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Abstract 

n this Paper has introduced block diagonal measurement matrix, and we will study the required 

conditions for using them in compression in WSNs during the data collection. After that, we will 

introduce the proposed models and will analyze their mechanisms. At the end, the simulation results 

are written, and the proposed models and available models will be compared in terms of performance. 
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1. Introduction 

Usually, the most important challenge in wireless sensor networks is the sensors energy So that in 
most applications, the sensor's battery could not be charged, and the replacement of the sensors if is 
not impossible is very difficult [1]. The high power consumption and unbalanced nodes power during 
data transfer in the traditional methods has led the researchers to new methods of processing and 
compression of data in these networks [2], [3]. Using compression algorithms, the sensors instead of 
sending all the primary data resulted from its assessment to the station can use their capacities in data 
processing and locally process the received data and then just send the required and processed data 
to the station. Such a characteristic in these networks challenges the simultaneous design of routing 
algorithms in compression to improve the sensor network performance [4]. It is obvious that to achieve 
the longest lifetime, the cost of sampling, processing and data transfer in the sensors should be 
minimized. The most important factor to increase the network lifetime is balancing data traffic in 
different parts of the network and decreasing the system power consumption. So, the compression 
algorithm should be designed in a way that in addition to decreasing the system power consumption, 
it considers the balancing of the load among network nodes and vice versa. In the application of 
wireless sensor networks that is used in local/ timed correlation for coding, we can use compressed 
assessment. 
 

2. The Optimal Compressed Assessment in Sensor Networks 
 

2.1. Using Block Diagonal Matrix as the Assessment Matrix in Sensor Networks 

Generally, we can say that the improvement of sensor network function using the compressed 
assessment is possible in two ways: 
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Minimizing the number of measurements (M). 
Minimizing the cost of each measurement (that is related to the design of the elements of each row of 
the assessment matrix). 

The RIP criterion for some of the random matrixes is Gaussian and Bernoulli [5], [6]. But in practice 
using such matrixes is not always possible. Most of the random assessment matrixes won’t consider 
the physical constraints of the problem or won’t provide enough flexibility for the designer. Also due 
to the fact that, there is no rapid method for matrix multiplication, using such matrixes in the problems 
with great dimensions will reduce the signal reconstruction in the decoder. These matrixes storage 
takes lots of its memory that it will make issues of the problems with memory limitations [7], [8]. 

In the problems with physical constraints (the cost of each measurement is important) and also in 
problems with great dimensions, in order to deal with the mentioned constraints, we can use the 
random structured matrixes as the assessment matrix. The design of such matrixes should be in a way 
that the mentioned features in the compressed classic assessment would be available for these 
matrixes. By applying these matrixes as the compressed assessment matrix in the sensor networks we 
can deal with lots of constraints in these networks.  

Recently [9], a structure is proposed for the matrixes in which without any special increase in the 
number of measurements, it is tired to minimize the cost of each measurement. In this article, the 
establishment of RIP features for Block diagonal matrixes with the blocks that their element’s like 
before are independent Gaussian random variables will be proven. At first, the signal will be divided 
to blocks and then some measurements will happen in each block independently and separately. This 
process will be expressed as the matrix multiplication. 

 
 

 
Figure 1:  Use the diagonal blocks as Measurement Matrix. 

To use such structure in sensor networks, we can divide the network into the clusters with 
neighboring sensors, and then we can measure each cluster individually and independently.  So in each 
measurement, only one cluster sensors will be presented. This issue will decrease the cost of 
measurement. Therefore, the network function will significantly improve. In order to compress in 
these networks, the time correlation of the sensors will be used and the samples of each sensor at a 
period will be considered as a block. And then, in each sensor, the compressed measurements will be 
achieved only from the same sensor. After sending the calculated measurements to the station, all the 
discrete time signals of network sensors will be reconstructed simultaneously. In this method, the 
compression algorithm is totally independent from routing protocols. So this technique is suitable for 
the direct transition of data form sensors to the station. 
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2.2. Studying the Retention Properties of Sparse Signals Norm by Randomized Block Diagonal Matrix 

    Each random matrix 𝜙  that its elements are chosen independently with zero mean and 
1

𝑀
 variance 

can reserve the x signal norm (‖𝑥‖2
2

) after being multiplied by it; so that, we can say the possibility of  

(‖𝜙𝑥‖
2
2

− ‖𝑥‖
2
2

)  to be higher than a small fraction of  ‖𝑥‖
2
2

  with the M increase will be decrease 

exponentially [10], [11], and [12].  This concept will be expressed quantitatively or unequal of 
concentration of measures.  
 

