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ABSTRACT
We present a practical, measurement-based model that cap-
tures the effect of interference in 802.11-based wireless LAN
or mesh networks. The goal is to model capacity of any

given link in the presence of any given number of interferers

in a deployed network, carrying any specified amount of of-

fered load. Central to our modeling approach is a MAC-layer
model for 802.11 that is fed by PHY-layer models for defer-
ral and packet capture behaviors, which in turn are profiled
based on measurements. The target network to be evaluated
needs only O(N) measurement steps to gather metrics for
individual links that seed the models. We provide two solu-
tion approaches – one based on direct simulation (slow, but
accurate) and the other based on analytical methods (faster,
but approximate). We present elaborate validation results
for a 12 node 802.11b mesh network using upto 5 interfering
transmissions. We demonstrate, using as comparison points
three simpler modeling approaches, that the accuracy of our
approach is much better, predicting link capacities with er-
rors within 10% of the base channel datarate for about 90%
of the cases.

Categories and Subject Descriptors
C.4 [Performance of Systems]: Measurement techniques,
Modeling techniques; C.2.1 [Network Architecture and
Design]: Wireless communication.

General Terms
Experimentation, Measurement.

Keywords
Wireless network capacity, wireless interference, 802.11.

1. INTRODUCTION
Practical models for predicting the wireless link capac-

ity are crucial to an efficient operation and deployment of
wireless network. The performance of network protocols
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Figure 1: Example of problem.

and algorithms such as QoS routing, load balancing, ad-
mission control and channel assignment can be significantly
improved with an accurate model of link capacity. Capac-
ity models are also required as analysis tools to efficiently
explore a gamut of network configurations and traffic load
scenarios for performance evaluation.

Recently, the proliferation of 802.11 based wireless LAN
and mesh networks has lead to several research efforts fo-
cussing on predicting the capacity of an 802.11-specific wire-
less link [19, 20]. What makes the accurate estimation of
802.11 link capacity an inherently challenging task is that
the link capacity is an ensemble effect of physical layer be-
havior, complex CSMA-based MAC layer interaction, and
interference effect from multiple active sources.

The objective of our work is to characterize and model the
impact of interference caused by active traffic from multiple

surrounding nodes on the link capacity. For example, refer-
ring to Figure 1, consider a set of active links (CA, BD and
EF) with specified amounts of offered traffic loads (in Mbps,
for example). Our goal is to create a model that can predict
the throughput capacity of any given link (e.g., BC or AB),
i.e., the maximum amount of traffic (in Mbps) that the link
can carry. Unlike the plethora of modeling work in existing
literature [5, 11, 17] that uses purely analytical approaches,
our end goal is to estimate link capacities in a real deployed

network.

Characterizing the impact of interference: Interfer-
ence impacts the sender by reducing its maximum sending
rate as determined by the CSMA based 802.11 MAC layer
interaction. Interference also impacts the receiver by reduc-
ing the probability of successful packet reception by causing
collisions at the receiver. The specifics of the MAC proto-
col (e.g., random backoff) as well as implementation-specific
physical layer components such as carrier sense threshold

(i.e., what received power must be sensed to decide that the
medium is busy) and packet capture threshold (i.e., thresh-
old of signal-to-noise-plus-interference ratio to be able to
receive a packet successfully) are other factors which affect
the interference-limited capacity of a wireless link.



Existing models for single-hop [5, 17] and multi-hop [11]
802.11 networks suffer from the limitation that they are
based on the assumption of idealized channel condition where
each link is lossless. They also assume that interference is
‘pairwise’ (i.e., happens between node or link pairs only)
and ‘binary’ (i.e., interference is either present or absent).
The popularly used protocol model of interference [12] is
an example of such interference modeling. However, recent
measurement studies [19, 9, 21] have shown that interference
is neither pairwise or binary. The effect of multiple inter-
ferers and effect of realistic channel and interface behavior
must be accounted for accurate modeling.
Measurement-based capacity model: Evidently, a model
built on actual measurement of appropriate metrics can avoid
the unrealistic assumptions. However, such models must be
of a reasonable measurement complexity to be practical and
must also be robust to potentially changing operating con-
ditions. To that end, a recent model based on measuring
just signal strengths between node pairs has been proposed
by Reis et al. [20] to predict capacity of a link. Their model
however is described for the case of single interferer and does
not address the general and realistic case where the effect of
simultaneous multiple interferers on link capacity must be
considered. The case for multiple interferers is challenging
because of the following reasons. The model has to consider
every possible combination of interfering transmitters, be-
cause any number of them could be transmitting at a time.
The model also has to capture the effect of any possible
traffic load scenarios at the interferers.
Main contributions: The contributions in our work are
as follows.

i. We develop a general framework for modeling 802.11
networks (Sections 3 and 4). This presents a novel
“coupled” approach, where a MAC-layer model uses
a measurement-based PHY-layer model and seeds it
using measurements from the target network. These
measurements consist of easily measurable link metrics
and can be done in O(N) steps for an N node network.

ii. We develop a tractable analytical solution approach for
the model (Sections 5 and 6), that – while approximate
relative to direct simulations – presents an excellent
tradeoff for speed and accuracy. We show how this
approach is able to estimate the throughput capacity
of a given link with any number of interferers with
given traffic loads.

iii. We provide extensive validations using direct measure-
ments from the testbed (Section 8). Our validation
results show, for example, that the model is able to
predict the link capacity for over 90% of cases within
an error less than 10% of the channel bitrate. We
present validation results up to 5 interferers providing
a very complete study.

iv. We also demonstrate why modeling approaches like
ours is important. Existing algorithmic and analytical
work uses very simple and unrealistic capacity models
for evaluation. We pick three such models and show
that such models often fare very poorly in estimating
link capacities in real networks relative to our approach
(Section 8.2.1).

2. RELATED WORK
The capacity of a wireless link depends upon the quality

of the link and the amount of interference. Several mea-
surement studies [8, 4, 16, 6] have been done in literature
to study the link quality in 802.11-based wireless networks.
Similarly, several works have looked at the issue of inter-
ference in such networks in addition to link quality [14, 9,
19, 20, 7]. In [14], authors investigated the impact of car-
rier sensing. In [7], the authors developed a model for the
physical layer capture. In [19], Padhye et al. developed a
measurement-based methodology to characterize link inter-
ference in 802.11 networks. They pointed out that interfer-
ence between links is not“binary” in practice unlike assumed
in many analytical work that use simple graph-based conflict
models. In [9], the authors showed that pairwise interference
modeling is often not accurate and multiple interferers must
be accounted for.

