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Abstract—A large Ad Hoc network can be represented as
several sets of clusters. Each cluster contains one or more nodes
and has its clusterhead (or caryomme) chosen following an
election based on an appropriate criterion. The clusteringin
wireless networking adds scalability, reduces the computation
complexity of routing protocols, allows data aggregation and
then enhances the network performance. Several studies have
focused on clustering algorithms, providing some mechanisms
well suited to wireless sensor networks (WSN). The MaxMin
clustering algorithm proposed by [1] was generalized, corrected
and validated in [2],[3] which added the use of criteria functions
to choose appropriate clusterheads. We take part in this work
by examining comparative results of different criteria that reveal
single-node cluster phenomena. A single-node cluster is a cluster
of which the only member is its clusterhead itself. In WSN
clustering, the density of single-node clusters is a performance
criterion. We use MaxMin in a cold chain monitoring application
which shows that single-node clusters have negative impacts
on the energy consumption. In this paper we compare several
criteria including the "remaining energy" and the "link qua lity
indicator (LQI)". We propose an effective manner of using
the LQI which is among the best performant criteria. We
also propose a simple mechanism to reduce single-node cluster
phenomena which highly enhances the energy efficiency.

Index Terms—Wireless Sensors Networks (WSN); Clustering;
MaxMin; Single-node Cluster; Link Quality Indicator (LQI) .

I. I NTRODUCTION

In a cold chain monitoring application, due to the size of a
warehouse which hosts large numbers of pallets, provided each
with a temperature sensor, the WSN can reach several hun-
dreds of nodes which collaborate for sending alarms towards
the base station (BS). This application specifically collects
rare events (alarms) to ensure the proper monitoring of the
system. If the temperature is over a threshold, an alarm willbe
generated; this "interesting event" is then sent towards the BS.
In such a context, network clustering techniques add scalability
feature and then reduce the computation complexity of data
gathering and routing protocols. MaxMin [1] is a popular
clustering algorithm which has been subjected to numerous
publications. Originally, it used the node address (node ID)
as the criterion for selecting caryommes (clusterheads). This
algorithm was generalized, corrected and validated in [2],[3]
which proposed a theoretical study of the multihop clustering
in WSN; [2],[3] added the use of criteria functions to select
caryommes. In this paper, we take part in this work by
studying more general caryomme selection criteria, such as:

the Remaining energy level, the Degree of connectivity, the
Proximity with respect to the base station, the Link Quality
Indicator (LQI), and a hybrid criterion composed of any pairs
of these above criteria. The use of the LQI as defined in the
ZigBee standard [4],[5] is less efficient. So we propose an
effective manner of the LQI use which reduces the energy
consumption. In network clustering, a single-node clusteris a
cluster of which the only member is the clusterhead itself. By
running the MaxMin algorithm for a simple WSN example,
we notice a significant density of single-node clusters. It is
interesting to study this phenomenon since a less effective
criterion leads to a higher density of single-node clusters
and vice versa. Obviously, a non-clustered network can be
considered as a clustered one having as many single-node
clusters as the network size, hence the importance of havinga
low density of single-node clusters. Two main steps compose
clustering schemes: the caryomme selection followed by the
cluster construction. After the caryomme selection, the canon-
ical method allows a step by step construction of the clusters
in which the non-clustered nodes select their caryomme upon
the reception of its announcement in the d-neighborhood. The
canonical method is used by Delye in [2]. In this paper, we op-
timize the canonical method by proposing a simple mechanism
which reduces the density of single-node clusters. Applying
the MaxMin algorithm to a cold chain monitoring application,
we show how high densities of single-node clusters could have
negative impacts on the network performance especially on the
energy efficiency. In this application MaxMin is used to select
the caryommes which manage their respective clusters upon
a TDMA based organization. Regular sensors send alarms to
their respective caryommes which aggregate them and then
forward data towards the BS using the "Link Reliability based
Routing Protocol" (L2RP) we have proposed in [6]. L2RP is
run with the weighted round robin load balancing mechanism
using the "MinLQI" metric. The rest of this paper is organized
as follows. After an overview of the related works in the next
part, the next one gives a brief summary of the generalized
MaxMin algorithm proposed by [2] and [3]. In the fourth
part, a simple WSN example allows us to better understand
the concrete single-node cluster phenomenon produced by
MaxMin. Then, we present the studied clusterhead selection
criteria (in the fifth section) before presenting the proposed
single-node cluster reduction mechanism in the sixth section.



The last section presents simulation results pertaining toa
cold chain monitoring application (presented in the seventh
section).

