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Abstract 

Wireless Sensor Networks (WSNs) have characteristics of large size, limited resources, 

large amount of transmission data, and so on. In order to reduce the redundancy of 

sensed data and decrease network data traffic. We applied CS to clustered structure, 

proposed Low-Latency Compressed Sensing model (LLCS) which is based on the spatial-

temporal correlation of sensed data, the model is also capable of processing sparse 

abnormal events which is a crucial feature in WSNs. We analyzed the relationship 

between compression ratio and sampling rounds and verified the abnormal event 

processing method. The results of simulation experiments using the real data show that 

LLCS could reduce data transfer volume significantly and process abnormal readings 

effectively. 

 

Keywords: wireless sensor networks; compressed sensing; spatial-temporal 

correlation; low latency 
 

1. Introduction 

Wireless Sensor Networks (WSNs) [1] are comprised of a large number of sensor 

nodes, which is consist of sensing, data processing, and communicating components. 

Sensor nodes cooperatively sense, collect and process information of interesting 

phenomenon. Eventually, they send the processed information to sink. WSNs have 

become a hot research field because of its extensive application prospect. 

The purpose of WSNs is to gather raw data collected by sensor nodes with small size. 

Sensor nodes are densely deployed either inside or very close to the interesting 

phenomenon. The amount of transmission data will be very large if sending all raw data 

to sink, then it will lead to network congestion and shorten the life of WSNs because 

Sensor nodes have highly constrained energy resources. The computation and storage 

operations of nodes require less energy than transmission, decreasing the amount of 

transmission data will reduce the energy consumption significantly and prolong the 

lifetime of WSNs. Thus, it’s necessary to save energy and prolong the lifetime of the 

network through decreasing transmission data.  

Compressed sensing (CS) [2-4] has opened a new avenue of data acquiring in WSNs. 

If a signal is sparse or sparse in a sparse basis, then we can project the signal onto a 

measurement matrix which is uncorrelated to the sparse basis and get a few 

measurements. And finally, reconstruct the original signal with high probability by 

solving the convex optimization problem.  

WSNs are one of the most important fields in which CS can be employed, compared 

with many other data compression technology CS has many advantages. Firstly, the work 

of encoder is very simple; each sensor obtains measurements by projecting the signal onto 
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a measurement matrix. Secondly, CS provides effective data compression, which can 

reconstruct the K  sparse signal in N
R  from 4M K  measurements. Thirdly, each sensor 

encodes its measurements independently, and different decoder scheme [5-6] can be used 

to reconstruct the original signal from the same random measurements. In addition, 

robustness is one of the properties of CS; it’s possible to reconstruct the signal even 

though a few data was missing in the process of transmission. If the signal gathered by a 

sensor node has sparse representation in one basis, then low complexity coding algorithm 

can be applied to obtain random measurements in the sensor node with constrained 

computing and storage capacity. The original signal can be recovered from measurements 

by running the high complexity decoding algorithm in the sink with powerful 

computational capacity and enough energy.  

Spatial correlation usually exists among the readings of close nodes because of 

redundant deployment. A lot of work had been done to compress signals based on spatial 

correlation. Temporal correlation usually exits among the readings of nearby time instant 

in the same sensor node, such spatial-temporal correlation encourages us to improve the 

efficiency of data acquisition for WSNs by incorporating CS. Many methods and model 

based on the spatio-temporal correlation result in higher latency, so it’s also necessary to 

research the problem about reducing the latency. Since the clustering method has many 

advantages over other methods [21-23], such as fault tolerance and traffic load balancing, 

we applied CS to clustered structure in sensor networks. In this paper, we proposed Low-

Latency Compressed Sensing model, compressing and reconstructing the sensed data by 

making full use of the spatial-temporal correlation during an interval. Sparse abnormal 

event processing is also a crucial feature in WSNs. In this paper, sparse abnormal event 

processing method is also proposed to trigger notification of the potential danger. 

The rest of the paper was organized as follows: Section 2 describes the existing 

methods for data compression with CS and discuss about their advantages and 

disadvantages. Section 3 describes spatial-temporal correlation-based Low-Latency 

Compressed Sensing model in details. Section 4 simulates the model by using real 

experimental data. The last section concludes this paper. 

