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Abstract—Wireless sensor networks (WSNs) support many applications in different fields. Saving energy in such networks is
always a critical issue that needs to be considered to prolong the network lifetime. Clustering in the networks is also considered
as an energy saving routing method. In this paper, we propose a new data collection method, called WDC, in order to significantly
reduce data transmitting among clustered networks for energy saving purpose. In the method, Wavelet basic is employed in each
cluster to compress data to be sent to the base-station (BS). At the BS, all the sensing data can be reconstructed based on the
compressed samples collected from clusters. We further analyze and formulate the total energy consumption for data transmitting
between sensors in the networks and from the networks to the BS. Simulation results are provided to clarify our analysis and to
suggest optimal cases for the network to consume the least power.
Keywords—Wireless sensor networks; data compression; clustering, energy consumption; Wavelet basic.
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I.

INTRODUCTION

R

ECENT years, many research studies in wireless sensor
networks (WSNs) take a lot of attention since the
networks have many applications [1], [2]. Tracking objects or
detecting events are very common applications in different
fields. Sensors are deployed randomly in a forest to detect fire
[3], [4]. They can be deployed in a sensing field to rescue people
or to detect oil leak [5], [6]. In other cases, sensors are also
deployed to build scalar maps [7], [8], [9] for data analysis
purposes. The maps are built based on raw data collected from
all sensors in the sensing fields. WSNs are embedded with
different topologies. They could be dynamic or fixed structures
depending on the purposes of such networks. Cluster-based
[10], [11], tree- based [12], [13], gossip-based [14], [15], random
walk [16], [17], etc. are very common data collection methods
applying in the networks. Each method has prominent points
to be utilized for specific applications. Wireless connections
have some options including Bluetooth, Wi-Fi, RF in which
they are suitable in applications [18], [19], [20], [21].
Clustering algorithms are considered as an energy saving
data collection methods in the networks [11]. K-means [22],
LEACH [23] are common methods to divide the network into
clusters. K-means optimizes the transmitting distances between
cluster-heads (CHs) and non-CH sensors to reduce energy
consumption for sensors. LEACH chooses CHs based on
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stochastic theory to balance energy in the network since the
biggest work load always falls on CHs. Many other clustering
algorithms have shown their energy-efficient points for WSNs
[24], [25], [26], [27]. Clusters could be arranged unequally in
order to balance the consumed energy between clusters since
the ones close to the BS always spend more energy than the one
farther.
In this paper, we apply Wavelet transform theory for
clustering in WSNs to compress sensing data in each cluster. In
a clustered network, each cluster has one cluster-head (CH) and
the rest are non-CH sensors. All non-CH sensors send their own
data to the CH they belong to. This CH multiplies the collected
data including its own data to Wavelet coefficients and only
sends the large transformed coefficients to the base- station (BS)
or the data processing center. The BS collects
the large
coefficients from all clusters following that way and
reconstructs all data from the clusters to be able to build a scalar
map. We further propose different ways to forward the
transformed coefficients from CHs to the BS; the coefficients are
forwarded directly to the BS or relayed between other CHs to
finally reach the BS. Energy consumption for data transmission
in the networks is formulated.
The remainder of this paper is organized as follows.
Problem Formulation and Energy Consumption Analysis are
addressed in Section II and III, respectively. Simulation results
are provided in Section IV. Finally, Conclusions and future
work are in Section V.
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II.

The number of the large coefficients taken from each
cluster should be proportional to the number of sensors as

PROBLEM FORMULATION

A. Network Model
We assume 𝑁 sensors randomly distributed with an equal
probability in a sensing area. 𝑁𝑐 clusters are pre-chosen for the
network. So, 𝑁𝑐 CHs are randomly chosen from all the sensors
based on a probability 𝑁𝑐 /𝑁 . This can share the burden of
workload of being CHs for every sensor. Then, the rest as nonCH sensors choose one CH which is closest to form clusters. On

𝑘𝑖
𝐾

(

𝑁
𝑁𝑐

𝑁𝑐

− 1) non-CH sensors.

As shown in Figure 1, non-CH

sensors send directly data to their own CHs. Each CH processes
the collected data within its cluster and sends a certain number
of samples to the BS for data reconstruction following the
Wavelet-based data compression (WDC) algorithm.

