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Considering the temporal and spatial correlations of sensor readings in wireless sensor networks (WSNs),
this paper develops a clustered spatio-temporal compression scheme by integrating network coding (NC),
compressed sensing (CS) and spatio-temporal compression for correlated data. The proper selection of
NC coefficients and measurement matrix is investigated for this scheme. This design ensures successful
reconstruction of original data with a considerably high probability and enables successful deployment of
NC and CS in a real field. Moreover, in contrast to other spatio-temporal schemes with the same computa-
tional complexity, the proposed scheme possesses lower reconstruction error by employing independent
encoding in each sensor node (including the cluster head nodes) and joint decoding in the sink node. In
order to further reduce the reconstruction error, we construct a new optimization model of reconstruc-
tion error for the clustered spatio-temporal compression scheme. A distributed algorithm is developed
to iteratively determine the optimal solution. Finally, simulation results verify that the clustered spatio-
temporal compression scheme outperforms other two categories of compression schemes significantly in
terms of recovery error and compression gain and the distributed algorithm converges to the optimal

solution with a fast and stable speed.

© 2016 Elsevier B.V. All rights reserved.

1. Introduction

Wireless sensor networks (WSNs) consisting of one (or few)
sink node(s) and a large number of sensor nodes are usually
deployed in a large region to monitor physical or environmental
conditions, such as temperature, light, humidity, etc. Since the
time-series data of a sensor node usually have temporal depen-
dency, and the observed data of nearby nodes monitoring the
same region at the same time slot are highly correlated, the sen-
sor readings usually have both temporal and spatial correlations.
Exploiting these correlations can reduce the number of transmis-
sions, and therefore, decrease the energy consumption in WSNs.
However, there exist challenges as sensor nodes have limited
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energy and low computational capability. Fortunately, compressed
sensing (CS) [1-3] transfers most of the computational complexity
into the sink node (i.e., reduces the computational burden of
sensor nodes), and is considered an effective tool to explore the
mutual correlation of sensor readings. Using CS, information can
be reconstructed with a high probability of success from a small
collection of measurements, which means it can prolong the
lifetime of WSNs effectively.

On the other hand, network coding (NC) [4] allows the inter-
mediate nodes to encode the incoming packets rather than simply
forwarding them. This powerful theory can improve the network
load and enhance network robustness by employing path diversity.
So, in addition to prolonging the lifetime of WSNs, NC improves
data security. As a result, combining NC and CS for exploiting the
correlations of sensor readings in WSNs has become an attractive
topic.

The existent research regarding the temporal and spatial corre-
lations in WSNs can be classified into the following four categories.

The first category consists of schemes which exploit either tem-
poral or spatial correlation but not both, such as [5-9]. Xie et al.
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[5] used hybrid CS method to propose an analytical model and
centralized clustering algorithm for obtaining the minimum num-
ber of transmissions in sensor networks. However, the sensing data
have considerable redundancy in temporal dimension, and they do
not exploit it. The works [6-9] investigated the correlation of sens-
ing data by combining the NC and CS. Luo et al. [6] proposed a
compressive NC for approximate sensor data gathering via explor-
ing the temporal correlation of sensing data. This paper overcomes
the all-or-nothing property of NC and achieves graceful degrada-
tion in data precisions. Yang et al. [7] designed a compressed
NC-based distributed data storage scheme by utilizing the spatial
correlation of sensor readings. This scheme possesses an energy-
efficient property by reducing the total number of transmissions
and receptions. Nabaee et al. [8,9] constructed a data gathering
technique by mining the spatial correlation of sensor data. This
technique can achieve a good approximation of the original data
with small amount of data received. Similarly, these four works do
not consider the temporal and spatial correlations simultaneously
which has a significant impact on network efficiency.

The second category includes schemes which study the joint
sparsity model-based (JSM-based) spatio-temporal correlations
[10-12], where the temporal and spatial correlations are inte-
grated. In [10], the authors presented a balanced spatio-temporal
compression scheme for WSNs. This scheme can reduce energy
consumption and prevent overloading of nodes. Chen et al. [11] de-
veloped a compressive NC for error control in WSNs. This encoding
mechanism can achieve considerable compression ratio and toler-
ate finite erasures and errors at the same time. In [12], Kong et al.
proposed a novel CS-based approach to reconstruct the massive
missing data and develop an environmental space time improved
CS algorithm to enhance the reconstruction accuracy. The feature
of the second category is that the spatial and temporal signals are
transformed into a long vector. Although the spatial and tempo-
ral correlations are exploited fully, the computational complexity
of reconstruction process is high.

The works [13,14] belong to the third category where the spa-
tial and temporal correlations are both considered and investigated
separately. Feizi et al. [13] conceived a power efficient sensing
scheme by combining source channel NC and CS. The main mer-
its of this scheme are the low decoding complexity, independent
structure and the continuous rate distortion performance. Never-
theless, it assumes that the sampling data of original time-series
data still have spatial dependency which is not enough to be con-
vincing. This assumption was eliminated in [14], in which Lee et al.
constructed a low complexity sensing for spatio-temporal data. The
principle of this scheme is that it samples time-series data in the
temporal dimension randomly, and then measures the data in the
spatial dimension. It is simple and easy to implement. However,
the reconstruction error of this scheme will not be low if the
sensor readings fluctuate remarkably among faraway nodes in the
same time slot.

Gong et al. [15] formulated the fourth category scheme where
the spatial and temporal correlations are both considered and in-
vestigated as a unity. The NC scheme in [15] is a spatiotempo-
ral compressive scheme for distributed data storage in WSNs. This
scheme can reduce the number of transmissions and receptions,
but involves a high computational complexity in the reconstruc-
tion process.