𝑃 (|‖𝜙𝑥‖2
2

− ‖𝑥‖2
2

| > 𝛿𝑘  ‖𝑥‖2
2

)  ≤ 2𝑒−𝑀(𝛿𝑘)2
 

A same result will be achieved for Bernoulli matrixes that their elements are equal to ±
1

√𝑀
 with 

1

2
 possibility. Assuming that Y vector shows the way of energy distribution of x signal in the blocks, we 

have: 

𝛾 = 𝛾(𝑥) = [‖𝑥1‖2
2

 , ‖𝑥2‖2
2

  , … . , ‖𝑥𝑗‖
2
2

 ]
𝑇

𝜖 𝑅𝑗 

If M1 , M2 , … , Mj present the number of measurements that happen in each block, and M matrix is 

a diagonal matrix, M1 , M2 , … , Mj are on its main diameter and we have:  

𝑀 ≈  [

𝑀1  

𝑀2  

𝑀𝑗

] 

YAP and et.al, [9] Showed that the block diagonal matrixes can meet the RIP feature as the Random 

density matrix. In this situation the number of measurements for the accurate reconstruction of the 

signal will be increased. The interesting point is that if the measured signal is Spires in the area of block 

diagonal matrixes frequency they can perform as well as Random density matrixes. Totally, we can say 

that if we want the block diagonal matrixes to behave like Random density matrixes, the number of 

measurements in each block should be in accordance with that block energy. So we have: 

𝑑𝑖𝑎𝑔(𝑀)𝛼𝛾 

On the other hand, there is not always the possibility to have the primary notification of the way of 

the distribution of signal energy in the blocks, so the network designer should consider the number of 

measurements the dame in each block. So, if the best results will be achieved in the signal 

reconstruction, the signal energy will be distributed in all the blocks in a same way. 

3. Proposed Model 

3.1. The First Scenario 
Suppose that set n sensors observe a quantity like temperature in a period. The ith sensor reads the 

t1 samples in the T frequency of the environment, and stores the   𝑆𝑖 ∈ 𝑅𝜏𝑖 vector in it. For simplicity, 

we assume that the rate of all the sensors sampling from the considered quantity in the environment is 

the same. So we have: 

∀𝑖      ↑ 𝜏𝑖 =  𝜏  , 𝑆𝑖 = [𝑆𝑖
1 , … , 𝑆𝑖

𝜏 
]

𝑇
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Si is a Time-discrete signal that its elements are correlated if the measured quantity is steady and flat. 

We assume the x and x1 vectors as follows: 

𝑥 = [

𝑠1

…
𝑠𝑛

]

𝑛+1

 , 𝑥′ = [
𝑠′1
…

𝑠′𝑛

]

𝑛+1

, (𝑚 = 𝑁) 

The x vector will be the correlated signal in the place-time that T samples of the sensor in a period 

at the size of I frequencies is placed in it. 

 

Figure 1:  Sensor network status in the continuous frequency 

Note that the x1 vectors shows the network status in the ith frequency, if we assume that the sensors 

are divided to J clusters, we can rearrange the x vector and rewrite this: 

𝑥 = [[𝐶1
1, … , 𝐶1

𝑡] , … , [𝐶𝑗
1, … , 𝐶𝑗

𝑡]]
𝑇

= [

𝑥1

…
𝑥𝑗

]

𝑛+1

  

In the equation Ctj shows the values of the sensors related to the jth cluster in the tth frequency. So 

we have divided x to J separate blocks that are not the same size. It is obvious that each block is a vector 

formed of the clusters sensors in the T continuous frequency. Now, we can measure each block 

separately and independently. 

