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a b s t r a c t
In this paper, we propose a new intelligent cross-layer QoS support for wireless mobile ad
hoc networks. The solution, named FuzzyQoS, exploits fuzzy logic for improving trafﬁc regulation and the control of congestion to support both real-time multimedia (audio/video)
services and non-real-time trafﬁc services. FuzzyQoS includes three contributions: (1) a
fuzzy logic approach for best-effort trafﬁc regulation (FuzzyQoS-1), (2) a new fuzzy Petri
nets technique (FuzzyQoS-2) for modeling and analyzing the QoS decision making for trafﬁc regulation control, and (3) a fuzzy logic approach for threshold buffer management
(FuzzyQoS-3). In FuzzyQoS-1, the feedback delay information received from the network
is used to perform a fuzzy regulation for best-effort trafﬁc. Using fuzzy logic, FuzzyQoS-3
uses fuzzy thresholds to adapt to the dynamic conditions. The evaluation of FuzzyQoS performances was studied under different mobility, channel, and trafﬁc conditions. The results
of simulations conﬁrm that a cross layer design using fuzzy logic at different levels can
achieve low and stable end-to-end delay, and high throughput under different network
conditions. These results will beneﬁt delay- and jitter-sensitive real-time services.
Ó 2010 Elsevier B.V. All rights reserved.

1. Introduction
Wireless ad hoc networks are a new technology in the
evolution of wireless communications. In this technology,
wireless devices can communicate with each other in the
absence of a ﬁxed infrastructure. Ad hoc networks usually
consist of a set of nodes that communicate over wireless
links in a multihop manner without a need for a central
control, which creates a high level of ﬂexibility to users.
With the widespread use of wireless technology, the
ability of mobile wireless ad hoc networks to support
real-time services with Quality of Service (QoS) has become a challenging research subject. The notion of QoS satisfaction is deﬁned as the guarantee by the network to
satisfy some predetermined service constraints for users
in terms of end-to-end delay, available bandwidth, etc.
* Corresponding author.
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However, the QoS issue is yet a challenging task in ad
hoc networks because there is no ﬁxed infrastructure and
the topology is frequently changing due to nodes mobility.
Furthermore, links are constantly established and broken.
The availability and quality of a link ﬂuctuates due to
channel fading and interference from other transmitting
devices. Various approaches and protocols have been proposed to address QoS ad hoc networking problem [1–12].
Multiple efforts are also still under way within academic
and industrial research projects.
SWAN [1], INSINGIA [2], and FQMM [3] are some noteworthy QoS models attempting to establish comprehensive QoS solutions for MANETs. SWAN proposes service
differentiation in stateless wireless ad hoc networks using
distributed control algorithms and a rate control system at
each node. However, one of the drawbacks of SWAN is how
to calculate the threshold rate limiting any excessive delay
that might be experienced [4]. It also uses merely two levels of services: real-time and best-effort trafﬁc. SWAN and
INSIGNIA are intranet QoS models providing services that
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have to be mapped to either per-ﬂow or per-class services,
but SWAN remains the best example of stateless distributed QoS framework developed for wireless ad hoc networks. INSIGNIA is on the other hand, a QoS framework
with per-ﬂow granularity and reasonable treatment for
mobility. The main goal of INSIGNIA is to provide adaptive
QoS guarantees for real-time trafﬁc. It employs an in-band
signaling system that supports fast reservation, restoration, and adaptation algorithms. Three levels of services
are implemented: best-effort, minimum, and maximum.
The bandwidth is the only QoS parameter used in INSIGNIA. FQMM is another approach combining the advantages
of per-class granularity of DiffServ with the per-ﬂow granularity of IntServ. It tries to preserve the per-ﬂow granularity for a small portion of trafﬁc in MANETs, given that a
large amount of the trafﬁc belongs to per aggregate of
ﬂows, that is, per-class granularity. FQMM offers a good
solution for small and medium-size ad hoc network, but
it is not suitable for large networks.
Recently, some intelligent methods have been applied
in the area of ad hoc networks, aiming to obtain more
adaptive and ﬂexible models over the existing models. In
[13], the authors developed a SHROT model, which is a dynamic source routing protocol using a self healing and optimized routing techniques based on fuzzy logic concepts.
The basic idea of this model is the modiﬁcation of the entries of the neighbour table and the time-stamp of each entry based on fuzzy system. The model AntNet proposed in
[14] is an adaptive algorithm based on mobile-agents. This
algorithm is inspired by work on the ant colony metaphor.
In AntNet, each node periodically launches network exploration agents called forward ants to every destination. At
each node, the ants will choose their next hop using that
nodes routing table. As the ants visit a node, they record
their arrival time and the node identity in a stack [14]. In
[15], the authors describe a policy-based management system for improving the ﬂexibility of wireless mobile ad hoc
network. This system provides the capability to express
networking requirements in the form of policies at a high
level and have them automatically applied in the network
by intelligent agents [15]. The model proposed in [16]
investigates the use of fuzzy logic theory for assisting the
TCP error detection mechanism in ad hoc networks. An elementary fuzzy logic engine was presented as an intelligent
technique for discriminating packet loss due to congestion
from packet loss by wireless induced errors.
In [6], we have proposed an intelligent QoS model with
service differentiation based on neural networks for mobile ad hoc networks named GQOS. GQOS is composed of
a kernel plan which ensures basic functions of routing
and QoS support control, and an intelligent learning plan
which ensures the training of GQOS kernel operations by
using a multilayered feedforward neural network (MFNN).
The objective of using neural networks was the fast learning of the different operations performed by the kernel and
the reduction of the processing time in the network. However, GQOS is not scalable in terms of end-to-end delay under higher network mobility and trafﬁc load.
We have explored in [7] the usage of a fuzzy logic semistateless approach for service differentiation in wireless ad
hoc networks. The proposed model named FuzzyMARS in-
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cludes a set of mechanisms: admission control for realtime trafﬁc, a fuzzy logic system for best-effort trafﬁc regulation, and three schemes for real-time trafﬁc regulation.
FuzzyMARS architecture support real-time UDP trafﬁc as
well as TCP trafﬁc. The resulted simulations have shown
the beneﬁts of using a fuzzy logic semi-stateless model;
the average delay obtained is quite stable and low under
different network conditions. Nevertheless, in FuzzyMARS
we considered neither buffer management nor QoS decision making for trafﬁc regulation.
In this paper, we explore an integrated new intelligent
cross-layer QoS solution based on fuzzy logic for wireless
mobile ad hoc networks. This choice is justiﬁed by the fact
that fuzzy logic is well adapted to systems characterized by
imprecise states, as in the case of ad hoc networks. The
proposed approach, FuzzyQoS, aims to improve the control
of trafﬁc regulation rate and congestion control of
multimedia applications. FuzzyQoS integrates three
mechanisms at different layers: a fuzzy logic approach
for best-effort trafﬁc regulation (FuzzyQoS-1), QoS decision
making for trafﬁc regulation (FuzzyQoS-2), and a fuzzy
logic approach for threshold buffer management (FuzzyQoS-3). The delay feedback information received from
the network is the key parameter used in FuzzyQoS-1
and FuzzyQoS-2, to ensure that best-effort trafﬁc coexists
well with real-time trafﬁc in the multimedia applications.
The feedback measurement represents the packet delay
measured by the IEEE 802.11 MAC which is integrated as
a part of the FuzzyQoS architecture. The objective of the
FuzzyQoS-1 is to dynamically adjust the transmission of
trafﬁc according to the network conditions.
FuzzyQoS-2 is a fuzzy Petri nets technique for modeling
and analyzing the QoS decision making for trafﬁc regulation in wireless ad hoc networks. FuzzyQoS-2 exploits fuzzy concepts to model the QoS decision making by the
source nodes. The fuzzy Petri nets tool is used for its efﬁciency and ﬂexibility over other modeling tools (such as
Petri nets) with the objective of better modeling and representing the process of trafﬁc regulation.
Finally, FuzzyQoS-3 uses fuzzy thresholds to adapt to
the dynamic conditions of the network. The notion of
threshold is practical for discarding data packets and
adapting the trafﬁc service depending on the occupancy
of buffers. The threshold function has a signiﬁcant inﬂuence on the performance of networks in terms of both
packets average delay and throughput. Therefore, the
selection of a particular threshold may be decisive to the
control of congestion. This selection in the proposed FuzzyQoS model is based on fuzzy logic.
We studied FuzzyQoS performances under different
network conditions in terms of mobility and scalability.
The results of simulations, shown in Section 3, conﬁrm that
FuzzyQoS promises to be an efﬁcient QoS solution in terms
of the average delay and throughput to support both realtime and non-real-time multimedia services.
The objective of the integration of these three mechanisms is to ﬁnd a good balance between network performances (by improving the end-to-end delay parameter
using FuzzyQoS-1 and FuzzyQoS-2 mechanisms) and reliability (by improving the throughout parameter using
FuzzyQoS-3).
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This paper is organized as follows: in Section 2, we describe in detail the proposed FuzzyQoS architecture. Section 3 shows the performance evaluation and simulation
results of FuzzyQoS under different network mobility, trafﬁc, and channel conditions. Finally, we conclude the paper
in Section 4.