The work by Reis et al. [20] is the most related to our
current work. They proposed a model to use the measured
signal strength between pair of nodes, thus requiring only
O(N) experiments, to characterize link quality as well as
to create a physical layer model for deferral and collision.
The model, though useful for a single interferer case, is not
trivially extensible to multiple interferer scenarios. Our ap-
proach is similar to that of [20] in terms of measurement
complexity. However, the main focus of our work is to de-
velop a very general model that captures the effect of mul-
tiple interferers and any loading scenario for the interferers.

There have been several studies in characterizing and eval-
uating the capacity of wireless networks using analytical
modeling. The capacity in this context is the network capac-
ity for multihop flows. Prominent examples include asymp-
totic capacity modeling in [12] and capacity modeling using
concepts from network flow maximization in [13, 18]. They
all use various abstract link interference models – from pair-
wise models, such as protocol model, to more general mod-
els, such as physical interference model, based on SINR (sig-
nal to interference plus noise ratio). Typically, simple path
loss models are assumed for RF propagation. Even with the
most realistic models, instantiating such models in a real
network is hard without actual measurements, as models
come with several unknown parameters. The papers in this
category are interested in performance bounds and typically
do not use any MAC protocol model except slotted TDMA
scheduling.

Finally, several papers have considered analytical model-
ing of 802.11 MAC protocol in multihop context to deter-
mine throughput and fairness characteristics. For example,
Garetto et al. [11] extended Bianchi’s single hop analytical
model [5] to a multi-hop 802.11 network to derive the per-
flow throughput in a multi-hop network. Gao et al. [10]
have proposed another analytical model to determine the
end-to-end throughput capacity of a path carrying a flow in
a multi-hop 802.11 network. However, all these works still
use simple pairwise (or protocol) model of interference. The
advantage of using such pairwise model is that a node that
is not an interferer in isolation cannot become an interferer
in conjunction with other nodes. However, in SINR-based
physical interference model, this is a possibility.

Our work is complementary to many of these analytical
approaches as it provides a vehicle to characterize interfer-
ence modeling via real measurements. A fresh modeling ap-
proach is needed to enable use of real measurements due to
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Figure 2: Overview of the modeling approach.

the requirement that we handle SINR-based physical inter-
ference unlike the above analytical approaches.

3. MODELING APPROACH
In this section, we formally present the problem we are

addressing, and present our approach towards solving it.

3.1 Problem Formulation
We are interested in determining the capacity of a specific

link in a 802.11 network given the offered load on a set of
other links. More formally, assume an N node network with
all nodes in the same channel and using the same PHY-layer
bit rate. Assume a subnetwork with n + 1 nodes consisting
of a set of n transmitters, Z = {z1 . . . zn}, and a receiver, x.
We are interested in evaluating the throughput capacity of
the link from one of the transmitters (say, zi) to the receiver
x. In this case, zi acts as sender and all nodes in Z − {zi}
act as interferers. All other nodes in the network outside
the subnetwork above are assumed silent. We will use the
notation Csender

receiver(set of interferers) to designate throughput
capacity of the link. Thus, we are interested in determining
the throughput capacity, Czi

x (Z − {zi}), of the link zi to x,
given the offered load li on each transmitter in Z.

The capacity of an 802.11 wireless link depends on the
following factors – (i) channel quality that determines the
bit error rate for a given PHY-layer bit rate (governed by
modulation used); this translates to packet loss rate from
the point of view of an upper layer protocol; (ii) interference
from other transmissions in the network that influences how
the 802.11 MAC protocol behaves at the sender side and
whether packet collisions occur at the receiver side. Our
goal is to develop a measurement based model that captures
the “time averaged” behavior of the physical and MAC lay-
ers in 802.11, and thereby predicts the throughput capacity
of a wireless link in presence of any number of interferers
and with any given traffic load matrix. Note that given the
time varying nature of wireless channels, “instantaneous”be-
haviors are very hard to model using measurement based
approaches.

3.2 Overview of Approach
A high level block diagram of our approach is shown in

Figure 2 with pointers to sections where different parts are
described in this paper. The centerpiece is a MAC-layer
model of 802.11 that is fed by a PHY-layer model. The PHY
layer model models two behaviors that MAC depends on: (i)

deferral, whether enough interference power is received to
indicate carrier busy, (ii) packet capture, whether the SINR
is high enough such that packet is received correctly. These
dependencies are modeled via measurements in a one-time
profiling experiment. The profiling is done for each interface
card model or type, and can be reused.

These models are seeded by link-wise measurement of RSS
(received signal strength) values in the target wireless LAN
or mesh network. The RSS values can be measured by hav-
ing each node taking turn and sending a set of broadcast
packets. For a given broadcasting sender, rest of the nodes
record RSS. For an N node network, the measurement re-
quires O(N) measurement steps and provides the metrics
for all the N(N − 1) links. This seeding now makes the
MAC-layer model amenable to numeric solution. The solu-

tion evaluates how long the model stays in appropriate states

that contribute to capacity. We propose two solution ap-
proaches - (a) analytical method and (b) simulation. The
analytical method (Section 5) translates the model to a set of
coupled equations that are solved using numerical methods.
The method uses certain (reasonable) assumptions to make
it analytically tractable, which also makes the solutions ap-
proximate. Simulation, on the other hand, accurately fol-
lows the MAC-layer model (described in Section 4), but re-
sults in much slower computation. We will demonstrate this
further in the evaluation section in Section 8.

We validate the entire approach by comparing the link
capacities estimated via this modeling approach with direct
measurements on the target mesh network testbed. Note
that the dotted blocks in Figure 2 are not needed for capacity
evaluation in a deployed network. The profiling is to be
done one time only and should be available as a library for
different interface card models. The validation step is also
not necessary. It is used only to demonstrate the power of
our approach in this paper and also for comparison with
other approaches of estimating link capacities.

4. MODELING 802.11 BEHAVIOR
We begin by stating an assumption that we have made

in most of the paper for modeling convenience. We assume
that 802.11 is using only broadcasts, i.e., implementing uni-
cast using broadcasts. Broadcast does not have link-layer
ACKs, and exponential backoffs. This simplifies the model
to some extent. It has also been shown that interference
between links carrying unicast traffic can be well predicted
by the amount of interference computed when they carry
broadcast traffic [19, 20]. Note that we are merely using
this simplification for brevity. The modeling approach is
general and can be extended to unicasts, as will be shown
in Section 7.2.

We present the behavior of 802.11 MAC protocol from the
point of view of a single node as a discrete time Markov chain
(see Figure 3). For this we discretize time, albeit somewhat
artificially, into slots. These slots are different from 802.11
slots. The size of the slots is chosen such that they are small
enough that the protocol state does not change within a
slot, and the duration of any protocol state has only integer
number of slots.

