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Abstract— We analyze the performance of the Dis-
tributed Coordination Function (DCF) for 802.11 WLANs.
We consider a fixed number of contending stations within
radio proximity, and we investigate the important case
in which stations operate under non-saturated conditions.
We assume that the MAC queues of wireless stations
receive from the upper layers a stationary arrival process
of packets. We identify the fundamental problems that
arise in building an analytical model of the system, and we
propose different approaches to overcome these difficulties.
Finally, we apply our modelling technique to study several
important issues in 802.11 networks, such as the impact of
bursty traffic and the system performance in a multirate
environment. The accuracy of the analytical results is
verified by simulation with ns-2.

Index Terms— Stochastic processes/Queueing theory

I. I NTRODUCTION

In the last few years, IEEE 802.11 Wireless Local
Area Networks (WLANs) [1] have emerged as a pre-
vailing technology for wireless access. Such a success is
mainly due to the ability of 802.11 to provide a high-
speed wireless environment, and to apply to infrastruc-
tured as well as ad hoc networking. Nevertheless, the
802.11 technology still presents some limitations, among
others, the limited bandwidth of the communication
channel and the lack of quality of service (QoS) support.
High data-rates in 802.11 networks are possible but at
the cost of a shorter transmission range, i.e., they can be
employed only when the distance between transmitter
and receiver is sufficiently small. It follows that an
efficient sharing of the available bandwidth is of crucial
importance. As for the QoS support, some enhancements
to the current channel access schemes are under study.
In particular, the IEEE 802.11e draft standard [2] aims
at introducing service differentiation at the MAC layer
so as to provide the desired QoS level for various classes
of traffic.

These facts clearly indicate that the core element of
the 802.11 technology is the MAC protocol, since it
determines the efficiency of using the radio resources and
the network performance. Therefore, it is of fundamental
importance to develop a model of the 802.11 MAC

function that accurately represent the system behavior
under realistic assumptions and enable us to thoroughly
investigate the system behavior.

The primary 802.11 MAC function is the so-called
Distributed Coordination Function (DCF). The DCF is
a random access scheme based on the Carrier Sense
Multiple Access with Collision Avoidance protocol
(CSMA/CA). The DCF has two operating modes: the ba-
sic channel access mode and the RTS/CTS (Request-to-
Send/Clear-To-Send) mode. In the following, we assume
the reader to be familiar with the access procedures of
the DCF; for the necessary background see, for example,
[1], [4], [5].

A. Our Contribution

In this work, we present an analytical model of the
802.11 DCF. As discussed in Section I-B, several ana-
lytical studies of the DCF have appeared in the literature
[4]–[16]. Our model differs from previous work in that:
(i) it identifies the critical assumptions in the develop-
ment of analytical models of 802.11 networks;
(ii) it presents a fairly simple as well as accurate model
of the DCF in presence of non-saturated traffic sources;
(iii) it is general enough to account for different arrival
processes and traffic patterns, in particular, it applies to
the case of bursty traffic like that produced by the TCP
protocol;
(iv) it evaluates the system performance in a multirate
environment;
(v) it applies to the case where a station seizing the
channel is entitled to transmit a burst of packets, as
specified in the IEEE 802.11e [2];
(vi) it evaluates several metrics of interest, such as
the network throughput, the packet loss probability, the
distribution of the MAC queue length at the wireless
stations, the average packet delay, and the round-trip-
time (which, together with the packet loss probability, is
the main variable affecting transport protocols such as
TCP).

B. Related Work

There are several theoretical works investigating the
performance of the DCF access scheme. In [3], the
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authors compute the theoretical upper limit for the
IEEE 802.11 protocol capacity and optimize the system
throughput by dynamically tuning the parameter settings
of the DCF as traffic conditions vary. In [4], Bianchi
proposes an analytical model, based on Markovian tech-
niques, which well represents the behavior of wireless
stations under saturated conditions. The same model has
been subsequently refined in many different ways in [5]–
[10]. In particular, the work in [9] accurately models
the decrease of the stations’ backoff counter, while [10]
extends the Bianchi’s model to compute the average
service time and jitter experienced by a packet in a
saturated, single-hop network.

More recently, research efforts have been devoted to
analyzing the case of non-saturated stations [5], [11]–
[16]. An easy way to extend the analysis to the case of
non-saturated traffic sources is to consider a system in
which the number of competing stations slowly varies
over time, and locally apply results obtained under
saturated conditions. The idea is proposed by Foh and
Zukerman in [12]. In [13] the authors model exponential
on-off sources using a product-form queuing network,
while in [5] a processor sharing queueing model with
state-dependent service rates is used to analyze non-
persistent sources and compute the average flow transfer
delay. In [15], the authors propose aG/G/1 model
representing the queue of an 802.11 station, and derive
results for the queue lengths and the channel access delay
under general traffic arrival patterns. Note, however, that
the model in [15] considers infinite retrials for a packet
transmission, infinite buffers and, more importantly, that
the behavior of individual stations are independent – an
assumption that, as shown later in this paper, does not
hold in the case of unsaturated sources. An analytical
fluid model is described in [14], along with a scheduling
scheme aimed at improving the protocol capacity.