II. STATE OF THE ART

This section takes advantage of valuable works done by
Marot in [3] which give a complete overview of recent
advances in WSN clustering protocols.
In some clustering protocols nodes become caryommes after a
randomized timer (CLUBS in [7] and RCC in [8]). However,
the criterion which commonly determines the choice of the
caryomme is the node address ([9], [10], ACE-C and ACE-
L in [11]), the remaining energy level (LMSSC in [12]) or
the degree of connectivity (such as MECH in [13]). It can
also be based upon a weight basis of several of these above
criteria (cf. DWEHC in [14], HEED in [15], WCA in [16]).
In LEACH [17], clusterheads are selected under a criterion
built on a probability function. In [18], Klaoudatou and al.
were interested in a WSN application designed for medical
surveillance, in which they select the closest node to the BSas
caryomme. Multihop clustering algorithms address two main
challenges: first, the question arises how to optimally choose
caryommes and, secondly, how to construct the parental rela-
tionship between regular nodes and their caryommes in such
a way that any common sensor can reach its clusterhead
within k hops, that is to say, how to construct an optimally
independent k-dominating set. Unfortunately, finding sucha
set is an NP-complete problem [1], so some heuristics have
been proposed. In [19], Dai and Wu proposed three algorithms
to build k-dominating sets which are also k-connected. One
method is to compare sensor values (criteria) such as node
ID, "remaining energy level", weight, etc. (cf. KHOPCA in
[20], CABCF in [21], MaxMin in [1]). It is possible that
two nodes have the same criterion value. Then, in [22] and
[2], the authors propose to consider the pair composed by the
degree of connectivity of the node and its address. Some works
([15],[23],[24],[25],[26]) introduced the notion of single-node
clusters as a performance criterion for evaluating clustering
protocols, whithout showing why single-node clusters are not a
desirable feature in WSN. HEED [15] estimates the percentage
of non single-node clusters to prove the protocol effectiveness.
Furthermore, in the state of the art, it lacks for a comparative
study of different criteria that can be used by the MaxMin
algorithm. Also, the related works do not take into account a
possible use of the link quality indicator (LQI) as a criterion
for selecting caryommes. [2] and [3] offer a valuable theo-
retical generalization of MaxMin by presenting results on the
degree of connectivity, without addressing the issue of single-
node clusters produced by MaxMin. In this paper, we study
the single-node cluster phenomenon produced by MaxMin and
compare the impact of the following clusterhead selection
criteria: "remaining energy level", "degree of connectivity",
"proximity with respect to the base station", "link quality
indicator (LQI)". We propose an effective manner of using
the LQI which is among the best performant criteria. We
also propose a simple mechanism for reducing single-node

clusters. An application designed for a cold chain monitoring
system shows the negative impacts of single-node clusters on
the network performance.

III. T HE GENERALIZED FORM OFMAX M IN ALGORITHM

This algorithm is proposed by [2],[3] as a generalization
of the earlier MaxMin algorithm proposed by [1]. It takes
place in 2d+1 rounds. The first round consists of information
exchanges to initialize the algorithm. The following d-rounds
are the floodmax phase, which is followed by the floodmin
phase composed of last d rounds.
The WSN can be modeled as a graphG = (V,E), where
two nodes are connected by an edge if they can communicate
with each other. Letx ∈ E be a node in the WSN.N1(x)
is the neighbourhood of the nodex. Let ν be a bijective
function defined inE which is a totally ordered set.
Initial phase: k = 0,

∀ x ∈ E, W0 = ν(x), S0(x) = x (1)

Floodmax phase:k ∈ [|1, d|],
Assuming that∀x ∈ E, Wk−1(x) andSk−1(x) are known in a
previous step. Letyk(x) be the unique node inN1(x) defined
by:

∀ y ∈ N1(x) \ {yk(x)} , Wk−1(yk(x)) > Wk−1(y) (2)

Wk andSk are calculated as follows:

∀ x ∈ E, Wk(x) = Wk−1(yk(x)), Sk(x) = yk(x) (3)

Floodmin phase:k ∈ [|d+ 1, 2d|],
Assuming that∀x ∈ E, Wk−1(x) andSk−1(x) are known in a
previous step. Letyk(x) be the unique node inN1(x) defined
by:

∀ y ∈ N1(x) \ {yk(x)} , Wk−1(yk(x)) < Wk−1(y) (4)

Wk andSk are calculated as follows:

∀ x ∈ E, Wk(x) = Wk−1(yk(x)), Sk(x) = yk(x) (5)

The setS of clusterheads is defined by :

S = { x ∈ E, W2d(x) = ν(x)} (6)

IV. SINGLE-NODE CLUSTER PHENOMENON

We run the MaxMin algorithm on a WSN example, where
the remaining energy of sensors is used as the criterion for
selecting caryommes. So in this example theν function is
defined as follows:

∀ x ∈ E, ν(x) = (f(x), id(x)) (7)

Where id(x) returns the address of the nodex. The total
ordering inE is defined as follows:∀x ∈ E, ν(x) > ν(y) ⇐⇒
(f(x) > f(y)) or (f(x) = f(y) and id(x) > id(y))

In this example, we consider the WSN in Fig. 1 where the
neighbourhood relationships between the 8 sensors are defined
by the hedges of the graph.



