [31]. Inspired by Fazel et al. [32]
research work, a novel scheme that exploits MC and random
access protocol for data recovery is proposed. The importance
of the proposed approach are as follows: (i) it deals with limited resources of the sensors, (ii) it allows sensing nodes to
sample the monitoring area autonomously and randomly, (iii)
it reconstructs the missing data with excellent precision at the
Fusion Center (FC) which collect the data from sensors. The
proposed approach is evaluated using real environment data
and the results indicate that it accomplishes higher recovery
accuracy than CS approach. This paper presents the following
key contributions:
• It proposes a new scheme that exploits matrix completion and random access protocol to recover missed or
lossy data to prolong the lifetime of WSN.
• It evaluates the proposed scheme accuracy in data recovery through experimental results and compared with
CS-scheme.
• We demonstrate the superiority of RAMC scheme
through experiments on extensive datasets compared
with CS-scheme, the proposal achieves significant
energy saving while delivering data to the end with high
fidelity.
The remainder of this paper is organized as follows. Section 2 presents the related work on data gathering for WSNs,
while Section 3, describes a brief mathematical theory of MC.
Section 4 and 5 presents the problem formulation and the proposed algorithm for random access protocol combined with

data aggregation and recovery using matrix completion in
WSNs. The experimental results are described in Section 6.
In the end, Section 7, concludes paper.

2. Previous Related Work
Conventional approaches of in-network data compression
use the correlation during the encoding process and require
explicit data communication between sensor nodes. Distributed source coding (DSC) [33], [34], [35], is one of such
approaches which is based on the Slepian-Wolf coding theory. According to the correlation pattern among sensors, it
independently compresses the reading of each sensor and
the sink is responsible to decode these readings. Using an
explicit data communications among neighbouring sensors,
joint entropy coding [36] and distributed Wavelet transform [37] are employed for in-network data compression.
These techniques have the following drawbacks (1) high communication overhead; (2) static correlation structure is needed
to be available between the readings, which may be difficult to be obtained in a dynamic environment; (3) do not be
able to deal with abnormal readings [38], [39]. In contrast
to the current DSC techniques, CS and MC are model-free
that do not require any prior knowledge for encoding process
to underlying the correlation structure. Moreover, minimum
computations are required during the encoding or sampling
process which switched the computational load of decoding
process to the FC, which makes them a good fit for in-network
data aggregation and compression.
Many researches are introduced on efficient data gathering techniques for WSNs with compression and recovery
capability using CS theories [40]-[41]. Luo et al. [38] was
proposed a compressive data gathering (CDG) technique
for large scale WSNs based on CS. The proposed method
decreased the data traffic and balanced the consumed energy
of sensor nodes. However, it assumes that the routing tree
is fixed and perfectly reliable; and behaves well in simulation and the practical performance is unsatisfying [42].
Alternatively, Cheng et al. [43] proposed an Efficient Data
Gathering Approach (EDCA) which utilizes the low-rank
feature to reach both less traffic with high accuracy. The
EDCA approach has a low sampling rate which causes insufficient measurements results, leading to large recovery errors.
Recently, a Spatio-Temporal Compressive Data Collection
(STCDG) extends the EDCA data gathering system which
integrates the low-rank and short-term stability features to
reduce the amount of traffic in WSNs and achieves an acceptable recovery accuracy [44]. The main disadvantage of these
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previous successful researches to implement MC for WSNs
is that sensors transmit their data to the sink according to a
predefined probability [45]. Authors in [45] overcomes this
drawback and applied MC for WSNs that reduce sampling
rate based on random-distribution probabilities and compared
their results with other CS techniques, but in this work, a MC
combined with random access protocol to taking into consideration the influence of communications such as random
access protocols on MC to reduce the energy and recovery
error.

3. Matrix Completion

by iterative soft thresholding algorithms [23]-[24]. The case
where observed entries may contain a limited amount of noise
E is considered with the following objective [17]:
λ
min τ X∗ + P (E)2F
X
2

(3.4)
where τ and λ are regularisation parameters. The matrix
completion problem can be solved using some convex programming packages such as SDPT3 [47], CVX [48] and
TFOCS [49].

4. Problem Formulation

Following the framework of previous low-rank matrix recovery or MC works, in this setting, it would be like to recover a
matrix X from few of its linear measurements. Let X ∈ Rm×n
be the matrix which we would like to recover its missing
values as precisely as possible while only a subset of its
entries (i, j ) ∈  are known. Assuming that the observed
entries in  are uniform randomly sampled and X having
rank r  min(m, n) be unknown. Low-rank matrix completion is a variant that assumes the X is low-rank [8]. The
tolerance for low is dependant upon the size of X and the number of sampled entries. For further explanation let us define
the sampling operator P : Rm×n −→ Rm×n as

Xij : (i, j ) ∈ 
|P (X)|ij =
(3.1)
0
: otherwise

Information about the environment, such as temperature, represented as scalar value. The temperatures and their changes
are in dynamical state at spatial and temporal domains. In this
paper, sensing the temperature is our concern, which is scalar
value represented as a function on temporal domain and over
spatial area as shown in Figure 1.