Finally, relevant to our work is also the study pre-
sented in [17], where the authors present a methodology
to estimate the number of competing stations using run-
time measurements of collision probability.

C. Paper Organization

We present the basic model of the DCF for satu-
rated sources in Section II. There, we first describe
our assumptions and the simplified model of the chan-
nel occupation that we consider; then, we present our
Markovian analysis and some numerical results. The
case of non-saturated sources is studied in Section III,
where two analytical models of increasing complexity
are introduced. The results derived through our models

are validated by using thens-2 simulator1 [18]. In
Section IV, we present some applications of our models.
More specifically, we consider the cases where stations
use variable frame sizes, employ multiple transmission
rates, generate bursty traffic, and have the possibility to
transmit bursts of frames, as in IEEE 802.11e. Finally,
Section V concludes the paper and introduces some
aspects that will be subject of future research.

II. BASIC MODEL FOR SATURATED SOURCES

In this section we present the basic model describing
the behavior of saturated sources, following the approach
of [4]. Our main assumptions are as follows:
• We consider a fixed numbern of contending sta-

tions accessing the same wireless channel. These
stations may either be associated with the same
access point, or form an ad-hoc network. Stations
operate undersaturation conditions, that is, they
always have data to send.

• All stations are within radio proximity, and there is
no hidden terminal problem.

• Stations are equally likely to access the channel; in
particular, there are no seizing effects [5].

• The communication channel is error-free.

A. Simplified Description of the Channel Occupation
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Fig. 1. Temporal evolution of the occupation of the wireless channel

A schematic representation of the occupation of the
shared medium over time is depicted in Figure 1. The
channel has three possible states:(i) busy channel due
to a successful transmission;(ii) busy channel due to a
collision caused by more than one station transmitting
simultaneously;(iii) idle channel. The duration of the
time intervals during which the channel remains in the
three states are denoted byTs, Tc, andσ, respectively.
In Figure 1 the time instants at which the channel can
change state are pointed to by arrows placed below
the temporal axis. Note that,σ corresponds to one
802.11 slot time; at the end of an idle slot, stations can
decrement their backoff time counters.

The internal structure ofTs and Tc is illustrated in
Figure 2, for both the basic access and the RTS/CTS
mechanisms. The duration ofTs andTc vary depending

1We corrected some inconsistencies of the the current release of
the ns-2 simulator [18], namelyns-2.27, with respect to the IEEE
802.11 specifications [1].
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Fig. 2. Internal structure of aTs and aTc interval for the basic
access and the RTS/CTS mechanisms

on the frame size and on the sending rate of the transmit-
ting station(s). For simplicity, in this section we assume
that all stations have a fixed frame size and transmit at
the same rate, so thatTc andTs are constant. This is not
a limitation, as the analysis can be easily generalized to
consider the case of variable duration (see Section IV).

Notice that, differently from [4], we include an addi-
tional slot timeσ at the end of each interval as shown
in Figure 2. The reason for that comes from the con-
sideration that the backoff time counter is decremented
by one onlyafter an idle time slot has elapsed. As a
consequence, at the time instants marked with an asterisk
in Figure 2, no station can have zero backoff and attempt
a new transmission (if the backoff counter were zero, the
station should have started transmitting at the beginning
of the current interval). An exception to this behavior
occurs if a station, who has just transmitted in the current
interval, extracts a value of zero for the new backoff
counter. In this case, a station who has successfully sent a
frame could send a new frame at the time instant marked
with an asterisk without colliding with other stations,
i.e., successfully with probability one. Recent versions
of the standard [2] have eliminated the occurrence of
this odd (and unfair) event forcing a station to wait for at
least one time slot between two successive transmissions.
Correspondingly, in our model, no station can start a
transmission at the instants marked with an asterisk; if a
station picks up zero as new backoff counter, its behavior
is considered the same as if it had extracted a value of
one. We observe that taking precisely into account the
occurrence of a station extracting zero backoff would
be excessively complicated in an analytical model, and
the impact of this special case on global performance is
marginal, as we have verified by simulation.

The above description of the occupation of the channel
does not sacrifice any important detail of the protocol
operation; indeed the main assumption is that all stations
synchronize with the channel. Also, it provides a quite
powerful way to analyze the system performance, since
one can consider the evolution of the system only at the
time instants at which the state of the channel changes
(marked by arrows in Figure 1), This can be done by

defining a time stepas the time interval between two
consecutive changes of the channel state; the duration of
a time step will vary depending on whether a successful
transmission, a collision, or an idle slot, has occurred.
However, the internal structure ofTs andTc (see Figure
2) imply that all stations with non-zero backoff always
decrement their counter at the end of each time step (i.e.,
at the end of the idle interval of durationσ).

We have built a discrete time simulator based on the
above description of the channel state, using theC lan-
guage. The simulator basically maintains for each station
only the value of the backoff counter and the current
contention window size. Results match very well with
ns-2 simulations [18], while achieving an impressive
speed-up with respect to the detailed event simulation as
implemented inns-2. Some numerical results are shown
in Section II-C.

