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Fuzzy Rule-Based Mobility and Load Management for Self-
Organizing Wireless Networks

Jorg Habetha and Bernhard Walke?

Mobility management in a cluster-based, multihop ad hoc network is studied. It is shown that the
process of clustering the network into groups of stations has similarities to data analysis, in partic-
ular, pattern recognition. In data analysis, the telusteringrefers to the process of unsupervised
learning, which also describes the situation in a mobile ad hoc network.

In this paper, existing data-clustering algorithms are first classified into different categories.
Some of the most important types of algorithms are afterwards described, and their applicability to
the problem of mobility management in an ad hoc network is studied. It is shown that most of the
pattern-recognition algorithms are not suited to the application under consideration.

This is why we have developed a new clustering scheme that incorporates some of the ideas
of the data classification schemes. The new clustering scheme is based on a rule-based fuzzy infer-
ence engine. The main idea consists of the consideration of dynamic clustering events chosen as a

consequence of the fuzzy rules. Four types of clustering events are considered.
The performance of the clustering algorithm has been evaluated by computer simulation.
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1. INTRODUCTION have already been completed: Bluetooth, wireless PAN,
IEEE802.11a, WLAN and HIPERLAN/2, WLAN and
Wireless networks can be divided into infrastruc- IHDN.
ture-based and self-organizing networks. Self-organiz- The size of the area covered by ad hoc networks is
ing, so-called ad hoc networks were mainly used by thein general much bigger than the transmission range of the
military in the past, but various other applications are stations. Communication between two stations therefore
foreseen today. Examples apersonal area networks involves several other stations, which have to forward
(PAN) for short-range communication of small user de- the data. This means that ad hoc communication results

vices,wireless local area networkSVLAN) mostly for in multihop networks, whereas infrastructure-based com-
user and data communication, anehouse digital net- munication, typically, uses only one radio hop.
works (IHDN) for audio, video, and data exchange. The Two classes of ad hoc networks can be distin-

initial communication standards with ad hoc capability guished: decentralizedand cluster-basedad hoc net-
works. In decentralized ad hoc networks, the access
Lo . scheme as well as the network management is com-
Philips Research, Weisshausstrasse 2, D-52066 Aachen, Germany. . .
E-mail: joerg.habetha@philips.com plete_ly Qecentrallzeq. Ap example of such a network is
2 Aachen University of Technology, Chair of Communication Net- thedistributed coordination functio(DCF) of the IEEE
works, Kopernikusstr. 16, D-52074 Aachen, Germany. 802.11 system. Advantages of decentralized systems are
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their relatively low complexity and their robustness terminal which has the lowest average distance becomes
against failures. In cluster-based networks, certain func-the CC. Instead of the average distance, the total traffic
tions like themedium access contr@AC) or therout- of a terminal could also be chosen as clustering criterion.
ing are performed by one specific station per cluster, theWith such a decision value it can be expected that the
so-calledcluster headbr central controller(CC). These traffic forwarded among the clusters is minimized [4,5].
functions do not necessarily have to be carried by the Other algorithms have been proposed that, for ex-
same station all the time. The functions can, of course,ample, take into account the mobility of the stations [6]
be handed over to another station in the same cluster thabr the influence of power control on the size of the clus-
is able to carry them. Centralized networks ease the pro+ers [7].

vision of quality of service (because centralized polling To our knowledge, in none of the previous studies has
schemes can be applied), and they allow for a possiblethe similarity of the clustering in an ad hoc network to the
reuse of infrastructure-oriented protocols and equipment.classification of data objects in the framework of pattern
Especially due to this last characteristic, cluster-basedrecognition been analyzed. In the area of data analysis, a
network architectures are interesting candidates for hy-huge amount of algorithmic solutions to the clustering
brid networks, in which large parts of the network rely problem have already been developed. It is the aim of this
on an installed infrastructure and where ad hoc networkswork to review the available material, to assess its suit-
are automatically set up if no preinstalled infrastructure ability for ad hoc networking, and, finally, to extract some
is available. ideas in order to generate a clustering algorithm for mobil-

This paper is concerned with cluster-based net- ity management in self-organizing wireless networks.
works and especially the mobility management of the The remainder of the paper is organized as follows.
stations. Mobility management basically comes down to In Section 2 the considered cluster-based system archi-
building and administering clusters of wireless nodes. tecture and a possible realization of the lower protocol
Severallusteringalgorithms have been proposed so far. layers are described. An overview of algorithms used in
Two of the first algorithms proposed have beenldhe the framework of data analysis and classification is given
est ID and thehighest connectivitalgorithms [1,2]. In in Section 3. Based on the results of the analysis of the
the lowest ID (LID) algorithm, all stations have a net- existing algorithms, their suitability for mobility manage-
workwide unique identifier (ID), which is periodically ment in a wireless ad hoc network is assessed in Section
broadcast by each station and received by the direct4d. As none of the algorithms perfectly matches the re-
neighbors. Each terminal compares the IDs of its neigh- quirements, a new clustering algorithm is developed next.
bors with its own ID and decides to become a CC if its A performance evaluation of the new clustering scheme
own ID is lower than all other IDs received. As the name is carried out in Section 5. This section also contains a de-
implies, thehighest connectivitalgorithm is based on  scription of the assumed mobility models, routing algo-
the connectivity, i.e., the number of direct neighbors, of rithms, and the simulation scenario. The paper concludes
a node. As in the lowest ID algorithm, each terminal pe- with a summary and an outlook on open research issues.
riodically broadcasts its own connectivity value to its di-
rect neighbors. The neighbors will compare their own
connectivity with the connectivity of all neighboring ter- 2. SYSTEM ARCHITECTURE AND LOWER
minals and become a CC if their own connectivity is PROTOCOL LAYERS
higher than all other values received.

Several extensions of these basic algorithms have In this section, we describe one possible realization
been proposed. We have ourselves proposed an extersf a cluster-based ad hoc network on the physical as well
sion of the LID algorithm, which we have called the as DLC layer. However, it has to be noted that the mo-
highest IDalgorithm in order to distinguish it from the bility management algorithms presented in the remainder
LID. The aim of the modified algorithm is to take ca- of the paper are independent of the concrete physical and
pacity restrictions inside the clusters into account and toDLC layer characteristics and apply to the general class
open additional clusters not only if another terminal with of cluster-based systems.

a lower ID is detected but also if the capacity of a clus- In [5,8] we have presented the concept of a cluster-
ter is exhausted [3]. Another algorithm, which could be based multihop ad hoc network basedrequency divi-
considered as an extension of the highest connectivity al-sion multiplexing(FDM) among clusters antime divi-
gorithm is ourlowest distance valuasp. highest re- sion multiple accesTDMA) inside the clusters. In the
ceived signal strength (RS&porithm [4,5]. The idea is  following two sections the network architecture as well
to not only take into account the number of neighboring as some details of the physical addta link control
terminals but also the distance to these neighbors. ThgDLC) layer will be described.
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2.1. System Architecture ture in two different clusters and the lowest row the pres-
) ) ) ence times of the FT in cluster 1 and 2, respectively, on
The system is organized according to lthk-clus- frequency f1 and f2. It can be seen that the MAC frames

tered architecturg9,10], which foresees the formation iy the two clusters are, in general, not synchronized.

of clusters of terminals for contention-free operation in- Consequently, the FT is not only absent during the fre-
side the clusters. In contrast to the system presented i’huency switching tim&s but loses also waiting tinig,
[1,2], where clusters are separated by orthogonal spreadyni| the beginning of the next MAC frame.

ing codes, each cluster operates on a different frequency  pMechanisms to improve the efficiency of the for-

in the system considered. In each cluster one station,yarding mechanism (e.g., by means of double-trans-
called the central controller (CC), generates MAC  ceijvers) are discussed, for example, in [11].

frames and allocates transmission slots to all terminals in - A very important characteristic of the concept de-
its cluster. The clusters are interconnected on the MAC gcriped is the possibility of reusing existing protocols de-

level by so-calledorwarding terminals(FT), which are  yeloped for infrastructure-based systems. Therefore, the
located in the overlapping zones of the clusters and par-system architecture presented is compatible with existing or

ticipate in the communication of two clusters. This is dif- ¢cyrrently developed WLAN standards for the 5 GHz band.
ferent from the general link-clustered architecture, where

clusters do not necessarily have to overlap and where
two terminals can form a so-call€listributed gateway. )
In our system, however, interconnection of clusters is 2-2. Physical and DLC Layer

achieved by one single FT. This is illustrated in Fig. 1. For our example system we assume operation in the

Because each cluster operates on a different fre-yplicensed 5 GHz band and conformance to the harmo-
quency, the FTs have to switch from one frequency 10 nized physical layer of the IEEE 802.11a and the ETSI
another and can be present in only one cluster at a timeHiperLAN/Z (HL/2) systems. This physical layer is
This mechanism is illustrated in Fig. 2, where the two pgged onorthogonal frequency division multiplexing
upper rows of rectangles represent the MAC frame struc-(OFDM) with 52 subcarriers. Each subcarrier can be
modulated with four different modulation schemes
(BPSK, QPSK, 16QAM, and 64QAM). Forward error
correction is achieved with a convolutional code with
code rate 1/2 and constraint length 7. Different code rates
(1/2, 9/16, and 3/4) are achieved by the application of
puncturing schemes. A combination of a modulation
scheme and code rate is calledPldY-mode With the
highest PHY-mode (64QAM3/4), a data rate of 54
Mbit/s is achieved.