 

2. Related Works 

A comprehensive comparison of data compression techniques for WSNs can be found 

in [12]. CWS [13] is a special implementation of CS for distributed spatial sampling in 

WSNs. CWS models a WSN as a distributed sampling system in which every single 

sensor node record the local value, get measurements by using distributed method for 

computing the matrix multiplication, and then reconstruct the signal in the sink. CDG [14] 

is one of the first detailed implementation of CWS for large-scale WSNs. The paper 

shows that CS leads to a more efficient and stable signal acquisition technique compared 

to some other traditional methods. CDG is also able to tackle abnormal sensor readings 

and detect events. CDG makes use of spatial correlation, but do not take temporal 

correlation into account. DCS [7-9] is an extension of the pure spatial CS-based data 

acquisition to the temporal domain. DCS introduces three different joint sparsity models 

that apply in different situations. It equips each sensor node with its own independent 

random measurement matrix, and, reconstructs the signal using a joint recovery 

algorithm. DCS exploits not only spatial but also temporal compressibility. DCS requires 

much less measurements than applying CS to single node when the number of sensor 

nodes is very large. In the study [15] researchers propose a clustering method that used 

hybrid CS for sensor networks and aim at finding the optimal size of clusters that can lead 

to minimum number of transmissions. However, there is no detail discussion about an 

application model based on CS in this paper. Haifeng Hu presents Spatial Correlation-

based Distributed Compressed Sensing (SCDCS) model and algorithm in [16]. After 

calculating the radius of event area and forming a cluster, the cluster head performs the 
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SCDCS encoding algorithm to get measurements. Then the SCDCS decoding algorithm is 

performed at the sink node to joint recover the sensed data. SCDCS also do not take 

temporal correlation into account. The researchers develop a novel CS-based concept of 

sampling window as an efficient spatio-temporal signal acquisition technique targeting 

the dominant WSN deployments of multi-hop WSNs [17]. The model guarantees 

balanced energy consumption by the sensor nodes in a multi-hop topology to prevent 

overloaded nodes and network partitioning, and consider spatial and temporal 

correlations. It is also capable of abnormal event detection. However, the model will lead 

to high transmission delay when the scale of the network is too large. 

Low-Latency Compressed Sensing model compresses the signal with taking spatial-

temporal correlation into consideration and obtain low-latency data transmission with 

appropriate measurement matrix. In addition, our sparse abnormal event processing 

method is capable of sending abnormal readings to sink quickly and reducing the effects 

of abnormal readings on data compression in cluster heads. 

 

3. Low Latency Compressed Sensing Model 

3.1. Compressed Sensing 

The theory of Compressed Sensing shows that CS will compress the signal adequately 

while acquiring it. CS combines data acquisition and compression. Compressed sensing is 

comprised of sparse representation, random measurement and reconstruction. 

There is a signal x  which can be viewed as a column vector in N
R  with 

elements
1 2

. . .
N

x x x .The signal is K  sparse if only K  elements in x  are nonzero and 

other N K  elements are zero or can be ignored compared with the K  elements. That is 

0
( )x K K N  however, natural signals ( )

N
f f R  are almost not sparse. Any signal in 

N
R  can be represented in terms of a basis of N 1  vectors  

1

N

i i



. For simplicity, assume 

that the basis is orthonormal. Then, the signal f  can be expressed as: 

1

N

i i

i

f  



        (1) 

or f   ,   is an N N  matrix.   is the column vector of weighting coefficients 

i
 . If most of the elements in   are zero or near zero,   is sparse and call   the sparse 

basis. Clearly, f  and   are equivalent representations of the signal, with f  in the time 

or spatial domain and   in the   domain. Most signals recorded from natural 

phenomena are compressible under the Fourier transform, Discrete Cosine Transform 

(DCT) and Discrete Wave Transform (DWT) [18]. This is the fundamental of 

compression of natural signals. 

The natural signal f  is K  sparse in   domain, then it is possible to construct an 

( )M N M N  measurement matrix   which is irrelevant to the sparse basis  . We 

could acquire M  linear random measurements by projecting f  onto the measurement 

matrix  .  Assume M
y R  represents these measurements such that y f . Because of 

f   , y  can also be represented as ( )y f A A        and A  was called the 

sensing matrix. The sensing matrix A  needs to obey Restricted Isometry Property (RIP) 

[19]. Certain matrices such as Gaussian random measurement matrix [6], Fourier random 

measurement matrix could be used as the measurement matrix.  