There are five possible states – IDLE, DIFS, BACKOFF,
DEFER or XMIT. Each of these states consists of many
sub-states denoting the number of slots they span. We need
multiple sub-states because the sub-states are not indepen-
dent of each other. When the node is not attempting any
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Figure 3: State transition diagram for 802.11 on the
sender-side.

transmission, it is in the IDLE state. When in IDLE state,
in every slot the node checks if it has any packet to trans-
mit. This depends on the offered load li for the node zi,
and represents the probability to begin packet transmission.
When traffic is backlogged, a node never enters the IDLE
state. When, the node has a packet to transmit, it moves to
the DIFS state (this is an inter-frame spacing defined in the
protocol standard), which has s sub-states, where s is the
number of slots a node has to be in DIFS state. If the node
senses the channel busy during this period, it goes back to
the beginning of DIFS, i.e., DIFS(s − 1). The probability
of channel being busy is given as p, also called the probabil-

ity of deferral. This probability is a PHY-layer aspect and
depends on the aggregate power from other nodes reaching
this node. This in turn depends on the current state of the
other nodes.

After successful completion of the DIFS period, i.e., upon
reaching DIFS(0), the node chooses a random BACKOFF
period, spanning k slots, where 0 < k < CWmin, and moves
to the sub-state BACKOFF (k − 1). It then counts down
the BACKOFF timer, and thus progressing from one BACK-
OFF sub-state to the other, but only if the channel is sensed
idle. If the channel is sensed busy (again with probability
p), the node goes into the DEFER state, where it freezes the
BACKOFF timer. It remains in the DEFER state as long
as the channel is busy. The node goes back to the BACK-
OFF state with the probability of the channel being idle
(probability 1 − p). Having counted down the BACKOFF
timer to 0, the node starts transmitting the packet. This
brings it to the XMIT state. Assume that the XMIT state
stays for m slots depending on the PHY-layer bit rate and
packet size. After completing the packet transmission, the
node goes back to IDLE state if there is no other packet to
transmit, or prepares for the next transmission with another
DIFS.

One key approximation made in this model is that the
deferral probability p is assumed to be constant during the
evolution of the Markov process.1 This probability depends

1Note similar approximations are used in popular models of
802.11 albeit in a different context, e.g., in [5].

on the activity of the other nodes. Thus, the state transi-
tions of other nodes are closely coupled. When we solve this
model using a direct simulation (i.e., simulating the Markov
chain) we do not make such constant p assumption and use
the value p as computed at that slot. When we solve the
chain using the analytical approach in the following section,
p is the “average” deferral probability. This averaging works
due to an inherent approximation used in the analytical so-
lution approach to be described momentarily.

So far we have described only the transmitter side. On
the receive side, the model is simpler. A node not in XMIT
state can receive a complete packet slot by slot, assuming it
receives it error-free in each slot. The probability of error-
free reception of a complete packet (packet capture proba-

blity) depends on the bit-error rate (BER) in the PHY-layer
which in turn depends on the SINR (signal to interference
plus noise ratio). Ignoring error correction coding, the prob-
ability of packet capture is (1−BER)b, where b is the packet
size in bits. Thus, packet capture probability depends on
SINR.

Both probabilities for deferral and packet capture are func-
tions of one or more powers (signal, interference and noise).
They are input to the model. We will determine these func-
tions via profiling experiments and seed them by power mea-
surements in the target network.

5. ANALYTICAL APPROACH
Due to the coupling of the Markov chains of individual

nodes as mentioned before, solving an equivalent Markov
chain for the network as a whole is computationally hard.
This is because of a state-space explosion, as all possible
combinations of states for all nodes can be a potential state
in the combined Markov chain. Direct simulation of the
Markov chain is of course viable, and we will indeed use
simulation as our one solution approach. However, as we
will see later in our evaluation, simulations are slow. In this
section, we develop an alternative solution approach using
analytical modeling.

The analytical approach makes an approximation that the
current state of the process does not depend on the previous
state. This is similar to the approximation made in [11] for
modeling tractability. With this approximation, the process
can move to any of the above five states (ignoring sub-states
for now) based on a constant probability at the end of a slot.
These probabilities depend only on the average behavior of
network nodes. Much of the work in the modeling here is
formulating these probabilities. Once formulated, one can
write up the steady state equations, one for each of the n
transmitters, and then solve these equations to derive the
fraction of time a node is in the XMIT state, thus giving the
transmission capacity of this node.

On the receiver side, the approach is similar. Instead
of bit-error rate, packet capture probability is used directly.
This again depends on the activities of other nodes. Any
receiver x in a slot receives correctly a packet on the air
(only one slot worth) from a designated sender zi with this
probability. This contributes to the throughput capacity of
the link from zi to x.

Going forward, we start by assuming a saturated traffic

regime. This means that all transmitters are always back-
logged. This saturated traffic assumption is useful as it elim-
inates traffic load from the model and eliminates the IDLE
state. We will later show in Section 7.1 that the analyt-



ical approach is easily amenable to consideration of non-
saturated traffic.

5.1 Baseline Notations
Consider an observation interval of Γ slots, where Γ → ∞.

In each slot, a subset of the n transmitters in Z = {z1, . . . , zn}
may attempt transmission. The set Z does not change dur-
ing the duration of Γ slots. Let us first define the following
notations:

• Ii is the set of time slots in which node zi is idle. This
is when node zi is in the IDLE, DIFS or BACKOFF
states.

• Di is the set of time slots in which node zi defers be-
cause it can sense the transmission of other nodes.
This is the period where zi freezes its backoff timer
and goes into the DEFER state.

• Ti is the set of time slots in which node zi transmits,
denoted by the XMIT state.

• ii = |Ii|/|Γ|, is the fraction of time node zi is idle.

• di = |Di|/|Γ|, is the fraction of time node zi defers.

• ci = |Ti|/|Γ|, is the fraction of time node zi transmits.
So, ci is the normalized transmission capacity of node
zi.

• cY , where Y ⊆ Z, is the fraction of time all nodes in
set Y transmit. Thus,

cY =

˛

˛

˛

˛

˛

˛

\

zi∈Y

Ti

˛

˛

˛

˛

˛

˛

/|Γ|. (1)

• tY , where Y ⊆ Z, is the fraction of time when all nodes
in Y transmit, while none of the other nodes (in Z−Y )
transmit. Thus,

tY =

˛

˛

˛

˛

˛

˛

\

zi∈Y

Ti −
[

zj∈Z−Y

Tj

˛

˛

˛

˛

˛

˛

/|Γ|. (2)

If Y consists of a single node, say zi, we abuse the
notation slightly to represent it as ti to represent t{zi}.
ti is thus the fraction of time node zi transmits, and
no other node in Z transmits.