𝑛𝑖
𝑁

(2)

where 𝑛𝑖 represents the number of sensors in the cluster 𝑖𝑡ℎ .
The BS obtains the readings from the 𝑖𝑡ℎ cluster based on 𝑠𝑖′
which is created from the received 𝑘𝑖 large coefficients and
additional zeros as
𝑥̂𝑖 = 𝜙𝑖𝑇 𝑠𝑖′

𝑁

average, each cluster has ( ) sensors. And each CH has

=

(3)

The proposed algorithm can also work well with fault
tolerance in the network since all sensors take turns to become
CHs. Malfunction nodes are not chosen after each round of
choosing CHs or non-CH sensor nodes. The faults of the
network or sensor nodes could be detected and recovered by
fault tolerant algorithms for clustered networks [28] or for treebased networks [29]. Malfunctioned nodes are isolated but
could be used for relaying data in the network if possible. This
could be an open work for our future research.
ALGORITHM 1
WAVELET-BASED DATA COMPRESSION ALGORITHM FOR DATA
COLLECTION IN WIRELESS SENSOR NETWORKS (WDC)

1. Clustering phase
- Number of clusters are pre-defined as NC
- The WSN is divided in to NC clusters following LEACH
[23]
2. Data compression phase
- Each CH collects data within its cluster including its own
Figure 1. Sensor readings are transmitted from sensors to
cluster-heads (CHs) and finally to the base-station (BS).

data
- The CHs multiply the raw data with Wavelet coefficients
- A certain number of large coefficients (K samples) are
chosen to be sent to the BS.

B. Wavelet-Based Data Compression Algorithm for
Clustered WSNs (WDC)
As mentioned the previous sections, the network is
divided into Nc cluster. Figure 1 shows the clustered network
in general with the BS outside the sensing area. Generally, all
non-CH sensors send their data to the CHs. All the CHs
forward all the received data including their own to the BS.
In the proposed algorithm, each CH creates one Wavelet
sub-matrix 𝜙𝑖 with dimension (𝑛𝑖 × 𝑛𝑖 ) , where 𝑛𝑖 is the
number of sensors in the 𝑖𝑡ℎ cluster. Data collected at each
cluster is multiplied to a sub-matrix in which, all the entries are
created by the Matlab command ℎ𝑎𝑎𝑟𝑚𝑡𝑥(𝑛𝑖 ) . A large
proportion of the signal energy is focused on the very first large
coefficients, given as K coefficients. Only these coefficients are
sent to the BS from all the CHs. The remainder of the
transformed coefficients can be considered as zeros. Only 𝐾 =
𝑐
∑𝑁
𝑖=1 𝑘𝑖 large coefficients are sent instead of N scalar sensig
values that significantly save energy for transmitting data in the
network. The trade-off of the proposed method will be
discussed in the Simulation results section. The WDC algorithm
can be written in short as in Algorithm 1.
In formula, the transformed coefficients at the cluster 𝑖𝑡ℎ ,
represented as a vector 𝑠𝑖 , are calculated as
𝑠𝑖 = 𝜙𝑖 𝑥𝑖 .

(1)

3. Forwarding data to the BS
- 𝑘𝑖 samples from 𝑖𝑡ℎ cluster (CHI) are sent to the BS with
two options:
(i)

The coefficients are sent directly to the BS, or

(ii) The coefficients are forwarded through intermediate
CHs to the BS.
4. Data reconstruction phase
- The BS collects the large coefficients from Nc clusters
- K samples are multiplied to Wavelet coefficients to return
the raw data from the network.

III.

ENERGY CONSUMPTION ANALYSIS

Energy consumption for transmitting and receiving data in
WSNs [30], denoted as 𝑃𝑇𝑥 and 𝑃𝑅𝑥 , are formulated,
respectively as
𝑃𝑇𝑥 = 𝑃𝑇0 + 𝑃𝐴 (𝑑) ,

(4)

𝑃𝑅𝑥 = 𝑃𝑅0 .