Despite the fact that the schemes mentioned above did a lot of
meaningful research work in exploration of correlations of sensor
readings, all of them (except [6]) only focus on the design of en-
coding/decoding methods and neglect the optimization of network
resource allocation which can improve the network performance
significantly.

The network optimization scenario considered in this paper is
similar with the resource optimization schemes in NC-based wire-

less network. Currently, the existing works on optimization of NC-
based network resource mainly address the problems of achieving
the maximum throughput [16,17], the maximum lifetime [18], the
minimum energy consumption [19,20], the minimum packet delay
[21] and the tradeoff between two randomly former metrics [22-
24].

In [16,17], the maximum throughput of networks was studied
by developing joint congestion control and scheduling with NC.
Tan et al. in [18] maximized the network lifetime by optimiz-
ing the network flow control and video encoding bit rate jointly.
The main goal of works [19,20] is to minimize the network en-
ergy consumption. The work [21] minimized the packet delay in a
TDMA-based wireless networks by utilizing NC and successive in-
terference cancelation techniques. The authors in [22] attempted
to make a tradeoff between network throughput and energy con-
sumption. In [23], the issue of throughput-delay tradeoff in NC
was studied. Also, the tradeoff between network throughput and
lifetime was investigated in [24]. These schemes mainly optimize
the conventional network performance metrics, however, the more
benefits will be obtained when the networks formulate new op-
timization objective by combining the conventional performance
metrics with CS theory. Based on the compressive NC scheme, the
work [6] constructed a new optimization objective to improve the
performance of compressive NC flows. Although it achieves the op-
timal network utility, wireless interference will be a big challenge
for this scheme.

Motivated by the shortcomings of prior literatures on mining
the spatial and temporal correlations and optimizing the network
resources, we propose a clustered spatio-temporal compression
scheme by combining the NC and CS in WSNs and formulate a new
optimization model to make link capacity assignment. The main
contributions can be summarized as follows.

One main contribution of our work is that we integrate the
CS, NC and spatio-temporal compression into an unified and new
system, the NC coefficients and measurement matrix are designed
properly for this new system. This design ensures successful recon-
struction of original data with a considerably high probability and
enables successful deployment of NC and CS in a real field.

The second main contribution is that in contrast to other
spatio-temporal schemes with the same computational complex-
ity, the proposed scheme demonstrates lower reconstruction error
by developing a new spatio-temporal coding method which em-
ploying independent encoding in each sensor node (including the
cluster head nodes) and joint decoding in the sink node. At the
same time, it has lower computational complexity as compared
with JSM-based spatio-temporal scheme and the fourth category
scheme by exploiting the temporal and spatial correlations of orig-
inal sensing data step by step.

Our third main contribution is that we construct a new opti-
mization model for minimizing reconstruction error of the pro-
posed clustered spatio-temporal compression scheme, in which the
unreliability of wireless links and the effect of wireless interference
are taken into account. The minimization of reconstruction error
can be achieved in a distributed manner by utilizing dual decom-
position, subgradient algorithm and low-pass filtering method.

Finally, the proposed compression scheme has been verified to
have considerable compression gain and lower reconstruction er-
ror, and the optimization problem has been validated to converge
to the optimal solution with a fast and stable speed.

The remainder of this paper is organized as follows. In
Section 2, we introduce basic theory of CS. The network model
is defined in Section 3. In Section 4, the proposed compression
scheme is given in detail. Section 5 formulates the optimiza-
tion problem with the goal of minimizing reconstruction error. In
Section 6, we analyze the performance of the proposed scheme.
Finally, conclusions are drawn in Section 7.
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2. Compressed sensing background

The basic fundamental of CS is that the information can be
compressed into a small amount of equivalent information, and
then reconstructed successfully with a high probability. For exam-
ple, consider a signal x of length N that can be represented as
x = W0 for a given matrix ¥ € RN *N and column vector 6 € RN,
The vector 6 is called the coefficient vector. To measure the sig-
nal x, we obtain a sampling vector y € R" by means of a n x N
measurement (projection) matrix &

y=odx=0dWH = OF (1)

where n < N.

Now the objective is to reconstruct the original signal x accu-
rately or approximately given y, ® and W. The reconstruction is
performed by finding the solution of the following Iy minimization
problem

6 =argmin ||0]|, st. ©0=y. (2)
0

After obtaining &, the reconstructed signal can be calculated as

%= 00. (3)

Many algorithms have been proposed recently to solve this
minimization problem, Some examples are Orthogonal Matching
Pursuit (OMP) [25] and Stage-wise Orthogonal Matching Pursuit
(StOMP) [26].

Next, three definitions are given below.

Definition 1. Sparse signal [27]: we define that signal x is s-sparse
over dictionary W when coefficient vector 6 has at most s non-zero
values, i.e., ||0]lp < s, where ||||p counts the number of non-zero
elements.

Definition 2. Compressible signal [27]: we define that signal x is
s-compressible if its sorted coefficient magnitudes in dictionary W
decay rapidly, i.e., signal x can be well-approximated by a s-sparse
signal which can be shown to satisfy

X —xsll, =« (4)

where « denotes a small number and x; is a s-sparse signal.

Definition 3. Let ® be a n x N matrix and let s < N be an integer.
There exists a constant §s that holds the following condition for all
s-sparse vectors x € RN

(1= 89)Ix[13 < [ @x]|3 < (1+ &) ||| (5)

then the matrix & satisfies the restricted isometry property (RIP)
with restricted isometry constants (RIC) &5 [28].

3. Network model

In this section, we define the network structure and describe
the function of different type nodes.

In our network scenario, we construct a clustered wireless sen-
sor network where a sink node is used to collect the sensing data
observed by sensor nodes. The whole sensor network has multiple
clusters, and the nearby sensor nodes are allocated into the same
cluster where each cluster has a cluster head node. A sensor node
in one cluster which has the highest residual energy will be se-
lected as cluster head node. Each sensor node has the power to
sample the data and obtain the sampling data by exploiting the
temporal correlation of the original data.