• pY
i , where Y ⊆ Z −{zi}, is the conditional probability

that when all nodes in Y transmit in a slot, zi defers its
transmission because it senses the channel to be busy.
When Y has just one node, say zj , then we again abuse
the notation to represent it as pj

i .

Interference affects link capacity by limiting the transmis-
sion rate at the sender side and causing packet collisions at
the receiver side. We denote these aspects as “sender-side in-
terference” and “receiver-side interference” respectively and
model them separately.

5.2 Sender-side Interference
To compute the impact of sender-side interference, we de-

termine the transmission capacity (ci) of each node in Z.
Using the notations defined above, Ii, Di and Ti are disjoint
sets. Also, every slot is at least in one of these three sets for
every node. Thus, Ii ∪ Di ∪ Ti = Γ. This implies that

ii + di + ci = 1. (3)

In the saturated traffic scenario, a node is idle only dur-
ing DIFS or backoff period. This happens for every packet
transmission. DIFS is constant; however the backoff period
is random, uniformly chosen between 0 and CWmin slots of,
say, size σ for broadcast packets.2 Knowledge of packet size
and channel bit rate can now provide an expression for the
ratio (α) of the idle and transmit times, on average:

α =
ii
ci

=
DIFS + 1

2
CWminσ

(P + H)/W
. (4)

Here, P is the packet payload size, H is the size of the
headers, W is the channel bit rate. Using the standard val-
ues of DIFS, slot sizes, CWmin and various headers, we de-
termine α at the lowest bit rate for 802.11b (1 Mbps) for
1400 byte packet payloads. This comes to 0.03 for 802.11b.

Equation 3 can now be re-written as

(1 + α)ci + di = 1. (5)

In the above expression, di is the fraction of time slots node
zi defers due to the transmission of other nodes. In each slot,
there can be a set of nodes (say, Y ) that transmit. For each
slot the conditional probability that zi defers to Y , given
that all nodes in Y are transmitting is pY

i . We can now
add up the deferral probabilities in each slot for all possible
combinations of Y to obtain di. Note that tY is the fraction
of time slots in which all nodes in Y transmit. Thus,

di =
X

Y ∈P(Z−{zi})

pY
i tY , (6)

where P(S) is the power set of set S. This leaves us with
pY

i and tY to be determined for each possible Y , such that
Y ⊆ Z − {zi}.

5.2.1 Determining pY

i

Recall that pY
i is the conditional probability that zi de-

fers when all nodes in Y are transmitting. Here, we need
to model the MAC protocol’s interaction with the physical
layer, as this probability should depend on the aggregate
signal powers received at zi from all nodes in Y . To make
further progress, the relationship between the deferral prob-
ability and received signal strengths must be modeled. Since
this is intimately related to the actual radio interface used,
we use a measurement driven strategy here.

The first step is to create an empirical relationship for the
probability of deferral between two nodes based on received
signal strengths. We express this relationship as a function
f(·), such that pj

i = f(rssj
i ), where rssj

i denotes the aver-
age of measured signal strength value of packets transmit-
ted from zj and received at zi. We determine function f(·)
from a prior profiling study. Note that this function models
interface properties rather than wireless propagation in an

2Note that here there is no exponential backoff as there is
no retransmission.



actual deployment. Thus, such prior profiling study is possi-
ble. However, in our experience, individual cards do not need

to be profiled in this fashion, only card types or card models

need to be profiled. These profiles can be reused from a li-
brary for different modeling applications. This is in contrast
to a similar profiling approach used in [20], where individual
cards are profiled. Note that our approach is general and is
not restricted to a homogenous system using identical cards.
However, for brevity, our experimental results show results
from a homogeneous deployment. The profiling methodol-
ogy to determine f(·) will be discussed in Section 8.

Once the function f(·) describing the relationship between
the deferral probability and signal strengths is determined,
pY

i can be expressed as in the following.

pY
i = f

0

@

X

zj∈Y

rssj
i

1

A . (7)

This is true since the deferral only depends on the aggregate
signal strengths. Now, if the measurements of the pairwise
rssj

i values in the deployed network are available, pY
i can be

determined for any Y . Note that measuring all rssj
i values

requires O(N) measurement steps.

5.2.2 Determining tY

Recall from equation 2 that tY is the fraction of time all
nodes in set Y transmit, and all nodes in the complement
set Z−Y remain silent. cY on the other hand is the fraction
of time nodes in Y transmit, but nodes in set Z − Y may
or may not transmit. We determine tY in terms of cY using
equations 1 and 2. From these equations,

tY = cY −

˛

˛

˛

˛

˛

˛

0

@

\
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Ti

1

A

\

0

@

[

zj∈Z−Y
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1

A

˛

˛

˛

˛

˛

˛

/|Γ|.

The second term on the right hand side can be expanded
using the principle of inclusion and exclusion of set theory,
which after evaluation reduces to the following –

tY =
X

X∈P(Z−Y )

(−1)|X|cY ∪X , (8)

where P(S) denotes the power set of S.
We still need to determine cY , which is the fraction of time

nodes in Y transmit together. Nodes in Y transmit together
when every node in Y does not defer for every other node
in Y . Thus, cY can be expressed as,

cY =
Y

zi∈Y

(1 − pY −zi
i )ci. (9)

Equations 6, 7, 8 and 9 can be used to obtain di and
then used in equation 5 to write an equation consisting of
ci’s and rssj

i as the only unknowns. rss values come from
the measurements, leaving only ci’s as unknowns. Now, for
each value of the subscript i (i.e., a transmitter) one such
equation is obtained, giving n equations for n transmitters.
We solve these equations to derive the normalized transmit
capacity ci for each transmitter.

5.3 Receiver-side Interference
So far, we have modeled transmission capacity of the trans-

mitter. We now need to model receiver-side interference to
determine how much of the transmission capacity actually

translates into throughput. Receiver-side interference causes
collisions. Thus, if the sender and multiple interferers trans-
mit concurrently, we need to model the probability of packet
capture at the receiver. As discussed before, this is done by
deriving a relationship between the capture probability and
the SINR. This is done in the same fashion as in the case
of deferral probabilities in the previous section. Exactly as
before, we relate packet capture probabilities to SINR via
a function g(·) that is profiled via independent measure-
ments. The profiling methodology to determine g(·) will
be discussed in Section 8.

