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ABSTRACT
Although wireless networks have become ubiquitous, sur-
prisingly few models of user-level mobility have been de-
veloped and validated against traces of measured user be-
havior. In this paper, we develop a simple, parameterized,
open queueing network model of user mobility among access
points in a campus network. Using CRAWDAD traces of
user-access-point affiliation over time, we compare model-
predicted performance with the performance actually ob-
served in the traces, and find that a simple queueing model
can indeed be used to accurately predict a number of per-
formance measures of interest.

Categories and Subject Descriptors
C.2.1 [Network Architecture and Design]: Wireless Com-
munications; C.4 [Performance of Systems]: Modeling
techniques

General Terms
Performance, Theory

1. INTRODUCTION
Wireless networks, unlike their wired counterparts, have

relatively few validated models of network user behavior and
the traffic they generate. Yet, such models are crucial for
studying wireless network protocols and architecture. Such
models can also be used for network dimensioning, answering
“what if” questions, such as how performance changes as
the number of users or traffic scales up, or as the deployed
network infrastructure evolves.
In this paper, we explore the use of simple open queueing

network models of user mobility among access points (APs).
The network model is “open” in that each mobile user enters
the network, moves from AP to AP, and then leaves the net-
work; each new arrival to the network is treated as a new,
independent customer, considerably simplifying the compu-
tation of performance metrics. We model APs as M/G/∞
queues; users are modeled as arriving to the network of

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.
S3’11, September 19, 2011, Las Vegas, Nevada, USA.
Copyright 2011 ACM 978-1-4503-0868-7/11/09 ...$10.00.

wireless APs according to a Poisson process, and making
independent probabilistic transitions among APs (or leav-
ing the network). The model’s inputs are the mean arrival
rates, mean residency times at each AP, and the inter-AP
transition probabilities, which are determined from empir-
ical traces. Starting with AP-level CRAWDAD[1] traces
of user-AP affiliation over time in a campus network, and
comparing model-predicted performance versus the perfor-
mance actually observed in the traces, our findings here are
that such a simple model accurately predicts a number of
performance measures of interest. However, in order to ac-
curately predict certain performance measures, we find that
it is necessary to partition users into two groups: those who
only visit one AP after entering the network, and those who
visit multiple APs.

The remainder of this paper is structured as follows. Sec-
tion 2 describes the trace we use, and how we pre-process
the trace. Section 3 presents our proposed queueing network
model, which is validated in Section 4. Section 5 concludes
this paper.

2. THE TRACE
There are several publicly available traces of long term

user activity in a wireless LAN (WLAN) [6][3][2]. As we
are interested in modeling user-level mobility among APs in
larger-scale (e.g., campus-level) wireless networks, we seek
traces that contain this information and where the network
scale is large enough (both in terms of the number of APs
and the user population) and the measurement period is long
enough. We use the Dartmouth Simple Network Manage-
ment Protocol (SNMP) trace [3], which was generated by
the wireless LAN’s mobility controller (i.e., a central server
that coordinates all APs on campus) that polls each AP ev-
ery five minutes1. At each such SNMP poll, an AP reports
to the controller those clients that are currently associated
with that AP. Although this information does not provide
the precise time of a user’s departure from an AP, we can
infer the departure of a user by the absence of the user in a
subsequent poll, as discussed below.

2.1 Trace Preprocessing
To circumvent the problem of diurnal user behavior (peo-

ple go to sleep and do work different from their day time be-
haviors), we only consider mobile user activity during those
periods of time when the university is most active. Hence,
we extracted traces from 7 am to 7 pm of each day, and

1The Dartmouth trace records wireless user activity for a
17-week period, from 11/2/2003 to 2/28/2004.
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Figure 1: Average number of sessions for various
departure length threshold.