B. Markovian Analysis

In order to study the system analytically, a natural
choice is to build a discrete Markov chain, embedded
in the temporal evolution of the channel at the instants
of a possible state change2. Moreover, relying on the
fundamental assumption that the state of a station is
independent of that of the others, we can reduce to
considering the behavior of a single, tagged station.
Following this approach, we propose the simple Markov
chain depicted in Figure 3.

b1

0b0

. . . . . .

Bmbm

B

B1

Fig. 3. Markov chain model for saturated sources

States labelled withb represent the station with back-
off counter equal to zero, i.e., the case where the station
actually transmits a frame in the current step. States
labelled withB model the station while it decrements
its backoff counter. States have an index in the range
{ 0 . . .m } representing the “backoff stage”, wherem is
the maximum retry limitfor the frame to be transmitted.
Using the same notation as in [4], we denote byWi the
contention window size at backoff stagei. We haveWi =

2Note that thetime stepof the model is defined as in Section II-A.
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TABLE I

TRANSITION PROBABILITIES OF THE BASIC MODEL

αi = 2/Wi βi = 2/(Wi − 1)

so sd P (so, sd) Condition

bi b0 (1− p) α0 0 ≤ i < m
B0 (1− p) (1− α0)
bi+1 p αi+1

Bi+1 p (1− αi+1)
bi b0 α0 i = m

B0 1− α0

Bi bi βi 0 ≤ i ≤ m
Bi 1− βi

min (2i CWmin , CWmax), where CWmin and CWmax are
constant parameters of the MAC protocol.

The transition probabilitiesP (so, sd) from stateso to
the successor statesd are reported in Table I. The last
column in the Table is a condition on the index of state
so. To simplify the expression of the transition proba-
bilities, we have putαi = 2/Wi and βi = 2/(Wi − 1).
Note that the factor 2 at the numerator ofαi and βi is
due to the fact that picking a value of0 or 1 has the same
effect of starting a new transmission at the beginning of
the next interval (see our discussion in Section II-A).
In the expression of the transition probabilities, the only
unknown variable (to be computed) isp, which is the
collision probability seen by a station transmitting on
the channel.

Let us denote the stationary distribution of the Markov
chain byπ = {πs}, wheres is a generic state of the
model. Similarly to the model of Bianchi, we have that
πbi

= p πbi−1 , for all i > 0.

The main differences with respect to previous models
for saturated sources are as follows.

(i) In case of collision, a station with probabilityαi =
2/Wi immediately retransmits the frame in the
following step, beingWi the value of the updated
contention window.

(ii) All states belonging to backoff stagei and having
backoff counter greater than one, have been col-
lapsed in a single stateBi. This has been done to
reduce the number of states in view of the model ex-
tensions described later in the paper. The side-effect
of this simplification is that the number of steps
waited while decrementing the backoff counter is
modelled as a geometrically distributed random
variable, instead of a uniformly distributed variable.
However, the transition probabilitiesP (Bi, bi)’s
have been chosen in such a way that the stationary
probability of the collapsed statesBi are exactly
the same that would result considering a uniformly
distributed backoff, as done in [4]. The condition to

be satisfied is given by,

πBi
= πbi

(Wi − 1)(Wi − 2)
2Wi

for all values of i. By doing so, all performance
metrics derived with our simplified model coincide
with those obtained with a more precise model of
the backoff counter based on a uniform distribution.

Thanks to the particular structure of the Markov
chain, the derivation of the stationary probabilities is
straightforward. Indeed, all probabilities can be easily
expressed as functions ofπb0 , and can be computed by
normalizing the overall sum of probabilities to one.

After that, one can compute the probabilityτ that a
station transmits during a time step, asτ =

∑m
i=0 πbi

.
In order to derive theconditional collision probabilityp,
we rely on the fundamental assumption that the state of
the individual stations are independent. This yields the
following expression,

p = 1− (1− τ)n−1 (1)

The two unknownsτ andp are computed by a simple
iterative procedure, as in [4] where it is also shown that
the fixed point approximation has a unique solution.

We compute the channel state probabilitiesΠs, Πc and
Πσ, which are the probabilities that a generic discrete
time step is occupied by a successful transmission, a
collision, or an idle slot, respectively, as follows:

Πσ = (1− τ)n

Πs = n τ (1− τ)n−1

Πc = 1−Πσ −Πc

Finally, we calculate theaggregate packet throughput
TP , which is the main performance figure that can
be derived from the model. This is defined as the
rate (expressed in packets/s) at which data packets are
successfully transferred by all stations over the wireless
channel. It is given by,

TP =
Πs

Πs Ts + Πc Tc + Πσ σ
(2)

where the sum at the denominator computes the average
duration of a time step.

C. Numerical Results

Here we present some results showing the accuracy
of the simplified representation of the system behavior
described in Section II-A, as well as of the Markovian
analysis presented in Section II-B.

