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Abstract—In modern life, there is invisible data being con-
tinuously generated, data that if collected and processed can
detect risks and changes and enable us to mitigate their effect.
Thus, there is an essential need to sense everything around
us in order to make better use of it. This lead us to an era
known as “sensing-era” in which wireless sensor networks (WSN)
play a vital role in the monitoring of natural and artificial
environments. Indeed, the collection and transmission of huge
amounts of redundant data by sensor nodes will lead to a faster
consumption of their limited battery power, which is sometimes
difficult to replace or recharge, reducing the overall lifetime of the
network. Therefore, an effective way to increase lifetime by saving
energy is to reduce the amount of transmitted data by eliminating
redundancy along the path to the sink. In this paper, we propose
a Zoom-In Zoom-Out (ZIZO) mechanism aimed to minimize
data transmission in WSN. ZIZO works on two WSN levels: on
the sensor level where we propose a compression method called
index-bit-encoding (IBE) in order to aggregate similar readings
before sending them to the second network level, e.g. cluster-
head (CH). The CH searches then for correlation among node
data in order to optimize the sampling rate of the sensors in
the cluster through a process called sampling rate adjustment
(SRA). We evaluate the performance of our mechanism based
on both simulations and experiments while the obtained results
are compared to other existing techniques, and we show reduced
energy consumption by up to 90% in some cases.

Index Terms—Wireless Sensor Network; Energy Saving;
Zoom-In-Zoom-Out; Index-Bit-Encoding; Sampling Rate Adjust-
ment;

I. INTRODUCTION

The great advances in technology have enabled humans to
address many threats and risks that face them more effectively,
but they also brought in with them new challenges. The
planet is changing on such a large scale and faster than can
be observed with conventional methods. Modern warfare is
becoming increasingly technology-focused and the involve-
ment of humans in it is becoming minimal, creating a great
disadvantage to the side with lesser technology. And the wide
spread use of antibiotics and other medication has lead to
viral mutations that create novel diseases that are resistant
and difficult to detect and control. Also, the modern life has
become so dependent on large-scale services from the internet
to public transportation, that the constant monitoring of hubs
providing these services has become essential for early fault
detection and maintenance, as the daily flow of human life can
be crippled by an even a slight delay in the detection of such

a fault , monitoring that is also beyond conventional methods.
The emergence and evolution of WSN in the last two

decades has offered effective and low cost systems that allow
to remotely monitor the target areas. In these networks, large
numbers of sensors collect designated raw data from their
surrounding, process them, and transmit them through wireless
communication toward the sink for analysis. Furthermore, the
rapid development in equipment and communication technolo-
gies allowed the production of sensors capable of collecting all
sorts of data, setting WSN to make their way into a large num-
ber of every-day applications like agriculture, environmental
study, military, smart homes, healthcare, industry, etc [1], [2].

Indeed, the design of WSN faces many different challenges
and constraints, from the limited resources of the sensor
(power, memory, processing speed), to the dense nature of
their deployment and the dynamic architecture of the network,
to data management and analysis. However, one major long-
standing challenge in WSN is the energy consumption because
it is strongly related to the network lifetime [3]. Given that
the available sensor energy is rapidly consumed during data
transmission, an effective approach to save the energy is to
minimize the data collection and transmission. That is why
adapting sensor sampling frequency approach is becoming
fundamental in WSN. The idea behind such and approach is
to find the redundancy in data through the study of correlation
and adjust sampling frequency to minimize it.

Data collection in WSN is divided into two types: 1) Event
Driven: where sensors collect and transmit data based on an
event. This event can be a request from the sink, or sensors
would be designed to detect events of significance in their
surrounding, collect data about them, and transmit that data to
the sink. 2) Periodic: where sensors collect and transmit data
at fixed intervals of time. Networks that depend on this type
of data collection are usually referred to as Periodic Sensor
Networks (PSN). Both types have their respective applications.
There are different design approaches in WSN, and a very
popular one is cluster architecture, where sensors are grouped
into clusters with one node called cluster head acting as an
intermediate between the nodes and the sink, as it offers many
advantages [4].

Such clustered architectures enabling smarter and more
efficient WSN management are perfectly encompassed with
the deployment of new architectures of the underlying trans-

© 2020 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, 
including reprinting/republishing this material for advertising or promotional purposes,creating new collective works, for resale or redistribution to 
servers or lists, or reuse of any copyrighted component of this work in other works. DOI 10.1109/JSEN.2020.3025188



port network to fully exploit the possibilities of autonomic
networking paradigm [5]. Autonomic networking entails thus
the capability to do measurements on the data plane, and
generating data records that are collected and analysed to dis-
cover patterns (knowledge) from data and implement control
loops to tune local elements or trigger decisions that involve
elements in different locations [6]–[9]. Recently proposed
architectures and tools for monitoring and data analytics in
transport networks [10] facilitate the integration of WSNs with
the transport infrastructure as a whole, including e2e connec-
tivity (from monitoring data source to customer application
and viceversa) and computing resources. This integration is
crucial to extend the impact of WSN management beyond its
own limits, e.g. allowing coordination between different WSN
and allocating/dimensioning data analytics processes that can
be shared by various WSN, just to mention a couple.