Assuming the recovering matrix as low-rank, it could be found
the unknown matrix by solving the following equation
minimize rank(X)
subject to Xij = Aij

s.t. P (A) = P (X) + P (E)

(i, j ) ∈ 

(3.2)

where matrix X is is the matrix to be recovered and A is
the partially observed matrix. The solution of Equation 3.2
is NP-hard and known algorithms to solve it needs exponential time complexity in the dimension of the matrix [8].
Also, the rank(X) makes the problem non-convex. Using an
approximation to this problem leads to a solution. Such convex relaxation of rank(X) [46] will be approximated to be
the following problem

minimize X∗ := ri=1 σi (X)
(3.3)
(i, j ) ∈ 
subject to Xij = Aij

FIG. 1. A sensed phenomenon and communication scenario

Formally, let us consider a network with n wireless sensor
nodes are deployed in finite two-dimensional spatial set S.
A sensed phenomenon by the wireless sensor nodes can be
expressed as a dynamic signal xi (u, v, t), where each xi ∈ X,
i ∈ 1, 2, . . . , n is data value in matrix created by sensing
nodes readings for u, v ∈ S and t ∈ T, where T is the temporal
set. Each sensor knows its own position in the grid and can
sample a physical phenomenon and transmit their data to a
computationally powerful base station (sink) called a Fusion
Center (FC). So, the representation of data over the full WSN
is denoted by Xu,v (t)

where σi (X) denotes the i th largest singular value of X and
X∗ is called the nuclear-norm. The nuclear norm is a convex function and can be optimized efficiently using SDP or
454
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Two phases are required for WSN’s data gathering algorithm: 1) sensing and 2) communication. In the sensing phase
a random subset of sensor nodes participate in sensing process. Where the nodes that cover a part in sensing need to
access the communication channel in order to transmit their
measurements to the FC. Fazel et al. [32] proposed method,
based on CS and random access protocol which is energyefficient and does not need duplexing, named as Random
Access Compressed Sensing (RACS). Due to the sampling
scheduling, lossy transmission of packets, broken routing
chains or the failure of sensor nodes, some data are missing and the received matrix becomes incomplete. Thus by
adopting a linear operator P (·) to represent such lossy or
selection effect(s) and representing received data into such
incomplete matrix is shown below in Fig. 2. As demonstrated
in Fig. 2, the data collected and transmitted to the sink based
on random access protocol then it will recovers the missing
or lost data based on the linear operator P (·).

FIG. 3. The required probability of sensing

B(N, ps ) where N is the number of sensor nodes. In the
random access communication process, each sensor i choice
a random transmission delay θi uniformly in 0, T − Tp ,
where T is frame duration and Tp is the time taken by the
packet to be transmitted. Using such communication scheme
there is possibility of packets collision. The key idea in this
random access protocol is to let the FC simply discard the
colliding packets [32]. The description of random access
communication protocol is listed in Algorithm 1.
Algorithm 1: Random Access Protocol [32]
Input: A set S = {s1 , s2 , . . . , sN } of sensor nodes
samples the field
Output: A frame F of transimmited packets
while start a new frame do
for i ← 1 to N do
1. si randomly choosen for sensing with
probability ps ;
if si is slected then
2.1. Measures the physical quantity;
2.2. Selects a transmission-delay θi
before attempting to send its packet;
2.3. Transmits data and its location;

FIG. 2. Matrix completion recovery in a WSN.

5. Random Access Matrix Completion System
5.1.

Random Access Protocol

The common multiple access protocols used in communication networks can be classified into (i) random access
protocols or (ii) deterministic protocols. Focusing on the distributed and decentralized selection for a random subset of
sensing nodes sense according to Bernoulli random generators. Where each node decide to participate in the sensing
process at each starting communication frame which occurs
with some probability ps , considering an enough probability
for the communicated packet to arrive for FC without any
collision qs as shown in Figure 3 [32].
The total number of selected sensors for the sampling
process to communicate in a frame, M, which is become
a random variable follows the Binomial distribution, M ∼

return F;

5.2.

Matrix Completion Algorithm

The low-matrix completion formulation to recover the missing values in the aggregated data matrix via solving the
following general problem [46]:
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min κ
X,κ

s.t. X∗ ≤ κ

&

P (X) = P (A)

(5.6)
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which is put equality constraint and an inequality constraint,
given by P (X) = P (A) and X∗ < κ. Fazel [46], submit
a lemma which state for X ∈ Rm×n and κ ∈ R, it can get
X∗ < κ if and only if there exist Y ∈ Rm×m and Z ∈ Rn×n
such that
Y
XT

X
≥0
Z

tr(Y) + tr(Z) ≤ 2κ

and

(5.7)

forms a 40 × 144 matrix which map the sampled terrestrial
temperature values from the sensors.
This dataset was chosen on because its dynamics is slowly
in space to indicating sparsity. Figure 4 present the original data which is re-arranged in vectors of the data matrix
by stacking its rows which indicated that measured signal is
dynamic and varying in space.