The parameters of the MAC and physical layers,
unless otherwise specified, are set according to Table II
and correspond to default values in thens-2simulator.
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TABLE II

PARAMETERS SETTING FOR THEMAC AND PHYSICAL LAYERS

SIFS 10 µs
DIFS 50 µs
EIFS 364 µs
σ 20 µs
BasicRate 2 Mbps
DataRate 11 Mbps
PLCP length 192 bits @1 Mbps
MAC header (RTS,CTS,ACK,DATA) (20,14,14,28) bytes @ BasicRate
packet payload 1000 bytes
(CWmin, CWmax) (31,1023)
Short Retry Limit 7
Long Retry Limit 4
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Fig. 4. Aggregate throughput as a function of the number of wireless
stations, for basic channel access and RTS/CTS

Using the values in Table II, we obtainTs = 1283 µs,
Tc = 1339 µs for the basic channel access, andTs =
1823 µs, Tc = 656 µs for the RTS/CTS scheme.

In Figure 4 we compare the packet throughputTP

obtained throughns-2, the discrete time simulator in-
troduced in Section II-A (hereinafter calledsim), and
the Markovian analysis presented in Section II-B, in
two different cases. In the first case, all stations employ
the basic channel access scheme, and CWmin is set
to the default value of31. In the second case, the
RTS/CTS access mechanism is used, and CWmin has
been increased to128. Figure 5 compares the probability
of statesbi obtained bysim and the model, in case of
the basic channel access.

Results perfectly match for any value of the number
of wireless stations. This confirms that(i) the simplified
description of the channel occupation (see Section II-
A) represents correctly the protocol behavior;(ii) the
assumptions on which the Markovian analysis is built are
correct, especially the hypothesis on the independency of
the stations behavior. Indeed, we have observed that not
only aggregate metrics likeTP are correctly estimated,
but also the detailed behavior of a station is accurately
predicted.
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III. M ODELING NON-SATURATED SOURCES

In this section we describe two different approaches
to deal with the more complicated case in which stations
are not saturated. This means that the transmission queue
of a station may become empty, thus the analysis in II-B
does not apply anymore.

We assume that the MAC buffer at the wireless
stations receive data packets from the upper layers ac-
cording to some stationary, external arrival process with
rate λ packets/s. For the sake of simplicity, we con-
sider a Poisson arrival process, identical for all stations;
however, our model is general enough to account for
different arrival processes and traffic patterns. We denote
by Λ = λ n the total packet arrival rate at the stations’
queues. The MAC buffer at each station is assumed to
be of finite sizeK. Packets that cannot be stored in the
buffer are immediately discarded upon arrival.

We represent the occupation of the wireless channel
exactly as described before in Section II-A. Based on
that, the discrete time simulator of the system already
used under saturated conditions can be easily extended to
consider non saturated sources: we simply need to keep
track of the number of packets stored in the buffer of
each station. During an interval of duration∆, an average
numberλ∆ of new packets arrive at the MAC queue of
each station. In the case of Poisson traffic, this number
is distributed according to a Poisson distribution with
meanλ∆, and we can exploit the fact that discrete time
instants delimiting each interval form a renewal process.

The only problem to be faced is what happens when a
new packet arrives at a previously empty queue, and the
backoff counter of the station has been already decre-
mented to zero. If the packet arrives when the channel
is busy, or if the channel is not sensed as idle for a
DIFS time, the station has to select a new backoff period.
This happens most of the times unless we consider very
underloaded conditions; thus we make the assumption
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that stations always select a new backoff period when a
packet arrives at an empty queue of a station having zero
backoff. Comparisons withns-2 simulations show that
the error introduced by this assumption is negligible (see
Figures 6 and 9), while it greatly simplifies the system
analysis.

Although the extension of the discrete simulator is
straightforward, the extension of the analysis turns out
to be very difficult, as explained in the rest of the section
where two different models of increasing complexity are
presented.

A. Model A

As a first attempt, we incorporate in the Markov model
of Section II-B the information about the number of
packets currently stored in the queue of the tagged sta-
tion. The resulting model, named model “A”, comprises
the states belonging to the set{bi,j , Bi,j}, whereb and
B have the same meaning as explained in Section II-B.
The two indexes0 ≤ i ≤ m and 0 ≤ j ≤ K stand for
the backoff stage and the number of packets currently
stored in the buffer, respectively. Transition probabilities
can be easily derived from those reported in Table I,
considering all possible variations in the numberj of
packets that can occur during a time step due to packet
arrivals and departures at/from the queue.

We observe that a station transmits a packet in all
statesbi,j , provided thatj ≥ 1. With probability1−p, the
transmission is successful; thus∆ = Ts and one packet
departs from the queue (the one that is successfully
transmitted). With probabilityp we have a collision; thus
∆ = Tc and no packet leaves the queue, except for states
bm,j where the colliding packet is discarded because the
maximum number of retransmission attempts has been
reached. In statesbi,0

3 and Bi,j the station does not
transmit, thus the duration of the step depends on what
the other stations are doing.