[l Sink node @ Cluster head node O Sensor node

Fig. 1. Data collection in a clustered WSN with spatio-temporal compression.

The cluster head nodes are responsible for collecting sampled
data from their inner sensor nodes. At the same time, they also
act as relay nodes for forwarding data from other cluster head
nodes. Because the observed data of nearby sensors often exhibit
spatial correlation, the cluster head nodes generate random projec-
tions of the sampled data of sensor nodes for transmitting instead
of transmitting the original sampled data. We exploit the tempo-
ral and spatial correlations of original data simultaneously in our
network model, but the temporal and spatial correlations are con-
sidered step by step.

The linear NC is performed before the cluster head nodes for-
ward their own and the incoming packets. The NC operation is per-
formed over a real field. Finally, the cluster head nodes transmit
the encoded data to the sink node via a one hop or multihop man-
ner. The whole transmission process of sensing data are showed in
Fig. 1.

In this network scenario, we only consider communication with
one sink node for simplicity, but the proposed scheme can be gen-
eralized to multiple sink nodes. The topology of the cluster head
nodes and sink node is represented by the directed graph G(V, E) ,
where V is the set of cluster head nodes and the sink node, and E
is the set of directed links. Let ' (k) be the links emanated from a
node k, and '~ (k) be the links entering into a node k. Meanwhile,
we define that there are L clusters in the network, and each cluster
has M sensor nodes where the original data length (i.e., temporal
dimension) of each sensor node is N. The data transmitted over
link e at time t can be denoted by h¢(e).

4. Clustered spatio-temporal compression scheme

A clustered spatio-temporal compression scheme is developed
by extending the work in [8] to a more realistic scenario where
sensor readings exhibit both spatial and temporal correlations. The
CS, NC and spatio-temporal compression are integrated into an
unified and new system. The proper design of NC encoding co-
efficients and measurement matrix ensures successful reconstruc-
tion of original data with a considerably high probability. Mean-
while, the reconstruction error and computational complexity of
this scheme is lower due to employing independent encoding in
each sensor node and joint decoding in sink node. The processing
and transmitting of original data in this compression scheme are
illustrated in Fig. 2.

In the proposed framework, each sensor projects its original
signal to a lower dimensional space by exploiting the temporal cor-
relation of the original signal. Also, the cluster head node randomly
projects the sampled signals of its inner sensors to a lower dimen-
sional space by exploiting the spatial correlation. The linear NC is
performed in the communication between different cluster head
nodes. The sink node uses the CS-based spatial and temporal de-
coding algorithms to reconstruct the original signals.
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cluster head nodes

Fig. 2. Clustered spatio-temporal compression framework.

4.1. Independent encoding

In this subsection, the encoding methods for sensor nodes and
cluster head nodes are presented, and the preconditions for suc-
cessful decoding in the sink node are also described.

Sensor node: the original signal of sensor node i in cluster k €
{1,2,...,L} can be denoted as

Xein]" (6)

where X, ; represents original data (temporal dimension) of sensor
node i at time j and the sensor node i belongs to cluster k, and x;, ;
c RN X l.

Then sensor node isamples its original signal by measurement
matrix ® € R* *N (n « N) to obtain

Yii = Px (7)

where matrix & consists of n rows selected randomly from an N x
N identity matrix, and y;, ; € R* * 1.

Finally, sensor node i sends its sampling signal yj ; to the clus-
ter head node k.

Cluster head node: we assume that cluster head node k re-
ceives M sampled signals from its M inner cluster sensor nodes,
and these received signals are organized into a matrix. The cluster
head node uses a measurement matrix ®; to measure these re-
ceived signals, the measurement result of jth (j e {1,2,..., n}) col-
umn of that matrix can be shown as

/ T !4,
zi=z1; Zioj Zemil = Py
T / M
= ®[Vi1j  Yroj Yimjl . 'y € R™ (8)

where y, ; represents the jth sampled data of sensor node i and
the sensor node i belongs to cluster k, y; ; RM=1 and z;”. € Rmx1,

As the relay node, the output data of cluster head node k over
link e during time slot t can be represented by

he(e)= Y Pelee)ha(e)+ > aule i)z (9)

e'el' (k) ie{1.2....m}

Xpi =X Xei

where z,;=1[z,;1  Zkin Zy.inl, the links e and e’ denote
the outgoing and incoming links of cluster head node k respec-
tively, and B(e, e’) and «.(e, i) are the linear combination coeffi-
cients of NC at time slot ¢ which are chosen from real numbers.
The cluster head node k's signals are included in the encoding
process. In order to track the transformation process of NC en-
coding coefficients, we append the [(k — 1)m +i|th row of a L.m-
dimensional identity matrix to the transmitted packet of z ;.

According to Nabaee and Labeau [8], the transmitting data of all
links at time slot t can be written as

he = Behe 1 +AZ (10)

where the matrices B; € RIEI < IEl A, ¢ RIEl x1m and 7 ¢ RLm x 1 can
be respectively represented as

e.e),e el (k&eel*t(k),keV
B, : {Be(e.e)} = Bi(e.e), e eI (k) < (k). ke (1)
0, otherwise
. or(e i),ee Tt (k). keV,ie{1,2,...,m}
A {Ade ) =1 " . (12)
0, otherwise
Z11 Zha .. Zin
Zy1 Zan - Zan
7= ) . ] P (13)
Zin Zip - Zin

Sink node: from (10), the received data of the sink node at time
slot t can be organized as follows:

u = [he(e) :ee T~ (D)] =Fh
= F.B[.ht—l +FA[Z
=Q.Z (14)

where u; denotes the received data, and the matrices F and €2; are
respectively defined as

1,1 denotes data index of e,e € '~ (D)

F:{F(e, i)} = { (15)

0, otherwise

t t
Q=FY T[] BwA- (16)

t'=1t"=t'+1

Meanwhile, we can find out that the value of 2 can be obtained
by retrieving the appended L.m-dimensional matrix from the re-
ceived packets.

