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Abstract— Wireless sensor networks consist of nodes with 
severe energy constraints and thus, they must use energy saving 
algorithms in different layers. Despite the prior work, the 
computational cost in a wireless sensor network is usually 
neglected compared to the communication cost; it may not 
admit to in which large volumes of data packets are being 
transmitted, such as those cases in which This packets are video 
frames captured by video sensor nodes. In this paper, we 
consider the problem of minimizing the communication needed 
to send readings from a set of sensors to a single destination 
with obtaining a trade-off between computation and 
communication energy. We propose a centralized as well as a 
distributed algorithm. In the former, the sink node and in the 
latter, each node endeavors to reduce network energy 
consumption adaptively, making a trade-off between data 
compression at the appropriate level and sending row data. The 
data compression technique used is dependent on the 
application type and considers spatial correlation. Comparing 
the simulation results of our approach with similar work, 
without consideration of trade-off between computation and 
comparison, shows significant improvement in energy saving of 
the network.    

Keywords- sensor network, data compression, energy 
consumption, computation cost, data entropy, aggregation 

I.  INTRODUCTION  
A wireless sensor network (WSN) consists of sensor 

nodes that are small in size and equipped with limited sense, 
processing and transmission capabilities. These networks 
are being proposed for a wide range of applications, e.g. 
health systems, military, home and rescue situations. The 
wireless transmission of data packets constitutes the most 
energy consuming action in a WSN, especially when there 
exist multi-hop paths from source nodes towards the sinks. 
The problem of increased energy consumption in 
transmitting data packets becomes more challenging when 
packets of large volumes need to be forwarded. Although 
this situation is application-dependent, it is more likely to 
appear as sensor networks are growing rapidly in everyday 
life. Examples include transmission of video frames of an 
object tracking application, where the objects locations need 

to be reported to the sink in a predefined deadline. In spite 
of great improvements in the field of compression 
techniques adapted for video frames, sensor networks still 
need to trade-off between sending timely data packets and 
reduced volumes of data after some amount of computation. 
In fact, in applications with huge packets of huge volumes, 
it is recommended to perform computational operations on 
each node’s data and to delay transmissions until a certain 
level of compression and aggregation is achieved. 

Data aggregation and gathering techniques, with a great 
body of literature, can significantly reduce the amount of 
data transmitted towards the sink nodes. The numerous 
types of data aggregation schemes are centralized, tree-
based, static-cluster-based, and dynamic-cluster-based. Each 
suggests a method to aggregate data, in terms of the 
aggregation path. Although the proposed studies suggest 
very effective methods to aggregate sensing data, there is no 
means for deciding how much a sensor node cost spends 
and less of the aggregation methods attend to make a trade-
off between computation and communication cost. 
The motivation behind the work is that the computational 
cost in receiving a large data packet, which identifies 
whether  send it as it was received or wait to make one more 
level of compression combined with a number of other 
received packets, is usually neglected in current aggregation 
methods. While most prior work on data aggregation focuses 
on minimizing only the communication cost, e.g. in [2] and 
[3], our goal is to minimize the sum of both computation and 
communication costs simultaneously, and in an adaptive 
manner. We aim to reduce the energy consumption first by 
introducing a centralized approach, in which the sink node is 
responsible for determining the appropriate action in each 
node. This centralized method is then extended to a 
distributed algorithm, in a way that each intermediate node 
makes its own decision on computation and communication. 
In our distributed algorithm, each node compares the 
communication cost both with and without computation cost 
in the aggregation tree as shown in Fig. 1. Our contribution 
is to represent a comprehensive model that makes a trade-off 
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between communication and computation cost in order to 
make the best decision for appropriate level of compression, 
while considering spatial correlation and sending row data. 
We refer to our method as the Adaptive Approach for  
 

 
Figure 1: tree-base aggregation 

Reducing Aggregation Energy Consumption (ARAE) 
problem. 

The remainder of this paper is organized as follows: in 
Section II, we describe some related work. Section III 
illustrates our system model, while numerical results from 
simulations are presented in Section IV. Finally, concluding 
remarks are given in Section V. 