It is possible to recover f  from y  by solving the convex optimization problem: 

1
= arg m in su b jec t

N
R to y           (2) 
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Then, natural signal could be recovered by inverse transformation f   . 

Signal recovery is high possible when the number of measurements follows 

                         
/

lo g
N K

M cK
     (3) 

Where 1c   is a small real constant. 

 

3.2. Model Building 

Spatial-Temporal correlation usually exists among the readings of close nodes during 

an interval. So, we proposed Low-latency Compressed Sensing model based on the 

spatial-temporal correlation of sensed data. 

We firstly assume that sensor nodes in WSNs are all synchronized, sensor nodes do not 

need to transmit sensed data to sink immediately. There are n  sensor nodes in a cluster, 

these sensor nodes gather data and send it to the cluster head. Then, the cluster head 

process the data set and transmit the processed data to sink by multiple hops routing, 

finally, the data set would be reconstructed in the sink. 

Clusters would be built up after running the clustering algorithm in the WSNs 

according to the study [15]. Then, nodes in the cluster start to gather data. The cluster 

head can build up a vector 
1 2

( [ .. . ] )
n

f f x x x  of size n  after receiving the readings 

collected by member nodes at the same time instant. Spatial correlation exits in f , and f  

is sparse under DCT or DWT. The relationship between compression ratio and clusters of 

different size is shown in figure 1 when compress the signal based on spatial correlation 

with data set [24]. 
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Figure 1. The Relationship between the Node Number and Compression 
Ratio with the Same Error of Reconstruction 

Figure 1 shows that it is meaningless to compress the signal based on spatial 

correlation when there are only a small number of nodes in the cluster. The number of 

required compressive measurements, namely the parameter M  in Equation (3), grows 

logarithmically with the dimension of the signal under the condition that the sparsity of 

the signal is stable. So, the desirable logarithmic cost can be exploited by increasing the 

temporal sampling rate of individual sensor nodes. 

During the interval  0
,

T
t t , sensor nodes in a cluster sample T  times and T  called 

sampling rounds. At time instant t , putting samples from each member node together, a 

discrete spatial signal is composed that can be represented by a 
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vector
1 2

( [ ... ])
n

t t t n
f f R f x x x  . After T  sampling rounds, the vector can be 

represented as
1 2

[ ' ' ... '] ( )
N

T
f f f f f R N n T    , f  is sparse under specific transform 

basis that is
0

( )f K    . Then, Gaussian random measurement matrix   ( is an 

( )M N M N    real matrix) can be calculated by using a pseudorandom number 

generator which is common between sensor node and the sink. When the Gaussian 

random number generator at every cluster head is initialized by the id-number of that 

cluster head, the sink can exactly reproduce the measurement matrix. The measurement 

matrix does not need to be stored on the cluster head in this case. The measurement vector 

y  ( M
y R ) can be got by projecting f  onto the measurement matrix   that is y f . 

After that, the cluster head transmits the measurement vector y , id-number, timestamp 
0

t  

to the sink by multi-hop routing. In the end, the original signal can be reconstructed with 

reproduced measurement matrix in the sink. The LLCS model is shown as Figure 2. 

 

 

Figure 2. Low-Latency Compressed Sensing model 

3.3. Compression and Reconstruction 

Yap et al. [10] have shown that block-diagonal random measurement matrices can 

perform as good as dense random measurement matrix in CS signal acquisition and 

recovery. So we also use block-diagonal measurement matrix. Firstly, the cluster head 

generates T  seeds with pre-installed pseudo random number generator using its own id-

number. Then, generate T  m n  submatrices 
0

( )f K     using the T  seeds in the 

cluster head. The measurement matrix could be composed with these submatrices. 
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                      (4) 

    In Equation (4) each block corresponds to samplings at a time instant. Let 
t

  and 
t

f  

denote the measurement matrix and the spatial signal at time t  respectively. The 

measurement vector will be 
t t t

y f  at time t . Then transmit a data packet with
t

y , the 
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seed generating
t

 , and timestamp t  to the sink. The cluster head needs to send the data 

packet T  times in an interval. After receiving the data packet, a new measurement vector 

could be composed with 
t

y  and previous 1T   data packets. That is Equation (5). 