In this paper, we focus on automatic WSN management and
propose an energy-efficient Zoom-In Zoom-Out mechanism
based on the cluster network architecture and dedicated to
periodic WSN applications. It utilizes two techniques which
are applied at sensor level and the CH respectively. The first,
called index-bit-encoding, is a data compression method that
exploits the similarity in readings collected by the sensor to
reduces the size of data that it transmits. The second, called
sampling rate adjustment, studies correlation among sensor
node data then adapts the sampling frequencies of the sensors
in the cluster. We conducted a set of simulations, in addition to
experiments using the very popular telosB nodes [11] in order
to evaluate the performance of the proposed mechanism.

The rest of the paper is organized as follows: Section
II discusses the existing data reduction and energy-efficient
techniques proposed in the literature. Section III, introduces
the design of the network architecture used in our mechanism.
Sections IV and V detail the two techniques proposed at the
sensor and CH levels respectively. The results obtained in
both simulations and experiments are discussed in section VI.
Finally, section VII concludes the paper and gives an onward
perspective to our mechanism.

II. RELATED WORK

In the literature, one can find a lot of proposals on data
compression, aggregation, sampling frequency adaptation and
clustering for WSN [11]–[14]. The main objective of such
techniques is to search for redundancy and similarity among
data in order to reduce the data transmission thus saving the
network energy. The authors of [13], [14] give an overview
about various energy-efficient techniques proposed for WSN.

Some works such as [15]–[20] propose data compression
techniques. The authors of [15] propose a technique based
on the neural network model. It combines feature extraction
in convolutional neural networks with variational autoencoder
and the restricted Boltzmann machine in order to compress
and reconstruct the sensing data. In [16], the authors propose
a layered adaptive compression design for efficient data col-
lection (LACD-EDC) in industrial WSN. LACD-EDC is based

on the clustering data scheme and it aims to search the spatio-
temporal correlation within (e.g. intra) and among (e.g. inter)
clusters. Then, a compression method is proposed at the sensor
level followed by a recover technique at the sink in order
to regenerate the raw data and achieve an approximation of
original data. The authors of [17] propose a sequence statistical
code based data compression method in order to reduce the
packet size and improve the energy efficiency of sensors.
The compression process is achieved using first order static
code (FOST) and sequence code (SDC) algorithms which
give better compression ratio compared to arithmetic coding.
In [20], the authors propose a Sequential Lossless Entropy
Compression (S-LEC) which organizes the alphabet of integer
residues obtained from differential predictor into increased size
groups. S-LEC code-word consists of two parts: the entropy
code specifying the group and the binary code representing
the index in the group.

Other works such as [21]–[26] propose sampling rate adap-
tation algorithms. The authors of [21] propose three mecha-
nisms that allow sensor to adapt its sampling rate to the varia-
tion of monitored environment. The proposed mechanisms are
respectively based on similarity functions, distance functions,
and analysis of variance with statistical tests. The proposed
techniques work on rounds, where each round consists of a set
period of time. The sensor adapts its sampling frequency at
the end of each round. In [22], the adaptation of sampling rate
of the sensor node is based on system-context and application-
context levels. On one hand, the availability of harvesting
energy represents the system-context to identify the maximum
rate of sampling to be assigned to the sensor node. On
the other hand, the user request represents the application-
context where feedback from a system executing specific
rules of user or field scientists is used to set the rates of
sensor node sampling in optimal way. The authors of [23]
propose two sampling rate adaptation techniques: exponential
double smoothing adaptive sampling (EDSAS) and Wiener
filter based adaptive sampling (WFAS). Both algorithms search
the correlation between current and previous collected data and
aims to minimize the sensor sampling rate while a high level of
data accuracy. In [26], the authors propose a prefix frequency
filtering (PFF) technique based on clustering architecture of
the network. Further to a local processing at the sensor node
level, PFF uses Jaccard similarity function to allow aggregator
nodes to identify similarities between near sensor nodes at
each period and integrates their sensed data into one record.