II. RELATED WORK 
A number of previous studies have attempted to reduce 

the energy consumption, using in-network processing 
methods. The main goal of these algorithms is to reduce the 
number of packets propagated within the network, which 
results in reduced energy consumption in the network. For 
example, Leone, et al. proposed the Adaptive Blind 
Algorithm for Energy Balanced Data Propagation in 
Wireless Sensors Networks [2]. 

The tree structure has been also exploited for trade-off 
between computation and communication in data gathering. 
For instance, Acimovic, et al, [3] developed adaptive 
Distributed Algorithms for Power-Efficient Data Gathering 
in Sensor Networks and Liang, et al. [4] has applied online 
data gathering for maximizing network lifetime in sensor 
networks. In these works, the authors assume that there is a 
sequence of data gathering queries, which arrive one by one. 
In order to respond to each query as it arrives, the system 
builds a routing tree for it. Within the tree, the volume of the 
data transmitted by each internal node depends on not only 
the volume of the sensed data by the node itself, but also on 
the volume of data received from its children. The objective 
is to maximize the number of answered data gathering 
queries until the first node in the network fails, without any 
knowledge of future query arrivals and generation rates. 

As mentioned in the previous section, aggregation 
techniques have a great importance in the research field of 

WASNs. This is due to the simple concept of aggregation 
which can be executed at each node with minimal effort. In 
[5] the authors are concerned with the problem of 
monitoring values of every sensor node over time. This can 
be considered as a degenerated version of an aggregation 
function where a node does not actually aggregate or merge 
its received or sensed data. However, there is a basic notion 
of spatial-temporal correlation between the sensor values 
and a periodic monitoring scheme tries to exploit it in a 
similar way of an aggregation scheme. The authors have 
mentioned that this spatial-temporal redundancy is exploited 
in video compression to save storage size and/or bandwidth 
usage. They attempted to use and modify the basic 
techniques of MPEG-2 for sensor network monitoring to 
save communication traffic. A central node calculates 
predictions and transmits them to all of the nodes. Each 
node sends its update only if it is different from the 
prediction received from the central node. There is a 
hierarchy of nodes to perform this task in a distributed 
manner. The scheme proposed in [5] raises the question of 
whether the transmission of prediction is actually more 
efficient in a large random network or not. Unfortunately, 
their algorithms are tested in small networks where every 
node is one hop away from the central node.  

Other related endeavors can be found in [6], [7], [8], [9], 
[10], [11].  

Our approach, using joint compression and 
communication, is closest to recent works presented in [12] 
and [13]. In [12], Yu et al. has developed a data gathering 
tree algorithm with tunable compression for communication, 
named as the Tunable Compression-based Data Gathering 
(TCDG) problem. To tune data compression over the 
gathering tree, a flow-based model was proposed where data 
from each source is compressed and transmitted as a data 
flow over the corresponding path from the source to the 
sink. In [13], Eswaran, et al. has developed the same idea. 
However, they produce a utility-based rate control model 
with joint congestion control for a WSN consist of multiple 
competing missions that have different utilities.  

While we share the same motivations as in [12] and [13], 
we develop an adaptive approach for reducing energy 
consumption, considering sink in central processing where 
each node in distributed processing is able to make a trade-
off between computation cost and communication cost to 
make the  best decision. 

III. SYSTEM MODEL 

A. Network Model 
This paper assumes that sensor nodes are randomly 

deployed in a square field. By this we mean a large number 
of sensor nodes are densely deployed in a two dimensional 
geographic space of size A*A, uniformly distributed and do 
not move. The sensor network has the following properties: 

1) The sensor network consists of N nodes, 
denoted by s1,s2,…,sN. 



2) Each node is demonstrated by (X, Y) in 
coordination space, while X and Y are random 
variables, uniformly distributed within the range of 
[0, A]. 

3) The wireless network is modeled as a 
connected weighted graph. G= (V, E, W), where 
the vertex set V represents the set of sensor nodes 
and the sink, the edge (link) set E represents the 
wireless connection between nodes, and a weight     is associated with each edge    ∈  . 

4)     is the energy cost of sending a data 
packet of unit size over    . The edge weight is 
determined by the distance between two adjacent 
nodes, the radio device, and the communication 
environment. 