Thus the whole real data which the sink node receives can be
given by

uq Q]
up Qz
U= = VA
L Ut Q
rQ, (oI 0 0
Bl lo e, 0
: : o .0
%10 ... 0o @
Yii Yiz o Yain
Ya1 Y22 - Van
Yiin Y2 - Yin
Q (oI 0 0
=l lo e, o0
: : o .0
2Jlo ... 0o @
v, 0 0
0 \IJ/Z 0 [9/1 9/2 gln]
o .0
0 0o v
=Qo V[0 0, - 0]

=0V [0 05 - 0] (17)
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where the matrix ®’ is a block-diagonal matrix which is com-
posed of L measurement matrices, W’ is also a block-diagonal
matrix which is composed of L orthonormal bases, the signal
[ Vi Vi ¥ Tie{1,2,....n} is a batch of com-
pressible signals over W/, and 6’; is the coefficient vector.

Theorem 1. Suppose that the entries of measurement matrix &,k e
{1,2,...,L} and coding coefficients Bi(e, e') are selected indepen-
dently from a zero-mean Gaussian distribution, and o (e,i) =0,t >
1, then the entries of matrix © are independent zero-mean Gaussian

variables.

Proof. If the coding coefficient B(e, e’) are selected independently
from a zero-mean Gaussian distribution, and o;(e,i) =0,t > 1,
similar to the proof of Theorem 3.1 in [8], we can show that the
entries of 2 are zero-mean Gaussian random variables, and the en-
tries of different rows are independent.

Because the entries of matrix ® are linear combinations of the
entries of ®’, and a linear combination of independent Gaussian
random variables is still a Gaussian variable; the entries of ma-
trix ® are zero-mean Gaussian random variables as long as the en-
tries of matrix ®;,k € {1,2,..., L} are selected independently from
zero-mean Gaussian distribution.

Subsequently, as the entries of different columns in matrix ®
are obtained by linear combinations of variables from two inde-
pendent columns of &, the entries of different columns in ® are
independent. Furthermore, since the entries of same columns in
matrix ® can be considered as the linear combinations of variables
from two independent rows of €2, the entries of the same columns
in ® are independent.

According to the above results, we can conclude that the entries
of matrix ® are the independent zero-mean Gaussian variables. O

4.2. Joint decoding

The received data of sink node can be organized as in
Eq. (17) and then decoded jointly.

Roughly speaking, a Gaussian matrix with independent zero-
mean entries is incoherent with regard to any orthogonal ba-
sis. Moreover, the zero-mean Gaussian matrix with independently
and identically distributed entries satisfies RIP with high proba-
bility [29]. So if matrix ® satisfies the conditions described in
Theorem 1, then resulting ®.W’ will have the RIP with high prob-
ability.

When the matrices ®, W’ and U are provided in the sink node,
and the matrix ® holds the conditions in Theorem 1, an approxi-
mate value 67,.’ of 6/,ie{1,2,...,n} can be calculated by the recon-
struction algorithm of CS.

After the approximate value 5{ is found, the approximate matrix
Y’ of Y’ can be easily recovered by computing

v=wlo & .. 6] (18)
Yii Yiz o YVia
Vo1 Y2 - Yan
where Y/ = i . .
‘1 Y2 o Yin
Then we have the following equation
Y =Y +F (19)

where E’ denotes the error occurred in the reconstruction process
of Y.
Subsequently, we can obtain an equation as follows:

Y vmsi = Yo nympi +E ge-tymi

= [®x] ke (1.2, L ie{l,2.....M) (20)

Table 1
Notations.

E The set of network links

Ec  The set of network cliques

14 The set of cluster head nodes and sink node
g Total flow rate of flow [

H! A routing matrix of data flow [

Dij The probability of link being reliable (i, j)

fl’] The transmission rate of flow I over link (i, j)
C;  The associated capacity of link (i, j)

where the subscript (k-1)M+i denotes the [(k-1)M+i]-th row of a
matrix.
Eq. (20) can also be written as

~ T
Yii = [Yoctmri T E o] = Pxei = @Oy (21)

where yy ; is a batch of sampling data, which is compressible over
orthonormal basis W, and 6 ; is the coefficient vector.

Afterward, an approximate value QN,(,,- of 0y ; can be recovered
by the reconstruction algorithm of CS. Finally, the original signal
of sensor node i in cluster k can be obtained by calculating the
following approximate value

Rei=Wo ke{l,2,...L},ie{1,2,....M}. (22)

5. Optimization design

Reconstruction error is an important performance metric for
above compression scheme. Currently, the existent publications
improve the reconstruction error mainly by training the sparse dic-
tionary or optimizing the measurement matrix. These papers focus
on the design of sparsifying transform and deterministic measure-
ment matrix, which do not consider the network resources and
scenario that can impact the reconstruction error significantly. In
this section, we formulate a new model to optimize the recon-
struction error of the proposed compression scheme from the per-
spective of network resources. The focus of this optimization is
on the communication between cluster head nodes and one sink
node, among which the cluster head nodes transmit data to the
sink node, in the meantime, they also take as intermediate for-
warders. In this network model, we only consider one sink node
for collecting sensor readings, but our design can be generalized to
multiple sink nodes. The observed data of different sensor nodes
at a specific time slot is referred to as a data flow. The random
NC operation implemented only among packets of the same flow
(intra-flow NC).