Fig. 1. The WSN used in the MaxMin examples (Tables I,II)

TABLE I
RUNNING MAX M IN ALGORITHM (D=1) FOR THEWSN IN FIG. 1

node id 1 2 3 4 5 6 7 8

W0 100 90 95 70 100 85 85 105

1 2 3 4 5 6 7 8

S0 1 2 3 4 5 6 7 8

W1 100 95 100 100 105 100 100 105

1 3 1 5 8 5 5 8

S1 1 3 1 5 8 5 5 8

W2 100 95 95 100 100 100 100 105

1 3 3 1 5 1 5 8

S2 1 2 2 3 4 3 7 5

Fig. 2. Clusters Produced by the MaxMin Algorithm (d = 1)

Fig. 3. Clusters Produced by the MaxMin Algorithm (d = 2)

TABLE II
RUNNING MAX M IN ALGORITHM (D=2) FOR THEWSN IN FIG. 1

node id 1 2 3 4 5 6 7 8

W0 100 90 95 70 100 85 85 105

1 2 3 4 5 6 7 8

S0 1 2 3 4 5 6 7 8

W1 100 95 100 100 105 100 100 105

1 3 1 5 8 5 5 8

S1 1 3 1 5 8 5 5 8

W2 100 100 100 105 105 105 105 105

1 1 5 8 8 8 8 8

S2 3 3 6 5 8 5 5 8

W3 100 100 100 100 105 100 105 105

1 1 1 5 8 5 8 8

S3 1 2 1 3 4 3 5 5

W4 100 100 100 100 100 100 105 105

1 1 1 1 5 1 8 8

S4 1 2 1 3 4 3 5 5

This MaxMin example, ran for d = 1, produces 4 caryommes
(1,3,5,8). The clusters represented by caryommes 1 and 8 are
single-node clusters (Fig. 2).

The same WSN computed in MaxMin algorithm, run for d
= 2, produces 3 caryommes (1,5,8). The cluster represented
by the clusterhead 8 is a single-node cluster (Fig. 3). As
we can see on the example above, the single-node cluster
phenomenon is a real fact. This phenomenon is especially
important, because the density of single-node clusters (50%
and 33%) produced by MaxMin is not negligible. We are
now interested in studying this phenomenon by comparing the
criteria presented in the following section

V. CLUSTERHEAD SELECTION CRITERIA

A. Remaining energy level

The remaining energy of a sensor could be a criterion for
selecting caryommes since a node with a better battery life
seems to be a better candidate for the cluster management and
the data aggregation. Conversely, if a sensor with low poweris
selected as a clusterhead, this can lead to packet losses because
it might not have enough batteries to aggregate the received
events; it also might not be able to send the aggregated data
towards the BS. In this paper, we consider that each node
knows its energy level.

B. Sensor proximity with respect to the base station (BS)

We consider a WSN deployed with a base station where
each node knows its exact location and that of the BS. As the
main goal of the application is to send events towards the BS,
it seems natural to look at the criterion defined as follows:

Ci = 1/d(Si, BS) (8)

Whered(Si, BS) is the distance seperating the sensorSi from
the BS. We choose the inverse of the distance to promote the
election of the closest sensor to the BS.



Fig. 4. Example of a WSN with LQI values of the links

C. Degree of connectivity

The degree of connectivity of a node, i.e. the number
of its neighbors, is also a criterion that seems interesting
to study. Intuitively, the more neighbors a sensor has, the
more it seems to be an appropriate candidate as clusterhead,
since a sensor with a low degree of connectivity might have
little information, from its neighbourhood, to aggregate and to
forward to the BS. In the initial phase, each sensor is involved
in the neighbourhood information exchanges (hello protocol),
which allows it to determine its degree of connectivity and the
BS location.

D. Link Quality Indicator (LQI)

In the Zigbee standard [4],[5], the LQI measurement is
defined as a characterization of the strength and/or quality
reception of a packet. The use of the LQI result by the network
or the application layers is not specified in [4],[5]. The LQI
measurement is performed for each received packet, and the
result is reported to the MAC sublayer as an integer ranging
from 0 to 255. The minimum and maximum LQI values (0 and
255) are associated with the lowest and the highest quality
IEEE 802.15.4 reception detectable by the receiver, and the
LQI values in between are distributed between these two limits
[4], [5].