On the DLC layer either the centralized mode of op-
eration of the 802.11 system, callpdint coordination
function (PCF) orhybrid coordination functiorfthe lat-
ter is currently discussed in the IEEE 802.11e subgroup),
or the DLC protocol of the HIPERLAN/2 system could
be applied. Taking the example of the HIPERLAN/2
protocol, a CC generates MAC frames with a duration of
2 ms, in which time division multiple access (TDMA) is
Fig. 1. Cluster-based networking concept. employed. Short slots (9 bytes payload) are used for the

FT f (SR f 5 f

Fig. 2. Absence times of the forwarding terminal.
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resource request and ARQ feedback messages of the tethis section, we will classify the decision-theoretic algo-
minals. Long slots (48 bytes payload) are used for therithms according to the following criteria:
transmission of user data. The usage of a slot is granted
by the CC on the basis of the resource needs of the ter-
minals. More details regarding the IEEE 802.11 and
HIPERLAN/2 DLC protocols and a performance evalu-
ation can be found, for example, in [12,13].

As mentioned earlier, the clustering algorithms are In Fig. 3 the three-dimensional classification of the algo-
also applicable to a variety of other physical and DLC rithms is illustrated.
layer protocols. Regarding the underlying mathematical theory, we
distinguish betweercrisp and fuzzy algorithms. The
fuzziness can either refer to the attributes of the data ob-
jects or to the definition of the data subgroups with re-
spect toclassesor clusters.

Four types of algorithms can be distinguished:

» The underlying mathematical theory

» The characteristics of the algorithm itself

* The behavior of the system, with respect to data
objects, in time

3. DATA ANALYSIS AND CLUSTERING

The task of grouping terminals into clusters accord-
ing to certain criteria is similar to what is usually done in

the framework of data analysis. The most important sci- » Graph-theoretic algorithms
entific means for automatic data analysis isdlassifi- * Iterative algorithms

cation of data, also known ggattern recognitionThe » Knowledge-based algrithms
term data analysiswith respect to pattern recognition, * Neural networks

describes the process of searching the structure in agiverﬂ/lost of the alaorithms exist in criso or fuzzy formula-
set of data [14]. The most important steps in this process g P y

. o . . tion. In the following, we will consider the iterative, i.e.,
are the identification of characteristic attributes of the .= . .
. . . ... _objective-function based, and the knowledge-based algo-
data objects and the devising of a mechanism to partition

the data objects into a number of subgroups according tomhmS in fuzzy forn_]ulatlon (a§ shaded in gray n Fig. 3).
: As far as the time behavior of the system, i.e., data
these attributes. ; . . . .
set, is concerned, it can be either static or dynamic. Most

Commonly, a distinction is made between super- . . . .
. . " .~ of the clustering algorithms consider the situation at a
vised and unsupervised pattern recognition. Supervised_.

pattern recognition deals with the classification of data given point in time and have to be refe_:rred to as static al-
gorlthms. Only recently have dynamic clustering algo-

O.bJeCtS n the case that the membership values_ of a set Ofithms been developed that take the dynamic character of
given objects to a certain number of classes is known. . : .
the system, i.e., data objects, into account.

Supervised pattern recognition is therefore mainly con-
cerned with the development of a suitable mechanism
(called theclassificato) in order to classify new objects

in the future according to the past data.

In the case of unsupervised pattern recognition, the . .
membership values of data objects to classes are no  Type of algorithm ' /
known in advance. In addition, the number of classes is
also generally unknown. According to a commonly used
principle, classes of data are formed in such a way that neural networks
objects inside a class have a high degree of similarity,
whereas objects of different classes should be as differ-
ent as possible. Unsupervised pattern recognition is also
known asclustering,and the classes are calleldisters
in that case. We will only consider unsupervised cluster-
ing algorithms, because the task of forming groups of
terminals in a network corresponds to a situation in
which no classes are defined a priori.
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3.1. Classification of Clustering Algorithms -

Classification algorithms can be separated into syn-
tactic (cf. [15,16]) and decision-theoretic algorithms. In Fig. 3. Classification of pattern recognition algorithms.
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3.2. Fuzzy-Set Theory waug = Max{uzi ua

Before some important fuzzy clustering algorithms
are described, we will give in this section a brief Other set-theoretic operators have been proposed.
overview of the basic fuzzy-set theoretic concepts. The properties of intersection as well as union operators
The concept of a fuzzy set was introduced by L. A. have been defined axiomatically. Operators that fullfil
Zadeh in 1965 [17]. A fuzzy set is characterized by the the properties of intersection operators are called
fact that its members belong to the set only to a certainnorms(or triangular normg. Union operators are part of
degree, called the membership value. The classic memthe class oS-norms(or T-conorm$ [18,19].
bership values of O or 1 are generalized to any real num-
ber. In most cases, the membership values are normal-

ized to the interval [0,1]. 3.3. lterative Algorithms

Definition 1 Let X be a set of objects A fuzzy set

Sover the seX is the set of all pairs: The class of algorithms considered in this section

partition a given set of data objects iatdusters in such
a way that an objective function is optimized. It has to be
distinguished between a so-calleard-c partitionand a
115(X) represents the degree of membership of element fuzzy—c partition14]. A harde partit_ion consists of dis-

= 1 Junctive clusters and membership values of 0 or 1,

to the set and can assume values in [0,1], whereby e X X
represents the maximum degree of membership. For ar\Vhereas a fuzzg-partition can contain overlapping clus-

bitrary x we call us(x) the membership function. In Fig. (€rs with real-valued membership valygsof an object
4, three commonly used membership functions arekto,a clustei. The objective function of most of the al-
shown. These functions can be interpreted as “the set o8°ithms has the general form

all x roughly equal to.”

Similar to classic set theory, set-theoretic operations
can be defined on fuzzy sets. Zadeh has defined the fol-
lowing operators forcomplement, uniorand intersec-
tion:

Definition 2 The complementS of a fuzzy sef =
{(x, ns(¥) | x e X} is defined by the following member-
ship function:

S={(x pgx) IxOX}

n Cc

ZU,v)= 54 3 M{E'dz(xky i)
k=1 i=1

(1)

d(x,, i) is a distance function between objregcand clus-
teri; m, with m > 1, is the so-calleduzzificationpa-
rameter.

The objective function is minimized and therefore
represents a generalized form of thean square error
technique, commonly used in optimization theory. In-
stead ofd(x,, i), mostlyd(x, v;) is used, whersg; is the
center of cluster. This is why the algorithms are some-
times also calledprototype-based algorithmss the
cluster cente(CC)v; can be interpreted as a virtual data

pg =1— ps

Definition 3 The intersectionA N B of two fuzzy
setA = {(x, (X)) | xO X} andB = {(x, ua(¥)) | x O
X} is defined by the following membership function:

panks = Min{ua, s}

Definition 4 Theunion A UB of two fuzzy setd =
{(%, pa(¥) | x O X} andB = {(x, ug(X)) | x O X} is de-
fined by the following membership function:
1x)

wx) 1x)

"triangular” "trapezoidal” "bell-shaped”
1{ 1 1|7/\
1 s /\ s L
0 X; Xg X; X 0Xg Xy X¢ X4 x O Xo X

Fig. 4. Membership functions.

object, a prototype of the cluster. In our example system,
the central controllercan be considered as tbhister
centerand is designated by the same acronym, CC.

The optimization of the objective function results in
a mathematical expression for the membership valyes
with given cluster centerg. However, the cluster cen-
ters are not known a priori. Therefore, the considered al-
gorithms determine the cluster centers based on the
membership values of all objects. By iterating this ap-
proach, an optimal combination of cluster centend
membership valueg; is derived.

Different clustering algorithms can be constructed
by a specific choice of the CC expression and distance
measure.
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The first iterative fuzzy clustering algorithm was the
so-calledfuzzy-c meanalgorithm [20]. The algorithm is
a generalization of the so-called ISODATA algorithm
(alsohard-c meanslgorithm) [21,22]. With the fuzzg-

0
means, the cluster centers are determined as “centers q%
gravity” of the given set of data with respect to each of

the classes:

n m
a g Mikk
Vis T (2
a —q Mk

Habetha and Walke

3.4. Knowledge-Based Algorithms

Another class of clustering algorithms, the knowl-
edge-based algorithms, use expert knowledge in order to
me to a clustering decision. The knowledge is stored
anexpert systenwhich also contains anference en-
gine where the clustering logic is carried out. There are
many different ways of knowledge representation, such
assemantic networkg.g.,Petri nets[26]), frames[27],
andrules. Rule-based logic is probably the most com-
monly used and will be considered in the following.