removed all weekend, holiday, and inter-session periods as
well2. The processed trace contains 547 APs across 6 dif-
ferent types of buildings (as listed in Table 2), with 6,452
distinct users.
We first define a session as the period of time during which

a mobile user is continuously connected to the campus net-
work; during a session the user may move from one AP to an-
other. Thus, a session begins when the mobile user first as-
sociates with an AP (not having been previously associated
with an AP) until the user disassociates from all network
APs. As discussed previously, each AP periodically pro-
vides SNMP reports (at five-minute intervals) listing those
mobile users that are currently associated with that AP.
Occasionally, we find that a user disappears from the every-
five-minute SNMP reports and then soon after reappears in
the SNMP reports. There are three possible explanations:
1) The user actually left the network and returned;
2) The user was is motion, leaving one AP and then later
associating with another AP;
3) An SNMP update was missing or lost.
Without explicit disassociations, it is difficult to infer which

of these cases has indeed occurred. To distinguish true net-
work departures from incorrectly inferred departures due to
missing SNMP reports, we proceed as follows.
Let the departure length threshold, Td, be the interval of

time such that if the user does not appear in an SNMP re-
port for Td then the user is inferred to have left the network.
Thus, periods of association by the same user that are sepa-
rated by the amount of time τ > Td (with no SNMP reports
of that user during the intervening τ) are considered to be
two separate sessions for that user.
Figure 1 plots the average number of sessions per-day per-

user as a function of the departure length threshold. We
note a sharp drop in the average number of sessions when
the departure length threshold is less than 10 minutes (cor-
responding to an absence of that user in one or two back-to-
back SNMP reports), and then a much slower decrease for
larger threshold values. Thus, we chose a value of the de-
parture length threshold of 10 minutes, and consider a user
to have remained in the network if two intervals of activity
(as reported by SNMP association reports) for that user are
separated by ten minutes or less.

2We also removed records from some of the APs that started
to malfunction, repeatedly reporting the same number of
users to the controller, from about Feb. 15, 2004 to the end
of the measurement.

U total number of users at steady state
N total number of APs on campus
Ui number of users associated with APi

1/µi the expected user stay time at APi

λi arrival rate to APi

ρi load of APi where ρi = λi/µi

γi exogenous arrival rate to APi

pij empirical probability of moving from APi to APj

Table 1: Model Parameters

3. QUEUEING NETWORK MODEL
We model the campus wireless network of APs as a system

of M/G/∞ queues, where each AP is represented by an
M/G/∞ queue. We assume that the user arrival rate to
each AP is a Poisson process, and each user’s expected stay
time at each AP is of general distribution. Each AP behaves
as if there are infinite number of servers for each queue, and
the AP can thus serve an infinite number of users3. We first
introduce the key parameters in our model in Table 1.

Let the exogenous arrivals to APi be modeled as a Poisson
process with rate γi. We then have the aggregate arrival rate
to APi:

λi = γi +
∑
j ̸=i

λjpji, 1 ≤ j ≤ N (1)

The probability that a user stays at APi and leaves the
system is pi0 = 1 −

∑N
j=1 pij . Let π(u⃗) be the joint steady

state population probability distribution s.t. Ui is the num-
ber of users at APi in steady state, and u⃗ = (U1, . . . , UN ).
The corresponding marginal population probability distribu-

tion of APi is P (Ui = ui) = e−ρi ρ
ui
i
ui!

. Hence, the joint steady

state population probability distribution of those APs is of
the following product form:

π(u⃗) = P (U1 = u1, . . . , UN = uN )

=
∏N

i=1

ρ
ui
i e−ρi

ui!
, ui ≥ 0; 1 ≤ i ≤ N

(2)

The predictions of user occupancy at each AP from our
model are validated in the next section.

4. MODEL VALIDATION
We validate our model against the empirical trace data

by considering the following metrics: user population distri-
bution, user sojourn time distribution (i.e., session time of
user’s visit in the system), and the number of distinct APs
visited by a user during a session.