The notations used in our optimization problem are explained
in Table 1.

We assume that the data from cluster head nodes are transmit-
ted to the neighboring cluster head nodes through multiple links
and transmitted to the sink node along a multipath network pre-
defined by a multipath routing protocol. The pair (i, j) denote the
link from cluster head node i to its neighboring node j. Also Hi’j =1

indicates that the flow [ traverses link (i, j), on the contrary, Hl.l]. =0
indicates that the flow | doesn’t traverse link (i, j). The different
links may interfere with each other due to overlapping in the com-
munication range, so we define a clique as a basic conflict set that
consists of several links which interfere with each other and at
most one of them can carry data at the same time and avoid the
interference. The set Ec consists of all the cliques in the network,
i.e., a random clique Eg is an element of Ec.

Due to the unreliability of wireless links, we assume that the
cluster head nodes forward their encoded data over links success-
fully with a certain probability, i.e., each link (i, j), i, j € V has a
reliability probability pj;, e.g., p;=0.9 means that only 90% of the
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transmitted data over link (i, j) can be received successfully by the
next hop node. The transmission rate f,l] varies from link to link.

5.1. Optimization problem formulation

In this optimization model, we will minimize the reconstruc-
tion error for a group flow G from above proposed compression
scheme. As we known, the reconstruction error of a CS algorithm
is determined by the amount of final received measurements and
compressible (or sparse) degree of original data over orthonormal
basis when the measurement matrix satisfies the RIP. According
to [30], the average squared reconstruction error of spatial com-
pression in data flow | € G is upper bounded by a constant times
(Lm/log LM)~2*1 where ; governs the compression degree of spa-
tial dimension of data flow L In addition, we assume that different
data flows from G are all compressible signals in spatial dimension,
i.e., different data flows from G have the same compression degree.
Therefore, we define the reconstruction error of spatial compres-
sion in data flow [ as a function which can be written as

R(g) = Go(gh 2 (23)

where the constant Cy > 0, u=p; > 0 is a constant related to the
compression degree of data, and g' is the total flow rate of flow [
which is measured as the amount of received measurements per
unit of time in the sink node.

Based on the network scenario defined above and the objective
of our optimization problem, we can formulate the reconstruction
error minimization problem of compression flows as follows:

min YO R(g)

leG
Subject to g' =) "gl.VleG
ieV
S opifi— Y pifli=olViev.VieG
jiH=1 JiHy=1
1

M < ]7VEg € Ec
G;

g.g. f;=0VijeV VieG. (24)

The first constraint demonstrates that the total flow rate of re-
ceived flow [ at the sink node equals to the sum of the flow rates
of all cluster head nodes, where the flow rate g‘D =0, and D de-
notes the sink node.

The second constraint is a flow conservation law that needs to
be satisfied for transmitting data. Roughly speaking, the sum of in-
coming flow rates should be equal to the total outgoing flow rates,
but the source and sink nodes are two exceptions. Because all the
cluster head nodes are source nodes, the value of ai’ is given by

a',:{gﬁ, if ie{V-D}
T -¢. if i=D

where f113j =0, j eV, and D denotes the sink node.

Intra-flow coding allows the same flow from different cluster
head nodes within a link to share capacity by coding together.
Meanwhile, the sum of the transmission rate of all flows [ € G
over link (i, j) should not exceed the overall capacity of link (i, j).
It means that this optimization model should satisfy the following
constraint

> fl<GVieVv. (26)

leG

(25)

However, the third constraint applies a more strict restriction
on variable le, to take into account the effect of wireless inter-

ference. This constraint indicates that the mutual interfering links

cannot transmit the information at the same time, i.e., the sum of
occupancy rate of all links belonging to the same clique Eg must
not exceed unity. This constraint also expresses the requirement
that each cluster head node cannot transmit and receive data si-
multaneously, but it can either transmit or receive data at the
same time. The symbol Cj in the third constraint denotes the ca-
pacity of random link (i, j) € ECS., and we assume that all links of
network have equal capacity in this network scenario.

The other constraints are simple, g', gl and ﬁj are defined as
non-negative.

5.2. Distributed algorithm

Since the objective function of the above optimization problem
is a continuous and strictly convex function, and the constraints
are linear, the optimization problem (24) is a convex optimization
problem. Therefore, there is no duality gap, and we apply a dual
decomposition method to solve this optimization problem. Firstly,
we relax the second and third constraints in (24) to construct a
Lagrangian function with multipliers Aﬁ and 853 as follows:

Lg f.r€)

ZR(gJ)— Z )&i‘ Z pijfi’j_ Z Pjif]I‘,‘_Ui’

leG ieV leG j:Hl!jzl j;H}i:]
- Yo (X X ) fa
EScEc 1€G (i,j)eES
= 2Rl e )+ 2 Mei-rpD s
leG ieV ie{V-D} ieV
T2 2 pafy =)
leG ieV j;H}j:l
-y (e fo
EEEEC (i,j)eE?
+ Z €gs (27)

where the Lagrange multipliers )Lﬁ and eEg can be interpreted as

the congestion price and interference price, respectively.
Next, the primal optimization problem can be formulated as
follows:

D(x.e) =minL(g, f, X, &). (28)
&[>0
In order to solve the above primal problem we define the fol-
lowing dual problem.

max D(A,¢€)
re

Subject to A > 0; & > 0. (29)

Based on the separable property of Lagrange function and the
definition of D(A, €), D(A, €) can be decomposed into two sub-
problems. The first subproblem can be considered as a congestion
control problem which is written as

mgin Li(g A)

=min R Yo+ D Meg-Ap) &

ieV ie{V-D} ieV
Subject to g > 0. (30)
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The second subproblem represents the combined constraints
flow conservation and wireless interference, and it can be written
_ I

—min 3 Y pufj) -

as
i€V j: Hl =1 EgeEc (i,j)eEg

mfin Ly(f, A, &)
l >0 (31)

Subject to

The dual problem (29) can be solved by utilizing a subgradient
algorithm. The dual variables can be updated as follows:

Ar+1)
.