formed to guarantee enough available bandwidth before
accepting a new ﬂow, a congestion may occur in the network because of the nodes mobility. Therefore, it is of outmost importance to assure trafﬁc regulation. The classiﬁed
best-effort packets are regulated using a fuzzy logic system
according to the application requirements and the network
state. The fuzzy logic system we developed will be explained throughout the rest of the paper. The fuzzy best-effort regulation uses the feedback delay received from the
network. The fuzzy regulation process is performed in
three steps: fuzziﬁcation, inference rules evaluation, and
defuzziﬁcation. In FuzzyQoS model, like in SWAN, it is
not necessary to have a QoS-capable MAC to deliver service
differentiation. Rather, real-time services are built using
existing best-effort IEEE 802.11 MAC technology. Later, in
the paper, after giving an overview regarding fuzzy logic
concepts, we will give more details about the proposed
fuzzy logic cross-layer solution.

2. FuzzyQoS architecture
2.1. Overview of the FuzzyQoS architecture
Fig. 1 illustrates the FuzzyQoS architecture. As presented in the schematic diagram, the architecture aims to
support QoS and to adapt to the dynamic changes of the
environment. This is achieved by the cooperation between
a set of functionalities and mechanisms integrating fuzzy
logic at different layers that work jointly. FuzzyQoS was
built over our previous work FuzzyMARS [7] which already
contained some functions such as a routing scheme,
admission controller, and classiﬁer.
The routing scheme and the temporary resource reservation process perform the discovery of routes and bandwidth reservation. The admission controller efﬁciently
estimates the local available bandwidth at each node.
The decision to admit a new ﬂow is done by the admission
control mechanism. The classiﬁer is able to differentiate
between ﬂows in terms of QoS requirements best-effort
ﬂows and real-time ﬂows, in order to delay the best-effort
packets. Note that even if the admission control is per-

2.2. Overview of fuzzy logic
Fuzzy logic theory [17–21] was ﬁrst introduced by Zadeh in the 1960s as a tool for modeling the uncertainty
of natural language. It has been commonly employed for
supporting intelligent systems. This technology has proven
efﬁciency in various applications such as decision support
and intelligent control, especially where a system is difﬁcult to be characterized. A fuzzy logic system basically consists of considers basically three steps: fuzziﬁcation, rules

User requests
request for flow
admission

probe request

routing scheme

flow admission/
reject

admission control

temporary resource
reservation

Routing Layer

mark / unmark
classifier
no mark of
packet
dynamic
adaptation

mark of packet

regulation
rate

real-time traffic regulation
defuzzification
module

MAC Layer
fuzzy inference
engine

feedback
information
MAC

fuzzy rules for best-effort
traffic regulation

fuzzification
module
utilization of real-time traffic

Physical Layer

shared media channel

Fig. 1. A schematic diagram of FuzzyQoS model.
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evaluation, and defuzziﬁcation. The ﬁrst step is responsible
for mapping discrete (also called crisp) input data into
proper values in the fuzzy logic space. For that end, membership functions (fuzzy sets) are used to provide smooth
transitions from false to true (0 to 1). The second step performs reasoning on the input data by following predeﬁned
fuzzy rules. Once the input data are processed by fuzzy
reasoning, the defuzziﬁcation takes the task of converting
back these input data into crisp values.
There are two main characteristics of fuzzy systems
that give them better performance for speciﬁc applications
[18,19]:

regulation process is triggered in order to reduce the
trafﬁc.
As mentioned earlier, the regulation control of the
best-effort trafﬁc is performed as a response to the delay
feedback by means of a fuzzy logic system. Three steps
are considered by FuzzyQoS-1: in the ﬁrst step (i.e. fuzziﬁcation), the delay-measurements are transformed into
fuzzy sets; then in the second step (i.e. rules evaluation),
fuzzy rules are applied into the fuzzy input in order to
compute the fuzzy outputs. The third step (i.e. defuzziﬁcation) translates the fuzzy outputs into crisp values. In the
following, we give more details about these steps:

– Fuzzy systems are suitable for uncertain or approximate
reasoning, especially for the system with a mathematical model that is difﬁcult to derive.
– Fuzzy logic allows decision making with estimated values under incomplete or uncertain information.