 

  To calculate the measures we consider three steps: 

The first step: It is enough that each sensor at the ith frequency (j= 1, 2 …J) at the end of frequencies, 

Mi calculates a linear combination of its samples and stores them in it. The important point is that, in 

the step there is no need to any cost for sending and receiving during the compression process; because 

each sensor has the required data to compress.  

The second step: by determining a reprehensive in each cluster and defining the optimized tree for 

that cluster on the network, the possibility of linear combination of the time measurements of the 

cluster sensors (the cluster representative is considered as the tree roots). 
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The third step: at the last one, the stored measurement vectors in the cluster representative {y1 , … , yj} 

will be sent to the station from the shortest route. In this scenario as was told in [13], the coded signal 

reconstruction will happen after the r frequency. This time will be spent on the each sensor sampling 

by r size. So, each of the  {x1 , x2 , … , xr} signals will start to reconstruct with   {(t-1) , (t-2), … , 0} delay. 

In this scenario we consider two types of delays. 

The first one is the time to anticipate the decoder to reconstruct the x signal (that is related to the 

calculation of measurement vector y and sending it to the decoder), and the second one is delay of x 

signal reconstruction (that is related to x dimension and the complexity of algorithm calculation). It is 

clear that the delay in the reconstruction of the{x1 , x2 , … , xr}  signals in dependent on r value. So, the 

r value in different applications can be determined in a way that the resulted delay stays sensible. In 

this scenario unlike [13], at the same time with the sensors samples compression, the routing issue is 

also considered. So the data traffic at different parts of the network will be uniform, and the network 

lifetime will be increased. 

3.2. The Second Scenario 
The resulted delay from the first scenario may not be suitable for some applications, and may the 

network status need to be specified in frequency. For this purpose, in the second scenario the status of 

each cluster in a frequency will be considered as a signal block. Therefore, we can write the x vector by 

arranging the cluster sensors together: 

𝑥 = [𝐶1
1, 𝐶2

1 … , 𝐶𝑗
1]

𝑇
 

It is clear that the number of blocks in this scenario is t times bigger than them in the previous 

scenario.  

To calculate each measurement in this scenario, we just need to implement the second and third 

steps of the previous scenario. The reconstruction is still like before. The issue dimensions and the 

number of measurement is the same in both scenarios. Therefore, in both cases, the delay resulted 

from reconstruction is approximately the same, if the reconstruction algorithms are similar. In this 

scenario the consumed power T is equal to the one in the first scenario. On the other hand, in this 

scenario we can remove the effect of the resulted delay from the measurements’ transition from 

network to station at the frequencies after the r frequency. For this purpose, after the transition of block 

measurement with r sequential frequency to the station, they will be stores in the station and we can 

use them in the next frequencies. 

For example, in the (t+1) frequency, we just need to transfer the J block measurements’ (J cluster) 

to the station. In this case the decoder will use the J (t-1) sequential measurement in the second 

frequencies to r to reconstruct the signal. Therefore, the delay resulted from measurement that was in 

the first scenario will be removed in the second scenario. So, the {xt+1, xt+2, xt+3 …}   signals will start 

to reconstruct without any delay. But, the delay resulted from x signal reconstruction still remains. 

According to the (n) network dimensions and the size of each T frequency, the t should be determined 

in a way that the calculation delay in the decoder will be less than T. in this case; the network status in 

each frequency after the t frequency will be specified. Such status was not feasible in the first scenario. 

The t value I the immediate applications should be determined as follows: 

𝑇 = 𝑂(𝑁3) = 𝑂(𝑛3𝛾3) ⇒  𝛾 =  𝛿2(𝑇
1
3.

1

𝑛
) 
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As it was mentioned before, in order to establish the RIP feature in the block diagonal matrixes, the 

number of measurements in each block should be in accordance with the block energy. The number of 

block in the first scenario is less than the second one. So with high possibility, the blocks energy in the 

first scenario is more uniform than the second one. So, with the equal number of measurements in both 

scenarios, the signal will be more accurately reconstructed in the first scenario. 

The network lifetime in the first scenario is t times more than the second scenario. According to the 

explanations, we can say that the purpose of the proposed models is to minimize the measurement cost 

by clustering the network sensors and to calculate each measurement only in one cluster. The second 

purpose is to increase the place signal length in each cluster by developing the place correlation model 

to the place-time model to take advantage of the increasing logarithm feature of the measurements. 