The average probabilityτ that a station transmits in
an arbitrary time step is given by

τ =
m∑

i=0

K∑

j=1

πbi,j

We define the probabilitiesΠ′s, Π′c andΠ′σ, that a time
step is occupied by a successful transmission, a collision,
or an idle slot, respectively, given that the tagged station
does not transmit. Similarly to the basic model for
saturated sources, we assume that the state of a station is
independent of that of the others. Relying on this critical

3Actually, there is onlyb0,0 because it is not possible to have zero
packets in statesbi,j , for all i > 0.

assumption, we can write

Π′σ = (1− τ)n−1

Π′s = (n− 1) τ (1− τ)n−2

Π′c = 1−Π′σ −Π′c

As a special case, ifn = 1, we have Π′σ = 1,
Π′s = Π′c = 0.

The whole set of transition probabilities of the Markov
chain is not reported here for the sake of brevity, however
it can be easily derived from the discussion above. Notice
that, based on the considerations done at the end of
Section III, in stateb0,0 a new backoff value is selected
upon arrival of a new packet.

The conditional collision probabilityp is still given by
(1), if we rely on the independence assumption among
stations. From the solution of the model, obtained with
a fixed point approximation similar to the one used
under saturated conditions, we obtain many significant
performance measures. Besides the aggregate throughput
TP (see (2)), the model provides the entire distribution of
the number of packets queued at a station. We denote by
Ñ the number of packets in the queue at the discrete time
instants of the embedded Markov chain, and byN the
number of packets in the queue at any time. A key metric
is the average buffer occupancy,E[N ], from which one
can easily derive the average MAC queueing delay by
applying Little’s formula. Finally, the model provides the
packet loss probability due to buffer overflow, as well as
the discard probability due to the maximum retry limit.

We show detailed results whenn = 10 stations, using
the same parameters as in Table II and considering the
basic channel access scheme. Similar results are obtained
for the RTS/CTS mechanism, and for different values of
n. The buffer sizeK is set to20 packets.
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Fig. 6. Average buffer occupancy as a function of the total packet
arrival rate, forn = 10 stations

In Figure 6 we show the average buffer occupancy
as a function ofΛ, comparing the results obtained with
mod A, simandns-2. We observe a close match between
sim and ns-2, while mod Asignificantly underestimates
the number of packets in the queue, up to the point
Λ = 663 packets/s, after which the prediction is accurate.
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As a consequence, the model overestimates the aggregate
throughput (see Figure 7), especially at the knee of
the curve. Also, note that, at the knee of the curve,
the model, as well as thesim and thens-2 simulators
predict a higher value than the saturation throughput
achieved under the same conditions (which is about
625 packets/s, as shown in Figure 4). This is because,
under non-saturated conditions, the collision probability
is smaller than with saturated sources, thus allowing for
higher throughput. As expected, all curves converge to
the saturation throughput when we further increase the
arrival rateΛ.
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Fig. 7. Aggregate throughput of the total packet arrival rate, for
n = 10 stations

The error that we encounter in the model is essentially
due to the assumption that the state of individual stations
are independent. This assumption was found to be correct
under saturated conditions, but cannot be applied to
non-saturated stations. To prove this important finding,
we inspect the distribution of the number of competing
stations, which are the stations having at least one packet
in their queue at the beginning of a time step. We denote
by C̃ the number of competing stations at the discrete
time instants of the embedded Markov chain, and by
C the number of competing stations at any time. The
probability γ̃ that the buffer of a tagged station is not
empty at the beginning of a step can be easily derived
from the model as,

γ̃ =
m∑

i=0

K∑

j=1

(πbi,j
+ πBi,j

)

If stations were independent, we would expect to see
a binomial distribution of the number of competing
stations, with parameters(γ̃, n). In Figure 8 we show
the distribution ofC̃ derived frommod Aandsim, when
we fix Λ to 640 packets/s.

It can be seen that the distribution obtained bysim
deviates substantially from a binomial distribution; in
particular, the average number of competing stations is
dramatically underestimated by the model, as shown in
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Fig. 8. Distribution of the number̃C of competing stations, for
Λ = 640 andn = 10 stations

Figure 9, where we compare the value ofE[C] obtained
throughmod A, sim andns-2, asΛ varies.
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Fig. 9. Average numberE[C] of competing stations as a function
of the total packet arrival rate, forn = 10 stations

Our conclusion is thatan 802.11 network under non-
saturated conditions cannot be correctly analyzed relying
on the independence assumption among stations.

Interestingly, this conclusion would not apply
if we had a hypothetical system in which:
Tc = Ts = σ = 1 ms. In this case we have found
that the results derived throughmod Aandsim coincide
perfectly for all values ofΛ, i.e., the assumption of
independence among stations holds. This scenario,
however, is quite unrealistic: small values ofσ relatively
to Tc and Ts are needed to obtain small delays and an
efficient utilization of the radio resources.

To address the problem above it is necessary to model
the evolution of the number of competing stations; we
do this in the following section.

B. Model B

The description of the state of the system can be
extended by keeping track of the the number of stations
having non-empty transmission queue. Following this
approach, we describe in detail the behavior of a tagged
station using the same states ofmod A, and we add
to each state of the tagged station an indication of the
numberk of stations (excluding the tagged one) having
at least one packet in the queue.
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The state space of the resulting model, named model
“B”, is the set {bi,j,k , Bi,j,k}, where the newly intro-
duced indexk takes values in the range[0 · · ·n− 1].