Define delivery ratio drj
i from zj to zi as the fraction of

packets received by zi that are transmitted by zj in the
absence of any other interfering transmitter. Let us define
drj

i (Y ) as the delivery ratio from zj to zi in presence of

the set of interferers Y . Our first task is to model drj
i as

drj
i = g(rssj

i/noise). This simply relates packet capture
probability to SNR, the ratio of the received signal strength
and noise. Here rssj

i denotes the average signal strength of
packets received from zj to zi in absence of interference. We
have observed that the function g(·) does not change even
if we consider multiple interferers for a link, and the signal
strengths of all interferers can be summed up to calculate
SINR. This is in constrast to the results of [21] for the Mica2
motes with CC1000 radios.

Once the function g(·) has been modeled, drj
i (Y ) can be

expressed as follows:

drj
i (Y ) = g

“

SINRj
i (Y )

”

, (10)

where,

SINRj
i (Y ) =

rssj
i

P

k∈Y
rssk

i + noise
. (11)

As in the case of equation 7, the above equation also requires
only pairwise measured rss values in the deployed network.

5.4 Capacity of Link
Now, we combine the sender and receiver-side interfer-

ences to determine the capacity of the link. Let us choose
zi as the designated sender from the set Z, and let x be the
receiver. All the other transmitters are interferers for this
link. Assume that only a subset Y of the set of interferers
Z − {zi} is active in a slot and the others are silent (due
to deferral or idleness). By definition, tY is the fraction of
slots with this property. t{zi}∪Y is thus the fraction of time
the sender zi transmits along with some subset of the inter-
ferers. This models the packets that are transmitted from
the sender notwithstanding sender-side interference. This
quantity multiplied by dri

x(Y ) models how many of them
are captured at the receiver x notwithstanding receiver-side
interference.

Thus, the overall link capacity (in bits per sec) from the
sender zi to receiver x in the presence of a set of interferers
Z − {zi} is given by,

Czi
x (Z − {zi}) =

P

P + H
× W ×

X

Y ∈P(Z−{zi})

drY
x × t{zi}∪Y .

(12)

The first term models the header overhead and the second
term specifies the channel bit rate. The third term models
the above argument. Consideration of the power set is nec-
essary as any set of interferers can be active in a slot. The



summation over all these possibilities works as they are all
mutually exclusive.

In Section 5.2 we indicated how to compute ci’s. tY ’s can
be determined using equations 8 and 9. dr’s come from the
measurement-based modeling directly. Thus, the link capac-
ity C can be determined using equation 12. The approach
of solving equations is described in the following section.

6. SOLVING EQUATIONS
The first and hardest step in the solution is solving for

the sender-side model as described at the end of Section 5.2.
This generates a set of non-linear equations involving ci’s as
the only unknowns, which need to be solved to determine
numeric values for ci’s. This is the computationally intensive
part of the model solution. Once ci’s are determined, the
rest of the steps needed to determine the capacity Czi

x (Z −
{zi}) is relatively straightforward, as they need only value
substitutions. Thus, for brevity, we only discuss the sender-
side solution (determining ci’s).

There are n equations, one for each transmitter zi. The
number of terms in each equation can be exponential in n
involving all possible combinations of ci’s in a product form,
i.e., terms like ci, cicj , cicjck, etc., going upto c1c2 . . . cn.
The equations are solved using numerical methods. More on
this is in Section 8.3. In our validation work, we have often
had opportunities to simplify the equations that reduces the
number of terms involved and thus the computation time.
Two types of simplifications are possible (see below). This
is easily understood by looking at equation 6.

• pY
i = 0 : This means that the node zi does not defer for

the nodes in Y . In such cases, the term pY
i tY becomes

0.

• pk
j = 1 and pj

k = 1 : This means that node zk and zj

can hear each other perfectly, and their transmissions
never overlap each other (t{zj ,zk} = 0). In such a case,

the term p
{zj ,zk}

i t{zj ,zk} becomes 0.

Also, these terms do not need to be perfectly 0 or 1 to
be eliminated. Terms close enough to 0 or 1 can be ap-
proximated as 0 or 1. In our testbed, we found many such
opportunities to reduce the number of terms in each equa-
tion.

6.1 Examples: Two and Three Transmitters
To get a better understanding about these equations, we

will consider two sets of examples below – one with 2 trans-
mitters (z1 and z2), and other with 3 transmitters (z1, z2

and z3). For notational convenience, we will write t{zi,zj}

as ti,j . Similarly, we write p
{zj ,zk}

i as pj,k
i .

The equations for two transmitters case are:

(1 + α)c1 + p2
1c2 = 1

(1 + α)c2 + p1
2c1 = 1 (13)

The solutions are

c1 =
(1 + α) − p2

1

(1 + α)2 − p2
1p

1
2

, c2 =
(1 + α) − p1

2

(1 + α)2 − p1
2p

2
1

.

Let us consider two special cases, one in which both nodes
can hear each other perfectly (p2

1 = p1
2 = 1), and another,

where neither can hear the other other (p2
1 = p1

2 = 0). The

solution for 802.11b (α = 0.03) is (c1 = 0.49, c2 = 0.49) and
(c1 = 0.97, c2 = 0.97) respectively.

The three transmitter case is a little more involved. As
an example, the equation for a single node (z1) is

(1 + α)c1 + p2
1t2 + p3

1t3 + p2,3
1 t2,3 = 1, (14)

where

t2 = c2 − c2,3, t3 = c3 − c2,3, t2,3 = c2,3,

c2,3 = (1 − p3
2)(1 − p2

3)c2c3, p2,3
1 = f(rss2

1 + rss3
1).

To show how our model can detect the starvation caused
due to the classical ‘flow-in-the-middle’ problem [11], we
present the set of equations for a similar scenario from our
testbed shown in Figure 4. Nodes 4, 6 and 8 form a scenario
where node 6 can hear both nodes 4 and 8 perfectly, which
are hidden from each other. This leads to the starvation
of node 6, which loses out of transmission opportunities be-
cause it has to defer for both nodes 4 and 8. Simple capacity
models based on distance or delivery, as described later in
Section 8.2.1 are unable to predict this, while our model pre-
dicts the starvation of node 6. The equations, their solutions
and the measured capacity values for this case are shown in
Table 1.

7. EXTENSIONS
Now, we will pay our attention to the two simplifying

assumptions we have used so far. The first is related to
the assumption of saturated traffic in the analytical solu-
tion approach. The second is the consideration of broadcast
transmission only. We will now discuss how to handle these
issues.