The works in [27]–[31] are dedicated to reduce data trans-
mission in WSN using data clustering techniques. The authors
of [27] propose a routing protocol called Gateway Clustering
Energy-Efficient Centroid (GCEEC) for WSN. The objective
of GCEEC is to improve the load among sensor nodes as well
selecting and rotating the CH near the energy centroid position
of the cluster. In [28], a robust distributed clustering algorithm
based on diffusion moth flame optimization is proposed. The
aim of the proposed algorithm is to minimize the intra-cluster
distance in order to determine the optimal partition at every
sensor node. The authors of [29] propose a cluster-based



data gathering algorithm for WSN called lifetime-enhancing
cooperative data gathering and relaying (LCDGRA). Basically,
LCDGRA works on three phases: the first phase aims to group
the sensor nodes into clusters based on K-means clustering and
Huffman coding algorithms. The second phase assigns a set
of relay nodes to each CH in order to aggregate data before
sending to the sink node. In the last phase, the aggregated data
are coded based on random linear coding and then relayed to
the base station. The authors in [30] propose a grid-density
clustering algorithm that combines grid and density techniques
in order to enhance clustering in WSNs. The density technique
is used to find arbitrary shaped clusters with noise while the
grid technique allows to enhance the clustering quality by
eliminating the boundary nodes of grids. Finally, the authors
of [32] propose a sink oriented cascading model along with a
memetic algorithm to help resist cascading failures via topol-
ogy optimization. The proposed architecture design a network
balancing metric called “sink-oriented betweenness entropy”
and apply statistics to identify the correlation between typical
network properties and robustness.

Although most of the proposed approaches allow for effi-
cient data reduction and conserve network energy, they suffer
from several disadvantages: 1) Most of them are fairly com-
plex, and difficult to implement efficiently due to the limited
computational resources of most sensors. 2) Some of them
compromise some aspects of sensed data such as temporal
information for the sake of energy saving. 3) Most focus on
handling data at one of the network (e.g. sensor or CH) only.
Our proposed mechanism consists of a set of low complexity
techniques that utilize data on two levels of the network before
sending it for analysis at the sink.

III. NETWORK DESIGN AND PRELIMINARIES

A. Network Design

Network architecture is one of the most important aspects
of the deployment of sensor networks. It strongly affects to the
performance of any proposed technique, especially int terms
of energy consumption and communication overhead. In this
paper, we are interested in the cluster-based network archi-
tecture due to three main reasons: 1) It supports high network
scalability regardless of the number of deployed sensor nodes.
2) It reduces the overhead communication among nodes in the
network. 3) It facilitates handling node failure. 4) It reduces
energy consumption in the network by reducing the number of
hops from the nodes to the sink. Typically, the cluster scheme
divides the nodes into a set of clusters and a CH is assigned
to each. The CH receives data from the member nodes inside
the cluster, performs a certain function with it if needed, then
forwards it to the sink node. The CH can be the same type
of mote as the nodes, or it can be a more advanced type,
better equipped to perform the extra functions needed from
it. Another approach would be the dynamic selection of the
CH, in which case it would be subject to several metrics like
remaining energy of the mote, the distance to the sink, etc.

Fig. 1 presents the cluster scheme that our mechanism is
designed to work with best. Data is periodically collected by

the sensor and compressed using IBE before being sent to
the CH. Data is received from all the sensors at the end of
each period by the CH which uses it in the SRA process then
forwarded it to the sink.

Sensor node CH node

Sink

Sensors

CHs

Sink

Data compression

Adapting sensing frequency

Data analysis

Fig. 1. Network design based on cluster scheme.

B. Notation
In order to maintain the connectivity of the network, sensors

are organized into a connected graph G =(N ,A) where N =
{N1, N2, . . . , Nn} is the set of the sensor nodes and A is the
set of arcs that connect the nodes. Mathematically, assume
a sensor node Ni that collects a set of T readings during a
period p then it forms a vector Rpi of readings during p as
follows: Rpi = [ri1, r

i
2, . . . , r

i
T ].

IV. ZIZO AT SENSOR LEVEL

In PSN, the similarity in collected readings is inversely
correlated to the rate of variation in the conditions of the
monitored target. i.e. The bigger the rate of variation in the
conditions is, the lower the level of similarity, and vise versa.
In other words when the conditions are stable, the rate of
variation would be very small and level of similarity will
be high, which also means there will be a high level of
redundancy in the data. ZIZO aims at reducing the size of
raw data sent by using IBE, which allows to aggregate similar
readings in each period without compromising the temporal
information of the collected data.

Let first define the similarity function (∆) that each sensor
uses to search for similarity between the readings it collected
during a period.

Definition 1: (Similarity function, ∆rij ,r
i
k
). Assume rij and

rik are two readings collecting by a sensor node Ni . We
consider rij and rik similar if and only if the difference between
them is less than a defined threshold ε as follows:



∆rij ,r
i
k

= |rij − rik| ≤ ε (1)

where ε is a threshold determined by the application param-
eters.

By applying the similarity function to the readings of Rpi
collected at the period p sequentially, we get a set of unique
readings Upi where each reading in Rpi is similar to one and
only one of the values in Upi . Then for each reading in Upi its
weight is calculated using IBE which is explained in the next
section. The combination of unique readings and their weights
form the compressed set of readings R′ip which is sent to the
CH.