Classic expert systems use dual or multivalued logic
in the inference engine. There is, however, no principal

As the distance measure, the euclidic norm is cho- difference between dual and multivalued logic. A princi-

sen:

P

= a (i~
p=1

d(X, Vi) = "X — V!

®3)

Vi p)2

wherep is the index of the attribute coordinate.
It can be proven (e.g., by Lagrange multiplicators),

that the objective function 1 subject to the constraint

a _ M = 1is minimized by the following choice of
the valuesu“< [23]:

1

n dz(Xk V') i .
a 7llbmfl if d(Xk,Vj) #0

j=1 dz(xk,Vj)

pik = | vi=1 , (4)
1 |f d(Xk, Vi) = 0
0 if Ed(X, V) = 0
withj # i

The following iteration is carried out:

1. Initialization of the membership valugsg
(e.g., with random values)

2. Calculation of the cluster centerd
to Eq. (2) for all clusters=1, ... ,c

3. Calculation of new membershlp valugh™
for all data objects, and clusters according to
Eq. (4)

4. Check of stop criterion®u{™ — u~ = ¢ . If
not fulfilled, goto Step 2.

according

Most of the other algorithms use a similar iteration

mechanism but differ in the distance measure and/or CC 0

formula (e.g., [24,25]).

pal difference exists compared to the so-callezzy
logic developed by L. A. Zadeh, which significantly im-
proves the inference capability of an expert system.
Fuzzy logic is an extension of the fuzzy set theory de-
scribed in Section 3.2. The same operators as mentioned
in Section 3.2 are used as logic operators.

Of special importance in fuzzy logic is the concept
of alinguistic variable:

Definition 5 (cf. [28]) A linguistic variable x is
characterized by a set of linguistic terii(x). Each lin-
guistic term corresponds to a fuzzy $étu) over the
base variable with values inU. The base variable is the
same for all linguistic terms. For each valueUnthe
membership functionuy; (u) determines the degree to
which a value ofi corresponds to the linguistic terim

As an example, consider the linguistic variable
“Truth,” characterized by the linguistic terms “true,”
“false,” and “undecided,” with possible membership
functions as illustrated in Fig. 5.

Taking into account the definition of tiraplication
in dual logic, a fuzzy inference operator (i.ieplica-
tion) could be defined as follows:

A - B=("A) 0OB=max{l— u@A),uB} (5
I’L u) 1, " " H " 1, "
fa|§e undecided trule
1 \‘ X // I
l
. .
0.5 1

Fig. 5. Membership functions of the linguistic variable “Truth.”
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where u(A) rsp. u(B) are the membership functions of X
the (linguistic) truth values of two statemertsaind B. -
Many other fuzzy implication operators have been pro- 1 3 5 7
posed. as ST
A fuzzy rule has the general form ' 2 4 6 8
IF “xis A" THEN “y is B” Ao
1 3 5 7
Fuzzy rule-based (plausible) inference, also known as_ | _
generalized modus ponersn be summarized as 1 DAL A A Ay !
1 ) ( ( ' 1
Fact: XisA i I i E i
Rule: IF"xisA" THEN "yisB" | I | I LX

Inference: yisB Fig. 6. Cluster-formation with rule-based classification [30].

With rule-based data analysis, the real-valued at-
tributes of the data objects are transformed into linguis-
tic variables by defining interval terms like “very small,”
“small,” “medium,” “big,” and “very big.” The attribute
coordinates will be designated with(p =1, ... ,P)in

3. Fuzzy assignment of an object to several classes
with a certainty factorfor each class. This cor-
responds to arbitrary values O [0,1].

the following. A linguistic term of the featusg is char- Kuncheva has shown that rule-based clustering with
acterized by a membership functidg;. An attributex, crisp output valueg;  {0,1} corresponds to a division
can takel, (j = 1, ... ,J,) linguistic values. of the feature-space into “hyper-boxes” [30]. This is il-

The classification is carried out according to rules of lustrated in Fig. 6 for a two-dimensional feature-space.
the form

R IF X isAyj) AND . . . AND XpisAp () 3.5. Dynamic Clustering Algorithms
THEN g1 =7z,AND. . .ANDg,c =z, (6) The dynamics of the system can either refer to the
objects or to the clusters, which results in four possible

R. is therth rule of the rule base. By the indpx
j(r) it is expressed that in each rule an attribytean as-
sume a different linguistic valud,; and that the index
therefore depends anTheg,; (i = 1, ... ,c) are func-
tions that characterize the membership of an object in a
classi according to rule. Thez ; are concrete values of
these memberships, e.g., normalized to the interval [0,1]. The last three scenarios are treated in the framework of
In other words, with such a rule base, each attribute of adynamic data analysis. We are dealing with the fourth
data object is checked and, according to the linguistic scenario in the following, which matches the clustering
values of all attributes of the object, one or several rulesproblem in an ad hoc network. First, we will describe

scenarios:

1. Static objects and static cluster structure

2. Static objects and dynamic cluster structure

3. Dynamic objects and static cluster structure

4. Dynamic objects and dynamic cluster structure

classify the object into one or several classes. how the dynamic character of the objects can be taken
Three types of rule-based classification can be dis-into account, before the dynamics of the cluster structure
tinguished [29]: are treated.
1. Assignment of an object to a single class. In the In Section 3.3, a vector metric like the euclidic dis-

model above, this corresponds to values tance has been used as objective function of the cluster-
ing algorithm. With dynamic objects, the use of a dis-
tance metric is also possible; however, a pointwise
distance between the trajectories of the objects has to be
considered in this case. The similafy,  of two trajec-
tories x4(t) andx,(t) can be derived from the distance,
e.g., by one of the three following relations [31]:

O {0,1}, with all z; (i # m) except one—
Z n = 1—taking a value of 0.

2. Assignment of an object to a single class, but
with the assignment weighted withcartainty
factor. This corresponds to values; O [0,1],

where allz; (i # m) except one-% ,—take a
value of 0. Sux, = 1 — d(Xg, X2) (7)
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1 In conclusion, the dynamics of the cluster-structure are
Sax, = m (8) characterized by time-varying cluster centers and mem-
bership values of the objects to the clusters.
Sex, = exp 4w (9) Regarding the dynamics of the clustering process it-
self, dynamic clustering is carried out in two phases [33]:
There is another class of similarity measures of tra- 1. A monitoring processs used to detect struc-
jectories, is based on certain characteristics of the trajecto- tural changes.
ries, known asstructural similarity. The degree of struc- 2. During an adaptation processthe cluster
tural similarity can be transformed with Eq. (7, 8, or 9) into structure is adapted according to the detected
a distance measure between the trajectories. Afterwards, structural changes.

the data objects could be classified with a static objective-
function-based (cf. Section 3.3) clustering algorithm (inde-
pendently of the fact that pointwise or structural distance

The monitoring of the classification is performed by
means of several performance indicators, which meas-

measures have been used). By these means, dynamic o€ for example, the accuracy of the classification, the
jects are classified in [32] with the fuzeymeans algo- number of misclassified objects in the past, the unambi-

rithm. In [33] the algorithm of Gath and Geva [25] is used. guity of the classification, the distribution of the objects
It should be mentioned that dynamic clustering does @M0Ng the classes, and the temporal moments of the ob-

not necessarily imply the use of a dynamic similarity 18Ct attributes. , o
measure. The dynamic character of the algorithm first of _Puring the adaptation process the classification can
all refers to the dynamic cluster structure and the clus- €ither be rebuilt from scratch or gradually adapted to the
tering process itself. detected structural changes. The first solution could, for
Regarding the dynamics of the cluster structure, €X@mple, imply a new classification by means of the

Mann [34] has formulated the following possible topol- [UZZy<-means algorithm. A possible solution for a grad-
ogy changes: ual adaptation of the classification could also be based on

the fuzzye-means algorithm, but with a recursive adap-

« Creation of new clusters: Whenever an object t@tion of the cluster centers [36]:
cannot be assigned to a cluster an additional

n
. - XK+ HihenX
cluster should be created. Dubuisson [35] distin- a =y KKk T i+ )T

guishes between ambiguity reject and distance vi(n +1) = "N m
reject as possible reasons for the creation of a a g Mik T Bitnrn
new cluster. "
e Merging of clustersSeveral clusters should be - Vzi(N) + HirXnea (10)
merged into a single cluster if there are a lot of () + Bins

objects that have a similar degree of membership
in all these clusters. The clusters are not clearly
separated in this case.