= | M)+, > pifji(r) —ai(r)

gl —
].Hji_l

> piffn) -

iyl —
],Hij_l

(32)
o fL *
Eps(r+1) = |:855(r) +ps(Z'€G Z(E)AEEC WO 1)} (33)
1

where the values of gﬁ(r) and f,.’j(r) are selected from the optimal
solution of subproblems (30) and (31) at the rth iteration, p; and
pe are small step sizes corresponding to the dual variables, and
[g]t = g when g is a non-negative value, otherwise 0.

The solution of the above subproblems are described in the fol-
lowing parts.

Subproblem (30): According to the objective function of sub-
problem L{(g, A), the optimal flow rate [ of cluster head node
i € {V — D} can be denoted as

g = argminLy (g. 1)

:argmgin|: ( > g')
ie{V-D}

At the rth iteration, the cluster head node i € {V — D} adjusts its
flow rate [ according to the congestion prices )Ll{ (), )\E(r) and the
flow rate g!(r), and the optimization problem (34) can be solved by
the following method.

As explained in [31], the low-pass filtering method can remove
oscillation and accelerate the convergence speed. So, we use the
same concept to solve the optimization problem (34). In this way,
the cluster head node i {V — D} applies the following low-pass
filtering method to update the flow rate g{

D Mg~ ) g’] (34)

ie{v—_D} ic{V-D}

5 gé(r))

ie{V-D}

gr+1) =10 -yDg +7&m +n Co(

+

+ Al = Ah() (35)

gr+1) =1 -y +yigr)

where the augmented variable g{ is defined as the optimal estima-
tion ofgé, and y is a small step size. Finally, to calculate the g’

gr+1)y= > gr+1).

ie{V-D}

(36)

(37)

Subproblem (31): According to the objective function of sub-
problem Ly(f, A, ¢), the optimal transmission rate of flow [ over
link (i, j) can be denoted as

l’]f‘ = argmfian(f, )

—argmm D3 b =D

leV]H’ =1

Ellzae)
EZeEc (i.j)eE}

At the rth iteration, each link (i, j) adjusts its transmission rate
of flow | according to the congestion prices A:(r), AL(r) and in-
terference price eEg (r), and the optimization problem (38) can be
solved by the following joint method.

First, we obtain the partial derivative of function Ly(f, A, &) with
respect to the variable le,

(38)

OLa(fr. &) _
|
d fij
and then we construct a joint method by employing the first-order
Lagrangian algorithm and low-pass filtering method. Finally, the

link (i, j) updates the transmission rate of flow [ in the following
format

Lr+1) ={(1-y)
+ Vz[Pij()vﬁ(r)

u(l )\i‘)*gfg/cij (39)

L) + 250

M) — &g (/Gy}, (40)

H’ =1,(i.j)eE}

flir+1) = A=) i)+ yafly () (an)

where the augmented variable fllj is defined as the optimal estima-
tion of fllj and y, is a small step size.

Integrating the content described above, we can obtain the fol-
lowing distributed optimization algorithm.

Algorithm 1. r = 1, 2, 3,... , when the rth iteration is executing,
this distributed optimization algorithm can be shown as

(1) Cluster head node i e {V — D} solves the optimization prob-
lem (34) according to the congestion prices A;(r), Af)(r) and
the flow rate gl(r);

(2) Each link (i, j), i € {V — D} solves the optimization problem
(38) according to the congestion prices kf(r), Aﬁ.(r) and in-
terference price aEg(r);

(3) Each link (i, j), i € V updates the congestion price )\f(r-i- 1)
according to Eq. (32) and the solutions of step (1) and (2);
(4) Cluster head node i updates the interference price 8155 (r+1)

according to Eq. (33) and the solution of step (2);
(5) Setting r=r+1, then the procedure goes back to step (1) and
executes repeatedly until iterations end.

Although Algorithm 1 is a distributed algorithm, it still needs
some feedback messages. For example, in order to solve the opti-
mization problem (38), the transmission rates of i’s neighbor nodes
should be sent to cluster head node i, and the congestion price
)Jj(r) of next hop node j should be fed back to node i. Fortu-
nately, the communication cost of feedback messages is low for
only transmitting a small amount of digits and most of messages
can be included in ACK packet.
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5.3. Convergence analysis

In this subsection, we analyze the convergence of Algorithm 1.
Assume that (A*, &*) denotes the optimal solution of dual prob-
lem, and (g*, f*) denotes the optimal solution of primal problem.
We have the following convergence result by employing the con-
vergence analysis method in [32].

Theorem 2. If step sizes p, and p. are sufficiently small, and the
initial values of g, f, A and ¢ are all not less than 0, then the dual
variables of Algorithm 1 converge statistically to the optimal solution
(A*, €*) of dual problem (29).