(1) Fuzziﬁcation: the delay-measurement obtained as
feedback from MAC layer represents the fuzzy input
parameter of FuzzyQoS-1. The fuzzy output parameter is represented by the trafﬁc regulation rate.
These two parameters have to be converted into
fuzzy sets. Note that a fuzzy set may contain elements that have different degrees of membership
in various sets, whereas, an ordinary set a element
should have full membership in the set in order to
be considered a set member. If the delay-measurement parameter is considered in an ordinary set,
then it can only be either low or high, not both
simultaneously. However, the delay-measurement
in a fuzzy set can be classiﬁed as: not high, medium,
or quite low. Thus, the membership of an element
may be not the same over various fuzzy sets. The
membership function represented as a line or curve
indicates how to map each input (i.e. delay-measurement) or output (i.e. regulation rate) parameters
in order to obtain their membership values. The
threshold values of the fuzzy sets are presented in

The importance of fuzzy logic derives from the fact that
most manners of human reasoning and especially common
sense reasoning are approximate in nature. Bellman and
Zadeh write: ‘‘Much of the decision making in the real
world takes place in an environment in which the goals,
the constraints and the consequences of possible actions
are not known precisely”. This ‘‘imprecision” represents
the core of fuzzy logic and fuzzy sets theory. This later
was proposed as a generalization of classical set theory
[19,30,31]. Readers are referred to ([18,26,32]) for more
detail about fuzzy logic reasoning.
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FuzzyQoS-1 uses fuzzy logic to perform the regulation
of best-effort trafﬁc. The use of fuzzy logic can add more
ﬂexibility and capability for operating with imprecise
information due to nodes mobility in wireless ad hoc network. The feedback delay received from the network is the
key input parameter of FuzzyQoS-1. FuzzyQoS-1 ensures
that best-effort trafﬁc will coexist well with real-time
trafﬁc.
In the proposed fuzzy regulation approach, the feedback measurement represents the packet delay measured
by the IEEE 802.11 MAC. The measure of the packet delay
is performed as follows: at the reception of a packet by the
MAC layer, the later listens to the channel and differs the
access to the channel according to the CSMA/CA algorithm.
When the MAC gets access to the channel, then RTS-CTSDATA-ACK packets are exchanged. The reception of ACK
packet by the transmitter means that the packet was successfully received by the receiver. The time taken to send
the packet between transmitter and receiver including
the total differed time represent the packet delay. This delay represents the difference between the time that a
packet is passed to the MAC layer (from the upper layer),
and the time of reception of ACK packet from the receiver.
The received packet delay can reﬂect the network state: a
high delay means that a possible situation of congestion
has occurred in the network. Thus, when one or more
packets have a bigger delay than a certain value, the trafﬁc

Membership degree

2.3. Fuzzy logic approach for best-effort trafﬁc regulation
(FuzzyQoS-1)
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(c) Defuzzification process
Fig. 2. Fuzziﬁcation and defuzziﬁcation process.
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Fig. 2. We represented the following sets: low (L),
medium (M), and high (H). Let us consider that the
threshold for low delay-measurement is 3 ms, for
medium delay-measurement it is 4 ms, and for high
delay-measurement it is 5 ms. Then, by mapping the
current delay-measurement onto the graph of the
membership function, the delay will be allocated
with a membership value in each set between 0
and 1. For example, in Fig. 2.a if the current delaymeasurement is 3.4 ms, then this value can be fuzziﬁed into low delay with the degree of 0.8, medium
delay with the degree of 0.4 and high delay with the
degree of 0. Fig. 2.a and b illustrate respectively, the
process of fuzziﬁcation of input parameters delaymeasurement and trafﬁc regulation rate.
(2) Rules evaluation: the fuzzy rules are presented as a
set of rules ‘‘if (. . .) then (. . .)”. Throughout rules evaluation process, these fuzzy rules are applied over
fuzzy sets using an inference engine. The inference
control of the trafﬁc regulation rate is illustrated
by the following rules:
If the delay-measurement is increased, then reduce the
trafﬁc rate
If the delay-measurement is decreased, then raise the
trafﬁc rate
As the delay-measurement becomes high, this
means that data packets take more time to be
received by the destination node, which means that
a possible congestion has occurred. Consequently, a
decrease in the trafﬁc rate should be performed to
reduce the congestion level in the network. Thus,
the decision making logic of the trafﬁc regulation
rate follows the delay-measurement parameter as
will be explained in the next section.
(3) Defuzziﬁcation: in this phase, the resulted fuzzy decision sets will be converted into crisp values. We
have chosen the method of mean of maxima
(MoM) [13] to perform the defuzziﬁcation because
of its light computational complexity. The evaluation result is obtained as the average of the elements
that reach the maximum grade in a fuzzy set.
Now that we presented the fuzzy logic for trafﬁc regulation mechanism, let us detail how to model and analyse
the QoS making decision for trafﬁc regulation using a fuzzy
Petri nets tool.
2.4. Fuzzy Petri nets model for trafﬁc regulation (FuzzyQoS-2)
FuzzyQoS-2 describes the regulation process performed
by the source node; it represents the different fuzzy steps
for decision making by formulating the different rules of
this process taking into account both the delay measurement and nodes mobility parameters. The proposed model
studies the fuzzy regulation trafﬁc rules in order to deal
with the imprecise information caused by the dynamic
topology of ad hoc networks. The representation of different fuzzy processes for decision making can be performed
by formulating the production rules of these processes.
Each fuzzy production rule is a set of antecedent input conditions and consequent output propositions. We proceed

to construct the previous aspects (the input and output
parameters) of the production rules in order to better represent and understand the process of trafﬁc regulation in
wireless ad hoc networks. The trafﬁc regulation used to
avoid the congestion depends on the trafﬁc state and the
dynamic topology of the network. These constraints represent the input parameters of FuzzyQoS-2. The trafﬁc state
is represented by the delay-measurement. The delay measurement parameter can give information about the status
of a network in terms of congestion. A big value of this
parameter means that a congestion case has may appeared
in the network. Therefore, the process of trafﬁc regulation
should be started. The second input parameter in FuzzyQoS-2 is node mobility. The output parameter is the regulation rate. The choice of using a fuzzy Petri nets tool has
been motivated by its efﬁciency and ﬂexibility over other
modeling tools for better representing the process of trafﬁc
regulation.
2.4.1. Overview of fuzzy Petri nets
It is observed that classical Petri Nets [16] do not have
sufﬁcient capacity to model the uncertainty in systems
[20]. This limitation of Petri nets has encouraged researchers to extend the exiting models by using the fuzzy reasoning theory [21,22]. The combination of Petri nets models
and fuzzy theory has given rise to a new modeling tool
called Fuzzy Petri Nets (FPN). FPN formalism has been
widely applied in several applications such as, robotics systems [23], real-time control system [20], fuzzy reasoning
systems [25], etc.
In the following, we give a brief description about the
FPN modeling tool [22,24].
Let consider FPN = (PN, CND, MF, FSR, FM).
(a) The tuple PN = (P, T, A, FW, FH) is called Petri nets if:
(P, T, A) is a ﬁnite net, where [16]: P ¼ fP1 ;
P2 ; . . . ; Pn g is a ﬁnite non-empty set of places,
T ¼ fT 1 ; T 2 ; . . . ; T n g is a ﬁnite non-empty set of
transitions,
A # ðP  TÞ [ ðT  PÞ is a ﬁnite set of arcs between
the places and transitions or vice versa.
FW: A ! N þ represents a weighting function that
associates with each arc a non-negative integer of
Nþ .
FH  ðP  TÞ : represents an inhibition function that
associates a place Pi 2 P contained in FH (Tj) to a
transition Tj itself.
(b) CND ¼ fcd1 ; cd2 ; . . . ; cdng represents a set of conditions that will be mapped into the set P; each
cdi 2 CND is considered as one input to the place
Pi 2 P. A condition cdi takes the form of ‘‘X is Z”, which
means a combination between the fuzzy set Z and the
attribute X of the condition. For instance, in the condition ‘‘the delay measurement is small”, the attribute ‘‘X = delay measurement” is associated to the
fuzzy set ‘‘Z = small”, but other fuzzy sets can also
be considered (e.g. ‘‘Z = medium”, ‘‘Z = large”, etc.).
(c) Consider MF: uZ ðxÞ ! T, a membership function
which maps the elements of X (as deﬁned in b.) into
the values of the range [0,1]. These values represent
the membership degree in the fuzzy set Z. The ele-
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ment x belonging to X represents the input parameter of the condition ‘‘X is Z”, and uz ðxÞ measures the
degree of truth of this condition. Note that the composition of membership function degrees of the
required conditions is performed by fuzzy operators
such as MIN/MAX.
(d) Let consider the following rule Ri:
Ri: ifx1 isz1 and /or x2 is z2 then A is B
The ﬁring strength function of rule Ri (FSRi) represents the strength of belief in Ri. The conclusion of
Ri (modeled by CSRi) can take one of the following
forms:

CSRi ¼ MINðuz1 ðx1 Þ; uz2 ðx2 ÞÞ ¼ uz1 ðx1 Þ ^ uz2 ðx2 Þ;
CSRi ¼ MAXðuz1 ðx1 Þ; uz2 ðx2 ÞÞ ¼ uz1 ðx1 Þ _ uz2 ðx2 Þ:
(e) SWR is the selected wining rule RL among the nrules R1, R2 , . . . , Rn. SWR is the rule which has the
highest degree of truth. Let FSRL be the corresponding ﬁring strength of RL, then the selected rule SWR
is given as follows: SWR=MAXðFSR1 ; FSR2 ; . . . ; FSRn Þ
(f) The marking task in FPN illustrates the satisfaction
of events occurred during the performance of fuzzy
rules. This marking function called ‘‘fuzzy marking”
(FM) distributes the tokens over the places of the
nets.
The sequence d ¼ hT 1 ; T 2 ; . . . ; T n i is said to be reachable
from a fuzzy marking FM1, if T i 2 Tis a ﬁrable from
FMi1 2 FM and leads to FMiþ1 2 FM, for all transitions
T i 2 d. The ﬁring of transition T i 2 T (Fig. 3) is performed
in two steps: (a) T i removes tokens and then, (b) T i places
tokens.
2.4.2. Fuzzy regulation trafﬁc rules usage
According to [26], most of fuzzy systems use the following form for modeling:
Rule R: if Ip1 is A AND Ip2 isB then Op is C
Where:
–
–
–
–
–

Ip1 and Ip2 are the input parameters,
Op is an output parameter,
A, B, and C are fuzzy sets,
AND represent fuzzy operator,
The fuzzy conditions of rule R are ‘‘Ip1 is A”, and ‘‘Ip2 is
B”.

The construction of the above aspects (inputs, outputs,
and fuzzy sets) for performing the trafﬁc regulation depends on the trafﬁc state and the dynamic topology of
wireless ad hoc networks. Thus, the previous fuzzy aspects
can take various values:
P1

P3

T1

T1

– The ﬁrst input parameter is represented by the DelayMeasurement (DM) at a mobile node. DM can be either
‘‘small” or ‘‘large”.
– The second input parameter is represented by the Node
Mobility (NM). NM can either be ‘‘slow” or ‘‘medium”
(note that ‘‘fast node mobility” is included in the case
of ‘‘medium node mobility”).
– The output parameter is represented by the Trafﬁc regulation rate (TR). TR can either be ‘‘decreased” (slowly
or largely) or ‘‘increased” (slowly or largely).
Let consider the following fuzzy rule RL as example:
RL: if DM is small and NM is slow, then TR is increased
largely
RL takes into consideration the input parameter of the
feedback delay-measurement DM and the node mobility
NM in wireless ad hoc networks. The trafﬁc regulation rate
TR represents the output parameter.
FPN that models the dynamic aspect of the fuzzy rule RL
is illustrated in Fig. 4.
– Pacd1: models the antecedent condition 1 (acd1) of RL;
acd1 = ‘‘DM is small”.
– Pacd2: models the antecedent condition 2 (acd2) of RL;
acd2 = ‘‘NM is slow”.
– TaMf1: models the membership function of the antecedent condition 1; T aMf1¼ usmall ðDMÞ.
– TaMf2: models the membership function of the antecedent condition 2; T aMf2¼ uslow ðNMÞ.
– PaMd1: models the membership degree value of the condition 1 of RL. This value determines the satisfaction
degree of the DM input parameter to the fuzzy set
‘‘small”.
– PaMD2: models the membership degree value of the condition 2 of RL. This value determines the satisfaction
degree of the NM input parameter to the fuzzy set
‘‘slow”.
– TFSCL: models the operation of minimum composition
‘‘MIN” between the antecedent conditions (e.g. condition 1 and condition 2) of RL. The ﬁring strength of RL
is
represented
by
the
MIN
operation:
MINðusmall ðDMÞ; uslow ðNMÞÞ.
– PFSCL: models the value of the ﬁring strength of RL. This
value deﬁnes the degree of truth of the output proposition ‘‘TR is increased largely”.
2.4.3. Fuzzy Petri nets model for trafﬁc regulation
FuzzyQoS-2 considers the following rules:
R1 : if DM is small and NMis slow thenTR is increased
largely,

Pn-1

P1

P3

Pn-1

T 1, T2, …., T n

P2

P4

…

Tn-1

T1

Pn

P2
Fig. 3. The transitions ﬁring in FPN.

T1

P4

…

Tn-1

Pn
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T aMf1

Pacd

PaMd1
“The output proposition is satisfied with a degree of
truth FSCi”

u Small (DM )

“DM is small”

Pacd2

T FSCi

TaMf2

PaMd2

FSC i
“NM is slow”

PFSCi

MIN (u Small ( DM ), u Slow ( NM ))

u Slow (NM )

FM1: Pacd1, Pacd2

T FSCi

TaMf1, T aMf2

FM2:PaM1, PaMd2

FM3: PFSCi

Fig. 4. The modeling of fuzzy rules structure and its dynamic behaviour.

R2 : if DM is small and NMis medium then TRis increased,
R3 : if DM is large and NM is slow then TR is decreased,
R4 : if DMis large and NM is medium then TR is decreased
largely.
– Input parameters:
 The input parameter of the ﬁrst antecedent condition
of R1, R2, R3, and R4 is the delay measurement
‘‘DM”.
 The input parameter of the second antecedent condition of R1, R2, R3, and R4 is the node mobility ‘‘NM”.
– Fuzzy sets: The fuzzy set of the antecedent conditions of
R1, R2, R3, and R4 are: small, large, slow, and medium.
– Antecedent conditions (acdi):
 The ﬁrst antecedent conditions in R1, R2, R3, and R4
are: acd1: ‘‘DM is small”, acd2: ‘‘DM is large”.