 Splitting of clustersThe contrary process to the
merging of clusters should be initiated if more
than one separate subgroup inside an existing
cluster is detected. The cluster is not sufficiently

The sumsvz(n) angy(n) are built recursively by
adding the respective terms of a new object the previ-
ous sums/z(n — 1) angdy(n — 1) . For this purpose, the
valuesvz(n) andu(n) are stored after each time step.
Mikenina [33] uses a similar approach to carry out
gradual cluster changes based on the algorithm of Gath
homogeneous in this case. and Geva [25]. Furthermore, Mikenina also considers

- Deletion of clustersThe deletion of clusters is °rupt changes like creation, merging, or spliting of
closely related to the age of the data objects. Old clusters, which are carried out if certain indicators like

objects might be disregarded in the future classi- cluster similarity, cluster overlap, or object density inside

fication process, and therefore the number of ob- & cluster exceed predefined thresholds.
jects assigned to a cluster might shrink below a
certain minimum density, at which the cluster
should be deleted. 4, FUZZY RULE-BASED CLUSTERING
« Drift of clusters:The drift of a cluster refers to a ALGORITHM
drift of the cluster center. The drift can be caused
either by new objects or a change in the mem- After having studied many existing data clustering
bership values of the existing objects. algorithms, we came to the conclusion that none of them
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was suited to the application under consideration. The
reasons for this are illustrated in Section 4.1. We there-
fore developed a new dynamic clustering algorithm,
which will be described in the remainder of this chapter.

4.1. Requirements and Characteristics of the
Algorithm

As mentioned earlier, the clustering task in an ad
hoc network can be characterized as an unsupervised dy-
namic classification problem. The stations can be con-
sidered as data objects, which are characterized by cer-
tain attributes like position, speed, traffic, etc. The
membership of the stations in the clusters could be de-
fined in a fuzzy way, even though finally stations have to
be unambigously assigned to a single cluster (except for
the forwarding terminals).

The algorithm has to be real-time capable.

The clusters have to have a certain minimum sta-
bility (in the order of 500 ms).

The clustering has to take the existing constella-
tion into account and cannot rebuild the com-
plete network in a single time step.

The algorithm has to take “hard” constraints into
account.

All objects have to be assigned to a cluster.

The algorithm has to work without a training-
data set.

The clustering has to build clusters in which the
cluster centers are represented by existing (and
not virtual) objects.

The necessity of the real-time capability is obvious
for a realistic wireless network. A minimum stability is

In a clustered ad hoc network the cluster center is nevertheless needed, because otherwise the signaling for
represented by an existing station, the central controller.one topology change could not be completed before the
The CC could be interpreted as a cluster prototype. How-next topology change regarding the same object would
ever, prototype-based clustering algorithms in general occur. Taking into account “hard” constraints means that
result in cluster prototypes that are virtual points in the not all conditions can be formulated in a fuzzy way, but
feature space, and not existing data objects. that some constraints represent real “hard” upper or

There are a few additional differences between clas- lower bounds (like the minimum stability).
sical data analysis and the application. A first difference Besides the indispensable requirements, some desir-
can be seen in the fact that in data analysis the clusteringable features of the clustering algorithm can be formu-
is carried out by a “global observer or classificator,” lated:

which has total knowledge about all data objects. This will
probably not be the case in a realistic ad hoc network,
where a single station will not have global knowledge
about all stations in the network. The clustering in the ad
hoc network will also have to be performed in a distrib-
uted way (in contrast to classical data analysis). Another
important difference is that no training data are available
in our application scenario. Training data are used in data
analysis to find appropriate clusters and to verify the ac-
curacy of the clustering result. In most of the dynamic
data-clustering algorithms, the underlying dynamics are

The algorithm should be distributed, that is, car-
ried out in a decentralized way.

The algorithm should minimize the number of

clusters.

It would be desirable that the algorithm is adap-
tive and can react to changing conditions.

The clustering decisions should be understand-
able by an expert.

In turn, expert knowledge should be incorpo-

rated in the clustering process.

created by new data objects. In an ad hoc network, the dy-
namics of the system are mainly caused by movementsDecentralized execution is on the border between indis-
and traffic fluctuations of thexisting objects (i.e., sta- pensable and desirable features. A fully centralized ap-
tions). Also, of course, in an ad hoc network objects will proach will be technically difficult to realize. However,
appear or disappear if users switch on or off their devices. some partial centralization, e.g., in the sense that the CCs
In classic data analysis, data objects that have very ex-carry out some parts of the algorithm, would certainly be
traordinary characteristics are often ignored. This might acceptable. Regarding the number of clusters, a mini-
be useful in order not to worsen the clustering perform- mization would be desirable in order to minimize the for-
ance for “normal” data objects. In a cluster-based wireless warding traffic. This is in contrast to clustering in the
network, howeverall stations have to be assigned to a framework of data analysis, where the number of clus-
cluster. ters is not part of the objective function, but only a result
Taking these considerations into account, the fol- of the clustering process.
lowing requirements can be formulated for the clustering Based on these assumptions, we will now briefly
algorithm of the ad hoc network: analyze which type of clustering algorithm might be
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suited to our scenario. The decisions invoked by a neu-base. In adlynamicclassification problem with variable

ral network cannot be fully understood by an expert. object attributes, the rules would have to be called peri-
Therefore, this type of algorithm has not been consideredodically. The new assignments according to the rules
in our work. would have to be compared against the current assign-

Graph-theoretic algorithms require a scan of the ments of the objects to the clusters. In the case that a dif-
complete graph, which makes a decentralized executionference is detected, an object would have to change its
of the algorithm very difficult. Objective-function-based cluster.
clustering algorithms seem to be well suited for the sce- This approach seems to be quite long-winded, and
nario at first sight, because they build cluster centers andt has the additional disadvantage that the number of
because they have already been used in some dynamiclusters is not controlled. We therefore propose a new
clustering approaches. The problem that the cluster centule-based clustering scheme, wherein the topology
ters are virtual points in the feature space could be solvedchanges are considered instead of the membership de-
in such a way that the station that is the nearest neighbogrees of the objects. We consider slightly different topol-
to the virtual cluster center always becomes the centralogy changes than the ones proposed by Mann [34]:
controller. Two other drawbacks to this type of algo-
rithm, however, cannot be resolved. The first problem is
its real-time incapability, which is due to its iterative
character. The second drawback is the centralization of
the objective-function-based algorithms.

The last group of algorithms to consider are the In a data analysis application, the merging or split-
knowledge-based algorithms. Their main advantage isting of clusters could be part of the new clustering
their real-time capability, which has been proven many scheme as well. However, in the ad hoc network, the
times in practical applications in the frameworkfufzy splitting of clusters would be realized by the creation of
control. Rule-based algorithms seem to be sufficiently an additional cluster, followed by some objects associat-
flexible to guarantee a minimum stability of the clusters, ing with the new cluster. In the same way, the merging
i.e., to limit the number of topology changes per time. of two clusters would be realized by some objects leav-
We will outline in the following sections how this can be ing their cluster, followed by the deletion of the old clus-
achieved. Another advantage of rule-based algorithms ister of these objects.
that “hard” constraints can be easily taken into account In the specific case of a cluster-based ad hoc net-
(by appropriate rules). It is possible to assadjrobjects work with forwarding terminals (FT) in between the
to a cluster. Furthermore, rule-based algorithms do, inclusters, three additional topology changes are consid-
general, not require any training data, if the knowledge ered:
is taken from an expert and not from past data.

The knowledge-based algorithms fulfill not only all
the indispensable requirements but also most of the de-
sirable features of an ad hoc clustering algorithm. The
most important characteristic is the possible decentral-
ized execution of the algorithm, i.e., the rules. Another The consequences of the clustering rules in the new
important advantage of this type of algorithm is that the algorithm are not the degrees of membership in the clusters
incorporation of expert knowledge is eased and that, onbut the different possible topology changes. The output
the other hand, rules can be easily understood by anvariables of the rules have the formyet/nodecisions re-
expert. garding the possible topology changes. We therefore con-
sider these output variablesliaguistic variablesln order
to make use of the improved inference capability of fuzzy
logic, we also formulate the input variables of the rules in

As the analysis of different types of clustering al- the form of linguistic variables. This will also ease the for-
gorithms has shown, knowledge-based algorithms aremulation and understanding of the rules by an expert. The
the best candidate for the application under considera-new clustering scheme can be interpretedfazzy control
tion. In Section 3.4, it was stated that in classic, rule- approach because input values for the clustering rules are
based classification algorithms, an object is assigned totaken from a dynamic process. The output values of the
one or several classes according to the rules in the ruleules trigger topology changes, which represent control ac-

» Creation of new clusters

» Deletion of clusters

* Drift of clusters

» Objects changing association to cluster

» Creation of a forwarder

» Deletion of a forwarder

» Handing over the forwarder function to another
station

4.2. Clustering Algorithm
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tions in the dynamic system. Because input and output A stationcan assume the three different roleS&;
variables are formulated as linguistic variables, the rulesFT, or WT.We designate a&/Tall terminals that are nei-
are of the Mamdani type (cf. [37]). The selection of the ther a CC nor an FT.