7.1 Non-backlogged Interferers
To model non-saturated conditions, we will need to ac-

count for the IDLE state in Figure 2. Assume first that
there are only two transmitters z0 and z1. Assume that z1,
the interferer, is not backlogged and has packets to trans-
mit only l fraction of times. In other words, the normalized
offered load at z1 is l. Let us now represent the capacity of
link z0 to x in presence of such an unsaturated interferer as
Cz0

x (z1, l), with a little abuse of notation.3 We show how
Cz0

x (z1, l) depends on Cz0
x (z1), the capacity in presence of a

saturated interferer.
If l is greater than c1, z1’s transmission capacity, the case

is similar to the saturated interferer because node z must
be always backlogged to satisfy its offered load. If l is less
than c1, node z1’s demand is satisfied, and z0 can use the
silent period of z1 for transmitting packets. The fraction
l/c1, thus, can be seen as the fraction of time the two trans-
mitters behave as if they are in backlogged conditions. The
remaining fraction of time, 1 − l/c1 is monopolized by z0’s
transmissions. Thus,

Cz0

x (z1, l) =

(
h

(1 − l
c1

)Cz0
x (Φ)

i

+
h

l
c1

Cz0
x (z1)

i

, l < c1

Cz0
x (z1), otherwise.

(15)

We can extend this approach for solving for the non-
backlogged interferer to multiple such interferers. Assume,

3Cz0
x ({z1}, 1.0) is written as Cz0

x (z1).



Nodes Equations Predicted Delivery-based Distance-based Measured
in testbed c0, c1, c2 c0, c1, c2 c0, c1, c2 c0, c1, c2

1.03c0 + c1 + c2 − c1c2 = 1 0.01 0.33 0.33 0.09
1.03c1 + c0 = 1 0.97 0.5 0.5 0.9
1.03c2 + c0 = 1 0.97 0.5 0.5 0.9

Table 1: Example contention scenarios for a three node set up: z0 in black, z1 in red, z2 in green. The
corresponding nodes in the testbed are 6, 4 and 8. A line between nodes shows that they do not interfere
with each other.

node x is the receiver, node z0 is the sender, and a set
of nodes Z = {z1, . . . , zn} are the interfering nodes. As-
sume, the nodes in set Z have normalized offered loads
L = {l1, . . . , ln}, respectively. Let us consider the inter-
ferer, zi, with the smallest load, such that its demand can
be satisfied. The fraction li/ci can be seen as the fraction
of time when all the nodes have backlogged traffic. Thus,

Cz0

x (Z, L) =

»„

1 −
li
ci

«

× Cz0

x (Z − {zi}, L
′)

–

+

»

li
ci

× Cz0

x (Z)

–

. (16)

where L′ is the residual offered load vector after the load in
the fraction of time with saturated conditions with zi has
been satisfied. For zj , current residual load is l′j .

l′j = lj −
li
ci

× cj . (17)

The above equation can be further reduced by considering
the next node with the smallest demand and so on, until we
are left with backlogged nodes only.

7.2 Modeling Unicast
Unicast transmission in 802.11 provides reliability using

retransmissions when the packet is not delivered success-
fully, and an ACK is not received from the receiver. When
retransmitting a packet, the backoff window is doubled. This
is done repeatedly until the ACK is received, or the retry
limit has been exceeded. The broadcast model presented
in Section 4 and Figure 3 can be easily extended to handle
ACKs and increased backoffs for each retransmission. This
would require an extra transition from the XMIT(0) state
to the BACKOFF(k′) state with a probability equal to col-
lision probability (modeled by 1 − dr) where k′ is the new
backoff window, 0 < k′ < 2CWmin.

Let us consider a scenario with sender z0, receiver x, and
interferers Z as before. The analytical approach presented in
Section 5 needs following modifications to solve the unicast
model.

• Idle time computation : Due to retransmissions, and
multiple backoffs for the transmission of a single packet,
the ratio between normalized idle times (ii) and trans-
mit times (ci) does not remain a constant. We can
compute idle time by considering all possible subsets
Y of the interferer set Z and the collision probability
with each of these subsets, when they are active. For
each Y , the backoff time evolution is a geometric pro-

cess with the collision probability as parameter. Thus,

ii =
X

Y ∈P(Z)

DIFS + SIFS + bo(Y )

(P + H)/W
t{z0}∪Y , (18)

where, bo(Y ) is the average backoff time spent for
transmitting a packet (including retransmissions) from
z0 to x when a subset of interferers Y is active:

bo(Y ) =
m

X

k=0

(1 − drY
x )k2k−1CWminσ. (19)

Here, m denotes the retransmission limit for a packet.

• Consideration of ACK : We keep equation 3 unchanged
by considering ACK transmissions as part of a sender’s
transmission. Thus, in any XMIT slot, a node may be
transmitting data, or receiving ACK. ACK packets are
small and their impact in causing interference is also
small relative to data packets. Also, ACK is transmit-
ted only once per successful packet transmission, while
the packet may be retransmitted. Thus, for a single
packet, the proportion of time slots occupied by ACK
is very small compared to the time slots occupied by
data. In the XMIT slots, ACK may impact the de-
ferral probability, and the probability of collision by
causing DATA-ACK, or ACK-ACK collisions. Both
these probabilities may still be modeled by attribut-
ing a small (appropriately computed based on sizes)
probability to a XMIT slot being occupied by an ACK
transmission. Another simplified model could simply
ignore the effect of ACK transmissions in causing in-
terference.

With the above modifications, the link capacity can be
computed as in the case of broadcast following the same
steps. Note that once the slots of the sender’s transmission
has been identified, the unicast capacity for those slots is
identical to the broadcast capacity. This is because if the
probability of packet capture is fixed, it does not matter
whether a packet is being transmitted or retransmitted. The
throughput of the link will be the same in both cases, as
throughput only depends on the number of unique packets
successfully received.

Summarizing, modeling unicast requires modifying the
model for idle time computation, and considering the proba-
bility of collision and deferral for ACK packets. Even though
the inclusion of these in the model makes the model more
accurate, it adds an extra complexity for the analytical and
simulation-based approaches. The impact of these factors
are small because ACK packets are small in general, and
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Figure 4: Locations of the nodes on the floor map
and links with more than 90% delivery ratio. Width
of the map is 60m.

the extra idle time is much less than the packet transmis-
sion time for large packets. Also, as we argued above, re-
transmissions do not impact the capacity computation for a
link except for the extra idle time. Given this, it is worth
debating whether there is much benefit at all from model-
ing the more complex unicast. It has been shown before in
[19, 20] that the interference between unicast transmissions
can be well estimated by estimating the interference between
broadcast transmissions. We also observed similar behavior
in our testbed (not reported here).