 The second antecedent conditions in R1, R2, R3, and
R4 are: acd3: ‘‘NM is slow”, acd4: ‘‘NM is medium”.
– Output parameters: The output parameter of R1, R2, R3,
and R4 is the trafﬁc regulation rate ‘‘TR”.
– The rules R1, R2, R3, and R4 use the following decisions
making: ‘‘increased largely”, ‘‘increased”, ‘‘decreased”,
and ‘‘decreased largely”
– The fuzzy logic operator used by the rules R1, R2, R3, and
R4 is t AND
The fuzzy operator ‘‘AND” is used in order to combine
the two antecedent conditions of each rule using the MIN
function. This provides the ﬁring strength value for each
rule. After that, MAX composition function is used to combine all ﬁring strength values of the deﬁned rules R1, R2, R3,
and R4 in the aim of determining the highest one that will

Delay Measurement (DM)

Small

Network Mobility (NM)

Large

u slow (NM )

ul arg e ( DM )

u small (DM )

FSC1

Medium

Slow

MIN (u small ( DM ), u small ( NM ))

FSC 4

u medium(NM )

MIN (u l arg e ( DM ), u big ( NM ))

MAX ( FSC1 , FSC 4 )
Output consequent of either R1 or R4

The final decision of either R1 or R4

Fuzzy Decision making algorithm:
-

-

Phase 1: enter the input parameters of the rules R1, R2, R3, and R4.
Phase 2: calculate the degree of truth of the antecedent conditions.
Phase 3: apply the operation of minimum composition (MIN) with the fuzzy operator AND/OR in order to
generate the firing strength value for each rule R1, R2, R3, and R4.
Phase 4: apply the operation of maximum composition to select the wining rule among the rules R1, R2, R3, and
R4.
Phase 5: generate the output consequent of the selected wining rule.

Fig. 5. Fuzzy decision making algorithm.
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– TaMf = {TaMf1, TaMf2 , . . . , T aMfn} a set of transitions
that represent the antecedent membership functions. TaMf1, T aMf2, TaMf3, TaMf4 observed in Fig. 6
represent the membership functions of ,
ularge ðDMÞ,
uslow ðNMÞ,
usmall ðDMÞ,
umedium ðNMÞrespectively.
– PaMd ¼ fP aMd1 ; PaMd2 ; . . . ; PaMdn g is a set of places
that represent the antecedent membership
degrees. The values of the place PaMd1 indicates
the degree of satisfaction of the input parameter
DM to the fuzzy set ‘‘small”.

be the selected wining rule. Fig. 5 shows the fuzzy logic
scheme for decision making of R1, R2, R3, and R4.
In what follows, we illustrate the steps of the proposed
FPN model.
(a) Enter the input parameters into the places and
transitions:
– PIP ¼ fP IP1 ; P IP2 ; . . . :; P IPn g is a set of places that
represent the input parameters. In the Fig. 6,
the places used are P1 and P2 which represent
respectively, the ﬁrst (e.g. delay measurement
DM) and second (e.g. node mobility NM) antecedent condition of R1, R2, R3, and R4.
– T IP ¼ fT IP1 ; T IP2 ; . . . :; T IPn g represents a set of input
parameter transitions. The transitions T IP1 and
T IP2 illustrated in Fig. 6 are used to distribute,
the input parameters ‘‘DM” and ‘‘NM” respectively for making the ﬁrst and second antecedent
conditions of the deﬁned rules R1, R2, R3, and R4.

(c) Compute the ﬁring strength of conditions
– T FSC ¼ fT FSC1 ; T FSC2 ; . . . ; T FSCn g represent a set of
transitions that model ﬁring strength conditions.
For instance, the transition TFSC1 shown in Fig. 6
performs the operation of minimum composition
(MIN) on the antecedent conditions of the rule
R1:MINðusmall ðMDÞ; uslow ðNMÞÞ. Note that the
fuzzy operator AND is integrated with the MIN
operation to combine the ﬁrst and second conditions of R1.
– PFSC ¼ fPFSC1 ; PFSC2 ; . . . ; P FSCn g is a set of places that
represent the ﬁring strength. PFSCi tokens are proportional to the number of antecedent conditions
of a rule Ri. This number is shown by the label
illustrated between the transitions TaMﬁ and the

(b) Represent the antecedent conditions and compute
the membership function for each condition.
– Pacd ¼ fPacd1 ; Pacd2 ; . . . :; P acd g is a set of places that
represent the antecedent conditions. Pacd1 and
Pacd2 in the model presented in Fig. 6 describe
the antecedent conditions ‘‘acd1” and ‘‘acd2”,
respectively.
PIP1