+ 1 + 1 + 1

2 2 2

'

'

'

t T t T t T

t T t T t T

t t t

y f

y f
y

y f







  

     

     

     

      
     

     

     

               (5) 

The measurement vector in interval [ 1, ]t T t   is represented as y . Only the last set 

of data needs to be kept after recovering the signal. In the sink, recovery algorithm starts 

to recover the signal after rebuilding the measurement vector y . The decoding algorithms 

commonly used to solve a convex optimization problem that conveniently reduces to a 

linear program are Basic Pursuit (BP) [5], Orthogonal Matching Pursuit (OMP) [6] and so 

on. Then, the closely approximate compressible signal f  will be got by the inverse 

transformation f   .  

The model is less dependent on the storage capacity of cluster heads and it shows that 

the delay affects measurements acquisition and signal recovery only at initialization. 

Delay refers to the time required to acquire measurements from the network and not the 

time required by the recovery algorithm to reconstruct the spatial-temporal signal. The 

recovery algorithm starts to recover the signal after receiving original T  data packets. 

Then, acquiring measurements and reconstructing the signal can be done seamlessly. 

After rotating cluster head, the new measurement matrix and new measurement vector can 

also be reconstructed in the sink when sink received data packets from the same cluster. 

 

3.4. Recover Signal with Sparse Abnormal Readings 

Abnormal event detection and processing is a crucial feature in WSNs, So, sending the 

abnormal data to sink quickly and triggering notification about potentially harmful 

situations are important tasks of WSNs.  

When abnormal events take place, the sparsity of sensor readings is compromised. As 

an example, Figure 3 differs from figure 4 only by two abnormal readings. The 

corresponding DCT coefficients shown in figure 4 are not sparse any more. Therefore, the 

signal in figure 4 is not sparse in either time domain or transform domain. In this 

situation, we cannot compress and recover the signal effectively. Over-complete 

dictionaries had been proposed to detect and handle sparse abnormal sensor readings in 

[14-17]. In this paper, we proposed a new method to process abnormal readings. 

At time t , sensed data 
t

f  contains an abnormal reading 
u

x . Under normal conditions, 

adjacent readings in sensed data are similar because of spatial correlation. So, a new 

vector 
1 1 1

( [ ... ... ])
t t u u n

f f x x x x
 

  can be reconstructed by replacing 
u

x  with
-1u

x . If the first 

reading 
1

x  of 
t

f  is abnormal, replace it with
2

x , then pack abnormal reading
u

x , 

timestamp t , location u  and transmit to the sink. The original signal will be changed 

to
1

[ ' ... '... ']( )
N

t T
f f f f f R N n T    . Then, compress the signal and transmit the 

measurement vector to the sink. 
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Figure 3. A Normal Signal in DCT Domain 
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Figure 4. A Signal with Two Abnormal Readings in Dct Domain 

The notification about potentially harmful situation will be triggered when the sink 

received the abnormal data packet. The closely approximate compressible signal f  could 

be got by replacing corresponding data according to the timestamp and location of 

abnormal readings. 

 

4. Performance Evaluation 

In simulation, we discuss in terms of the relationship between the reconstruction error 

and sampling rounds, the relationship between compression ratio and sampling rounds 

when achieving the same reconstruction error. we compare the performance results of 

compression based on spatial-temporal correlation with only spatial correlation-based. In 

addition, the sparse abnormal event processing method is also verified. 

The LLCS model is evaluated with real-world data collected by the LUCE WSN 

deployment at EPFL [24] by using Matlab, the measurement matrix use Gaussian random 

measurement matrix and recovery algorithm adopt OMP [6]. The ambient temperature 

values of 8 sensor nodes and 32 sensor nodes corresponding to the quantity of nodes in a 

cluster are used as the physical parameter for evaluating the model. The sampling interval 

is 1 minute. In the LUCE dataset, some readings were too desynchronized. Therefore, we 

have preprocessed the dataset while preserving the attributes of the spatial-temporal signal 

to have a synchronized data set. The accuracy of the signal reconstruction is measured by 

the Relative Error  . In order to avoid extreme situations we adopt Mean Relative Error 

by running recovery algorithm 400 times.  
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2

2

f f

f




                                    (6) 

Figure 1 shows that it is meaningless to compress the signal based on spatial 

correlation when there are only a small number of nodes in the cluster. So, we compress 

signals by extending signals to temporal domain. 