8. EXPERIMENTAL PROCEDURE
Our experimental testbed consists of 12 Dell Latitude

D520 laptops running Linux 2.6.15 kernel. The testbed is lo-
cated in one floor of a modern office-cum-lab environment.
See Figure 4 for a network diagram. Each laptop uses a
DLink AirPremier DWL-AG660 802.11a/b/g PC card with
Atheros AR5212 chipset. The Madwifi driver, Version 0.9.6
[2] is used. The cards are configured in ad hoc mode when
used as transmitter, and in monitor mode, when used as re-
ceiver. Thus, measurements of dr and rss values are done
in the monitor mode. rss is in the prism monitoring header
which is obtained whenever a packet is captured when the
card is in monitor mode. The value reported by Atheros
cards is the gain dB relative to the noise floor. In partic-
ular, the card reports the value 10 log10(

S+I
N

), where S is
the received signal power and I is the aggregate interference
power, N is a fixed noise floor (fixed at -95dBm). Accord-
ing to the above representation, any external interference
will influence the measured rss value between two links.4

To alleviate this problem, we have done all our experiments
in the night in a relatively ‘quiet’ environment so that in-
terference I from other 802.11 networks could be considered
zero. Thus the measured rss is simply a dB gain over a
fixed noise floor and can be easily converted to power (mW
or dBm) to use in the formulation in Section 5. Instead of
inventing new notations, we will be using the term rss ev-
erywhere. In the experiments it is in dB, in the analysis it
is in dBm or mW.

All experiments reported here are done for 802.11b. We
also did a similar set of validations for 802.11a and had very
similar experience. We choose to present 802.11b results
here as it gives longer range links and has a rich set of in-

4In other cards, for example, Prism2-based [3], it may be
possible to measure the external interference as noise.
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Figure 5: Profile for functions f(·), probability of
deferral, and g(·), probability of capture.

terferences in our testbed. All experiments are done at the
lowest phy-layer rate (1 Mbps) and with large (1400 bytes)
packet sizes. We have verified that profile for one packet size
can be used for other packet sizes. Profiles also seem quite
independent of the choice of channels. However, profiling
needs to be done for each possible data rate. Needless to
say, different card models must be profiled separately.

8.1 Profiling Experiments
We do a set of measurements to create the profiles f(·)

and g(·), which form the inputs to the 802.11 MAC model.
Recall that function f(·) models the probability of deferral
in terms of the received signal strength (equation 7), while
function g(·) models the probability of packet capture in
terms of SINR on the link (equation 10). To create the
profiles, we use two laptops (as described above), say zi

and zj , and place them at different random locations to
create a large number of samples of average rssj

i and rssi
j

values5 and then relate these samples to measured values of
pj

i and pi
j . To do this, ci and cj are measured when both

of the nodes have saturation UDP broadcast traffic, and

then equation 13 is used to compute pj
i = 1−(1+α)ci

cj
, pi

j =
1−(1+α)cj

ci
. Each 〈p, rss〉 pair thus obtained is plotted in

Figure 5(a). A large number of such points are obtained
by repeating the process for different random locations of
zi and zj , which gives different samples of link quality and
sender-side interference.

To create the profile for g(·), we use similar random ex-
periments using two nodes. (In fact both these experiments
are done together to save effort). In this case, the SINRj

i

is determined from equation 11 as (rssj
i/noise), as there is

no interference. The delivery ratio drj
i is directly measured.

As before, a plot is created (Figure 5(b)) relating capture
probability and SINR.

The figures show the measured values as scatterplot and
also the fitted curves. The curves for the desired functions
are fitted using a linear interpolation of average values in
buckets of 2dB each. An interesting observation in the
graphs is that the profile for packet capture probability is
shifted to the right when compared to the profile for deferral
probability. This is expected, as the threshold for deferral
is lower than the threshold for successful packet delivery.

5All averages are long term averages. Some methods of col-
lecting stable average statistics for 802.11 are described in
[19, 20]. We follow very similar techniques.
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Figure 6: CDF of error between the estimated and measured transmission capacity of senders, ci for node zi.
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Figure 7: CDF of error between the estimated and measured throughput capacity on links, Czi
x (Z − zi) for

link from zi to x.

8.2 Model Evaluation and Validation Experi-
ments

This part of the work concentrates on the target network
– the 12-node testbed described before. Average rss values
for all link pairs in the network are collected. Here, each
node takes turn to transmit UDP broadcast packets and
every other node measures the average rss values. Again,
this process is similar to measurements reported in [19, 20].
This takes O(N) steps for an N node network. The profiles
generated in the previous section and the values collected are
used to seed the 802.11 model described in Section 4. Both
analytical approach and direct simulation can now be used
to solve the model to determine the throughput capacity of
any given link. We have written a simulator in C which
implements the Markov Chain based 802.11 model. We use
a slot size of 10µs in 802.11b, which is small enough such
that all protocol states span integer number of slots. We
will later see in Section 8.3 that there is an accuracy vs.
computation time tradeoff between these two methods.

For validation, we perform direct measurements on the
testbed to evaluate link capacities and then compare them
with those estimated by the model. In each validation exper-
iment, n nodes are chosen from the testbed as transmitters
while the remaining 12 − n nodes act as receivers. Each
transmitter then broadcasts packets as fast as possible (to
model saturated traffic) for 60 seconds. At the end of this
time period, the throughput on each one of the n(12 − n)
links is measured by counting the number of packets received
from each sender. For each such link, there are n−1 interfer-
ers. We also measure the transmission capacity (number of
packets actually transmitted in the air per second) for each
transmitter. This quantity is reported by the card to the
Madwifi driver.

We have performed validation experiments with up to 5
interferers. When n = 2, it is a single interferer scenario.

Here, we have measured all possible combinations of such
scenarios, which require 66 experiments, and provide data
for 132 transmitters, and 1320 links. When 3 ≤ n ≤ 6,
we randomly pick 50 configurations of n transmitters each,
which results in data for 50n transmitters, and 50n(12 − n)
links. Thus, overall we have performed 266 sets of experi-
ments resulting in 7820 data points in the plots to be pre-
sented next.

Figure 6 shows the CDF of the absolute error (modeled
− measured) in transmission capacity for both solution ap-
proaches – analytical and direct simulation. We specify ca-
pacity as a fraction of the channel bit rate. Note that the
model performs quite well for fewer interferers, increasingly
losing accuracy with more interferers, where the approxi-
mations used in the modeling and measurement errors start
mattering more. Also, note that simulation provides better
accuracy relative to the analytical method. This is expected
due to the approximations used in the analytical method.

Exactly similarly, we present the absolute error between
estimated and measured link throughput capacities in Fig-
ure 7. Once again note the excellent accuracy. It may appear
here that the accuracy is more than for transmission capac-
ities in Figure 6. This appearance is due to the fact that
throughput capacities are smaller than transmission capac-
ities; thus absolute errors are also smaller. The horizontal
scale of both the plots are the same. The summary statistics
for the errors will be presented momentarily in the following
subsection.