PIP1
T IP2

TIP1
Pacd1

Pacd2

TaMf1

Pacd3
T aMf2

2

Pacd4

TaMf3

TaMf4

2

PaMd1

2

PaMd2

TFSC1

2
PaMd3

TFSC2

PFSC1

PaMd4

TFSC4

T FSC3
PFSC3

PFSC2

PFSC4

T MAX
PWFSCi
T FSP1

TFSP2

PSWR1
PFSC2
TDm1

PSWR2
PFSC3

PFSC4

TFSP4

TFSP3
PSWR3
PFSC1

PFSC3 PFSC4

PFSC1

PFSC2

PFSC4

PSWR4
PFSC1

T Dm2

PFSC2

PFSC3
TDm4

TDm3

Pop
Pcls1
T OMf1
POMd1

Pcls2
T OMf2
POMd2

Pcls3
T OMf3
POMd3
Fig. 6. Fuzzy Petri nets for trafﬁc regulation process.
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T OMf4
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place PaMdi. The construction of the antecedent
conditions of a rule Ri is performed by ﬁring a
transition TFSCi. The inhibitor arc designed
between a place PFSCi and TFSCi is useful to note
that TFSCi should ﬁre one time.
(d) Determine the selected winning rule among the activated rules to make the ﬁnal decision making on the
trafﬁc regulation
- T FMAX ¼ MAXfP FSC1 ; PFSC2 ; . . . ; P FSCn g is a transition
that models the maximum composition operation (MAX) for the deﬁned rules. The ﬁring
strength value of a rule Ri is stored in the place
PFSCi.
– PWFSCi represents the ﬁring strength condition
FSCi of the selected wining rule Ri. The later rule
is determined as in the following step.
– T FSP ¼ fT FSP1 ; T FSP2 ; . . . ; T FSPn g is a set of transitions
that model the ﬁring strength comparison. For
instance, the transition TFSP3 is useful to make a
comparison between FSC3 of the rule R3 and the
selected wining ﬁring strength WFSCi.
– PSWR ¼ fP SWR1 ; P SWR2 ; . . . ; P SWRn g is a set of places
that models the selected wining rules. The rule Ri
is selected to be ﬁred if the place PSWRi contains a
token.
(e) The conclusion of the selected rules:
– T Dm ¼ fT Dm1 ; T Dm2 ; . . . ; T Dmn g is a set of transitions
that represent the decision of the selected rule.
TDmi deletes the ﬁring strength values of other
rules in order to ﬁre only the selected rule Ri.
– Pop is a place that models the output parameter.
As shown in Fig. 6, the place Pop represents the
trafﬁc regulation rate TR.
– Pcls ¼ fP cls1 ; P cls2 ; . . . ; Pclsn g models a set of places
that describe the different decisions of the
deﬁned rules. The places Pcls1, Pcls2, Pcls3, and Pcls4
illustrate the following conclusions respectively,
‘‘increased largely”, ‘‘increased”, ‘‘decreased”,
and ‘‘decreased largely”. Only one place among
all places will contain a token which represent
the conclusion of the selected wining rule. For
instance, the conclusion of the selected rule R1
is ‘‘increased largely” if TDm1 transfers a token
from the place PSWR1 to the place Pcls1.
– T OMf ¼ fT OMf1 ; T OMf2 ; . . . ; T OMfn g is a set of transitions that represent the output membership
functions. TOMf1, TOMf2, TOMf3, and TOMf4 represent
the calculation performed by the used fuzzy
method to compute the membership degree of
respectively,
ularge increase ðTRÞ; uincrease ðTR; udecrease
ðTRÞ; ularge decrease ðTRÞ,
– POMd ¼ fPOMd1 ; POMd2 ; . . . ; P OMdn g is a set of
places that represent output membership
degree. The places POMd1, POMd2, POMd3, and
POMd4 indicate that the output parameters of
‘‘TR is increased”, ‘‘TR is increased largely”,
‘‘TR is decreased”, and ‘‘TR is decreased largely”
are satisﬁed with the following membership
degree, ularge increase ðTRÞ; uincrease ðTRÞ; udecrease ðTRÞ;
ularge decrease ðTRÞ, respectively.

Now that we explained how trafﬁc regulation is performed in FuzzyQoS-2, let us focus hereafter on another vital aspect for ensuring the control of congestion which is
the buffer management. In order to deal with the dynamic
buffer occupancy and the uncertain and imprecise nature
of ad hoc network information, a fuzzy logic approach for
threshold selection is also used in FuzzyQoS.

2.5. Fuzzy logic approach for threshold buffer management
(FuzzyQoS-3)
In the aim of improving the reliability of the proposed
model, fuzzy buffer management mechanism (FuzzyQoS3) has been integrated. Given the study performed in
FuzzyMARS [7], fuzzy logic promises to offer an efﬁcient
tool for buffer management by using adequate thresholds
that deal with the imprecise information in a wireless ad
hoc network. Also, fuzzy logic has been successfully applied to the queue management in the cell-switching networks [27]. FuzzyQoS-3 model applies a fuzzy technique
for buffer management based on fuzzy sets theory. The later extends the classical logic set {0, 1} to use linguistic
variables (e.g. full buffer, merely full buffer, empty buffer).
Using fuzzy logic, FuzzyQoS-3 investigated the fuzzy
thresholds ability to adapt to the dynamic conditions over
the classical inﬂexible thresholds.
The classical thresholds are characterized by their limitation and restriction, because the selection of threshold is
based on a single value. Thus, the utilization of a buffer
may be either ‘‘poor” or ‘‘surcharged”. When the selected
value is small (e.g. 30% of capacity), then the admission
of new packets is possible only when the buffer occupancy
is low. This indicates a poor utilization of the buffer; since
most of incoming packets are rejected even if the buffer is
almost unﬁlled. On the other hand, when the selected value is big (e.g. 90% of capacity), problems may occur when
the bursty trafﬁc is used. The transmission of packets generated by a bursty trafﬁc is very changing. It can vary from
small to ‘‘near-peack” rate in a short period of time.
On the other hand, it is observed that most of events
occurring in an ad hoc network are dynamic and random.
Manually predeﬁning a value for threshold is not suitable.
In addition, it is important to note that the rate of packets
arriving at a particular node is not static. The classical
threshold mechanism divides the buffer into an ‘‘admitted”
part and a ‘‘no-admitted” part. Let consider that the threshold of the buffer shown in Fig. 7a is equal to 60% (the values are based on the simulations). In this scheme, the
occupancy level may range from 0 to 60%. When the buffer
occupancy is superior to 60%, no incoming packets are accepted in the buffer. Therefore, the change in decision
making from ‘‘admit state” to ‘‘no-admit state” is performed from 60%–61%. This means that a small variation
in the buffer occupancy may inﬂuence the decision making
of incoming packets.
In the proposed FuzzyQoS-3, we attempt to extend the
two-discrete states ‘‘admit” and ‘‘no-admit” of the buffer
occupancy by using fuzzy logic. The aim of introducing fuzzy logic is to develop a more realistic representation of buf-
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Fig. 7. Classical and fuzzy buffer schemes.

fer occupancy that helps to offer an efﬁcient decision making. Hence, the deﬁnition of ‘‘buffer occupancy” will consider the two fuzzy cases of ‘‘getting full” and ‘‘not
getting full”, rather than ‘‘admit” and ‘‘no-admit”, in the
existing approaches. This fuzzy representation replaces
the two-discrete sets by a continuous set membership,
and performs small gradual transitions between different
states of buffer occupancy.
Based on the fullness of the buffer, the fuzzy membership function aims to determine the fuzzy threshold. Several membership functions may be used for that purpose:
‘‘triangular”, trapezoidal”, or ‘‘sigmoid” function. These
functions can give a representation about the buffer fullness level. In FuzzyQoS-3, we used the sigmoid membership function. This choice is based on the fact that this
function would reﬂect well the dynamic occupancy of the
buffers that we want to model.
Fig. 7.b shows that the admit membership function is
inversely proportional to the occupancy fullness level of
buffer. Thus, when the occupancy fullness is small, the value of the admit membership function is big. At higher fullness occupancy levels, the admit membership function
value becomes small. When the value of the ‘‘no-admit”
membership function is getting big, then only a small
quantity of packets will be permitted to enter the buffer.
In Fig. 7.b, the value of the membership function is represented by the symboluadm . The fuzzy rules associated are as
follows:
If the value of the admit membership function is big, then
increase the accepted incoming packets into buffer
If the value of the admit membership function is small,
then reduce the accepted incoming packets into buffer
The previous fuzzy rules are illustrated by Fig. 7.b. The
rejection of packets is controlled based on the degree of
fullness of the buffer. For instance, when the buffer is occupied at 40%, this means that the value of uadm Þ is about 0.7
(i.e. the amount of packets admitted is about 70%). Then,
about ‘‘30%” of incoming packets will be not admitted.
Note that the fuzzy threshold approach covers the continuous set of values representing possible buffer occupancy
(i.e. from 0 to uadm Þ. This is opposite to the classical threshold approaches that hold only one predeﬁned single value.
Therefore, fuzzy logic adds more ﬂexibility to the threshold
selection.