For moteiv′s Tmote Sky [27] sensors equipped with
chipcon′s CC2420 [28], the LQI values range from 50 to 110.
Even so, we stick with the ZigBee standard [4],[5]. Then, we
use standard values (i.e. 0, 255), instead of those of CC2420.
In this paper, we define three LQI based clusterhead selection
criteria: AvgLQI, MaxLQI and MinLQI. The AvgLQI is the
average calculated from the LQI values of all the links between
the node and its neighbors. AvgLQI values give a characteri-
zation of sensors throughout their respective coverage quality.
This criterion might be useful in the context of the WSN
deployed in a warehouse which hosts a large number of pallets,
one upon the other. Such an environment is proned to high
unreliability of wireless links. The MaxLQI criterion is the
maximum LQI value which matches to the standard definition
of the LQI [4],[5] used in the MultiHopLQI routing algorithm
[29],[30]. As for the MinLQI, it is the minimum value beyond
the given LQI threshold. For example (Fig. 4), assuming that

TABLE III
LQI CRITERIA VALUES RELATED TO THEWSN IN FIG. 4

Sensor ID 1 2 3 4 5 6 7 8

AvgLQI 150 120 115 120 130 135 80 120

MaxLQI 150 120 150 140 180 180 80 120

MinLQI 150 120 100 100 120 180 80 120

the LQI threshold for an acceptable link quality is 100, the
MinLQI for node 5 is 120 (LQI of link 5-8) instead of 80
(LQI of link 5-7). Thus, Table III gives LQI values for the
WSN in Fig. 4.

E. Composite criteria (Hybrid)

In this paper, we define the composite criteria (hybrid) as
follows:

Hybrid(LQI,Ci) = α ∗ LQI + (1 − α) ∗ Sc(Ci) (9)

Hybrid(Ci, Cj) = α ∗ Sc(Ci) + (1 − α) ∗ Sc(Cj) (10)

where Sc(Ci) is a scale function which returns remaining
energy values comparable to LQI values. It helps avoiding
the composite criteria to be strongly influenced by theCi

component in equation (9):

Sc(Ci) = β +
Ψ ∗ log(1 + (Ci − Ci,min))

log(1 + Ci,max)
(11)

WhereCi is a criterion,Ci,min (resp.Ci,max) is the minimum
(resp. maximum) value ofCi. If Ci is the remaining energy of
the node,Ci,min represents the value under which, the sensor
is considered dead (battery depletion); whileCi,max is the
initial amount of energy provided with each sensor.β = 50,
ψ = 255.
Like the LQI criteria definitions, we can also define AvgHy-
brid, MaxHybrid and MinHybrid criteria depending on
whether, we are respectively considering AvgLQI, MaxLQI
and MinLQI as defined in Table III.

VI. SINGLE-NODE CLUSTER REDUCTION(SNCR)

After the selection of caryommes using the generalized form
of the MaxMin algorithm, clusters are then built, accordingto
the following mechanism. This mechanism is compared, later
in simulations, with the canonical method presented in [2],[3].

• At the end of the MaxMin floodmin phase, each cary-
omme initializes a timerWT inversely proportional to its
degree of connectivity.

• At the expiration of the timerWT , the first caryomme
which has the highest degree of connectivity, informs its
neighbourhood that it is a selected clusterhead by sending
a "CH-INFORM-MSG" packet.

• The "CH-INFORM-MSG" message contains the cary-
omme IDid(CHi) and has a time-to-live equal to d (the
same d as in the MaxMin algorithm). It is retransmitted to
all nodes within d-hops from the originating clusterhead.

• Upon reception of a "CH-INFORM-MSG" message, each
neighbor which has not yet chosen a clusterhead, chooses



the sender as caryomme, decrements the TTL and then
forwards the "CH-INFORM-MSG" message to its neigh-
bors.

• Upon reception of a "CH-INFORM-MSG" message, by
another clusterhead, it creates a list "SRC-INFORM-
MSG" of senders which contains node IDsid(Si) of
sensors from which the message is received. This node ID
is not necessarily the one of the originating caryomme.

• The caryommes send their "CH-INFORM-MSG" mes-
sages in descending order of their respective degree of
connectivity, until all caryommes have announced their
state.