input variables as well as the formulation of the rules very The RSS and the PER are the most important indi-
much depends on the specific application. We will develop cators in order to decide on the cluster membership of a
a possible rule base for the ad hoc network in the follow- terminal. A terminal should be assigned as far as is pos-
ing sections. The four basic clustering eventsdtion of sible to the CC that is received with the highest RSS, i.e.,
new clusters, deletion of clusters, drift of clustarsjob- lowest PER. However, for load balancing reasons, a ter-
jects changing association to clugtevill probably appear ~ minal could also be assigned to a different cluster with a
asoutputvariables of the rules in most types of applica- very low traffic load. The traffic load is the most impor-
tions. Note that our clustering algorithm can not only be tant indicator for the creation of additional clusters. On
used in the framework of ad hoc networking but can be ap-the other hand, the number of terminals inside a cluster
plied to the scope of dynamic data analysis in general. It isis probably the most important parameter to control the
especially suited for all clustering problems in which a deletion of a cluster.

classification in real time is needed. However, in the fol- The average over the RSS of all neighboring termi-
lowing sections we will concentrate on the concrete real- nals (which is equivalent to an average distance to the
ization of the algorithm for the purpose of mobility and neighbors) and the connectivity of a station as well as its

load management in a wireless ad hoc network. total traffic could be used in order to decide on the drift of
a cluster, i.e., a CC handover. When choosing a new CC,
4.3. Input and Output Variables other criteria like the speed of a station or its type of power

supply could play a significant role in real applications.

Even though the speed of a terminal is difficult to deter-
mine in practice, a terminal could at least dispose of the
information if it is mobile or not, is plugged or not, etc.

The input variables of the rules are very specific to
the wireless application. A station could, for example,
use the following input variables:

* Received signal streng{RSS) of the own CC In the previous section, it was mentioned that a re-
« or trajectory of this RSS in the past quirement for the clustering algorithm is to guarantee a
* RSSs of neighboring CCs minimum stability of the clusters. This can be achieved
« Signal quality, i.e.packet error ratio(PER) or in a rule-based clustering scheme by incorporating input

bit error ratio (BER), with which the own CCis  variables like “time since last CC handover,” “time since

received last WT handover,” or “time since last FT handover.” A
« Signal quality, i.e., PER or BER, with which the condition can then be formulated that the time since the

neighboring CCs are received last clustering event is larger than a certain minimum
* Traffic load of the own CC bound. We will use such a bound for the CC handovers
« Traffic load of the neighboring CCs in Section 4.4.

e Number of terminals in the own cluster In general, trajectories of all the mentioned values or
* Average RSS value of a station (see explanation their derivatives could be used. However, we have decided
below) to consider only a single value of the input variables. Nev-

« Difference of the average RSS values of two sta- ertheless, this single value can be a sliding average in
tions order to avoid instabilities in the network. We formulate
« Connectivity, i.e., number of direct neighbors of all input (and output) variables as linguistic variables. For

a station this purpose, we normalize the basic input variables to the
« Difference of the connectivity of two stations interval [0,1] and define the five linguistic terms:

* Average total traffic of a station

« Difference of the average total traffic values of B: B'g . .
. MB: Medium Big
two stations :
. M: Medium
e Speed of movement of a station ) .
! . . MS: Medium Small
¢ Time since the last CC handoverireless ter- s small

minal (WT) handover, and FT handover
» Speed of change of the RSS of the own CC For these linguistic terms triangular membership functions
* Power supply of a station (battery powered or are used, as illustrated in Fig. 7. Note that the positions of
plugged) the characteristic points of the triangular functions can be
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Fig. 7. Membership functions of the input variables.
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Fig. 8. Membership functions of the output variables (cf. [38]).

y

chosen independently for each base variable (RSS, traffic
load, PER, number of WTs, connectivity, speed, etc.). Foroutput variables indicate the reason for the execution of the
bounded variables a normalization can be carried out sim-clustering event (like “CC-Creation-Reason-Traffic,” etc.).

ply by dividing all input values by the maximum possible
value. For infinite base variable domains (like “time since
last CC handover” or “number of WTs”) a normalization
in the following form is carried out:

1

1_
1+ ax

Xnorm = (1)
with a scalar that can be chosen in an appropriate way
for each specific variable.

Theoutputvariables of the clustering algorithm cor-
respond to the allowed topology changes. The following

4.4, Fuzzy Rule Base

In this section, we will give an example okaowl-
edge-basedormulation of the fuzzy rules. We have for-
mulated the rules in such a way that they can be executed
in a decentralized manner by each CC or WT. The rules
described here refer to the four basic clustering events:
“CC creation,” “CC deletion,” “CC handover,” and “WT
handover.” As far as the three FT-related clustering
events are concerned, we currently are not triggering

summarizes the topology changes as well as the reSIOeCt_hese events by fuzzy rules. In our current implementa-

tive output variables:

Cluster creation: “CC creation” (yes/no/unde-
cided)

Cluster deletion: “CC deletion” (yes/no/unde-
cided)

Cluster drift: “CC handover” (yes/no/undecided)
Object changing association to cluster: “WT
handover” (yes/no/undecided)

Installation of a new forwarder: “FT creation”
(yes/no/undecided)
Deletion of a forwarder:
(yes/no/undecided)
Handover of forwarder functionality: “FT hand-
over” (yes/no/undecided)

“FT deletion”

Each of the output variables is a linguistic variable
that can take the linguistic values “yes,” “no,” or “unde-
cided.” Such variables have already been used in [38] to
decide on a terminal handover in infrastructure-based
networks. We will use the same membership functions as
in [38] for each of the output variables (cf. Fig. 8).

A few additional informative output variables could
be defined. Similar to [38] we will use an output variable
“INDISPENSABLE" (yes/no/undecided) to indicate if the
execution of the clustering event was unavoidable or if it
occurred for performance optimization purposes. Other

tion, an FT deletion is only carried out if the current FT
can no longer keep contact with one of the two connected
CCs. FT creation and FT handover are not triggered by
the basic rule-based approach, but by an additional algo-
rithm that will be described in Section 4.5.

A CC can decide on all four possible basic cluster-
ing events. We will give an example of a possible CC
rule base in the following.

The following CC rules regard the CC creation:

1. IF Traffic-CC= “Big” AND Traffic-Neighbor-
CCs= “Big”
THEN CC-Creation= *“yes” AND INDIS-
PENSABLE = “no” AND CC-Creation-Rea-
son-Traffic= “yes”
This rule foresees that a new cluster is formed
if the own cluster as well as the clusters in the
neighborhood of the CC run out of capacity.

. IF Traffic-CC= NOT “Big”
THEN CC-Creatior= “no”
This rule is the first counterpart to the previous
rule.

. IF Traffic-Neighbor-CCs= NOT “Big”
THEN CC-Creatior= “no”
This is the second counterpart to the first rule.
It must be noted that another rule is formulated
later that foresees a forced handoff of some ter-



minals of the cluster of this CC to the neigh-
boring clusters with small load.

The following CC rules regard the CC deletion:
1. IF Traffic-CC= “Small” AND Number-Termi-

nals= “Small” AND “terminals-served”

THEN CC-Deletion= “yes” AND CC-Dele-
tion-Reason-Number-Terminais “yes”

If only a very small number of terminals is as-
sociated with the CC and the traffic load in the
cluster is low, the cluster is deleted. The condi-
tion “terminals-served” is an example of how a
crisp condition can be incorporated in the fuzzy
rules. The CC deletion is only carried out if all
terminals (WTs and FTs) can be taken over by
neighboring CCs.

. IF Traffic-CC= NOT “Small”

THEN CC-Deletion= “no”

This is the first counterpart of the previous rule.
. IF Number-terminals= NOT “Small”

THEN CC-Deletion= “no”

This is the second counterpart of the first CC
deletion rule.

. IF NOT “terminals-served”

THEN CC-Deletion = “no”

This condition is included in order to guarantee
that only in the case thatl WTs and FTs can
be handed over to other clusters is a CC dele-
tion carried out.

We will now describe CC rules that concern a
CC handover:

. lIF Average-RSS-Difference = “Big” AND
Time-since-last-CC-HO = “Big” AND Speed-
CC-candidate = “Small” AND RSS-CC-
Candidate = (“MEDIUMBIG” OR “Big")

THEN CC-HO = “yes” AND INDISPENSABLE
=“no” AND CC-HO-Reason-RSS = “yes”

Fuzzy Rule-Based Mobility and Load Management for Self-Organizing Wireless Networks 131

CC-candidate = “Small” AND RSS-CC-Candi-
date-To-Neighbor-CCs = “SMALL"

Then CC-HO = “yes” AND INDISPENSABLE

= “no” AND CC-HO-Reason-RSS = “yes”

The only difference to the first rule is the fourth
condition. The idea is that if the CC candidate
is not close to the current CC, it should be at
least relatively far away from all other CCs.