The simulation of the proposed solution is studied with
the scalable ns-2 simulator. We compared the performance
of FuzzyQoS with the ‘original model’, FuzzyMARS described in our previous work [7] and the SWAN model described in [1]. We use the word ‘original model’ to refer to
IEEE 802.11 wireless networks without FuzzyQoS mechanisms. Each mobile host has a transmission range of 250
m and shares an 11 Mbps radio channel with its neighboring nodes. The simulation is performed in two steps: the
ﬁrst simulation investigates the performance of the proposed model in an environment characterized by a single
shared channel. The second simulation considers a multihop environment with different mobility scenarios.
3.1. Performance of a single shared channel
In this section, we consider a single hop environment
that consists of a square shape of 150 m  150 m. The simulation includes a variety of trafﬁc types; FTP macro-ﬂows,
WEB micro-ﬂows, and real-time ﬂows. The video and voice
ﬂows representing real-time trafﬁc are active and monitored for the duration of 100 s. Video trafﬁc is modeled
as 200 Kbps constant rate trafﬁc with a packet size of 512
bytes. Voice trafﬁc is modeled as 32 Kbps constant rate
trafﬁc with a packet size of 80 bytes. We have considered
different scenarios of node’s scalability (30 nodes, 50
nodes, 70 nodes, etc.).
In order to better understand the properties of the FuzzyQoS, the simulation considers multiple scenarios of TCP
best-effort trafﬁc, voice and video ﬂows. The TCP trafﬁc is
modeled as a mixture of FTP and Web trafﬁc. Web trafﬁc
represents micro-ﬂows, whereas FTP trafﬁc corresponds
to macro-ﬂows. TCP ﬂows are greedy FTP type of trafﬁc
with packet size of 512 bytes. Web trafﬁc is modeled as
short TCP ﬁle transfers with random ﬁle size and random
silent period between transfers.
The length of the silent period between two transfers is
Pareto in distribution with the shape parameter of 1.2. The
ﬁle size is also driven from a Pareto distribution with a
mean ﬁle size of 10 Kbytes and shape parameter of 1.2.
For the reasons of simpliﬁcation and clariﬁcation, we have
chosen to put the QoS performance results of ‘‘FuzzyQoS”,
‘‘FuzzyMARS”, ‘‘SWAN” and ‘‘Original” into different ﬁgures, and to make the comparison between ‘‘FuzzyQoS”
and other solutions separately. This shows precisely the
difference in terms of performances between FuzzyQoS
and other models.
3.1.1. Impact of scalability of video trafﬁc
Figs. 8–10 show the impact of scalability of number of
UDP video ﬂows on the average end-to-end delay. The simulation uses a mixture of real-time trafﬁc and TCP best-effort trafﬁc which consists of 16 Web and FTP ﬂows. It is
observed in Fig. 8 that the original model (IEEE 802.11)
shows an average delay larger than 12 ms with only 5 video
ﬂows and over 20 ms with 15 or more video ﬂows. FuzzyQoS shows delay inferior to 2 ms with 5 video ﬂows and
less than 2.4 ms with 20 video ﬂows. Hence, the reduction
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Fig. 12. Average delay in FuzzyQoS and SWAN models vs number of web
micro-ﬂows.
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Fig. 10. Average delay in FuzzyQoS and FuzzyMARS models vs number of
video ﬂows.

achieved by FuzzyQoS in terms of the average delay is about
90% in comparison to the original model. On the other hand,
Fig. 9 illustrates that for up to 20 video ﬂows, FuzzyQoS outperforms SWAN by about 13%. We observe in Fig. 10, that
the average delay in both models FuzzyQoS and FuzzyMARS is almost the same. The average delay in both models
grows slowly as the video ﬂows number increases.
When the number of video ﬂows becomes high, the
average delay of trafﬁc in FuzzyMARS becomes slightly
smaller than in FuzzyQoS. The impact of high number of video ﬂows on the delay is due essentially to the congestion
in the nodes.
3.1.2. Impact of scalability of web trafﬁc
Figs. 11–13 show the impact of the scalability of a
growing number of web micro-ﬂows on the average end-

0
8

16
32
48
64
Number of web microflows

72

Fig. 13. Average delay in FuzzyQoS and FuzzyMARS models vs number of
web micro-ﬂows.

to-end delay. It is observed in Fig. 11 that the increasing
number of web micro-ﬂows has much more impact on
the average delay in IEEE 802.11 than in FuzzyQoS.
The average delay in FuzzyQoS remains around 1.8 ms,
whereas, in the original model when the number of web
micro-ﬂows increases from 8 to 72 web micro ﬂow the
average end-to-end delay grows from 1.8 to 7 ms. On the
other hand, it is observed in Fig. 12 that the average delay
in SWAN and FuzzyQoS models is similar for up to 16 web
micro-ﬂows. For the highest number web micro-ﬂows, the
average delay of trafﬁc in FuzzyQoS becomes smaller than
in SWAN by about 18%. Fig. 13 observes almost a similar
performance between FuzzyQoS and FuzzyMARS models,
the gain achieved by the proposed model is about 9%.

1703

L. Khoukhi, S. Cherkaoui / Computer Networks 54 (2010) 1692–1706

3.2. Performance in multihop environment

3.2.1. Impact of scalability of TCP ﬂows
Figs. 14–19 show the scalability impact of the increasing number of TCP ﬂows on the average end-to-end delay
and throughput of trafﬁc. Fig. 14 illustrates a signiﬁcant
difference in terms of the average delay between FuzzyQoS
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Fig. 17. Average throughput in FuzzyQoS and FuzzyMARS models vs
number of TCP ﬂows.
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In this section, the simulation considers a multihop network of 50 mobile nodes. The network area has a rectangular shape of 1500 m  300 m that minimizes the effect of
network partitioning. The AODV protocol [28] is chosen
as a routing protocol. In this multihop network, we consider a mixture of real-time and TCP best-effort trafﬁc.
The real-time trafﬁc is modeled as 4 voice and 4 video
ﬂows. The TCP trafﬁc is modeled as a mixture of web micro-ﬂows and FTP macro-ﬂows trafﬁc.
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Fig. 19. Average throughput in FuzzyQoS and SWAN models vs number
of TCP ﬂows.