A. Index-Bit-Encoding Method

Index-bit-encoding method enables the compression of the
set of readings Rpi while preserving the temporal information
of the data. It does this by encoding the indices of the readings
in Upi in the weight of the corresponding reading. This way,
upon decompression, a very close estimate of the original set
of readings is generated, with the mean difference between
the original set and the decompressed set is less than ε.
The generation of the weight passes through the intermediate
process of generating the code of reading defined in the
following:

Definition 2: (Code of a reading uik ∈ U
p
i , cik). cik is a binary

code with a size equals to the number of readings in Rpi . Thus,
for a reading uik in Upi , for each rij in Rpi , if uik and rij are
similar corresponding bit in cik is set to 1, otherwise it set to
0.

Definition 3: (Code weight, wgt(cik)). The code weight of
cik is the integer value corresponding to the code cik.

The final form of the set of readings Rpi would be: R′ip =
[(ui1, wgt(c

i
1)), (ui2, wgt(c

i
2)), . . . , (uik, wgt(c

i
k))]. The size of

the set of readings would be optimally set to multiples of 8,
as this would correspond to one byte. Given that each decimal
value in the set of readings needs 4 bytes to be encoded, and
depending on the size of the set of readings Rpi , which is
subject to adapt under ZIZO, the size of the compressed set
of readings could be much smaller than the original set.

Fig. 2 shows and illustrative example of the compression
and decompression of the set of measurements through IBE
using similarity function with threshold ε = 0.8 .

B. Sensor Level Algorithm

Algorithm 1 shows the sequential application of the simi-
larity function on the set of readings of a sensor in period Rpi
in order to generate the compressed vector R′ip, with a period
size T and similarity threshold ε.

The algorithm can be executed in two ways. Either the Rpi
is collected and at the end of the period the sensor proceeds to
compress the vector, like what is demonstrated in IV-B. The
algorithm starts at index 1 and proceeds until T , however any
possible sequence can be followed in order to obtain the best
compression, as the low complexity of the algorithm permits
this. The other way is to start the compression at the beginning
of the period, with each new reading taken being immediately

Fig. 2. Illustrative example of data compression and decompression in ZIZO.

added to the compressed set R′ip appropriately by applying
the similarity function, and adjusting the code of an existing
reading or adding a new one. This is even less complex and
easier to implement.

The set of unique readings U i
p is started empty (line

1). Then for each reading rk
i this set is checked to see if

there a reading uji similar to it (line 3). If not, rki is added
to U i

p with a code that indicates that there is no readings
similar to it in the previous indices (line 4 − 7). Then the
code cji of each reading uj

i is appended by 1 if similar to
rk
i and 0 otherwise (lines 9 − 15). Finally, for each reading

uj
i in U i

p the code weight wgt(cji is calculated from cj
i,

and they are added to the compressed set R′ip(lines (16−19)) .

Algorithm 1 Sensor Level Algorithm.

Require: period size: T ; similarity threshold: ε; set of read-
ings of a sensor in period: Rpi .

Ensure: compressed readings set of sensor in period: R′ip.
1: U i

p ← ∅
2: for each reading rik ∈ R

p
i where k ∈ [1, T ] do

3: Sim ← there exists ujp ∈ U ip where ∆rki,uj
i ≤ ε

4: if Not Sim then
5: cij ← {0, 0, .., k − 1}
6: U i

p ← U i
p ∪ {rjp, cij}

7: end if
8: for each reading uji ∈ U ip where j ∈ [1, Count(U i

p)]
do

9: if Sim then
10: cij ← cij ∪ {1}
11: else
12: cij ← cij ∪ {0}
13: end if
14: end for
15: end for
16: R′i

p ← ∅
17: for each reading uj

i ∈ U ip where j ∈ [1, Count(U i
p)]

do
18: wgt(cj

i)← CalculateCodeWeight(cij)
19: R′i

p ← R′i
p ∪ {ujp, wgt(cji)}



20: end for
21: return R′i

p

C. Adapting Index-Bit-Encoding Method to a Large Period
Size

Mostly, the performance of any compression technique is
evaluated based on the compression ratio. In our mechanism
this depends data similarity and on the period size (T ), as
number of bytes used for the weight of a reading is directly
proportional to it. (T ) thus becomes a limitation that affects
the compression size of IBE. To overcome this limitation we
propose two strategies that allow to adapt IBE to a large period
size: scaling down and period dividing.

1) Scaling Down: In WSN, readings collected successively
are usually similar especially when the slot time is short
or the monitored condition varies slowly. That is why it is
possible to reduce the number of readings collected during a
large period size, by using the scaling down strategy which
aggregates every subset of successive readings into one value,
e.g. the mean value. The number of aggregated readings is
taken according to the scaling down degree, d. The bigger the
value of d is, the more the number of the collected readings
during a period is reduced, but this could lead to reduced
accuracy, and vise versa. Then, IBE is applied over the reduced
obtained set of readings . Fig. 3 shows IBE method adapted
to scaling down strategy with two degrees d = 2 and d = 3.
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Fig. 3. Scaling down strategy with d = 2 and d = 3.