The transition probabilities of the model extend those
of model “A” considering possible variations in the
number k of competing stations during a time step.
Such a number may vary due to the following events:
i) one or more of the stations having an empty buffer
receive new data to send, thus increasingk; ii) one of the
stations having non-empty buffer successfully transmits a
packet leaving an empty queue, thus decreasingk by one.
Notice that these two events can occur simultaneously
during the successful transmission of a packet.

The number of stations that join the competing set
during a time step depends on the duration∆ of the
step and on the current value ofk. During an interval
∆, a station’s queue receives at least one packet with
probability q = 1 − e−λ∆. The number of stations that
join the set of competing stations is thus distributed
according to a binomial distribution with parameters
(q, N − 1− k).

The possible durations∆ of a time step are related
to the probabilities that the channel is occupied by
a successful transmission, a collision, or an idle slot.
To compute such probabilities, we need to specify the
probability τ(C̃) that one of the stations belonging to
the competing set transmits in a given time step. This set
may include also the tagged station, thus0 ≤ C̃ ≤ n.

In a generic state of the model, we havẽC = k if
j = 0, whereasC̃ = k + 1 if j > 0.

The probabilityτ(C̃), C̃ ≥ 1, is given by the formula:

τ(C̃)=
∑m

i=0

∑K
j=1πbi,j,C̃−1

πb0,0,C̃
+ πB0,0,C̃

+
∑m

i=0

∑K
j=1(πbi,j,C̃−1

+ πBi,j,C̃−1
)

If C̃ = 0, we obviously haveτ(0) = 0. Note that,
differently from the models previously described in the
paper, the probabilityτ(C̃) may vary from one state to
another, as it depends oñC.

The tagged station transmits a packet in all states
bi,j,k, provided thatj ≥ 1. The conditional collision
probability is given by

p(C̃) = 1− [1− τ(C̃)]C̃−1

With probability1−p(C̃), the transmission is successful.
In statesbi,0,k andBi,j,k, the station does not transmit,

and the probabilitiesΠ′s(C̃, k), Π′c(C̃, k) and Π′σ(C̃, k)
that the channel is occupied by a successful transmission,
a collision, or an idle slot, respectively, are functions of

k and of the total number of competing stationsC̃:4

Π′σ(C̃, k) = [1− τ(C̃)]k

Π′s(C̃, k) = k τ(C̃) [1− τ(C̃)]k−1

Π′c(C̃, k) = 1− Π̄σ(C̃, k)− Π̄c(C̃, k)

As a special case, ifk = 0, we haveΠ̄σ(C̃, 0) = 1,
Π̄s(C̃, 0) = Π̄c(C̃, 0) = 0.

The last parameter that we need to specify is the
probability PE that, upon successful transmission of a
packet, a station other than the tagged one finds itself
with an empty buffer, thus decreasing the number of
competing stations. This quantity turns out to be the
most critical to estimate by our model, as we do not
maintain state information about the buffer occupancy
at each station. A first approach is to assume thatPE

depends only on the number̃C of competing stations,
and derive this probability from the buffer occupancy
probabilities of the tagged station when attempting a
transmission. This approach is motivated by the fact that
a given station is likely to behave similarly to all other
competing stations. Thus, we write

PE(C̃) ==
∑m

i=0 πbi,1,C̃−1∑m
i=0

∑K
j=1 πbi,j,C̃−1

e−λTS (3)

Notice that, besides having a single packet in the queue
at the beginning of a transmission interval, no packets
must arrive during the corresponding step in order to
leave an empty queue (this explains the factore−λTS ).
We have found that the model based on this estimate of
PE , referred to asmod B’, tends to underestimate the
congestion level of the network, resulting in an average
buffer occupancy smaller than what is obtained withns-
2 (or sim). The error is shown in Figure 10 for the same
case considered in Figure 6, and it is due to additional,
neglected correlations among the states of competing
stations.

A refined estimate ofPE considers this probability de-
pendent on both the number̃C of competing stations and
the backoff stagei. In particular, a good approximation
is obtained assuming that, whenever the tagged station
is at backoff stagei, the other competing stations are
at a backoff stageh that differs fromi at most by one,
i.e., |h − i| ≤ 1. The intuition behind this assumption
is that the backoff stage of the tagged station will not
differ significantly from the backoff stage of all other
competing stations. Under this assumption, we obtain
the refined estimate ofPE ,

PE(C̃, i) ==

∑
h:|h−i|≤1 πbh,1,C̃−1∑

h:|h−i|≤1

∑K
j=1 πbh,j,C̃−1

e−λTS (4)



9

 0.1

 1

 10

 400  450  500  550  600  650  700  750  800

E
[N

]

Total packet arrival rate, Λ

mod B
mod B’

ns
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Fig. 11. Average numberE[C] of competing stations as a function
of the total packet arrival rate, forn = 10 stations