and the original model. The average delay in FuzzyQoS
grows slowly with the increasing number of TCP ﬂows,
and it remains between 2 and 3 ms. In contrast, the average
delay in the original model grows from 7 to 31 ms as the
number of TCP ﬂows increases from 2 to 12 ﬂows. Hence,
the gain achieved by FuzzyQoS in terms of the average
end-to-end delay is about 74–92%. In Fig. 16, we observe
that the average delay in FuzzyMARS grows slowly with
the increasing number of TCP ﬂows, and it remains almost
less than 3 ms. We observe that the average delay of TCP
trafﬁc in FuzzyQoS is almost the same as in FuzzyMARS;
the latter outperforms FuzzyQoS by about 3%. Fig. 18
shows the average end-to-end delay in both FuzzyQoS
and SWAN models. It is shown that the average delay is almost inferior to 3 ms in the proposed model, whereas, in
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3.2.2. Impact of mobility
The impact of mobility on the performances of FuzzyQoS is explored in Figs. 20–25. The real-time trafﬁc is
modeled in the same manner as discussed previously.
The best-effort TCP ﬂows consist of both web and FTP
ﬂows. The random waypoint mobility model [29] is implemented at each node in the network. In the beginning, the
nodes are randomly placed in the area. Then, each mobile
node selects a random destination and moves with a random speed up to a maximum speed of 20 m/s. After reaching the destination, the node will stay there for a given
‘‘pause time” and then begin starts to move toward another destination. This process is repeated during all simulation time.
Fig. 20 shows that the average end-to-end delay in
FuzzyQoS increases slowly. The average delay in the proposed model remains almost less than 5.4 ms, while the
average delay in the original model grows from 25 to
38 ms. This means that the proposed FuzzyQoS achieves a
reduction of about 79%–87%. On the other hand, it is observed in the Fig. 21 that the throughput of TCP best-effort
trafﬁc decreases slowly in the original model as the mobility increases. The average throughput in FuzzyQoS is superior to that of the original model by about 33% for different
mobility scenarios.

We observe in Fig. 22 that the average end-to-end delay
in FuzzyMARS increases slowly and grows only for the
highest mobility scenarios. Although the average delay of-
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Fig. 21. Average throughput in IEEE 802.11 and FuzzyQoS models vs
mobility.
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SWAN model the average delay is around 5 ms. This means
that the achieved gain offered by FuzzyQoS is about 49% in
terms of delay.
Figs. 15, 17 and 19 illustrate the impact of growing
number of TCP ﬂows on the average throughput of TCP
trafﬁc over the different models of simulation. The average
throughput of the TCP trafﬁc in FuzzyQoS is almost the
same as in IEEE 802.11, as shown in Fig. 15. At a lower
number of TCP ﬂows, the average throughput in the original model is superior to that in FuzzyQoS. A similar result
is observed in Fig. 19 between FuzzyQoS and SWAN. On the
other hand, we observe in Fig. 17 that the average throughput of the TCP trafﬁc in the proposed model is about 21%
better that than the FuzzyMARS.
These results conﬁrm that by adopting the FuzzyQoS
mechanisms, we can achieve a reduction in terms of average end-to-end delay an estimated, 74%–92% and 49% in
comparison to the original and SWAN models respectively,
with almost the same throughput. Moreover, FuzzyQoS
outperforms FuzzyMARS in terms of average throughput
around 21% at cost of 3% decrease in the average delay.
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Fig. 22. Average delay in FuzzyQoS and FuzzyMARS models vs mobility.
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Fig. 23. Average throughput in FuzzyQoS and FuzzyMARS models vs
mobility.
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Fig. 20. Average delay in IEEE 802.11 and FuzzyQoS models vs mobility.
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Fig. 24. Average delay in FuzzyQoS and SWAN models vs mobility.
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Fig. 25. Average throughput in FuzzyQoS and SWAN models vs mobility.

fered by FuzzyMARS is about 2% better than in FuzzyQoS
the FuzzyQoS throughput is 49% better in different mobility scenarios as shown in Fig. 23. During the mobility of
nodes, some ﬂows are dropped in both FuzzyMARS and
FuzzyQoS models because of the difﬁculty in capturing
the dynamics of the environment in the ad hoc network.
Fig. 24 illustrates the average end-to-end delay with
different mobility scenarios in both FuzzyQoS and SWAN
models. For different mobility scenarios, the average delay
offered by FuzzyQoS is about 10%–36% better than that offered by SWAN. It is shown in Fig. 25 that for different
mobility scenarios, the throughput in FuzzyQoS is better
than in SWAN model by about 43%.
The previous investigation of impact of TCP trafﬁc and
mobility illustrates clearly that the proposed FuzzyQoS
model provides an average end-to-end delay with low
and almost stable values, which is a promising result for
jitter-sensitive multimedia services. This advantage is
illustrated by the trace graphs as shown in the following.
Figs. 26–29 show some trace graphs that observe the
impact of TCP ﬂows and nodes scalability on the average
delay in FuzzyQoS in both single hop and multihop wireless ad hoc environment. The simulation consists of a mixture of 8 real-time ﬂows and TCP ﬂows (i.e. a mixture of
FTP and web ﬂows), which are modeled as in the previous
simulations. Figs. 26 and 27 trace the packet delay of a single hop environment using, 10 and 20 TCP ﬂows with 20
and 30 nodes respectively. Figs. 28 and 29 trace the packet
delay of a multiple hop environment using, 10 and 20 ﬂows
with 20 and 30 nodes respectively. It is observed from the
trace graphs that the average end-to-end delay in the proposed model increases slowly as the number of nodes becomes high. For different scenarios of TCP and nodes

Fig. 27. Packets delay in FuzzyQoS with 20 TCP vs simulation time
(Single-hop setting).

Fig. 28. Packets delay in FuzzyQoS with 10 TCP vs simulation time
(Multihop setting).

Fig. 29. Packets delay in FuzzyQoS with 20 TCP vs simulation time
(Multihop setting).

scalability, FuzzyQoS experiences a low and almost stable
average delay around 2 ms. This result indicates that the
proposed model can support real-time trafﬁc with low
and stable delay for different network conditions, which
is a remarkable beneﬁt for jitter-sensitive multimedia
applications.
4. Conclusion

Fig. 26. Packets delay in FuzzyQoS with 10 TCP vs simulation time
(Single-hop setting).

In this paper we explored the usage of an intelligent
cross-layer QoS approach for QoS support in wireless ad
hoc networks. FuzzyQoS aims to improve the trafﬁc regulation and the control of congestion in multimedia applications. Moreover, FuzzyQoS explores a new Fuzzy Petri
nets technique for modeling and analyzing the QoS decision making for the trafﬁc regulation in wireless ad hoc
networks.
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FuzzyQoS makes use of the feedback delay information
from the network in order to perform a fuzzy logic trafﬁc
regulation which ensures that best-effort trafﬁc coexists
well with real-time trafﬁc in the multimedia applications.
Additionally, FuzzyQoS explores the use of fuzzy threshold
because of the importance of threshold notion for the discarding of data packets and adapting the trafﬁc service to
the occupancy of buffers. We have evaluated the performance of FuzzyQoS using the ns-2 simulator under diverse
mobility, trafﬁc, and channel conditions. In terms of trafﬁc
scalability, the simulations have shown that we achieved a
gain in terms of average end-to-end delay by about 74%–
92% and 49% in comparison to, the original (i.e. IEEE
802.11 wireless networks) and SWAN models respectively.
The simulation outcomes indicate that fuzzy logic system
can be hopeful to deal with the dynamics of ad hoc networks when managing QoS delivery especially for supporting multimedia services.
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