Proof. We define the V(r) as the subgradient vector of dual prob-
lem (29), then Vi’(r) and VEg (r) can be shown as

Vit = > pyfin = Y pifir) —af1) (42)
JiHj=1 JjiHy=1
Co e fL
Vertn - HeeZpah© (43)

Meanwhile, we define the Lyapunov function as follows:
. 1 e oalean2 1 . 2
V(A(r),e(r)) = 20, ; A" =2 (1) + TN %: (efs —egs(M)”.
’ C

(44)
According to Egs. (32) and (33), we have
V(A(r+1), e(r+1))
1 e 51 112
=< m Z [)‘i - Ai(r) — pkvi ]

il

1
" 20, > legs — egs () = pe Vs (]
E
= 55 DA = HOOF - 20,V - 2]+ p2VE®)
il

1
+ m ; {[SZg — s (r)]2 _ ZpSVEg (1’)[8;2 — &g ]

+ pEVE D)
= V()&M) + Y VIO - 7]

il

+ D Ves(Mleps () — &gl
=

+ Z%W(rnz%vgg(r). (45)
il ES

Based on the subgradient property, we can obtain

S VIO @) = M1+ Y Vs (Mlegs (1) - ]
il ES

< D(A(r).&(r)) —D(A". €). (46)

Substituting the corresponding part with the formula (46), then
the inequality (45) can be reformulated as

V(A(r+1), e(r+1))
< V(). e(r) — D, ") = D(A(r). £(n)] + %@ + %Qz
(47)
where ¥, V2(r) < Q; and ZEE Vgg(r) <Q,.

Utilizing the inequality recursively, the inequality (47) can be
recast in the following form:

V(A(r+1), e(r+1))

< V(1) (1)) — ;[D(A*, &) = DOM(1). ()] + 5y

Ps
+ 7er. (48)

By reason of V(A(r+1), e(r+1)) > 0, we have

Y [DG* &*) —=D(A(T), &(T))]

=1
< V(A(l),e(l))—i—%r@ +%r02. (49)

Furthermore, since D(A(7), &(t)) is a concave function with re-
spect to variables A and &, we can get the following inequality via
Jensen’s inequality.

s V(r(1),e(1
DG £%) - DG, £(r)) = LEDED) | brg  Leg, (s0)
where A(r) = 1Y, A(r) and §(r) = 1 30 e(r).
Finally, we can conclude that

lim sup[D(.*,6) - D). 8] = 21 + 2. (51)
t—o0
According to the definition of statistical convergence in [32],
given the small enough step sizes p; and pg, the dual variables
of Algorithm 1 converge statistically to the optimal solution (A*,
&*) of dual problem (29). O

Since the primal optimization problem (24) is a convex pro-
gramming problem, there is no duality gap. In other words, the
optimization problems (34) and (38) converge statistically to the
optimal solution (g*, f*) of primal problem (24) when dual vari-
ables converge to the optimal solution (A*, &*).

6. Performance evaluation

This section provides the performance analysis to show the ro-
bustness and efficiency of the proposed clustered spatio-temporal
compression scheme and the distributed optimization model in the
previous sections.

6.1. Performance analysis: compression schemes

In this subsection, we compare the simulation results of rel-
ative recovery error and compression gain of our method with
those of two other categories of compression schemes. The algo-
rithm CoSaMP [33] is used as the reconstruction algorithm of CS
for spatial and temporal compression data in this simulation. The
simulation uses the real data collected by Intel Berkeley research
lab [34]. 40 x 500 (i.e., LMx N) temperature readings are selected
from this WSN, where we divide these sensors into 4 clusters and
set the spatial and temporal readings as s and w-compressible sig-
nals, respectively. We also assume that the value of s and w equals
to 5 and 60, respectively.

In the simulation figures, ‘Spatial’ refers to the category of com-
pression schemes which only considers the spatial compression,
such as [7-9]; ‘Spatio-temporal’ denotes the category of compres-
sion schemes which considers the spatial and temporal compres-
sion separately, such as [13,14]; ‘Clustered spatio-temporal’ denotes
the proposed scheme in this paper.

The relative recovery error and compression gain are defined
to be ||x — X||,/|1x]|, and (L.M.N)/[L.m(n+L.m)], respectively, where
the original 40 x 500 readings are reshaped into a 20,000 x 1
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Fig. 3. Relative recovery error with different overmeasuring factor.

vector x, and X is an approximate reconstruction vector of x. The
overmeasuring factor n/w of temporal dimension varies from 1.5
to 4.

In this simulation scenario, the orthonormal bases W and
Wi ie{l,2,...,L} are defined as discrete cosine transform. The
measurement matrix @ consists of n rows selected randomly from
an N x N identity matrix. The elements of measurement matrix
<I>lf, ie{1,2,...,L} are selected from Gaussian distribution N(0, 1).
The entries of 2 are drawn randomly from Gaussian distribution
N(O, 1/(L.m)).

Fig. 3 displays the relationship between relative recovery error
and overmeasuring factor in the temporal dimension when the row
size of matrix &’ is fixed to 24. The curves show that the rela-
tive recovery error decreases gradually with the increase of value
nfw, and the reconstruction error will stay stable around a fixed
value when the value of overmeasuring factor n/w is more than 3.
Since the selected sensor readings are compressible signals rather
than sparse signals, when the recovery error approaches a mini-
mum value, further increase of the value of nfw will has a negligi-
ble effect on the reconstruction error.

Meanwhile, observe from this figure that the recovery error
of our proposed scheme is lower than other two schemes except
for n/w=1.5. Since the compression ratio of temporal dimension
is too large when the overmeasuring factor n/w=1.5, the recovery
error of spatial compression scheme is lower than our proposed
scheme. However, with the increase of overmeasuring factor, the
proposed scheme shows lower recovery error. For example, while
the overmeasuring factor n/w > 3, the relative recovery error of
our scheme is around 0.0156 compared to 0.0308 of other schemes.
As the spatial correlation can be explored more completely and
deeply in clustered spatio-temporal compression scheme, the re-
covery error is much lower than conventional spatio-temporal
schemes [13,14] especially when the temperature readings fluctu-
ate remarkably among faraway nodes in the same time slot.

In addition, the proposed scheme holds another advantage in
that it has lower computational complexity as compared with
JSM-based spatio-temporal schemes [10-12] and the work [15] in
the reconstruction process of CS, because the temporal and spa-
tial correlations of original sensing data are explored step by
step. Thereinto, the computational complexities of the proposed
scheme and the works [10-12,15] in the reconstruction process are
max {0(L2mM), O(nN)} and O(L?mMnN), respectively, and the pro-
posed scheme has the same computational complexity as the con-
ventional spatio-temporal schemes [13,14].