(5)

and
𝑃𝑇0 and 𝑃𝑅0 are two energy consumption levels of electrical
elements for coding, modulating or signal processing. They do
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not depend on transmitting distances, denoted as 𝑑 . In this
paper, we only consider the consumed energy of the power
amplifier 𝑃𝐴 (𝑑) which is a function of 𝑑 . The total energy
consumption for transmitting data in such networks contain
two parts. Energy consumed for non-CH sensors to transmit
their readings to the BS. It is called the intra-cluster energy
consumption, denoted as 𝑃𝑖𝑛𝑡𝑟𝑎−𝑐𝑙𝑢𝑠𝑡𝑒𝑟 . The consumed energy
for all CHs to transmit the large transformed coefficients to the
BS is denoted as 𝑃𝑡𝑜𝐵𝑆 .

1. Large coefficients are directly transmitted to the BS: As
shown in Figure 1, the average consumed energy for all CHs to
transmit K large coefficients to the BS is
𝑃𝑡𝑜 𝐵𝑆 = 𝐾𝐸[𝑑2 ] ,

As assumed, a uniformly distributed WSN is divided into
𝑁𝑐 non-overlapped clusters with the same number of sensors as
𝑁/𝑁𝑐 , consisting of one CH and (

𝑁

− 1) non-CH nodes. We

𝑁𝑐

have:

(13)

where 𝑑 is the random variable representing the distance
between CHs and BS. Assuming that all CHs are randomly
distributed in the entire area to balance the energy
consumption for the network, the expected squared distance
between CHs and the BS [36] is given by
𝐿

A. 𝑷𝒊𝒏𝒕𝒓𝒂−𝒄𝒍𝒖𝒔𝒕𝒆𝒓 Analysis

5

𝐿 2

𝐿

𝐸[𝑑2 ] = ∫0 ∫0 [(𝑥 − 𝐿𝑖 )2 + (𝑦 − ) ] 𝑓(𝑥, 𝑦)𝑑𝑥𝑑𝑦 (14)
2
=
where 𝑓(𝑥, 𝑦) =

1 (𝐿−𝐿𝑖 )3

[

𝐿
1

3

+

𝐿3𝑖
3

]+

𝐿2

,

12

(15)

is the uniform distribution of CHs in the

𝐿2

sensing area.
𝑃𝑖𝑛𝑡𝑟𝑎−𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝑁𝐶 (

𝑁
𝑁𝑐

−

1) 𝐸[𝑟 𝛼 ],

(6)

where 𝑟 is a random variable which represents distances
between non-CH sensors to CHs they belong to, and α is the
path loss exponent. As mentioned in [31], 𝛼 = 2 or 4 in free
space or multiple fading channels, respectively. α is chosen to
be 2 throughout the paper. We can calculate 𝐸[𝑟 2 ] as follows:
𝐸[𝑟 2 ] = ∬(𝑥 2 + 𝑦 2 )𝜌(𝑥, 𝑦)𝑑𝑥𝑑𝑦
= ∬(𝑟 ′2 )𝜌(𝑟 ′ , 𝜃)𝑟 ′ 𝑑𝑟 ′ 𝑑𝜃.

(7)

𝐿2

,
2𝜋𝑁

and the total intra-cluster energy consumption
𝑃𝑖𝑛𝑡𝑟𝑎−𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = (

𝑁𝑐

− 1)

𝐿2
2𝜋

(10)

𝑃𝑡𝑜𝑡𝑎𝑙 = (

− 1)

2

,

(11)

where R 0 is the radius of the sensing area.

3

]+

𝐾𝐿2
12

.

(16)

𝐿2
6

, and the total

𝑁
𝑁𝑐

− 1)

𝐿2

+

2𝜋

𝐾𝐿2

.

6

(17)

𝑅02
2

.

(18)

Hence, the total energy consumption is
𝑃𝑡𝑜𝑡𝑎𝑙 = (

𝑁
𝑁𝑐

− 1)

𝑅02
2

+𝐾

𝑅02
2

.

(19)

2. Large coefficients are transmitted to the BS utilizing intercluster multi-hop routing:
Inter-cluster Multihop
Routing
withwith
100 CHs
Inter-cluster
Multihop
Routing
100 C

90

70
60
50
40
30

B. 𝑷𝒕𝒐 𝑩𝑺 Analysis

20

We assume that all the clusters have the same number of
sensors. We show that the number of large coefficients taken
from a cluster are linearly proportional to the number of
sensors in that cluster. Hence, in our analysis case, the number
of large coefficients collected from 𝑁𝑐 clusters should be equal.
The total number of large coefficients is calculated as
𝑁𝑐
𝐾 = ∑𝑖=1
𝑘𝑖 = 𝑁𝑐 𝑘𝑖 ,