5) There exists only one sink node. 
6) The energy of sensor nodes cannot be 

recharged. It means a sensor node will die if its 
energy is exhausted. 

7) Each node has a homogenous energy 
capacity. 

8) Each source node generates a data packet 
of unit size. 

9) A data aggregation tree is a subtree of G 
rooted at the sink, denoted as T=<V',E'>, where     ⊆   and   ⊆   

10) There is a simplified communication 
mechanism with a medium access control (MAC) 
protocol that has no packet collision or interference 
in the tree. 

The first three properties are typical assumptions in 
wireless sensor networks. These assumptions are widely 
adopted by most previous work. 

B. Generic Cost Model of Energy 
Generic cost model consist of computation and 

communication energy in central and distributed approach. 
1) Energy consmption model 
We do use the compression model, presented in [12]. 

Following the above rationale and for the purpose of 
illustration, the energy cost of compressing source 
information depends on size  = ∑ f     , where F is related 
to the length of messages coming from its children, and also 
its own information in case of being a source node, where n 
is the number of inputs. f  is modeled as below:   =   β          if the packet is compressedS     if the packet is not compressed     

(1) 
The received information may contain the compressed 

form of formerly received packets, which are demonstrated 
by β , or non compressed data, denoted as   .  

We define a prespecified system parameter,  ≥ 0, to 
abstract the energy cost of compressing one unit of data 
normalized by the cost of communicating one unit of data. 
The energy required for preparing an output of size fo is 
modeled by the following function: 

ε           (  ) =                              (2) 
The computation power required for compression 

amplifies with an increase in the compression factor (i.e. a 
decrease in the                       ratio) and F. 

The overall energy costs, denoted as             (  ) , 
can then be modeled as follows: 

               (  ) =         +   .  +              (3) 
Since the energy of transmitting 1 bit is typically about 

500-1,000 times greater than a single 32-bit computation 
[14], the practical meaning behind γ = 0.1 is that around 
50-100 instructions need to be executed for generating each 
bit in the output.  

The compression is assumed to be lossless. We applied 
gzip for compression in different levels and the 
decompression cost is neglected [15]. After doing 
decompression on β ,  we are able to add the obtained 
packet to S , without increasing any cost. 

When the compressed output message   , is ready for 
departure, the relay node sends it on link   with weight   . 
The computation cost is modeled as follow:              =             +           +           

(4) 

  
 Written in a simple way:             =         +     ∗    +          

(5) 

 
 

This model shows the output data as    that has a 
common lower bound with joint entropy of source nodes, 
where Hi is Joint entropy of  i ≥ 1 unit data  and     is the number of nodes in the sub-tree rooted at v ∈ V. 
This lower bound is computed as below: f ≥  H   (6) 

 
Using a set of pratical joint entropy models from [16], 

we’ve define    .We plot              in Fig 2 with we=1, 
γ = 0.1, F=1 and   ∈ [0.1,1]. Obviously, where the first 
derivation of             , the minimum of computation 
cost, is achieved.                (  ) = 0    ⇒       =        (7) 

 
2) Energy communication model  
The communication cost of sending entry data is 

modeled as bellow: ε             =  ε        +           (8) 
ε             =  F ′ ∗  w +          (F ′) (9) 

In the above formula,  ′  illustrates the sum of arrival 
packets, either compressed or not. In other words: 



 ′ =   f      (10) 

Where   =   β          if the packet is compressedS     if the packet is not compressed  (11) 

 

 
Figure 2: computation energy cost (we=1,  =  .  , F=1) 

 

C. Problem Definition 
The regarded problem is reducing the energy consumed 

within a network. In central assumption, sink make decision 
for each node to achieve better saving and in distributed 
sensor network each node can be able to obtaining a trade-off 
between computation energy and communication energy 
which is used to send information, does its best to reduce the 
total energy consumption. In other words, each node 
endeavors to reduce network energy consumption adaptively, 
regarding application type, by means of making a trade-off 
between data compression at an appropriate level 
considering spatial correlation and sending row data. 