• A clusterhead of single-node cluster recognizes itself by
the fact that its "CH-INFORM-MSG" message is not
retransmitted by any of its neighbors. Such a clusterhead
inspects its "SRC-INFORM-MSG" list. If its list is not
empty, it chooses the first node of its list as caryomme. If
its "SRC-INFORM-MSG" list is empty, then the cluster-
head has no neighbor. This denotes a single-node cluster
arising from the topology deployment of the WSN.

The waiting timeWT is calculated according to the following
formula:

WT (CHi) = τ +
ζ

1 + log(1 + δi + id(CHi)
Γ ∗ δi)

(12)

Whereτ andζ are small nonzero positive constants,δi is the
degree of connectivity of the clusterheadCHi and id(CHi)
returns its address.Γ is a constant which is larger than the
network size (Γ = 106, for example). This timer function
avoids collisions between caryommes having the same degree
of connectivity. If δi = 0, then the clusterheadCHi has no
neighbor. This also denotes a single-node cluster arising from
the topology deployment of the WSN.

VII. C OLD CHAIN MONITORING APPLICATION

A. Network organization and deployment

The application is designed for a cold chain monitoring
purpose. Its goal is to monitor a warehouse by logging alarms
originating from sensors. Alarms are generated when the
sensed temperature exceeds a given threshold. After a first
phase consisting of hello exchanges, the MaxMin clusteriza-
tion algorithm is run. Then, each caryomme manages a TDMA
organization (Fig. 6) by assigning one slot time (TSlot(Si))
to each one of its cluster members. To save energy, sensors
switch in "sensing mode" and turn off their respective radios
while leaving sensor modules in the active mode in order to
continue collecting events. Then, in the data collection phase
(TData = 1s) sensors wake up in turn upon their respective
time slots in which each sensor sends its alarms to its re-
spective caryomme. Since, the caryommes do not necessary
form a connected backbone, all sensors wake up during the
routing phase (Fig. 6) in which each caryomme aggregates the
received alarms and then sends towards the BS. In the routing
phase, only caryommes are sources of data packets. Other
regular sensors are only participating in the routing effort
by retransmitting received data towards the BS. The routing

Fig. 5. Active/Sleep mode organization of the WSN

protocol used is the "Link Reliability based Routing Protocol"
(L2RP) we have proposed in [6]. It is run with the weighted
round robin load balancing mechanism using the "MinLQI"
metric. The routing phase(TRouting = 1min) is followed
by a long sensing one(TSleep = 8min59s). With these time
values, the total duration of a complete cycle (Sensing, Data
collection, Routing) isTCycle = 10min. The assigned time
slots to each regular clustered sensor are computed as follows:

TSlot(Si) =
TData

ηi

(13)

Whereηi is the number of regular sensors which are in the
same cluster asSi.

In the simulation model N sensors are randomly deployed
over an area of length L=100m, and width l=100m. The base
station is located at the (0,0) location. Each node generates
alarms, which are sensed data over than the temperature
thresholdTempmin, following the Poisson process of parame-
terλ = 1. The transmission range of each sensor (including the
BS) is R = 20m. Each node knows the value of its remaining
energy level, its location and that of the BS. At the beginning
of the network deployment, the BS broadcasts a message
containing its location. This information is then retransmit
to all sensors in the network. In this phase, the degree of
connectivity and the initial LQI values are calculated.

B. Energy consumption model

As in [31] and [32], letETx(k, d) the energy consumed to
transmit a k bits message over a distance d [17]:

ETx(k, d) = Eelec ∗ k + εamp ∗ k ∗ d2 (14)

Let ERx the energy consumed to receive a k bits message:

ERx(k, d) = ERx−elec(k) = Eelec ∗ k (15)

Eelec = 50nJ/bit and ε = 100pJ/bit/m2 (16)

The energy consumed by a sensorSi in Active/Sleep modes
is calculated following the model proposed by [33]:

ERadio(Si) = PActive ∗ TActive + PSleep ∗ TSleep (17)

As in [33], PActive = 1040mW andPSleep = 200mW .
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C. LQI model

After the WSN deployment in the warehouse, the BS
initially broadcasts a message containing its location. This in-
formation is then retransmitted to all sensors in the network. In
this phase, each node knows its degree of connectivity. Then,
initial LQI values are calculated by using theLQI(Si, Sj)
function defined below (similarly to the scale functionSc
defined in the composite criterion in equation (11)):

LQI(Si, Sj) = β +
Ψ ∗ log(1 + (γi

j − γi
min))

log(1 + γi
max)

(18)

γi
j = 1/d(i, j) (19)

γi
min = Minj{γ

i
j} (20)

γi
max = Maxj{γ

i
j} (21)

Whereβ = 50, ψ = 255 andd(i, j) is the distance seperating
Sj from Si. The choice of this model is guided by experimen-
tal results shown in [34] and [35] which stated that the LQI de-
creases when the distance between nodes increases in Zigbee-
based WSN. As we can see,LQI(Si, Sj) 6= LQI(Sj , Si).
Hence, the model allows to take into account asymetrical
aspects of wireless links. In Fig. 7, we plot an example of
LQI values produced by this model, when a nodeSSRC has
neighbors as shown in Table IV.