. IF Average-RSS-Difference = NOT “Big”

THEN CC-HO = “no”
This rule is the first counterpart to the two pre-
vious rules.

. IF Time-since-last-CC-HO = NOT “Big”

THEN CC-HO = “no”

This rule is the second counterpart to the first
and second CC handover rules. A certain mini-
mum cluster stability can be guaranteed if
U(NOT “Big”) = 1 — u(“Big”) assumes a value
of 1 below a certain minimum time.

. IF Speed-Candidate-CC = NOT “Small”

THEN CC-HO = “NO”

This rule is the third counterpart to the two first
CC handover rules. The reason for this rule is
that CCs should be as stationary as possible in
order to stabilize the network.

. IF RSS-CC-Candidate= NOT (“MEDI-

UMBIG” OR “Big”)

THEN CC-HO= “NO”

This rule is the last counterpart to the first CC
handover rule.

7. IF RSS-CC-Candidate-To-Neighbor-CGs

NOT “SMALL”"

THEN CC-HO= “NO”

This rule is the last counterpart to the second
CC handover rule.

Additional rules similar to the two first CC hand-
over rules can be formulated by replacing the “Average-
RSS-Difference” by either the “Total-Traffic-Differ-
ence” or the “Connectivity-Difference.” For the sake of

This rule triggers a CC handdover if a CC can- brevity we will not describe these rules here.

didate is found that has a better average RSS

Finally, WT handovers could be initiated by a CC

value (i.e., a lower average distance to its for the purpose of load balancing among the clusters:

neighbors) than the current CC. The time con-
dition is inserted in order to guarantee a certain
minimum stability of the clusters. The last con-
dition, which requires a small distance between
the old and the new CC, has been added be-
cause simulations have shown that otherwise
unpractical and disadvantageous CC handovers
would result

. IF Average-RSS-Difference = “Big” AND
Time-since-last-CC-HO = “Big” AND Speed-

1. IF Traffic-CC= “Big” AND Traffic-Neighbor-

CCs= “Small” AND “WT-served”

THEN WT-HO = “yes” AND INDISPENS-
ABLE = “no” AND WT-HO-Reason-Traffic=
"yes”

A WT handover is initiated if the load of the own
cluster is high and the load in at least one neigh-
boring cluster is low. The last condition, which
had already been used above in a similar way,
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guarantees that the WT handover is only carried
out if the WT can be taken over by the other CC.
2. IF Traffic-CC= NOT “Big”
THEN WT-HO = “no”
This is the first counterpart to the previous rule.
3. IF Traffic-Neighbor-CCs= NOT “Small”
THEN WT-HO = “no”
This is the second counterpart to the first WT
handover rule.
4. IF NOT “WT-served”
THEN WT-HO = “no”
If the WT cannot be taken over by the other CC
(e.g., because it is out of range), no WT hand-
over is carried out.

After the description of the CC rules, an examplary
WT rule base, stored and executed by all WTs, is out-
lined in the following. A WT can only initiate its own
CC creation as well as its own WT handover. The CC
creation rules are again treated first:

1. IF RSS-CC= “Small” AND RSS-Neighbor-
CCs= “Small’
THEN CC-Creation= “yes” AND INDIS-
PENSABLE = “yes” AND CC-Creation-Rea-
son-RSS= “yes”
This rule guarantees that each terminal is asso-
ciated with a cluster. If no other CC is in range,
the terminal makes itself a CC.
2. IF RSS-CC= NOT “Small”
THEN CC-Creatior= “no”
This is the first counterpart to the previous rule.
3. IF RSS-Neighbor-CCs: NOT “Small”
THEN CC-Creatior= “no”
This is the second counterpart to the previous rule.
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This is the second counterpart to the first WT
handover rule.

. IF PER-CC= “Big” AND PER-Neighbor-CCs

= “Small”

THEN WT-HO = “yes” AND INDISPENSABLE

= “yes” AND WT-HO-Reason-PER- “yes”

This is a rule similar to the first WT handover
rule with the RSS value being replaced by the
PER.

. IF PER-CC= NOT “Big”

THEN WT-HO = “no”
This is the first counterpart to the previous
rule.

. IF PER-Neighbor-CCs- NOT “Small”

THEN WT-HO = “no”
This is the second counterpart to the PER-based
WT handover rule above.

. IF RSS-CC= (“Small” OR “Medium Small”

OR “Medium”) AND RSS-Difference= “Big”
THEN WT-HO = “yes” AND INDISPENS-
ABLE = “no” AND T-HO-Reason-RSS-Dif-
ference= “yes”

This rule triggers a WT handover based on the
RSS difference between the best-received
neighbor CC and the current CC of the WT. If
the other CC is received with a much better
RSS, a handover should be carried out.

. IF RSS-CC= (“Small” OR “Medium Small’ OR

“Medium”) AND RSS-Difference= NOT “Big”)
THEN WT-HO = “no”

This is the counterpart to the previous rule. The
cases where the RSS of the own CC is “Medium
Big” or “Big” have already been treated in Rule 2.

The following WT rules regard a possible WT hand- As has already been mentioned, the input variables

over of the terminal that executes the rules: RSS, PER, and RSS-Difference are sliding-average val-

1. IF RSS-CC= “Small’ AND RSS-Neighbor-CCs ~ U€S in order to avoid “pingpong” decisions. In [39], a

= (“Medium” OR “Medium Big” OR “Big’) WT handover algorithm has been proposed that is based
THEN WT-HO = “yes” AND INDISPENS- on a fuzzy average of the RSS-Difference. The fuzzy av-

ABLE = “yes” AND WT-HO-Reason-RSS- erage of the RSS-DifferencARSS is determined in the
“yes” following way [39]:

If the own CC is received only weakly and an-
other CC is received with at least medium RSS, #(ARSS) = max (0, w(ARSS, 1) + ui (ARSS)  (12)

a WT handover to the other CC should be initi- — ua (A RSS))
ated. The handover is considered indispensable. KA

- IF RSS-CC= NOT “Small” M(ARSS) is the WT handover decision criterion. If this

TH,EN WT'HO - “no” ) criterion assumes a value above a certain threshold (e.g.,
This rule is the first counterpart to the previous 3 gy 5 WT handover to the respective neighboring cell is
rule. executed. uz (ARSS,) andug (ARSS,) represent the

- IF RSS-Neighbor-CCs = (“Small" OR membership values to the fuzzy sets “acceptable” and

“Medium Small”) o “unacceptable,” as illustrated in Fig. 9. By means of Eq.
THEN WT-HO = "no (12), how often the RSS-Difference consecutively falls
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wu) "unacceptable” "acceptable” 8
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-70 -5 5 70 ARSSIdBI Fig. 10. Membership function of (“MEDIUMBIG” OR “BIG”).

Fig. 9. Fuzzy sets “acceptable” and “unacceptable” [39].

scaled inference, which is the faster operation and which is

therefore according to [40] most often used in practical
below an unacceptable value is measured. The WT handfuzzy control systems. The selection of the aggregation and
over decision criterion of [39] could be used as an alter- defuzzification operators of the rules are very much related
native to the last two WT handover rules in the WT rule to each other. Many combinations of aggregation and de-
base. Finally, it should be mentioned that each of the rulesfuzzification operators have been proposed, incluGier-
above could be weighted witrcartainty factorWe have ter-of-area, Center-of-sums, Height, First-of-Maxima,
currently assigned an equal weight to all the rules. Middle-of-Maximagtc. (cf. [40]). The two most prominent
ones are probablCenter-of-areaand Center-of-sums,
which are illustrated in Figs. 11 and 12. The difference be-
tween the two is thalenter-of-areaises the max operator

For the evaluation of the fuzzy rules, the following as the AGGREGATION operator, whereas @enter-of-
operators have to be defined: sumsuses the arithmetic sum for this purpose. Therefore,
with Center-of-sumshe dark shaded triangle in Fig. VI is
counted twice. Both mechanisms use@eater-of-gravity
as the defuzzification operator. We are currently using the
Center-of-areaperator for the aggregation of the rules and
the defuzzification of the output variables.

As was shown in Fig. VI, the output variables are de-
fined on the interval [0,1]. We therefore choose a value of
0.5 as the decision value for the clustering events. If the
defuzzified output variable has a value larger than 0.5, the
respective clustering event is carried out; otherwise, not.