2) Period Dividing: In this strategy, we aim to apply IBE
over a large period size but without affecting the accuracy of
the transmitted data. The intuition is to divide the readings
collected during the period into m equal blocks where each
block contains t readings. Optimally, t must be a multiple of
8 and T = m× t. Then, IBE is applied separately over each
block of readings. Fig. 4 shows the period dividing strategy
applied over a period size of 128 divided into 4 blocks of size
32. Thus, each block needs a 32 bit encoding, i.e. 4 bytes, in
order to encode the weight of each readings.
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Fig. 4. Period dividing strategy with block size of 32 readings.

V. ZIZO AT CH LEVEL

Each period p is divided into T equal slots of time, e.g.
p = [s1, s2, . . . , sT ]. At the end of each period, the CH will
receive the sets of readings coming from its member nodes
in the cluster. Indeed, data collected by the sensors in the
same cluster contain a certain level if redundancy due to the
spatial-temporal correlation between them. Thus, in order to
reduce the data transmission from the member nodes, the CH
would adapt the sensing frequencies of the sensors in order to
minimize the redundancy.

Let assume that the CH receives the compressed set of
readings R′i

p from a sensor node Ni. The first step is to
decompress R′i

p, using the process of reverse index-bit-
encoding, index-bit-decoding. This allows the generation the
set R′′ip, which is a very close estimation of Rip. Then, all
the decompressed reading sets are vertically stacked to form
a matrix Mp at each period p as follows:


s1 s2 . . . sT

R1
p = r11 r12 . . . r1n

R2
p = r21 r22 . . . r2n

...
...

... . . .
...

RT
p = rT1 rT2 . . . rTn

 (2)

where each row Rpk for k ∈ T consists of a set readings of
n sensors at one instant of time τ .

Our objective is to study the redundancy existing in Mp.
Then, based on it, to adapt the sensing frequency of all the
sensors in the cluster for the next period p+1 in order to try to
minimize the collection of redundant data. In the next sections,
we show how the CH calculates the redundancy level in the
data matrix based on the T -test statistic and how it adapts the
sensing frequencies of the sensors.

A. Redundancy Rate based on T -test

In our mechanism, we incorporate the temporal information
between the collected data in the calculation of the redundancy
rate. The CH determines if each pair of sets of readings
collected at successive slot times ti and ti+1 are similar, and
based on the number of such sets, it calculates the Redundancy
Rate for the period (RRp).

The paired T -test is fitting for this measurement because
each pair of successive sets is a set of paired observations
by statistical definition. The null hypothesis of the T -test is
that the true mean difference between paired observations is
zero. The alternative hypothesis being that there is a significant
difference.

Lets assume the set of readings collected by all the sensors
during a slot time t as Rt = [rt1, r

t
2, . . . , r

t
n], where rti is

collected by the sensor Ni and the number of sensors, i.e.
the number of readings in Rt is n. Then, the value of the
T -test for the pair Rt and Rt+1 collected at successive time
slots t and t+ 1 is calculated as follows:



T − test (Rt, Rt+1) =
X
t,t+1 − µ
σt,t+1√

n

(3)

where

• X
t,t+1

: the mean of the difference set {Rt+1 −Rt}
• µ: is the population mean of the whole matrix Mp

• σt,t+1: the standard deviation of the difference set
{Rt+1 −Rt}

Thus, two successive sets of readings Rt and Rt+1 are
considered as having a significant difference if the value of
the T -test between them is less than a defined threshold t as
follows:

T − test (Rt, Rt+1) ≤ t (4)

where t is the T -test value corresponding to some desired
false-rejection probability risk α ∈ [0, 1]. Sets of readings
that do not have a significant difference between them are
considered similar.

Finally, the redundancy rate during the period p, i.e. RRp,
can be calculated as the number of similar successive pairs of
sets of readings over the total number of possible successive
pairs of sets of readings (T −1) during the period as follows:

RRp =

∑T −1
i=1 T − test (Rt, Rt+1) ≤ t

T − 1
(5)

Thus, RRp will be a number between 0 and 1; with 0
meaning no redundancy and 1 meaning maximum redundancy.
The value of α greatly influences the redundancy rate; the
higher it is, the greater the tolerance is to the difference
between sets. That is why the choice of α is a parameter set
depending on the application.

B. Sensing Rate Adjustment Algorithm

After calculating the redundancy rate at each period, the CH
adapts the sensing frequencies the sensors in the cluster uni-
formly in order to try to minimize the collection of redundant
data in the next period, within an upper and lower bound. A
big level of similarity of the readings of one sensor can be
offset by a big level of difference in the readings of another
in the cluster, leading to a sampling rate that is not too high
nor too low. In addition to redundancy, several metrics that
are determined depending on the application can be used, and
they can be a predefined set of rules, or dynamic based on the
changing nature of the data. The preservation of the temporal
data and the fact the a very close estimate of the original set
of measurement can be created for each sensor means that
trend analysis and time series analysis could be used by the
sink, which may have additional resources, and by using these
tools a smart decision making system for sensing rate adaption
can be implemented, and the sink would then direct the CHs
to change the sensing frequencies in their respective clusters
accordingly.