The corresponding model, referred to asmod B, pro-
vides a better prediction of the system behavior, espe-
cially for values ofΛ smaller than the saturation through-
put. In Figures 10 and 11 we show the close match with
ns-2 simulations for the average buffer occupancy and
the average number of competing stations, respectively,
as well as the differences with respect tomod B’. The
model is able to compute not only average values, but the
entire distributions of the number of packets in the queue
and of competing stations. Figures 12 and 13 show the
good agreement among the distributions obtained with
mod B, simandns-2for various values ofΛ, thus proving
the accuracy of our approach.
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Fig. 12. Queue length distributions obtained forn = 10 stations,
Λ = 640 and720 packets/s

4Or, equivalently, they are functions ofk and j.
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C. Models Complexity

In this section we briefly discuss the computational
complexity of our models. The number of states ofmod
A is O(mK), wherem is the retransmission limit andK
is the maximum buffer size. The number of states ofmod
B (or mod B’) is O(mKn), wheren is the total number
of stations. Note that, whilemod Ais not able to provide
satisfactory results, we have shown thatO(mKN) states
are sufficient to obtain very accurate results of detailed
distributions. It is still an open question whether it
would be possible to obtain satisfactory performance
predictions with a reduced number of states.

Both mod Aand mod B (or mod B’) require a fixed
point approximation to converge. In terms of solution
complexity,mod Bcan be very efficient (a few seconds)
in case of limited numbers stations and small buffer
sizes, such that the productKn is smaller than, say, one
hundred. For larger numbers of stations in the network
and/or buffer sizes, the analytical solution is usually
faster than a simulation withns-2, but can be slower than
the discrete simulatorsim, which would be, in this case,
the most efficient way to explore the parameter space.

IV. A PPLICATIONS

Here we present some possible extensions and appli-
cation examples of our analytical models for the study of
some interesting performance issues in 802.11 WLANs.
These examples are intended to show the effectiveness
and flexibility of our modelling approach, not to provide
an exhaustive study of the considered issues.

A. Variable Frame Sizes

The extension of the model to the case of variable
frame size is rather straightforward, provided that we
know the distribution of the payload size of the packets
received from the upper layers. Indeed, we simply have
to compute the mean value of the duration of a successful
interval, T̄s, and of a collision interval,T̄c, and use
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these values in place of the constant valuesTs and Tc

introduced in Section II-A. The only difficulty is in
the computation ofT̄c, where we need to account for
the longest packet payload involved in a collision. As
suggested in [4], one can neglect the probability of three
or more packets simultaneously colliding, with marginal
impact on results, and derive a simple expression ofT̄c.

B. Impact of Bursty Traffic

So far we have considered only the case of Poisson
packet arrivals at the stations’ MAC buffers. However,
our model can account for a general arrival process of
packets, provided that we can characterize the distribu-
tion of the number of packets that arrive during each
channel occupation interval.

While a Poisson process is suitable to describing
streaming traffic carried by UDP, such as voice and
video, it is not adequate to represent bursty traffic like the
one produced by TCP, or sporadic on-off traffic sources.
One simple way to extend the model to more general
traffic patterns is to assume a Poisson batched arrival pro-
cess, in which groups of packets arrive simultaneously at
the buffer. This process has been found to characterize
very well the burstiness produced by window-based
protocols such as TCP [19]. For simplicity, here we
assume a constant batch sizeX, and we varyX to see
what is the impact of different levels of burstiness on
the performance of the 802.11 DCF. The case ofX = 1
corresponds to a standard Poisson process. The arrival
rate of batches isλb = λ/X, and the number of batches
that arrive during a generic interval∆ has a Poisson
distribution with meanλb∆.

We consider the basic access scheme with the usual
parameters as in Table II, and we assumen = 5 stations
equipped with MAC buffers of sizeK = 40. Under these
conditions, the saturation throughput of the network is
about663 packets/s.
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In Figure 14 we show the average buffer occupancy
E[N ] as a function of the batch sizeX, for different

values of the aggregate arrival rateΛ, comparing results
of mod B and ns-2. We observe that, for the same
aggregate arrival rate of packets, the impact of the batch
size can be huge, especially ifΛ is far away from the
saturation throughput. Below saturation, the burstiness
dramatically increases the average queue length, while
the opposite is true above saturation, as typically happens
in most queuing systems. The agreement of analytical
and simulation results is excellent.

The model is also able to compute the average packet
loss probability. In our systems, packets are dropped
either because of buffer overflow at the MAC layer,
or because of exceeded retransmission limit. In our
scenario, the impact of the second event is negligible
with respect to the first one. In Figure 15 we show the
total packet loss probability as a function of the batch
size X, for the same values ofΛ considered in Figure
14, comparing results ofmod B and ns-2. Again, our
analytical predictions are quite accurate.
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Fig. 15. Total packet loss probability as a function of the batch size,
whenn = 5, K = 40, and for different values ofΛ

We remark that our model is able to compute the
fundamental parameters that drive the performance of
TCP: the packet loss probability and the RTT. In fact, the
variable part of the RTT is essentially due to queueing
delay at the MAC level, which can be immediately com-
puted from the already obtained average queue length.
Therefore (assuming that the wireless network is the
bottleneck), our model could be coupled in closed loop
with an analytical model of TCP to compute the arrival
rate of packets and modified traffic burstiness in reaction
to losses and delays.