4. Simulation Results 

In order to assess the proposed model performance, we have considered 256 sensors that are 
distributed in a square network with 16 columns withy 16 cells; in each cell there is only one sensor, 
and the sensor arrangement in each cell is random. Each cell dimension is 16×16 meter, and the main 
station is placed in a corner of the network. Radio range of each sensor is limited to 4 neighboring cells. 

 

 
Figure 3: the assumed sensor network in the simulations. 

The proposed model is implemented on the collected data by WSN that is applied to EPFL [13]. In 
this arrangement (LUCE deployment) there are 64 sensors that can measure temperature, humidity, 
and lighting and battery voltage. Each sensor will measure the mentioned parameter each 30 seconds 
and will send to the station. The measured data by the sensors will be collected and stored for 3 
months in the station. The low number of sensors in the LUCE arrangement and the high correlation 
among the data in the place-time area has led the network dimensions’ simulation to be increased 
from 64 to 256. For this purpose the sensors temperature are evaluated as a physical parameter and 
they are changing from 15 to 30 degrees. In this frequency, the sensors value is randomly selected 
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from the data, in the next frequency each sensor is permitted to change at most 1.7 degrees between 
the two sequential frequencies. So, it was tried to increase the network dimensions 4 times than before 
without any specific effect on the place-time structure of data. The sensors of the each column of the 
square network are considered as a cluster. In this simulation, t is considered 4, and it is assumed than 
each sensor will store the read temperature in an 8 bite packet. The power consumption of the system 
during the compression is compared to other methods like RDG and DSC.  

As it was told, RDG is a simple technique to transfer the data from sensors to the station in which 
the sensors will transfer the data to from the shortest route and without any compression to the 
station. DSC is technique in data compression that uses the correlative structure between the 
neighboring sensors to decrease the sending bits. In order to create the same situation in the 
comparison of the CS and DSC methods, we only used the compressed signal in the place area as the 
primary data in the DSC method. For this purpose in the DSC method, both of the neighboring sensors 
are considered as two correlative coders (each one displays the temperature with 8 bits) and one of 
them use the other one as the lateral data. The correlation structure among both of neighboring 
sensors is defined with even ID (X) and odd ID (Y) as  -3≤x ~ y≤4 statement. So, the x sensor value only 
changes in 8 values around the Y sensor.  

The x sensor instead of sending 8 bit to show its temperature can send 3 bits to the station.  For 
example we can assume that, the value of the measured temperature in the x sensor is 25 and in y 
sensor is 28. Instead of sending two 8 bit values for x and y, we assumed that y=258 and x’=x (mod 8) 
=1 is sent to the station. So, the station (decoder) that knows the correlative structure among the 
sensors by receiving the x’=1 will find that x can be one of the 1, 9, 17 or 25 values. On the other hand, 
according to the lateral data for x sensor (y sensor value=28), the decoder will consider the closest 
value to y as the x sensor temperature value (x=25). In this example, the x’maximum in the assumed 
networks is 7 that it can be displayed with 4 bits. Therefore, in each paired sensor at least 5 bits will 
be saved.  

In order to assess and compare the cost of data transition and delivery in different methods, RDG 
method is considered as the basis method. The cost of data transition and delivery in different methods 
will be calculated in accordance with RDG method. In the signal reconstruction operation the magic 
packet is used. The proportion of signal to noise in the signal reconstruction is defined as follows: 

𝑆𝑁𝑅 =
‖𝑥′‖

2
2

‖𝑥′ − 𝑥‖
2
2

   

In this equation x is the main signal and x’ is the reconstructed one. Figure 4 shows the main and 
reconstructed signals in each of the first to forth frequencies using the first proposed model (M/N=0.3). 

 
                                                           A                                                             B 
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                                                        C                                                               D 

Figure 4: main and reconstructed signals in each of the A.t=T B.t=2T C.t=3t D.t=4T frequencies. 