With the growth of overmeasuring factor, there is diminishing
return in the compression gain as the number of measurements
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Fig. 4. Compression gain with different overmeasuring factor.

increases. Fig. 4 demonstrates that the compression gain of spatio-
temporal compression scheme is higher than the spatial compres-
sion scheme as the spatial scheme only investigates the spatial cor-
relation. In this simulation scenario, the clustered spatio-temporal
scheme has the same compression gain as the conventional spatio-
temporal schemes [13,14].

Combining Figs. 3 and 4 we can derive that the relative re-
covery error of our scheme is much lower than the conventional
spatio-temporal schemes [13,14] while they have the same com-
pression gain (also have the same computational complexity). Be-
sides, the performance of our scheme is better than spatial com-
pression schemes [7-9] in terms of both recovery error and com-
pression gain. Moreover, the decrease in the amount of redundant
information is considerable by utilizing the spatial and temporal
correlations step by step. It also reveals that the clustered spatio-
temporal scheme can reduce the energy consumption of commu-
nications significantly. Although the transmission of NC encoding
coefficients will decrease the compression gain, this effect will be
weakened by extending the packet length.

Overall, the clustered spatio-temporal compression scheme out-
performs other two categories of compression schemes signifi-
cantly in terms of recovery error and compression gain.

6.2. Performance analysis: optimization design

In this subsection, we provide a certain network to test the con-
vergence of Algorithm 1, and evaluate the effects of network and
control parameters on performance. The considered network con-
sists of five cluster head nodes and one sink node as shown in
Fig. 1. The network has ten links and all links have equal capacity.
There are five cliques in the network.

The parameters are initialized as follows. The step sizes of dif-
ferent optimization problem are unified. The reliable probabilities
of different links are unified to be 0.9. The constant Cy and p are
equal to 1 (or 0.01) and 0.9, respectively. The initial prices are
set to be 1 for both congestion and interference prices. The ini-
tial value of transmission rates are set to be 0.2, 0.3, 0.3, 0.6, 0.6
for node 1 to 5, respectively.

Figs. 5 and 6 show the evolution of congestion and interference
prices respectively with link capacity C;=1.5 and step size =0.15.
It can be seen from both figures that the congestion and inter-
ference prices converge gradually along with the number of iter-
ations, and both of them approach the optimal value within 200
iterations. Thus, the convergence speed of the dual problem is fast,
which further confirms the validity of Theorem 2.

From Fig. 5, we can find out that the congestion price of node 6
(i.e., sink node) is bigger than other nodes. Since node 6 is the only
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Fig. 7. Evolution of transmission rates with C;=1.5 and step size=0.15.

sink node for collecting the data from all the cluster head nodes,
the links entering into node 6 are very busy which causes the
high congestion price of node 6. Similarly, the interference prices
of cliques 4 and 5 are high in Fig. 6 due to including node 6 in
their cliques.

Figs. 7 and 8 plot the evolution of transmission rates and flow
rate with link capacity C;=15 and step size =0.15. The conver-
gence speed of transmission rates and flow rate is fast, which is
similar to the evolution of congestion and interference prices in
Figs. 5 and 6. Meanwhile, the transmission rates and flow rate
converge to the corresponding optimal value while the congestion
and interference prices approach the optimal value. This result also
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Fig. 8. Evolution of flow rate with C;=1.5 and step size=0.15.
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confirms the correctness of theory described in previous section
that the primal variables (g*, f*) is the optimal solution of primal
problem when dual variables converge to the optimal solution (A*,
e*).

It can be also observed in Fig. 7 that the transmission rates of
nodes 4 and 5 are higher than other nodes. This is due to the fact
that nodes 4 and 5 are near the sink node and need to relay data
from other nodes.

Fig. 9 presents the effect of different step sizes on flow rate. It
shows that the larger the step size, the bigger the oscillation and
the faster the convergence speed. Although a small step size has
lower convergence speed, it will obtain a solution with higher ac-
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curacy. The users can dynamically set the step size, and select a
proper size by making a tradeoff between convergence speed and
precision of the optimal solution.

Fig. 10 illustrates the evolution of flow rates with different link
capacities. Obviously, the flow rate will enhance with the increase
of link capacity. Under different link capacities, both flow rates can
converge to optimal value which further confirms the stability of
Algorithm 1.

Fig. 11 shows the evolution of recovery errors with different Cy
and step sizes. Although the value of constant Cy will affect the
value of recovery error, the convergence property of recovery error
is constant. The curves demonstrate that the recovery error con-
verges to a stable value around 200 iterations, which also confirm
that the objective function of primal problem (24) achieves the op-
timal value when the flow rate approaches the optimal value, i.e.,
the reconstruction error can be minimized by optimizing the net-
work resource allocation.

7. Conclusion

Based on the temporal and spatial correlations of sensor read-
ings, this paper proposed a clustered spatio-temporal compression
scheme to reduce the number of transmissions and formulated a
new optimization model to minimize the reconstruction error. The
compression scheme could reduce the number of transmissions
significantly. In the meantime, the design of NC encoding coef-
ficients and measurement matrix was given for guaranteeing the
reconstruction of clustered compression data successfully with an
overwhelming probability. The proposed scheme also had lower re-
construction error and computational complexity by employing in-
dependent encoding in each sensor node and joint decoding in the
sink node. In addition, in order to minimize the reconstruction er-
ror, a distributed algorithm was developed to achieve the optimal
solution. Finally, the simulation results further confirmed the prop-
erties of the clustered spatio-temporal compression scheme and
optimization model.
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