𝐿

2
]=
𝐸[𝑑𝑡𝑜𝐵𝑆

80

𝑁

𝐾 (𝐿−𝐿𝑖 )3 + 𝐿3𝑖

+ [

*Note: if the sensing area is circular and the BS is at the center,
𝑃𝑡𝑜 𝐵𝑆 is calculated in [35] as

*Note: in case the sensing area is circular, 𝑃𝑖𝑛𝑡𝑟𝑎−𝑐𝑙𝑢𝑠𝑡𝑒𝑟 is
calculated in [35] as
𝑁𝑐

𝐿2
2𝜋

energy consumption for the network is

100

𝑃𝑖𝑛𝑡𝑟𝑎−𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = (

− 1)

When the BS is at the center of the sensing area (𝐿𝑖 =

We can see that the total intra-cluster energy consumption
is a decreasing function of the number of clusters.

𝑅02

𝑁
𝑁𝑐

𝐿/2), Equation (15) is simplified as 𝐸[𝑑2 ] =

(9)

𝑐

𝑁

𝑃𝑡𝑜𝑡𝑎𝑙 = (

(8)

in which 𝜌(𝑥, 𝑦) is the node distribution. Similar to [32], we
assume that each cluster area is circular with radius 𝑅 =
𝐿/√𝜋𝑁𝑐 and the density of the nodes is uniform throughout the
cluster area, i.e. 𝜌(𝑟 ′ , 𝜃) = 1/(𝐿2 /𝑁𝑐 ). As calculated in [33], [34],
we obtain
𝐸[𝑟 2 ] =

From Equations (10) and (15), the total energy
consumption in this method can be formulated in general as:

(12)

where 𝑘𝑖 is the number of coefficients collected from cluster 𝑖𝑡ℎ .
We consider both ways to forward the large coefficients to the
BS, transmitting directly or forwarding through intermediate
CHs based on a routing tree.

10
0

0

10

20

30

40

50

60

70

80

90

100

Figure 2. Cluster-heads (CHs) transmit or relays the Wavelet
coefficients through others to the base-station (BS) utilizing
multi-hop routing.

As shown in Figure 2, all sensors are randomly deployed
in a circular sensing area with the BS at the center. Since CHs
are randomly chosen from the sensors based on a probability
𝑁𝑐 /𝑁 , they are also randomly distributed in the area. We
assume to have an algorithm to form a routing tree connecting
all the CHs with the root as the BS at the center of the sensing
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K-means: 2000 sensors/ 10 clusters (Nc = 10)
2500

6

7

Average total intra-cluster power consumption (N=2000)

x 10

Analysis
K-means
LEACH

2000

6
1500

Total intra-cluster power consumption

1000

500

0
50

100

150

200

250

300

350

400

Number of sensors in each cluster

LEACH: 2000 sensors/ 10 clusters (Nc = 10)
2500

2000

5

4

3

2

1500

1
1000

0

500

0

0

100

200

300

400

500

600

700

800

900

5

Figure 3. Histograms from two clustering algorithm Kmeans
and LEACH in the network with 2000 sensors distributed in a
square area 100 × 100

7

𝑃𝑚𝑎𝑥(ℎ𝑜𝑝𝑠)(𝑥)

(20)

where 𝑚𝑎𝑥(ℎ𝑜𝑝𝑠) is the maximum number of hops allowed.
Finally, we obtain the total consumed energy for relaying K
large coefficients from CHs to the BS as
ℎ𝑜𝑝𝑠

𝑚𝑎𝑥
𝑃𝑡𝑜𝐵𝑆 = {ℎ𝑜𝑝𝑠𝑚𝑎𝑥 − ∑ℎ𝑜𝑝𝑠=1

−1

𝑃ℎ𝑜𝑝𝑠 (𝑥)

} 𝑅2𝐾,

𝑃𝑚𝑎𝑥(ℎ𝑜𝑝𝑠)(𝑥)

(21)

where 𝑅 is the CH’s transmission range. This value can be
changed depending on the CH density. In other words, if the
number of CHs reduces, we need to increase 𝑅 to maintain all
CHs connected as a routing tree. We have the total energy
consumption for data collection in the entire network using
multi-hop relaying as
𝑃𝑡𝑜𝑡𝑎𝑙 = (

𝑁
𝑁𝑐

− 1)

𝐿2
2𝜋

+

𝐸[ℎ𝑜𝑝𝑠]𝑅2 𝐾 .