TABLE IV
EXAMPLE : DISTANCE SEPERATING NEIGHBORSSj FROM SSRC

Node ID (Sj ) 1 2 3 4 5 6 7 8
DSRC

j
5 10 15 20 25 30 35 40

VIII. S IMULATION RESULTS

Simulations are run for a network size ranging from 100
to 500 nodes. The performance results presented here are
obtained by averaging the results for 100 different simulations
for each scenario, except for the scenario of the caryomme
location (Fig. 19, 20 and 21) for which 80 different simulations
were run. For each simulation, a new random node layout is
used. In all simulation results presented below,α = 0.5 for the
composite criteria as defined in equations (9) and (10). Then,
the MinHybrid criterion (resp. MaxHybrid) is composed of

100 150 200 250 300 350 400 450 500
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

Network Size (N−node)

A
ve

ra
ge

 d
en

si
ty

 o
f C

lu
st

er
he

ad
s

Canonical method, d = 1

Proximity with respect to the BS
Remaining Energy Level
Degree of Connectivity
AvgLQI
MinLQI
MaxLQI

Fig. 7. Average density of clusterheads (canonical method)

100 150 200 250 300 350 400 450 500
0

0.01

0.02

0.03

0.04

0.05

0.06

Network Size (N−nodes)

A
ve

ra
ge

 R
at

io
 o

f C
lu

st
er

 S
iz

e 
di

vi
de

d 
by

 N
et

w
or

k 
S

iz
e

Canonical method, d = 1

lqimax
lqimin
lqimoy
conn
energy
dist

Fig. 8. Average cluster sizes divided by network size (canonical)

50% of the "Remaining energy" criterion and of50% of the
"MinLQI" (resp. MaxLQI) criterion.

A. Single-Node Cluster Reduction (SNCR)

The Fig. 8 shows the average density of clusterheads pro-
duced by the MaxMin algorithm combined with the canonical
method of cluster construction. The "Proximity with respect
to the BS" criterion has an average density (around45%)
relatively high compared to other criteria. It is followed by
the "Remaining Energy Level" criterion (between25% and
30%), and then by the "Degree of Connectivity" criterion.
The AvgLQI, MinLQI and MaxLQI criteria produce lower
densities of clusterheads which decrease when the network
density increases.

The Fig. 9 shows the ratio of the average cluster size divided
by the number of sensors in the network. The clusters are
formed by the canonical method. This result confirms the
previous one, because the criteria that produced the most
of caryommes (Fig. 8) are those which have the smallest
average ratio of cluster size. So it is consistent to have in the
decreasing order of the average ratio of cluster size: MaxLQI,
MinLQI, AvgLQI, degree of connectivity, and "Remaining
Energy Level", "Proximity with respect to the BS".

The Fig. 10 shows the average density of single-node
clusters produced by MaxMin combined with the canonical
method of cluster formings. The "Proximity with respect to
the BS" (from62% to 75%)and "Remaining Energy Level"
(between30% and 60%) criteria produces high densities of
single-node clusters which increase when the network density
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Fig. 10. Average density of single-node clusters (canonical method)
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Fig. 11. Average density of single-node clusters (canonical method)
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Fig. 12. Average density of single-node clusters (canonical method)

increases. This explains the previous result (Fig. 8) in which
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Fig. 13. Average density single-node cluster reduction (SNCR)
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Fig. 14. Average ratio of clusterheads (Remaining Energy, d=1)

these two criteria produced more clusters than other criteria.
The densities for the Hybrid and LQI criteria remain low
at around20%. The "degree of connectivity" criterion has
the lowest density of single-node clusters (under10%). The
Fig. 11 for "Remaining Energy Level" (resp. Fig. 13 and
Fig. 12 for MinLQI and the "degree of connectivity") shows
that the average density of single-node clusters is decreasing
when the MaxMin d parameter increases. For the "degree of
connectivity" criterion, there is no single-node clustersas soon
asd = 4 (Fig. 12).