8.2.1 Comparison with Simpler Models
It is instructive to compare our model with simpler mod-

els that one would use in absence of approaches such as ours.
We use three simple models for comparison -(i) naive model

(also used in [20]), where the link delivery ratio on a link
is used as an estimate of link capacity; (ii) delivery-based
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model, where sender-side interference is modeled by assum-
ing that the normalized transmission capacity of the sender
is 1/(1 + no. of neighbors)6 and then multiplying this num-
ber with the link delivery ratio; (iii) distance-based model,
fashioned after the protocol interference model [12]). Here,
transmit range, interference and carrier sensing ranges7 are
first determined based on a set of independent measurements
in the same environment. If two links have a receiver in in-
terference range of the other sender, or have the senders
in each others sensing range, then they are said to be in
conflict. The normalized capacity of a link in this model
is 1/(1 + number of conflicting links). The capacity is 0 for
non-existent links (i.e., sender and receiver are outside trans-
mit range).

We compare these models with our analytical and sim-
ulation approaches. The CDFs for errors for these models
are also plotted in Figure 7. Note that the naive model
overestimates capacity a lot, as it ignores interference. The
delivery-based model also overestimates significantly as it
does not have any way to model the receiver-side interfer-
ence. This is very apparent from the plots with small num-
ber of interferers. On the other hand, the distance-based
model underestimates significantly. This is likely because of
conservative range estimates and the mistaken assumption
that the ranges are isotropic. For larger number of interfer-
ers, it appears that errors are going down for the delivery-
based and distance-based models. This is an illusion as the
capacities are also smaller with larger number of interferers
and thus absolute values of errors are also smaller.

Figure 8 summarizes the errors in estimating link capaci-
ties for all the models in terms of percentage of predictions
with absolute error within 10%. This data directly comes
from the CDF presented in Figure 7. Note again that the
simulation-based solution is the most accurate, estimating
capacities of links more than 90% of the times with an error
that is within 10% of the channel bit rate. This goes down
to about 80% of the times in the analytical approach. The
simpler models typically perform much worse, though dis-
tance based model becomes competitive for larger number
of interferers. Going back to the example in Section 6.1 note
that both delivery and distance-based models do a very poor
job in modeling the ‘flow-in-the-middle’ scenario (see Table
1).

8.3 Computation Time
Recall the discussion on the complexity of solving the

6Here, a node is a neighbor if it has a link with at least 90%
delivery ratio.
790% probability for respective events are considered for es-
timating ranges.
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Figure 9: Computation time for analytical and sim-
ulation approaches with increasing number of inter-
ferers.

equations for the analytical solution from Section 6. Long
computation time will limit the applicability of our approach.
We thus need to analyze the computation time issues.

For the plots presented above, we have used Mathemat-
ica [1] to solve the equations. It uses the Newton’s method [15]
for solution, which in turn uses a method of linear approx-
imation. Newton’s method requires a set of good starting
values for rapid convergence. We have seeded the variables
with the values from the delivery-based model. Note that
this model is computationally very cheap. We have set the
maximum number of iterations to 1000. We have also speci-
fied the stopping criteria, such that the iterations stop when
an accuracy of 10% has been achieved.

For simulations, we have used the batch means method to
ensure that simulations converge to a target level of confi-
dence. Our target for the above validation plots has been
95% confidence interval of batch means being less than 5%
of the overall mean statistics. Figure 9 shows the compu-
tation time for the analytical approach and the simulation
approach. For simulations, we now also add the times for a
less accurate simulation (90% confidence interval less than
5% of mean). This demonstrates a tradeoff between accu-
racy and computation time. Simulations are almost an order
of magnitude slower than the analytical approach. The com-
putation times are reported for a Dell PC with a 3 GHz Pen-
tium processor with 4GB of RAM, running Linux. For the
purpose of this plot, we have evaluated computation times
up to 12 transmitters (i.e., 11 interferers) in our 12 node
testbed. Note that the time to solve the analytical approach
increases very slowly, and is approximately 0.35 sec even
with 11 interferers. The trend indicates that with a pow-
erful computer, the analytical solution approach should be
useful even for on-line decision making for resource schedul-
ing, at least at a coarse time scale (second or sub-second).
For example, for applications such as coarse-grain channel
assignment, admission control, centralized routing, etc. 0.1-
1 second computation time is easily affordable. Studying
the computational issues further is on our future research
agenda.

8.4 Validation For Non-backlogged Interfer-
ers

In this section we present some validation results to demon-
strate that our model extends to the case when the interferer
is not backlogged. We show the capacity of a link in presence
of an interferer for three cases – when the interferer causes
sender-side interference, when the interferer causes receiver-
side interference, and when the interferer does not affect the
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link at all. To do this, we pick one link in the testbed and
choose three suitable nodes as interferers to validate these
three cases. In each case we determine the capacity of the
link in question from our model and compare it with the
measured capacity. Figure 10 shows the accuracy of our
prediction using analytical modeling in each case.

9. CONCLUSIONS
In this paper, we have addressed the challenging prob-

lem of modeling link capacities in a real, deployed 802.11
network. This is a departure from the existing methods
of analytical or simulation-based modeling that often make
unrealistic assumptions. Our model is based on the realis-
tic physical interference model that drives a discrete time
Markov chain-based model of 802.11 behavior. The physi-
cal interference model is profiled using measurements and is
seeded again by measurements on the target network to be
evaluated. The methods we proposed are practical – (i) The
profiled measurements can be kept in a library and reused.
(ii) The measurements on the target network are simple and
take O(N) steps. (iii) The analytical solution time is of
“sub-second” scale opening up a lot of applications that use
course-grain decision making, such as overlay MAC schedul-
ing, routing, admission control and channel assignment. Our
future work will explore some of these applications using the
proposed model.

While we have used a single channel, single packet size,
single data rate and single interface card model in our work
here, this is not a limitation. Profiling can be done for all
these parameters separately. Some additional modeling can
indeed help in profiling effort. For example, profiling for one
size can possibly be extrapolated for other sizes. In principle,
the modeling approach is able to handle heterogenous sys-
tems, where different nodes use different parameters, so long
as cards with all such parameter settings have been profiled
for. The harder problem is handling dynamically changing
parameters, for example, auto rate control in 802.11. In this
case, the rate control algorithm must be modeled as a part
of our approach. Also, our approach is general enough such
that extensions of 802.11 (e.g., 802.11e) can be modeled us-
ing a similar Markov model, though more states probably
will make the solutions more compute intensive.
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