D. Proposed Method 
In central assumption after the tree is constructed, sink 

tries to decrease the energy consumption by comparing the 
computation and communication cost and decision about it 
in each node. In the other hand, sink can be able to make a 
trade-off between computation and communication cost for 
each node which is demonstrated in equations (5),(7) and 
(9), therefore, every node known data compression at an 
appropriate level and sending row data or sending data 
without any computation. So decision making is modeled as 
below: ∀   ∈  ,                    ≥                 ℎ                                                                   

 
We set  =     , so                ≥              can 

be modeled as follow: 
                ≥               ⇒  
 

⎩⎪⎪⎨
⎪⎪⎧ F ∗  w +         (F′) ≥           +     .  +         ( )

     =                                                                                                    (F′) ≥         ( )                                                                   
 ′ 

    ⇒  F ′ ∗  w ≥ 2    ∗    
     ⇒  F ′ ∗  w ≥ 2    ∗     

d               ⇒  F ′ ≥ 2       
Sink follow the above semi-code: 

 
cn = sink; 
Decision-making(tree  * cn) 
{ 
 If ( cn != null) 
 { 
  Decision-making(cn -> Lchild); 
  Decision-making(cn->Rchild); 
  If ( ′ ≥ 2    )   ℎ                                       
  Else                    
 } 
} 
 In distribute assumption, every relay node receives i 

packets and makes a decision based upon it in each data 
gathering round. On the other hand, each relay node is able 
to make a trade-off between computation and consumption 
energy which is demonstrated in equations (5) and (8), i.e. a 
decision making operation is performed by an intermediate 
node. So decision making is modeled as following: ⇒       ℎ         ε              ≥                                                                

 
As it was mentioned, we are trying to minimize energy 

consumption. Each node tries to decrease the energy 
consumption. The decrease in energy consumption is 
modeled as follows:                      ,                   

 

(12) 

IV. SIMULATION RESULTS 
We assume that the sensor nodes are deployed uniformly 

in a 3200×3200 two-dimensional field. The sink node was 
fixed at bottom-left corner of the square. Each node is 
weighted as c*d2, where d was the distance between the two 
incident nodes and c = 2*10-5 J/m2 .  

We evaluate distributed energy cost parameter by 
changing different parameters in each scenario. The 
description of baseline scenarios is as follow: 

Scenario 1: 
Parameter    is varied within [0, 0.4], when N = 200,  = 0.1   and   =   √ log   [18]. The results are 

0

0.2

0.4

0.6

0.8

1

1.2

0 0.5 1 1.5

C
om

pu
ta

tio
n 

En
er

gy
 c

os
t

f o



obtained from running ARAE and TCDG [15] 
algorithms on SPT (Shortest Path Tree) and MST 
(Minimal Steiner Tree).the optimal value for    equals to 
0.1; this is illustrated in Fig. 3. 

Scenario 2: 
Parameter   is varied within [0, 0.24], when N = 

200,  = 0.1   and   =   √ log  . We illustrate the 
results in Fig 4. 

Scenario 3: 
In fig 5, Parameter N changes, when  = 0.1,  =0.1 and   =   √ log  . 
In general, We observe SPT and MST when  ,  , and 

N increases in AREA and TCDG algorithms. When   
rises, MST demonstrates better performance due to the 
needed joint compression for further reduction in 
communication cost. In addition, joint compression 
becomes less necessary when   increased, while the 
advanced computation cost decreased a high 
compression ratio. Also, we are able to see the energy 
consumption rise by increasing the number of nodes. 

V. CONCLUTION 
Energy consumption is critical for wireless sensor 

networks. In this paper, we first present generic central cost 
models of energy consumption in sensor networks, then 
demonstrate a/the distributed energy model is demonstrated. 
After that we show that each node is able to make a trade-
off between computation and communication cost, while in 
central model, sink is responsible for making this trade-off.  

We finally conduct extensive experiments by simulation 
to evaluate the performance of the proposed method. The 
experimental results show that ARAE algorithm significantly 
outperforms TCDG algorithm. 

Our future study includes developing an accurate energy 
model that applies the approaches described here, 
furthermore we will use more sophisticated joint entropy 
and accurate models of compression cost in special 
application to make a trade-off between delay and accuracy.  
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Figure 3: impact of data entropy rate ( ) with N=200 and  =  .    

 

 
Figure 4: impact of relative computation cost( ) with N=200 and  =  .   

 
Figure 5: impact of number of source node 
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