VI. PERFORMANCE EVALUATION

The performance of our mechanism is evaluated using
simulations and experiments. The first is done using data
collected by the Intel Berkeley Research Lab and they are
available online. The second is using data are gathered through
real experiments using telosB nodes. In the next sections,
we detail each of them while discussing the obtained results.
The parameters used in our setup for both simulations and
experiment are shown in the Table I:

TABLE I
SIMULATION APPLICATION PARAMETERS.

Parameter Description Values

T period size 32 and 64
ε Similarity threshold temperature: 0.07, 0.1, 0.2

humidity: 0.2, 0.5, 1
light: 10, 15, 25

Cr criticality level application low and high
t false-rejection probability risk value 0.2

For our application, we considered there are three levels
of redundancy as shown in Table II, Redundancy Rate Table
(RRT).

TABLE II
REDUNDANCY RATE TABLE (RRT).

Redundancy Rate, RRp Description

0 ≤ RRp ≤ 0.4 low redundancy rate
0.4 < RRp ≤ 0.7 medium redundancy rate
0.7 < RRp ≤ 1 high redundancy rate

Also, for SRA, we introduced a parameter that we used
along the redundancy rate called application criticality. We
considered the application to be either of low or high critical-
ity. The following Sampling Rate Adjustment Table (SRAT)
was created and used a decision mechanism by the CH.

TABLE III
SENSING RATE ADJUSTMENT TABLE (SRAT).

RRp Cr → low high

low 60% of T T
medium 40% of T 60% of T
high 20% of T 40% of T

A. Simulation Results

In our simulations, we used the real sensor data collected
in the Intel Berkeley Research Lab [33]. It was compiled
by deploying 54 sensors of type Mica2Dot and collecting
weather conditions such as temperature, humidity and light.
The data set contains 2.3 million readings collected over the
course of about 40 days with a fixed sensor sampling rate
of one reading per 31 seconds. For our setup, we assumed
that all nodes send their data to a common CH placed at the
center of the lab. Fig. 5 shows the distribution of the sensors
in the Intel lab. For comparison purposes, we selected those



techniques among all available in the literature that closer fit
with the main characteristics of our proposed mechanism, i.e.
distributed operation and energy minimization target by means
of sensors data collection reduction. Specifically, we selected:
1) S-LEC in [20] as it is a lossless compression technique
that compresses data efficiently and robustly, but pays no
attention to the redundancy in the data. 2) PFF technique
in [26] which is similar to our technique in terms of using
aggregation on the part of the sensor to compress data, and
finding similarity in the data on the part of the cluster head.
However the aggregation method of the technique does not
preserver temporal information, and only uses similarity in
the data to further remove redundant data before sending the
data to the sink.

Fig. 5. Distribution map of the sensors in the Intel lab.

1) Compression Ratio Study: First, we study the perfor-
mance of the IBE method proposed in our mechanism com-
pared to S-LEC and PFF at the sensor level in terms of
data compression ratio only i.e the size of data sent after
compression relative to the size of the data vie that naive
approach. Indeed, the obtained results of IBE is highly related
to the period size T and the Similarity Threshold value ε
(Fig. 6). We show that the compression ratio using IBE is less
than those obtained using S-LEC in all cases, and than those
obtained by PFF in almost all cases, giving a compression
ration of 5% in the best case and 32% in the worst case. This
is due to the simplicity in which data compression is encoded
compared to the other techniques. In addition, the following
can be observed: 1) The compression ratio of IBE improves
with the decreasing of the period size (Fig. (6(a) and 6(b)) or
(6(c) and 6(d)) or (6(e) and 6(f))). This is because when T
decreases, the number of bytes needed to record the temporal
information decreases, that is why period dividing becomes
an advantage. 2) The compression ratio of IBE improves
with increasing the Similarity Threshold (Fig. 6(a) to 6(f)).
This is because when the value of ε increases, the greater
the difference that can exist between two readings while still
considering them similar and aggregating them together. This
is why the Similarity Threshold is an important factor in
determining both the Compression Ratio and Data Accuracy.
3) IBE gives much better results than S-LEC in the cases
where there is high redundancy, such as with the humidity
condition as shown in Fig. 6(c) and 6(d)). This is because S-
LEC does not aim to reduce redundancy but compresses the

data as is, which allows IBE to be more effective in these
cases.
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(a) Temperature, T = 32
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(b) Temperature, T = 64
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(c) Humidity, T = 32
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(d) Humidity, T = 64
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(e) Luminosity, T = 32
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(f) Luminosity, T = 64

Fig. 6. Data compression ratio as a function of Similarity Threshold under
different Period sizes .