4.5. Choice of Operators

e The AND operator to combine the antecedents
of a rule

e The OR operator inside the antecedents of a rule

e The INFERENCE operator to scale the output
fuzzy sets of a rule with the combined member-
ship degree of the antecedents

« The AGGREGATION operator to combine the
output ofdifferentrules

e The DEFUZZIFICATION operator to derive a
crisp value out of the resulting membership
function of an output variable

For the AND operator, any possiblenorm could be 4.6. Forwarder Selection Algorithm

used. We are using the minimum operator because itis the ~ Our forwarder selection algorithm was first presented
least restrictive of all possible T-norms. As the OR oper- in [3]. We use this algorithm in its distributed version in
ator, the arithmetic sum is used. The reason for this is thatorder to trigger FT creation and FT handover clustering
very simple and logical membership functions of the input events. An example of a forwarding problem is shown in
variables will result. Taking the example of the fuzzy set

(“MEDIUMBIG” OR “BIG"), the membership function

in Fig. 10 will result. Several INFERENCE operators are u(y)

known from the literature. The two most commonly used
in fuzzy control are the so-callddamdami inferencand

the scaled inferenceyhich are defined as follows:

e Mamdami inferenceuy(y) = min (u(x*), w(y))
e Scaled inferenceuy(y) = u(x*) - u(y)

u(x*) is the combined degree of membership of the an-
tecedents for a given input vectot. We are using the Fig. 11. Center-of-area.
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u(y) stores locally all necessary information. To prevent con-
fusion, the CC that is performing the algorithm will be
called theprocessing central controllgPCC) in the fol-
lowing description.

All possible forwarders are inscribed on a three-di-
mensional arrafF(1 ...n,1...n,1...t), with n being the
number of CCs known by the PCC drizbing the number
of possible forwarders. th different terminals are able to
Fig. 12. Center-of-sums. establish a connection between two G@sdj, i < j), their
IDs are entered on the arrayRt, j, 1 ... m). The IDs of
the possible forwarders are sorted by link quality, so that the
ID of the forwarder that offers the best link quality is regis-
tered at~(i, j, 1). The array is illustrated in Fig. 14.

The following algorithm is repeated until the matrix
is empty:

Fig. 13. It illustrates the optimal forwarding choices for a
central controller called CC1. In the situation shown in
Fig. 13, terminals T2 and T3 are both possible candidates
to interconnect cluster 1 and cluster 3. For the efficiency .
of the forwarding process, it is preferable that one for-
warder interconnects only two clusters. In the constella- 1
tion considered forwarding between clusters 2 and 3 can
only be performed by terminal T2. This means that if ter-
minal T2 was chosen to connect clusters 1 and 3, no ter-
minal would be left for the interconnection of clusters 2
and 3. This example illustrates the importance of the order
in which the FTs between the different clusters are in-
stalled. In order to avoid, insofar as possible, situations in

. At every step the PCC scans the array for the
link (i, j, i <j) with the smallesin.
2. The terminal (with 1Dy) registered ak(i, j, 1)
is stored in a list, which contains the identified
optimum forwarders and the Cdsafdj in this
case) that the forwarder should interconnect.
3. All the entries for this link=(i, j, 1 ... m) are

which no forwarder for the interconnection of two clusters 4 r_ﬁ:no‘l/g?' ) hed q d th
is found, FTs have first to be installed between those clus- ) e k IS Searched and removed over the
whole array.

ters where the least number of forwarding candidates
exist. Our forwarder selection algorithm allows every CC
to determine its optimal forwarding constellation.

In its distributed version, the forwarder selection al-
gorithm is carried out locally by every CC, which also

In a next step, the PCC scans the list of terminals
that have been identified as optimal forwarders and
checks each of them to determine whether it is already
installed as an FT between the two optimal clusters. If
this is the case, the terminal is removed from the opti-
[ mum forwarder list and no clustering action is required.
. Also, in the case that the terminal is already installed as
an FT but not between the same two CCs, no action is
™ carried out in order not to destabilize the constellation. If
the terminal is not yet installed as an FT and also no
other FT between the two clusters exists, an FT creation
“g is carried out and the optimal forwarder is installed.

/ In the case that a different terminal is already installed
as an FT between the two respective clusters, an FT han-
dover is initiated in two different situations. Either the op-
timal forwarder offers a link quality that is higher than the

T1

/ cc1 -T2
~__ CC1 CC2 CC3 CC4 CC5

Fig. 13. Example of a forwarding problem. Fig. 14. Three-dimensional forwarder array.
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link quality of the current FT by a given (fuzzy) factor, or Local Routing Table

the current FT is needed as forwarder between two cur- Table Update Time Tup

rently unconnected clusters. In the latter situation, by hand- T1 |0 ]

ing over the FT function to another terminal, the old FT is T2 |I ]

free to take over the FT function for the two other clusters. T3 |l ]
This algorithm chooses the best forwarders between T4 |l ]

the terminals situated within the coverage area of the PCC. T5 | R J

A PCC takes its decisions based not only on possible for- H

warders for its own cluster but also on the interconnec- Tn | J

tions of other clusters. However, a PCC only installs a for- Table Field
warder—i.e., decides on FT creation or FT handover—if
the new FT would serve as a forwarder for its own clus- | Forwarder Id |
ter. This is necessary in order to avoid instabilities in the I Length of the Path |
case that different PCCs do not have the same information || Maximal Transmission Rate ||

I |

about possible forwarding constellations. A situation in Field Generation Time Tgen
which the CCs do not have exactly the same information Field Registration Time Treg
is not very unrealistic. We have foreseen that each termi-
nal informs all CCs in its hear range, with which CCs it
would be able to interconnect. In this case, a CC disposes
of only local information. If this information (i.e., the for-  field generation timeTy.; and a field registration time,
warder array) is exchanged among neighboring CCs, a sit-Treg (Cf Fig. 5). The entrilge, indicates when the termi-
uation with almost global information could be achieved. nal has changed the cluster for the last time, and the entry
Note that the algorithm could easily be modified if several TregStores when the field was updated the last time by the

FTs between the same two clusters should be installed. CC that stores the respective routing table.
The updating procedure foresees that an updating

CC (called UCC in the following) periodically sends its
5. PERFORMANCE EVALUATION OF THE T,pto all its neighboring CCs and asks for all their termi-
CLUSTERING ALGORITHM nal fields that have a generation tifig, > T, The
fields received are then updated in the routing table of the
UCC, if the following update conditions are fulfilled [44]:

Fig. 15. HTVR routing table.

5.1. Mobility Model

The mobility model we assume is ttendom way- o fhew - jucc
pointmodel [41]. It is frequently used for the performance . (%elg ((tne?;”: {55 AND (PLI*" 4+ 2 < PLU9)
evaluation of ad hoc networks and especially of routing al- gen - ngen
gorithms [42,43]. In this model, each node selects a ran- * OR (geY = tge) AND PL™" + 2 = PL™)
dom destination within the given area, to which it moves AND (min(MTR'®%, MTR'h-ueely = MTRI9))
on a straight line. The speed of movement is uniformly
distributed between 0 and a maximum speed. At each des- )
tination, a node pauses for a given constant pause duratioR'€ apPplied:

If the conditions are fulfilled, the following changes

before it moves to the next randomly drawn destination. e The new forwarder ID is set to the ID of the for-
warder that connects the CC with the CC from
5.2. Routing Algorithm which the response was received.
We have developed a routing algorithm calbéet- * tgon = tgen
archical time-vector-routingHTVR), which is based on e PLYC=PL™+ 2
routing tables that are stored at the CCs and are periodi- e MTR® = min(MTR™" MTR¢74%9

cally updated by message exchanges between the CCSM.I_RJCC_nCC
Each routing table contains one field per terminal in the
network as well as the tim&,,, at which the table was

last updated. Each of the terminal fields has five entries:
the identifier of the forwarder to which the data of the re-
spective terminal has to be directed; the path lerijth, Our simulation scenario is an exhibition hall of the
the maximum transmission rate of the path; a so-calledsize 72 mx 72 m. Inside this area we place 30 devices

is the maximum transmission rate between
the neighboring CC and the updating CC.

5.3. Simulation Scenario
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equally distributed that are moving according tordre 0.006
dom waypointmobility model (see Section 5.1). A radio
propagation law according to Eq. (13) is assumed. - 0.005
2 4 @ 0.004

Pr=Ps: a4%fb o (13) :ij 0.003
Pg is the received power andl the distance between 0.002
sender and receiver. The transmitter poRgof the de-
vices is constant and set to 0.1 8/is the speed of light 0.001
andf the carrier frequency, which is set to 5.5 GHz. We ; ; : :
have assumed a typical propagation exponent-of3.5. 0 2 4 6 8 10
The sensitivity of the devices is set+@5 dBm, which Speed [m/s]
is, for example, the sensitivity required by the HIPER- Fig. 17. No. CC creations and deletions vs. speed.

LAN/2 standard. With these settings the hear range of a
station is on the order of 47 m.