C. Impact of Batch Services

Through our approach, we can also evaluate the ef-
fectiveness of some techniques that have been proposed
to reduce channel access delay in 802.11 networks. In
particular, according to the IEEE 802.11e draft standard,
a station successfully accessing the channel is allowed to
send up toM frames, withM ≥ 1, thereby reducing the
delay arising from the channel access and improving the
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efficiency of resource utilization. This behavior can be
regarded as batch services in the queue of a station, i.e.,
the dual of the batch arrival process examined in the pre-
vious section. Our model has all information to account
for batch services, as it maintains the number of packets
waiting for transmission in the queue. Notice however
that, since more than one frame can be sent during a
successful transmission, it is necessary to recompute the
average duration ofTc. Finally, we could consider the
joint impact of batch arrivals and batch services.

D. Multirate Environments

The 802.11b standard allows stations to send the
payload of data frames at four different bit rates, namely,
1, 2, 5.5, and 11 Mb/s. In this section we explore the
impact on overall network performance of a mixture of
nH stations operating athigh (11 Mb/s) rate, andnL

stations transmitting atlow (2 Mb/s) rate. (A similar
network scenario was studied in [20], in the case of an
infrastructured network.) The numbern still denotes the
total number of stations, whilef = nL/n is the fraction
of low-rate stations.

We extend our model to such multirate environment
by computing the average duration of a successful or
collision interval, similarly to the case of variable frame
sizes (Section IV-A). We start analyzing saturated con-
ditions, fixing n = 20 and varying the number of low-
rate stations. Parameters are set as in Table II, but we
consider different values of payload size (the same for all
stations), as this parameter has an important impact on
results. Figure 16 reports the aggregate data throughput
Tb in bit/s for both the basic access and RTS/CTS
scheme. We observe the throughput degradation with the
increase of the number of low-rate stations, the more
significant the larger the size of data packets used.
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Fig. 17. StationA can send directly toB using 2 Mb/s data rate,
or pass traffic through stationC by two hops at11 Mb/s data rate

These results allow us also to address an interesting
issue that emerges in multirate environments where sta-
tions can relay traffic on behalf of others. In 802.11
networks, stations transmitting at higher rate have a
shorter radio range. Thus, the following question arises
[21]: Is it preferable (in terms of overall network per-
formance) that a station reaches its destination by a
single hop atlow rate or by two hops athigh rate? This
dilemma is illustrated in Figure 17, and can appear in
both infrastructure-based [22] and pure ad-hoc wireless
networks [21].

The problem is that, while high-data rates improve
network utilization, more traffic has to be sent in case
of multihop communications. Recall that we assume that
only one successful transmission can happen at a time
throughout the network. If distant stations decide to
operate at low rate, the average goodput (traffic delivered
to the destination) per station isTb/n, and it is fairly
the same for all stations. If distant stations decide to
use two hops, all stations send at11 Mb/s achieving an
overall throughputT ′b > Tb, but the average goodput
per station isT ′b(1− f)/n, because we have to discount
the additional traffic sent by distant stations in their first
hop. Looking at Figure 16, we observe that the best
choice jointly depends on payload size, fraction of low-
rate stations, and access scheme. For example, in case
of 500 bytes payload, two-hops are better up tonL = 10
for the basic access scheme, but only fornL = 1 in case
of the RTS/CTS scheme.

Similar problems can be studied also under non-
saturated conditions. In this case, we assume that the
network has spare capacity to accommodate the addi-
tional traffic due to multihops, and we want to minimize
the average delay to reach the destination. As the general
problem is quite complex, we look at preliminary results
obtained in one particular scenario. We considernH fast
stations, which can transmit at 11 Mb/s because either
they are close enough to the intended destination or they
can use a nearby relay to forward packets toward the
destination, andnL slow stations which opt for sending
data at low-rate, directly to their destination. We set
the payload size to500 bytes and the buffer sizeK
to 20; furthermore, we assume that all stations generate
their own traffic at50 packets/s, according to a Poisson
process.

Figure 18 reports the mean channel access delay of
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a station, computed as the average queueing delay of a
packet in the MAC buffer, as a function of the number
nH of high-rate stations, and for different numbers
nL of (additional) low-rate stations. Note that packets
generated by sources that use a relay (i.e., a two-hop
path) have to access the channel twice, thus experiencing
(on average) double the delay predicted in a single-
hop network where all stations operate at11 Mb/s.
Nevertheless, Figure 18 shows that, in general, the use
of multihop communications is to be preferred. Indeed,
the presence of just a few low-rate stations degrades
performance dramatically, because delays increase con-
siderably, and fewer high-rate stations can coexist before
buffers saturate and start dropping packets.
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V. CONCLUSIONS ANDFUTURE WORK

In this paper we identified the critical assumptions
to develop analytical models for 802.11 WLANs, both
under saturated and non-saturated conditions. Our mod-
els enabled us to compute several metrics of interest,
and are general enough to account for several aspects of
802.11 networks, among which, different traffic patterns
and multirate environments.

Future work will address the case where not all sta-
tions are in each other’s radio proximity, and will further
investigate the performance of multihop networks.
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