(22)

From Equations (17), (19) and (22), the total communication
power consumptions are the linear functions of the number of
large coefficients K.

IV.

SIMULATION RESULTS

We consider both common types of networks, square
sensing area with dimension 100×100 and circular area with
radius 𝑅0 = 50 . In each network, there are 2000 sensors
randomly deployed. K-means [22] and LEACH [23] are also
deployed to collect data and to compare with our analysis
results. Real sensor readings collected from Sensorscope [38]
are used for simulating. We evaluate the total energy
consumption for the networks and provide the performance of
the proposed algorithm with the data. The normalized

2

20

25

BS is outside the square sensing area at 3L (N=2000; K = 200)

x 10

Analysis
Kmeans
LEACH

1.9

1.8

Total Power Consumption

area as mentioned in [35]. The distance between a random CH
and the BS can be considered as a random variable, denoted as
𝑥. The probability of being able to make a connection at distance
𝑥 using ℎ𝑜𝑝𝑠 or less hops is denoted by 𝑃ℎ𝑜𝑝𝑠 (𝑥). In paper [37]
the mean value of the number of hops (ℎ𝑜𝑝𝑠) is calculated as
follows
𝑃ℎ𝑜𝑝𝑠 (𝑥)

15
Number of Clusters

Figure 4.
Comparison of total intra-cluster energy
consumption for the networks deployed Kmeans, LEACH and
Analysis with 2000 sensors randomly distributed in a square
area 100 × 100

Number of sensors in each cluster

𝑚𝑎𝑥(ℎ𝑜𝑝𝑠)−1
𝐸[ℎ𝑜𝑝𝑠] = 𝑚𝑎𝑥(ℎ𝑜𝑝𝑠) − ∑𝑛=1

10

1.7

1.6

1.5

1.4

1.3

1.2

5

10

15
Number of Clusters

20

25

Figure 5. Total energy consumption for all data transmissions
in the network with 2000 sensors partitioned into different
number of clusters when the BS is outside the sensing area at
3L

reconstruction error

‖𝑥−𝑥̂‖2
‖𝑥‖2

is applied.

In Figure 3, a comparison shows a histogram of the
number of sensors in each cluster created by two algorithms,
Kmeans and LEACH. Kmeans provides more uniform size for
clusters than LEACH does, which results in the smaller intracluster energy consumption on average, as shown in Figure 4.
In other words, the shorter the transmitting distances are, the
smaller the energy consumption inside clusters.
The total consumed energy for the network to transmit
data to the BS at the position of 𝐿𝑖 = 3𝐿 is shown in Figure 5.
Since the total number of large coefficients is chosen as 𝐾 =
200, this power is decreased as we increase the number of
clusters following the intra-cluster energy consumption.
In order to work in the circular sensing area with multihop
routing, we use a greedy algorithm proposed in [35] to form a
routing tree between CHs. At each network divided into
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5

7

Total intra-clusters Power Consumption (Nc = 10 -> 300)

x 10

Temperature sensor readings from 2000 sensor nodes
3
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K-means based ICCS
LEACH based ICCS
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Intra-cluster Power Consumption
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1.5
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Number of Clusters

200

250

300

0

500

1000
Number of sensors

1500
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Figure 8. Sensor readings as temperatures collected from 2000
sensors

Figure 6. Total intra-cluster energy consumption for the
network with 2000 sensors distributed in a circular sensing area
with radius 𝑅0 = 50

Wavelet Transformed Coefficients from 2000 sensors
60
50

5

Wavelet Transformed Coefficients

14

Total Power Consumption (N = 2000; K = 300; Nc = 10 -> 300)

x 10

Multi-hop Analysis
Multi-hop with K-means
Multi-hop with LEACH
Direct Analysis
Direct with K-means
Direct with LEACH

12

P[d]  K

Power Consumption

10

8

40
30
20
10
0
-10
-20

6

-30

0

500

4

2

50

100

150
Number of Clusters

200

250

300

Figure 8 shows real sensor readings as scalar values and
Figure 9 shows their Wavelet transformed coefficients in
frequency domain. All signal energy is preserved in the
transformed vector but is now focused in relatively small

1500

2000

Figure 9. 2000 Wavelet transformed coefficients created from
2000 real sensor readings; only large coefficients are collected
to be sent to the BS.