which can be written as
tr(Y) + tr(Z)
)
X,Y,Z
2
Y X
subject to
≥0
XT Z
min (

(5.8)

P (X) = P (A)
is more closely tied
Using the objective function tr(Y)+tr(Z)
2
to the original problem stated in Equation 3.3. Solving the
formulated problem state in Equation 5.8 will find the lowrank component corresponding the sensors measurements.
The proposed procedure is listed in Algorithm. 2.
Algorithm 2: WSN data recovery using MC algorithm
Input: A frame F of transimmited packets
Output: A completed matrix X
foreach end of frame do
1. The FC collects all singleton packets from
received frame F (discards any colliding
packets);
2. The FC constructs a matrix A with partially
observed data from correct packets;
3. The FC recover missing data by solving
Equation 5.8;
return X;

FIG. 4. Terrestrial surface temperature of Valais’ data

In our simulation, The reconstruction quality of implemented sensing schemes are measured using the normalized
error (NE) which given by,
Normalized Error (NE) =

O
X − Xl2
Xl2

(6.9)

and the average consumed energy needed by the network to
sense a given area [32]. For the distributed random sensing
and access, the total energy required for area reconstruction
is given by
(6.10)
Energy = ps NE0
The E0 = PT TP is the consumed energy per node, where
PT is the single node transmit power and TP is the packet
duration. The ps N is the average number of sensing nodes
that transmit in one frame.
6.1.

6. Proposed Scheme Implementation
In this section, the MC approach’s performance is measured
and compared empirically in comparison with CS approach;
the applied algorithms are verified using the multi-sensor
example where close sensor nodes measure spatially correlated data. The real-world meteorological datasets are used as
the ground truth, namely Valais [41]. The Valais is provided
by a micro-climate monitoring service provider [50]. A total
of 40 × 144 data values that are collected from and covering an area of around 18km2 . The real world monitoring data

Data Analysis

Because sensor readings in a WSN are spatio-temporal
correlated, the environment matrix X would exhibit lowrank feature. Examining the low-rank structure in collected
datasets using the SVD (X = UVT ) will give insight about
its sparsity. The first r singular values σi for i ∈ 1, 2, . . . , r
sorted in a descending order will occupy the most energy of
X. We use the following equation as the metric to examine
the quality of the low-rank approximation [51]:
r
r
σi
i=1 σi
= i=1
(6.11)
S(r) =
p
X∗
i=1 σi
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where p = min(m; n). Figure 5 shows the low-rank approximation quality of the dataset. We found that the largest 20
singular values occupy the 95% of the total energy, which
suggests that the WSN datasets exhibit a good low-rank
feature. Similarly, the sensor readings in WSN exhibit Discrete Cosine Transform (DCT) compactness feature. In other
words, the first k DCT coefficients of the sensor vector reading
concentrate the most energy.

FIG. 6. The sensing area is recovered using both of RACS and
RAMC

Moreover, for at high sensing probability greater than 0.2, the
CS normalized error is worst in comparison with MC due to
the sparsification process using DCT.
FIG. 5. The sparsity in data set examined matrix rankness

6.2.

Experimental Results

To illustrate the monitoring area recovery process using the
proposed approach, a random access protocol is implemented
to sense and sample the data, for Ns = 1497 (number
of measurements to obtain perfect reconstruction), assuming an enough sensing probability Ps = 0.9, a desired
updating interval T = 10800s (3 hours), and a packet duration Tp = 0.2s, and the node sensing probability is set to
ps = 0.2871.
Figure 6 shows the map of recovered data in comparison
with original using both of CS and MC algorithms combined
with random access protocol for previous parameters. Comparing the performance of normalized error for both of the
RACS and RAMC schemes is shown in Figure 7. The observations that we made from Figure 7 indicates that RAMC
achieves higher recovery accuracy in comparison with RACS
for most sensing probabilities(ps ). However, for the sensing
probability values less than 0.2, the RACS has a lower normalized error values than RAMC. We have concluded from these
results that the number of received packets in low sensing
probability is not sufficient for MC algorithm to recovering
the missing data values, while is enough for CS algorithm.

FIG. 7. Logarithmic normalized reconstruction error versus ps
for both RACS and RAMC for dataset

Another more important performance indicator is the
recovery time, which measure the time that have been taken by
the two schemes to recover the original WSN data. As shown
in Figure 8, the recovery process of MC is faster than CS this
due the nature of CS that uses a prior dictionary to sparsify
and reconstruction the original signal which consumed some
extra amount of time.
Finally, as shown in Figure 9, the energy consumption
of the both schemes are similar, which are better than the
deterministic protocol (TDMA). This conclusion proves that
both RACS and RAMC prolong the lifetime of WSNs by
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with MC utilizes spatial and temporal correlations of temperature data to achieve acceptable accuracy compared to RACS
scheme. Our studies in the future will be planned to study the
influence of parameters for suggested algorithm or scheme
and to improve its performance with noise and outlier.
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