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Compression Ratio M/N

R
e
la

ti
v
e
 E

rr
o
r

 

 

T=1

T=2

T=4

T=8

 

Figure 5. The Relative Error for Different Compression Ratio When Only 8 
Nodes in A Cluster 

The compression ratio (CR) is defined as the ratio of the number of measurements to 

the number of the sensed data. The evaluations are first done for 1T  . However, figure 

5 shows that the original signal cannot be recovered when compression ratio is less than 

0.5 when there are 8 sensor nodes in a cluster. Then, the evaluation is repeated for 2T   

4T   and 8T  . For larger T , lower relative error or higher reconstruction accuracy is 

possible for lower /M N . And the reconstruction error tends to be zero when the number 

of measurements is approaching the number of the sensed data. Reconstruction error is 

0.45 when 1T   and 0 .5C R  . In contrast, reconstruction error is only 0.019 when 

8T   with the same compression ratio as shown in figure 5. Therefore, the model is 

suitable for the cluster with a small number of sensor nodes. 
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Figure 6. The Relative Error in the Number of Measurements when there 
are 32 Sensor Nodes in a Cluster 
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Lower relative error could be achieved by making use of spatial correlation when there 

are much more sensor nodes in a cluster such as 32 sensor nodes. As shown in figure 6, if 

the relative error is expected to be less than 0.032, compression ratio needs to be greater 

than 0.56 when 1T   which is basically equivalent to the plain spatial sampling case. 

That is, 144 measurements need to be used to recover the original signal which is consist 

of 256 readings when 8T  . In contrast, only about 48 measurements or 0 .1 8 7C R   

need to be used to achieve the same relative error when the original signal is compressed 

based on spatial-temporal correlation. Figure 6 also shows the relative error is 

approximately inversely proportional to the number of measurements. So, LLCS model 

reduce data transmission significantly, decrease energy consumption of nodes and 

prolong the lifetime of WSNs effectively. 
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Figure 7. The Probability of Reconstruction for Different Sampling Rounds 

We make the relative error less than 0.05 as the criterion of successful recovery.  

Figure 7 shows that, the probability of recovering signal successfully is proportional to 

the number of measurements. And for larger T , higher probability is possible for lower 

/M N  or less measurements. Therefore, compressing the original signal based on 

spatial-temporal correlation, not only decrease the transmission data significantly, but also 

increase the probability of successful reconstruction.  
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Figure 8. Signal Reconstruction without Processing 
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Rare abnormal readings are simulated by deliberately modifying the two readings in 

the original signal when 8T  . We increased these two values at random. This may 

resemble a fire starting in the forest. We compress and recover the signal with no 

preprocessing firstly and then process it with our method. Measurements are set as 

4 8M   and sparsity 2K  .   

As shown in Figure 8, the effect of recovery is very poor, and the relative error even 

reach 0.61. Moreover, the two abnormal readings cannot be recovered accurately. Then, 

the same signal is processed with our method. 
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Figure 9. Representation in Dct after Processing  

 Figure 9 shows that after processing, the original signal can be represented in DCT, 

that is, it satisfies the premise of CS. 
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Figure 10. Signal Reconstruction after Processing 

The relative error is only 0.03 after the original signal being processed with our method 

as shown in figure 10. In particular, the cluster head could transmit abnormal readings 

immediately after receiving readings at time t , and the delay would be only the 

transmission time. Moreover, we decrease the impact of abnormal readings on data 

compression in cluster heads. 
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5. Conclusions and Further Work 

In this paper, we applied CS to clusters, proposed Low-Latency Compressed 

Sensing model based on spatial-temporal correlation and discussed sparse abnormal 

events processing method. Then, we analyzed in terms of the relationship between 

the reconstruction error and sampling rounds, the probability of reconstruction and 

sampling rounds. The results of simulation show that LLCS model is suitable for 

clusters of different scale, and LLCS can obtain better compression performance. 

The model reduced the communication traffic, prolonged the life of the network 

significantly and decreased delay, moreover, LLCS is also capable of processing 

sparse abnormal events. In the future, we will further seek to improve the efficiency 

of compression and reconstruction, and decrease transmission delay.  
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