The Fig. 14 shows the single-node cluster reduction den-
sity produced by the proposed single-node cluster reduction
(SNCR) mechanism. For all studied criteria, the reduction
percentage is100%. This means that all the single-node
clusters, produced by MaxMin run with the canonical method,
have been eliminated by this reduction mechanism, whatever
the criterion under consideration. Accordingly, in a wireless
sensor network where there is zero non-connected node (i.e
each sensor has at least one neighbor), this mechanism totally
eliminates the single-node cluster phenomenon.

The figures (Fig. 15,16,17 and 18) shows the average ratio
of clusterheads for each criterion by comparing the resultsob-
tained with the canonical method of cluster constructions and
with the single-node cluster reduction mechanism (SNCR).
SNCR produces less number of clusterheads than the canonical
method. The gap, due to single-node clusters, is largest for
the "Proximity with respect to the BS" criterion (20% to
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Fig. 15. Average ratio of clusterheads (Proximity BS, d=1)
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Fig. 16. Average ratio of clusterheads (Degree of connectivity, d=1)
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Fig. 17. The average ratio of clusterheads (MinLQI, d=1)

45%, Fig. 16). The difference is also relatively substantial for
the "Remaining Energy Level" criterion (from 10 to20%).
The results for other criteria are: degree of connectivity (6%,
constant gap), MinLQI (decreasing differences from 6 to2%
when the network size increases)

B. Positions of caryommes

The Figures 19, 20 and 21 display the clusterheads selected
with MaxMin combined with the single-node cluster reduction
(SNCR) mechanism. These results show that the locations of
caryommes are not optimal when the "Proximity with respect
to the BS" (Fig. 19) and the "degree of connectivity" (Fig. 20)
are used as criterion. As for MinLQI (Fig. 21), clusterheads
are sufficiently outspread which denotes better locations for
clusterheads. The locations of caryommes generated by the
degree of connectivity criterion are not optimal because if
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Fig. 18. Positions of caryommes (SNCR, Proximity-BS, d=1)

0 10 20 30 40 50 60 70 80 90 100
0

10

20

30

40

50

60

70

80

90

100

Length (L = 100m)

W
id

th
 (

l =
 1

00
m

)

SNCR : Positions of Clusterheads, Criterion = Degree of Connectivity, d = 1, N = 500 nodes
Regular Nodes
Clusterheads

Fig. 19. Positions of caryommes (SNCR, Degree of Connectivity, d=1)
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Fig. 20. Positions of caryommes (SNCR, MinLQI, d=1)

a node has a high degree of connectivity, then its closest
neighbors also have a high degree of connectivity. So this
criterion promotes the creation of neighboring nodes as clus-
terheads. Likely, for the "Proximity with respect to the BS",
if a node is close to the BS, its nearest neighbors are also
close to the BS. Conversely, choosing the MinLQI criterion
promotes the election of sensors enough apart from each other.
This leads to a better geographical distribution of caryommes.
If caryommes are not sufficiently separated from each other,
this affects the energy efficiency of the network. Indeed, when
a "regular node" communicates with its own caryomme, the
other neighboring caryommes hear the communication which
is not intended to them. Therefore the energy consumption
increases. Furthermore the risk of collision also increases be-
cause two neighboring nodes which have distinct clusterheads
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Fig. 21. Average rate of remaining energy (SNCR, d=1)
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Fig. 22. Average rate of remaining energy (Proximity-BS)
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Fig. 23. Average rate of remaining energy (Degree of Connectivity)

could try to communicate simultaneously with their respective
clusterheads which are also in the same radio range.

C. Energy consumption

The application consists of three main phases: the MaxMin
phase, the data collection phase and the routing phase (Fig.
6). The MaxMin phase is composed of clustering ones (initial,
floodmax and floodmin phases), followed by the step of cluster
formation (canonical vs. SNCR).

The Figures 22, 23 and 24 show the average rate of
the remaining energy after running the MaxMin algorithm:
floodmax, floodmin and cluster formation using SNCR. The
MaxMin energy consumption depends on the criterion used
to select caryommes. MaxMin consumes less energy with
MinLQI. The "Proximity with respect to the BS" and the
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Fig. 24. Average rate of energy consumed by phase (Energy, d=1)
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Fig. 25. Average rate of the consumed energy by phase (SNCR, d=1)

"degree of connectivity" criteria consume much more energy.
The Fig. 23 denotes that increasing the value of d (d=1,2,3),
has the effects to increase the MaxMin energy consumption
for the "Proximity with respect to the BS" criterion for which
the energy consumption begins to decrease sinced = 4.
Conversely, for other criteria (Fig. 24 shows the "degree of
connectivity" criterion), increasing the value of d has the
effects to decrease the energy consumption (sinced = 1) of
the MaxMin algorithm. Increasing the d parameter increases
the number of rounds for floodmax and floodmin. Thus, the
energy consumption also increases in these phases when the
depletion of the caryomme density is not significant (Fig.
23). However, when the d parameter increases, the number of
caryommes (sometimes considerably) decreases and therefore
the number of "CH-INFORM-MSG" messages. The overall
energy consumption decreases when the depletion of the
number of caryommes is important (Fig. 24).