We have carried out different types of simulations should be mentioned that we have implemented the LID
series. In the first scenario, a constant end-to-end load ofind HIC in such a way that only CC handovers to termi-
30 Mbit/s has been assumed, and the mobility of the sta-nals with a lower ID, i.e., higher connectivity, that are
tions has been varied by increasing the average speed ohemberf the cluster of the current CC, are carried out.
the stations. It is assumed that connections between allf CC handovers to any terminal in hear range were al-
terminals are equally probable. In a second scenario, dowed, the two algorithms would be more unstable.
constant speed of 2 m/s and a constant pause time of 5s  Note that also the ID- and connectivity-based clus-
have been assumed, and the end-to-end load has bedgring algorithms employed here are fuzzy because the
increased. criterion only refers to the CC handover decisions. Clus-
ter creations/deletions and WT handovers are still carried
out according to the fuzzy rules because the ID- or con-
nectivity-based algorithms do not deal with these topol-

The results of the simulations with varying speed of ogy changes. Furthermore, the same FT-selection algo-
the stations are reported in Figs. 16—20. rithm is applied in all cases. Therefore, the number of CC

In Fig. 16, the control of CC handovers by fuzzy creations, CC deletions, WT handovers, FT creations, FT
rules is compared against an ID-based and a purelydeletions, and FT handovers reported in the following is
connectivity-based CC-handover algorithm. It can be de- similar for all three CC handover algorithms.
picted that the fuzzy algorithm is as stable asldhest The average number of CC creations and CC dele-
ID (LID), whereas théighest connectivit{HIC) results tions per time for a given speed is shown in Fig. 17. It is
in frequent CC handovers, especially at higher speed. Itobvious that in a stationary state the number of CC cre-

5.4. Simulation Results

0.25 : : 1 1 3 0.8 5 ? | -
: : : : e : : : o
: : : Lo _/ VVVVVVVV | ) : : : _/../‘f”/
- 0.20F oo S o o e = 06L TR T B T :
~ . . : < 7)) . . e : T
= Highest Connectivity .-~ ‘ € number OfWT'Ha’Q‘dOV%“ & L
..OE) 015 - .............. ..... /,/ .............. ............. 4 Lﬁ : : | .
> : LT : :
w : X
0.0+ T
0.05r e /’ .............. .............. .............. ............. 4
’ ' Fuzzyfk\
0 dlmms e i — ; iz ; i i ;
0 2 4 6 8 10 0 2 4 6 8 10
Speed [m/s] Speed [m/s]

Fig. 16. No. CC handovers vs. speed. Fig. 18. No. FT creations, FT deletions, and handovers vs. speed.
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1004 ; j ; ; overs for the purpose of load balancing among the clus-
= § § § : 1 ters. The number of FT creations and FT deletions
@ 98 L ‘:t~:~..,‘%;_:;;. Fu ......... R B (which have to be equal) also depend on the average
2 I SN i ; : ] speed because it is more probable at higher speeds that
8 gg booe.. LowestD e, ] an FT cannot keep the connection to the two CCs after a
2 Ty certain time. Finally, in Figs. 19 and 20 the performance
§ of the clustering algorithm is evaluated in terms of the
(‘03 % “percentage of successfully delivered packets” and the

“average packet delay.” The fuzzy CC handover is com-

92 pared against the identifier- and connectivity-based CC

i : ; ; : handover algorithms.
90 : ; i ; Figure 19 shows that success rates in an order of

] 2 4 6 8 10
Speed Im/sl
Fig. 19. Percentage of succefully delivered packets vs. speed.

magnitude, typical for ad hoc networks, are obtained.
Furthermore, it can be seen that the number of CC hand-
overs has a significant impact on system performance.
The differences in the number of CC handovers result in
ations and CC deletions have to be equal. The number ofioticeable performance differences. The fuzzy and ID-
cluster creations and deletions depends on the mobility ofbased CC handover algorithms show a similar behavior.
the terminals, because a situation in which a terminal However, the fuzzy CC handover is much more flexible
moves in or out of another cluster occurs more often atand can be parametrized to be as stable as required. After
higher speed. These topology changes are difficult to avoidall, there is a trade-off between stability and fairness re-
if an almost seamless service is aimed at. Alternatively, agarding the power consumption of the stations.
terminal that moves out of all existing clusters could just As far as the average packet delay is concerned, Fig.
wait until it gets in the range of another CC again. 20 illustrates that optimizing the topology by clustering
Fig. 18 contains plots of the number of all FT-re- pays off in terms of packet delay. The connectivity-based
lated events as well as the number of WT handovers ver-CC handover algorithm results in the lowest delay due to
sus the speed of the stations. The number of WT hand+the frequent topology optimizations at the expense of
overs of course very much depends on the mobility of therouting path stability. As we have seen in Fig. 19, this in-
stations, as illustrated in Fig. VI. Even for stationary ter- stability of the topology results in a high packet loss. In
minals, WT handovers occurred, which were obviously contrast to this very unbalanced behavior of the HIC, the
initiated for load balancing reasons. The number of FT fuzzy and LID CC handover algorithms give a good
handovers is influenced by the mobility of the stations packet delay and a high percentage of successfully de
because we have chosen as FT selection criterion thdivered packets.
RSS value, by which a potential forwarder receives the Figures 21-24 illustrate the dependence of the clus-
two CCs to interconnect. There are fewer FT handoverstering and overall network performance on the load. With
than WT handovers because of the additional WT hand-the fuzzy CC handover and the HIC algorithm, the num-

20 ; : r ; 0.07 e
: e ; . . ' X el /’/x \“‘x"“—»x"i/’

18 | f i e A NIRRT TN : 008- " 2T e ]
= " 1 Fuzzy ‘LowestID: 4 : Highest Connectivity 1
€ 16 [/ i e B T : T i
- ; 5 : : = 0.05 e
& 44 1./ T Highest Connectivity e, | £ ‘
% /. ; ; : : - 5 0040 e P T B ]
B g0 b SRR N ] 1 Lowest ID—g s
(xc“’ ,/’ """ . """"" """" 3 """ 0.03 ...................... ;v:*_‘,u’.'f .......................... VVVVVVVVVVVVV <
= 40 ST SUUUUTR T e ST i e
A 02 T o SR S

5 T T R T ot ot e M
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Speed [m/s] Load IMbit/s]

Fig. 20. Average packet delay vs. speed. Fig. 21. No. CC handovers vs. load.
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0.30 ‘ ? ' : ‘ ! ' ! ' 98.5
3 : : : <
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Fig. 22. No. CC creations and deletions vs. load. Fig. 24. Percentages of succefully delivered packets vs. load.

ber of CC handovers is not very much affected by a handover algorithm copes better with a higher load than
higher network load, as would be expected. However, it the LID and HIC. For the LID, the increasing number of
is very interesting to note that with the LID, the number CC handovers (cf. Fig. 21) has a negative effect on the
of CC handovers increases with the network load. A pos- percentage of successfully delivered packets.
sible explanation could be the higher number of clusters
at higher load, with the result that stations with higher IDs
take over the CC function. The higher the network load, 6. CONCLUSIONS
the more probable are cluster creations and deletions, as
can be seen in Fig. 22. The number of WT handovers also This work studied clustering algorithms used in the
depends on the load, mainly because of the load-relatedframework of data analysis to derive a suitable algorithm
WT handover rules (see Fig. 23). The number of FT han- for mobility and load management in a cluster-based
dovers is not affected by the load situation because the FTwireless ad hoc network. The analysis of the data-clus-
selection is based on an RSS criterion. However, the num-tering algorithms has shown that none of the algorithms
ber of FT creations/deletions increases with the load, is perfectly suited to the application considered. How-
which is caused by cluster creations and deletions. Theever, some useful ideas could be incorporated into a new
dependence of the percentage of successfully deliveredclustering algorithm that allows for a distributed execu-
packets on the network load is shown in Fig. 24. The tion in real time. The new algorithm is based on a fuzzy-
higher network instability and bigger number of clus- inference engine and rule-based knowledge representa-
ters/hops at higher load result in a decrease in the per-tion. The main characteristic of the algorithm is that
centage of successfully delivered packets. The fuzzy CC several predefined topology changes are triggered by the
output variables of the rules. Each output variable indi-
cates in the form of a linguistic variable whether the re-

0.40 ' ) ‘fWT‘ Han&o ers‘ T spective topology change should be carried out or not.
0.35 oo LTI e T T The applicability and stability of the algorithm has
0.30 ﬂn}%er of ET-Creations/FT-Deletions been evaluated by computer simulations. The simulation

results indicate that the fuzzy clustering algorithm out-
performes ID- and connectivity-based CC handover al-
gorithms. Furthermore, in addition to the selection of an
appropriate CC, the new algorithm also controls the
numberof clusters (depending on the load).
For each of the allowed topology changes, a signal-
1 ing procedure has been defined (which we did not report
0.05 - ‘ ‘ ‘ - i ‘ i - in this paper). Two of them (CC and WT handover) have
20 40 60 80 100 120 already been proposed and incorporated into the HIPER-
Load IMbit/s] LAN/2 standard. Our plan is to propose the remaining
Fig. 23. No. FT creations, FT deletions, and handovers vs. load.  (CC creation, CC deletion and FT related) signaling pro-

Events [1/s]

0.15

0.10
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cedures to ETSI and IEEE 802.11, which underlines the22. R. Duda and P. HarRattern Classification and Scene Analysis,

practical relevance of this work.

24.
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