     It is clear that in RDG the sensors power consumption is not even and the system is not balanced. 
This issue is the same for DSC, but in CS and BDCS the power distribution is even in the network. So, 
most of the sensors’ power are the same. But as we told before, in order to increase the network 
lifetime, in addition to power balance, the sensors power consumption should also decrease. As it can 
be seen in figure (7-5), in CS technique, despite the fact that the system is balanced in terms of power 
consumption, but the total consumed power compared to RDG has intensely increased. This is in 
contrary with the network lifetime increase. By the proposed techniques of (BCDS), in addition to the 
system balance, we can see the decrease in the network power consumption.  This issue will 
significantly increase the network lifetime. By looking at the M=O (k.log N/k) equation we can see that 
the number of measurements will increase with logarithm for the suitable reconstruction of signal with 
the signal length increase. So, CS will be naturally in the issues with bigger dimensions. 

  
                                                 A                                                                               B 

 
                                              C                                                                                       D 
Figure 5: Shows the histogram of the sent packets by the sensors in a frequency (that shows the sensors power 

consumption in a frequency), in four techniques of RDG, DSC, CS and BDCS in first and second scenarios. 
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The lifetime will increase if the M value is smaller than N value. Therefore, using CS is not suitable to 
collect data in the average and small networks. In order to use the logarithm increase feature of the 
measurements, by increasing N despite of network dimensions steadiness we can increase the signal 
length by developing the local correlative model to the local-time correlative model. In figure 6 the 
sent data volume by the network at 4.  

Primary frequencies in two proposed scenarios for (BDCS_ST2) t=4 and (BDCS_S1) t=1 in comparison 
with the RDG, DSC, CS methods. 

 
Figure 6: Sent data volume 

 
     It is clear that if value increases, the system power consumption will decrease and consequently its 
delay will increase in the signal reconstruction. Figure 7 shows the way of signal energy distribution in 
the blocks. As it is seen in the figure, the signal energy is evenly distributed in the blocks. Therefore, 
with equal number of measurements in each block, the accuracy in signal reconstruction using the 
block diagonal matrixes is similar to the accuracy in signal reconstruction using the random dense 
matrixes. 

 
Figure 7: Signal energy distribution 

 

Figure 8 shows more usefulness of the joint reconstruction of the signal compared to the separate one. 
As it is shown in the figure, the number of measurements in the joint reconstruction of the signal to 
achieve the SNR value compared to the separate one is less. 
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Figure 8: Signal compared 

 

     Figure 8 the impact of the number measurements on the signal reconstruction in the different 
methods of data collection. As it is shown in the figure, the BDCS-S model needs more measurements 
than the CS-S and CS-ST models to achieve the same accuracy. As it was told earlier, the number of 
measurements is not the only effective factor in minimizing the cost of data transition and delivery in 
a WSN. The decrease of each measurement cost can lead to power consumption decrease in the 
network. Figure 9 shows the superiority of the proposed model compared to the available models in 
terms of decrease in the power consumption of the network compared to the basis method RDG. 
Figure 9 the comparison of the proposed model performance with CS methods in the data compression 
in WSNs. 

MAHMUDIMANESH and et al, in order to decrease the number of measurements has used the local-
time correlation. For this purpose, they have considered each frequency as a block. Therefore, their 
purpose was to decrease the number of measurements and was not to decrease the cost of 
measurements; their proposed model at the best status can perform like CS-ST in the simulation. 

  
Figure 9 : Comparison of the proposed model performance with CS methods 

 

It should be noted that in the immediate applications the BDCS-ST curve leads toward BDCS-S. In 
the worst status the BDCS-ST curve will tangent on the BDCS-S curve. Figure 10 shows the impact of 
measurements on the data transition and delivery in the mentioned models. Figure 10 the relationship 
between the number of measurements and the data transition and delivery cost in WSNs in different 
models. 
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Figure 10: Relationship between the number of measurements and the data transition and delivery cost 

 

CONCLUSION 

     This article has provided a new model for the sparks signals in local-time in the sensor wireless 
networks. In order to apply the new model in these networks, two scenarios were proposed and the 
measurement mechanism and also the way of measurements transition to the decoder were explained 
in both scenarios. The signal reconstruction delay was studied in both scenarios, and in the second 
scenario it was tired to remove the delay of measurements’ calculation in the first scenario. The 
simulation results show that the proposed model has a better performance than the available 
methods. 
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