Figure 7. Total energy consumption for all transmissions in the
network using inter-cluster multi-hop to forward 𝐾 large
coefficients the the BS in a circular sensing area with radius
𝑅0 = 50

Wavelet compression without noise and with noise (SNR = 15dB)
0.25

Normalized Reconstruction Error

different numbers of clusters, we use different transmission
ranges 𝑅 = [50 30 25 22 18] corresponding to 𝑁𝑐 =
[10 50 100 200 300]. Figure 6 shows the intra-cluster power
consumptions calculated from K-means, LEACH and the
analysis case. Kmeans minimizes the intra-cluster power
consumption. So the energy consumption from the network
arranged by Kmeans are very close to our analysis results since
we assume that all clusters have an equal size. Figure 7 shows
and compares the total energy consumptions for both methods,
direct and multi-hop to forward the coefficients to the BS. It is
shown that, if the numbers of clusters are small, the direct
method still consumes less power than the multi-hop method.
As the number of clusters is greater than 150, the multi-hop
routing methods consumes less energy than the direct one.

1000
Number of coefficients

0.2

0.15
Noiseless
Noise
0.1

0.05

0
200

250

300
350
400
450
500
Number of large coefficients collected

550

600

Figure 10. Wavelet compression reconstruction error versus
the number of large coefficients with noise and noiseless

numbers of large coefficients. If we transmit only these 𝐾 large
valued coefficients to the BS, this results in much less consumed
power than transmitting all the readings.
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In a noiseless environment, using Wavelet-based
compression can save significantly energy since the networks
only send 𝐾 large transformed coefficients (𝐾 ≪ 𝑁). As shown
in our simulation results, 𝐾 needed is only about 10% to 20%
of 𝑁 to satisfy an error-target in signal recovery processes. In
practical networks, noise is problematic. Wavelet compression
degrades quickly as shown in Figure 10. The reconstruction
errors keep increasing as the number of large coefficients
increases. So, noise in the system should be considered.

V.

[5]

J. F. Baxter Jr, “Early warning detection and notification
network for environmental conditions,” Feb. 8 2000. US
Patent 6,023,223.

[6]

M. reza Akhondi, A. Talevski, S. Carlsen, and S. Petersen,
“Applications of wireless sensor networks in the oil, gas
and resources industries,” in Advanced Information
Networking and Applications (AINA), 2010 24th IEEE
International Conference on, pp. 941–948, IEEE, 2010.

[7]

P. Ogren, E. Fiorelli, and N. E. Leonard, “Cooperative
control of mobile sensor networks: Adaptive gradient
climbing in a distributed environment,” IEEE Transactions
on Automatic control, vol. 49, no. 8, pp. 1292–1302, 2004.

[8]

M. T. Nguyen, H. M. La, and K. A. Teague, “Compressive
and collaborative mobile sensing for scalar field mapping
in robotic networks,” in 2015 53rd Annual Allerton
Conference on Communication, Control, and Computing
(Allerton), pp. 873–880, Sept 2015.

[9]

M. T. Nguyen, H. M. La, and K. A. Teague, “Collaborative
and compressed mobile sensing for data collection in
distributed robotic networks,” IEEE Transactions on
Control of Network Systems, pp. 1–1, 2017.

CONCLUSIONS AND FUTURE WORK

In this paper, we proposed Wavelet based data
compression algorithms (WDC) for clustered WSNs to reduce
energy consumption in collecting sensory data. Based on the
fact that almost all data energy focused in relatively small
numbers of large coefficients in the transformed vector, we only
send the large coefficients to the BS for the signal recovery
process. These coefficients are mapped at the BS to recover all
sensory readings from the network. We analyzed and
formulated either the intra-cluster energy consumption or the
total consumed energy for the network to transmit data.
Simulation results are provided for both consumed calculation
and the wavelet compression method. We concluded that this
Wavelet compression method degrades its performance when
working in noisy environment. We suggest an optimal case for
the networks to use multi-hop if many clusters are applied. In
future work, we will study the boundary for the number of
clusters in both noise and noiseless environments.
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