2) Data Redundancy Study: The aim of this section is
to show how sampling rate adjustment affected the value
of the redundancy rate resulted in the CH at the end of
each period. For this aim we fixed three parameters: the
period size to 64 readings, the similarity threshold to 0.1
and T -test false-rejection probability risk to 0.2. We also
used only temperature data, and ran the simulation under
three conditions: Without SRA, with SRA and low criticality,
with SRA and high criticality. Fig. 7 demonstrates how the
redundancy level (calculated in equation 5) varied over the
course of 20 periods. The results show how the RRp leads to
SRA, which leads to decreasing RRp in the next round, which
is clear in the case of SRA with low criticality as compared
to No SRA. They also show the effect of the SRA decision
parameters, as settings strict SRA decision parameters such as
for high criticality applications lead to redundancy rates that
sometimes matched the condition where no SRA is used.

3) Adapting Sampling Rate Study: This section uses the
same simulation used in the previous section, but aim to high-
light how exactly the sampling frequency was adjusted over
the course of the periods under the aforementioned conditions.
Fig. 8 shows this variation, and demonstrates how strict SRA
decision parameters such as with high criticality lead to the
sampling frequency remaining equal to period size in much
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Fig. 7. Redundancy rate variation as a function of period number for
temperature data. T = 64, ε = 0.1.

of the simulation, which caused the high levels of RRp as
shown in Fig. 7. While with low criticality the parameters
allowed for a bigger decrease in sampling frequency, and lead
to lower levels of RRp. This shows the importance of choosing
adequate parameter values in deciding SRA in order to lower
redundancy without affecting data accuracy by using a very
high Similarity Threshold.
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Fig. 8. Variation of sensor sampling frequency as function of period number
for temperature data. T = 64, ε = 0.1.

4) Energy Consumption Study: Reducing the energy con-
sumption in the network is one of the most important chal-
lenges in WSN. In our simulations, we used the Heinzelman
model [34], [35] which is the most popular model for energy
consumption estimation to evaluate the energy consumption in
the network under different scenarios. In such model, energy
consumption is highly dependent on the data transmission
and reception in the network while negligent the other factors
(sensing, processing, etc..). For each scenario, we calculated
the overall energy consumption by all the sensors and the CH
over the course of the whole simulation. The scenarios were:
using IBE alone, using IBE with SRA with low criticality,
using IBE with SRA with high criticality, using S-LEC and
PFF, while varying the period size and the Similarity Thresh-
old, along the naive approach.

Fig. 9 displays the energy ratio of these scenarios i.e. the
energy consumption in each relative to the energy consumption
of the naive approach. It shows that our technique can signif-
icantly reduce the energy consumption, as using IBE alone
was more energy efficient in all but one case, reducing energy

consumption ratio down to 10% compared to 35% and 14%
for S-LEC and PFF respectively. This is consistent with the
results in Fig. 6 which are similar in terms of compression
ratio. Also, we observe that the energy consumption using our
mechanism is lower with smaller period size (Fig. 9(a) and
9(b)) and higher Similarity threshold (Fig. 9(a) or 9(b)), which
shows a trade-off between energy efficiency and data accuracy.
Finally, we see the effect of SRA, as it lead to lowering the
energy consumption ratio to 8% in the best case.
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Fig. 9. Energy consumption ratios of the whole network for some algorithms
as a function of similarity threshold under different period sizes.

B. Experiments Results

In order to evaluate our mechanism in live scenario, we con-
ducted experiments using 30 Crossbow telosB nodes deployed
in our laboratory. The nodes collect data about temperature,
humidity and light. The data is collected for about one week
and they are sent to a specific CH node called SG1000 [36],
which can be connected to a laptop machine for retrieving,
then analyzing, the collected data. Due to the limited resources
of telosB, we set the period size to 32 readings and the
sampling rate of each sensor is fixed to one reading per
30 seconds. Fig. 10 shows the distribution of nodes inside
the laboratory. Furthermore, it is important to notice that our
mechanism is implemented on the nodes based on the nesC
language [37] the standard programming language of tinyOS
[38], while a Java code is implemented on the laptop machine
to retrieve data from the sink node.

1) Compression Ratio Study: Similar to Fig. 6, Fig. 11
shows the compression ratio of data sent to the CH after
applying IBE and S-LEC relative to the naive approach. The
obtained results show that IBE outperforms S-LEC in terms of
reducing the quantity of data sent from the sensor, achieving
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Fig. 10. Distribution map of the sensors in our lab.

a compression ratio of 5% in best case compared to 22%
for S-LEC. We also observe that the compression ratio using
IBE improves with the decreasing of the period size or the
increasing of the Similarity threshold which corroborates the
results of the simulation Fig. 6).
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(a) Temperature, T = 32
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(b) Temperature, T = 64
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(c) Humidity, T = 32
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(d) Humidity, T = 64
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(e) Luminosity, T = 32
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Fig. 11. Data compression ratio as a function of Similarity Threshold under
different periods sizes.