4.1 User Population Distribution
Figure 2(a) shows the user population distribution of the

most heavily loaded APs around campus. The red dashed
line is the result predicted by the model (with the load, ρi,
estimated by λi/µi of APi), while the solid line is the em-
pirical population distribution. We note a good match be-
tween the model-predicted and empirically-observed values.
To measure the closeness of the predicted results and the
empirical ones, we use the Kolmogorov-Smirnov goodness-
of-fit test (K-S test). The Kolmogorov-Smirnov test is used
to determine whether a hypothesized distribution matches
the empirical distribution, and is not sensitive to the bin-

3In IEEE 802.11 specification, there is no user association
limit for an AP. However, in practice, most AP manufactures
have their recommendations for AP maximum capacity.
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Figure 2: (a) user population distribution (b) sojourn time distribution (c) distribution of # visited distinct APs

AP Type # passed # in total Ratio
Residential 204 212 96.26%
Academic 130 152 85.52%

Administrative 68 70 97.14 %
Social 45 45 100%
Library 40 49 81.63%
Athletic 19 19 100%

Table 2: Fraction of APs passed K-S test

ning of our data (in our case, the number of users), as it is
in Chi-square test [4][5].
In this paper, we set the significance level of K-S tests

to 0.05 (i.e., with 95% confidence level). Table 2 shows the
acceptance ratio of K-S tests, that the predictions of our
hypothesized model has a goodness-of-fit to the empirical
distribution of user occupancy.

4.2 Sojourn Time Distribution
We validate the model by comparing the sojourn time (i.e.,

the duration of a user’s session length) distribution gener-
ated by the model against to that of the empirical data. We
ran simulations with exogenous arrival rate γi to APi deter-
mined from the trace. When a user associates to APi, he/she
stays a time drawn from the stay time distribution of APi,
and moves to APj according to the empirical probability pij
computed from the trace. A user will leave the system when
the sojourn time hits 12 hours or the next movement is to
leave the system (i.e., j = 0). Figure 2(b) shows the sojourn
time distribution of the empirical data and the one predicted
from our model. we again note a good match between the
model-predicted and empirically-observed values.

4.3 Number of Distinct Visited APs
In addition to looking at user-level sojourn time, we are

also interested in a user’s trajectory (the sequence of visited
APs that a user moves in the system). We first look at the
number of visited APs of a user as a metric. Due to the ping-
pong effect4 that frequently occurs, it is hard for us to show
how precise our model is by comparing the total number of
visited APs of a user, since one might alternatively associate
with 2 or more APs every 5 minutes. Hence, instead of
looking at the number of total visited APs of each visit, we
focus on the number of distinct visited APs.
In the trace, we found that there is a great portion of

4The ping-pong effect is a phenomenon that a wireless device
does not associate with just one AP and stay with it for a
while but instead associates with a small, fixed set of APs[3].

mobile users who turn on their laptops, associate with an
AP, use the Internet and then leave the network without
making any transition. To model this detailed behavior, we
found that mobile users should be modeled using 2 classes:
those corresponding to exogenous arrivals making their first
visit to the system and then leave, and those corresponding
to arrivals from another AP, who have already visited at
least one AP. For this first class of users, we associate a new
parameter Ps(i) (determined empirically from the traces),
which is the probability that an exogenous arrival leaves the
system after visiting only one AP. With probability 1−Ps(i),
an exogenous arrival will proceed on to another AP upon
leaving the first AP that is visited. With this additional
distinction, Figure 2(c) plots the distribution of number of
distinct visited APs from the trace and the model.

5. CONCLUSION
In this paper, we found that a simple, parameterized open

queueing network of M/G/∞ queues can capture user mo-
bility and predict several network-level and user-level per-
formance metrics of interest. Using the empirical dataset
from the Dartmouth trace [3], the model-predicted perfor-
mance was validated against the performance observed from
the trace. Our parameterized model accurately predicts the
user population distribution at APs and mean sojourn time.
Our more detailed finding is: with two classes of users spec-
ified, those who only visit a single AP, and those with more
mobility (with at least one transition among APs), we can
more accurately predict the user’s path length (the number
of distinct visited APs during a session).
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