The Figures 25 and 26 show the average energy consumed
in each phase, considering the "Remaining energy level" and
MinLQI criteria. The Figures 27 and 28 are related to the
energy consumption of the "Proximity with respect to the BS"
criterion. We compare the case where clusters are formed by
the canonical method with the single-node cluster reduction
mechanism (SNCR). These results show that the MaxMin
phase is the one that consumes less energy. Moreover, its
rate of energy consumption is relatively low (from 2 to7%)
compared with energy expenditure in the data collection phase
where each sensor sends alarms towards its caryomme (from
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Fig. 26. Average rate of the consumed energy by phase (Proximity-BS, d=1)
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Fig. 27. Average rate of the consumed energy by phase (Proximity-BS, d=1)
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Fig. 28. Average rate of the remaining energy (d=1)

38 to45%). The routing phase, in which alarms are aggregated
and sent from each caryomme to the base station, consumes
more energy (approximately from 60 to48%).

The Fig. 29 shows the average rate of the remaining energy
in the network after a complete cycle (node deployments,
MaxMin clustering, data collection, routing and sensing phase
Fig. 6). The MaxLQI, MinLQI and remaining energy criteria
are compared in the two mechanisms of cluster formations
(canonical and SNCR). The SNCR mechanism is more energy
efficient than the canonical method. This is explained by
previous results in which SNCR totally eliminates single-
node clusters and then produces less number of clusterheads
than canonical method. Due to the high density of single-
node clusters, the large amount of energy spent in the routing
phase causes a less energy efficient clustering scheme when
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Fig. 29. Average rate of the remaining energy (d=1)
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Fig. 30. Average rate of the consumed energy by phase (SNCR, d=1)

canonical method is used. This result denotes that a high
density of single-node clusters has negative effects on energy
consumption. Moreover, MinLQI is more energy-efficient than
MaxLQI which matches the Zigbee standard definition.

The Fig. 30 displays the average rate of the remaining
energy in the network after a complete cycle for the following
criteria: "proximity with respect to the BS", "degree of con-
nectivity" and "MinLQI". These criteria are compared in both
canonical and SNCR mechanisms. MinLQI is more energy
efficient than other criteria. The "degree of connectivity"
criterion has the worse energy efficiency, its average rate of the
remaining energy significantly decreases. The Fig. 30 shows
that this criterion is also less energy efficient with clusters
produced by the canonical method. The figures Fig. 31 and
Fig. 32 (for SNCR) denote that the "degree of connectivity"
criterion consumes much more energy in the routing phase
compared with other critera (compare also Fig. 26 with Fig.
31). This explain why this criterion is less energy efficient
than others: the relative locations of selected caryommes are
not optimal. In such a situation this criterion leads to high
energy consumption even if it produces low number of single-
node clusters (Fig. 10).

IX. CONCLUSION

In this report, we studied the single-node cluster phe-
nomenon pertaining to the MaxMin clustering algorithm. We
compared several clusterhead selection criteria and then pro-
posed a simple single-node cluster reduction (SNCR) mecha-
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nism. We also proposed a performant manner of using LQI-
based criteria (MaxLQI, MinLQI). The density of single-node
clusters is relatively high for the "Proximity with respectto
the BS" criterion and for the "Remaining energy level". The
"degree of connectivity" criterion has the lowest average den-
sity of single-node clusters. However, even if the phenomenon
exists it is less important for LQI and Hybrid criteria. The
"Proximity with respect to the BS" criterion is less performing
than the "Remaining energy" which provides intermediate per-
formance. The "degree of connectivity" is the worse energy-
efficient criterion because the locations of selected caryommes
are not optimal. By setting a given LQI threshold, i.e a
value of acceptable LQI, and considering the lowest LQI
value beyond this threshold, we obtain the optimal MinLQI
criterion which highly enhances the energy-efficiency. Thus
MinLQI is better than MaxLQI which matches the Zigbee
standard definition. Single-node clusters have the drawback
of increasing the energy consumption. The proposed single-
node cluster reduction mechanism eliminates all connected
single-node clusters in the WSN, and then improve the energy
efficiency of the network. This work shows that, although it
is important to be performant in selecting clusterheads, the
step of forming clusters is also crucial. In this step reducing
single-node clusters should be the primary objective in order
to achieve energy efficiency.
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