2) Data Redundancy Study: The aim of this section is to
replicate the conditions of the data redundancy study of the
simulation. Fixing period size at 64 readings, the similarity
threshold to 0.1 and T -test false-rejection probability risk to
0.2. We also used only temperature data, and did experiments
under three conditions: Without SRA, with SRA and low crit-

icality, with SRA and high criticality. Our objective is to study
the variation of RRp in the temperature data collected in our
laboratory compared to the level obtained in the simulations.
The results as shown in Fig. 12 are consistent with those of
the experiment, as SRA allowed the RRp to drop at the end
of each round. It is also worth noting that due to the high
level of similarity in temperature data, the redundancy results
for the high criticality application were closer to those of low
criticality application than to No SRA.
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Fig. 12. Redundancy rate variation as a function of period number for
temperature data. T = 64, ε = 0.1.

3) Adapting Sampling Rate Study: Relative to the redun-
dancy level studied in Fig. 12, Fig. 13 shows the sensing
frequency for a sensor after applying IBE and SRA during a set
of rounds. We observe that with the high level of RRp over the
rounds, the high criticality application sensing frequency was
lowered to minimize RRp. This confirms the behavior of the
algorithms proposed in our mechanism in terms of reducing
the sensing frequency of a sensor when the redundancy level
increases.
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Fig. 13. Variation of sensor sampling frequency as function of period number
for temperature data. T = 64, ε = 0.1.

4) Energy Consumption Study: Similar to the energy con-
sumption study in the simulation, we calculated the overall
energy consumption of using IBE alone, SRA with low and
high criticality, S-LEC and the naive approach. Fig. 14 shows
the energy consumption ration in our lab of these scenarios
relative to the naive approach. The obtained results show that
in the best case scenario, our mechanism optimized the energy
consumption ratio to 5%, compared to 22% for S-LEC. The
results also confirm the simulation conclusion that energy



consumption decreases with smaller period size and higher
Similarity Threshold.
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Fig. 14. Energy consumption ratios of the whole network for some algorithms
as a function of similarity threshold under different period sizes.

C. Analytical and Complexity Study

In this section, our objective is to give further considerations
of our mechanism by studying its complexity at both sensor
and CH levels. Indeed, the complexity is an important metric
that must be considered in WSN due to the limited sensor
resources and the impact of processing to the data delivery
delay when sending the data to the sink [39], [40].

From one hand, each sensor node Ni will form a set Rpi of
T readings in each period. Due to the index-bit-encoding, the
size of this set will be reduced from T to |R′ip|. Therefore,
our mechanism has at most O(|R′ip|2) as a computation
complexity at the sensor and it will save at most (2× |R′ip|)
readings at each period in its memory. These complexities are
suitable for the case of sensor node since the collected readings
are usually redundant thus, makes |R′ip| small even in the
worst case. This fact is showed clearly in both simulation (see
Fig. 6) and experiments (see Fig. 11) where the data collected
by each sensor in each period is significantly reduced. On
the other hand, the complexity of our mechanism at the CH
level is dependent on the dimensions of the matrixMp which
is T × T in the worst case. Thus, after enumerating and
comparing every successive reading sets based on the T -test,
the complexity of our mechanism will be in order of O(T 2).
Such complexity can be more reduced in case we adapted
the scaling down strategy proposed for large period size (cf.
section IV.C) or minimized the value of T .

VII. CONCLUSION AND FUTURE WORK

Wireless Sensor Networks is one of fields of technology
that is and will continue to be a great tool to better monitor
and understand natural and artificial environments around us,
and avoid the risk rising from them and adapt to changes in
them. That is why proposing new data analysis techniques to
handle big data in WSN is and will remain a major concern
of researchers. In this paper, we have proposed a Zoom-In
Zoom-Out (ZIZO) mechanism in order to minimize the data
transmission in WSN to extend its lifetime. ZIZO is based on
the cluster network architecture and works on the two levels of
a WSN: a low complexity, energy efficient data compression
technique called Index-Bit-Encoding at the level of the sensor,
and a sampling frequency adaptation technique based on statis-
tical similarity study called Sampling Rate Adjustment at the
level of the CH. Through both simulations and experiments,
we evaluated the performance of our mechanism in terms of
minimizing data transmission and energy consumption while
comparing them to other techniques, and showed that we can
achieve a compression ratio of down to 5%, and an energy
consumption ratio of down to 8%.

In terms of future work, ZIZO can be improved in several
direction. First, we seek to improve the compression ratio of
IBE. Second, at the CH, we aim to reduce the difference
between the original set of readings and the decompressed set
of readings by applying different filters on the latter, increasing
the level of accuracy without sacrificing compression ratio.
Third, we aim to use the data collected by the sensors at the
sink, in order to implement dynamic clustering, i.e. change
the distribution of sensors to the clusters, taking into account
factors such as battery levels, and implement a scheduling
strategy in order to switch correlated nodes into sleep/active
modes.
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