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Abstract—In this paper we analyze wireless LAN (WLAN) First, analysis of user behavior and network usage patterns
traces collected from four different sources, including three enables accurate assessment of wireless network utilization
university campus WLANSs and one corporate WLAN to compare and aids in developing better management techniques and

the similarities and differences of user association behavior to itv ol . decisi S d t vsis is al
access points (APs) in these environments. This study providescapac' y planning decisions. second, trace analysis IS also

extensive comparison of multiple WLAN traces, and outlines @ necessary first step towards developing realistic models
a basis for creating models for user association patterns in of usage patterns and mobility models that are crucial for
WLANSs. We propose a set of important metrics for modeling the  the design, simulation and evaluation of wireless networking
association patterns of wireless LAN (WLAN) users. Specifically, rotocols. Third, as new technologies evolve (e.g. variants
we look into (a) Activeness of users, (b) Macro-level mobility, (c)
Micro-level mobility and (d) Repetitive association patterns. We of 802_'11 WLANS, or aF’ hoc networks), fu_ndamental under-
find that (1) A significant portion of users are offline for non- Standing of user behavior becomes essential for the successful
neligible fraction of time (on average, the online time fraction is deployment of such emerging technologies.
betweens7.68% and 14.12% for the traces we studied). (2) Users  Several studies have been previously conducted on analysis
visit only a small subset of APs (on average less tha_i%,_and the  of WLAN traces [1], [2], [3], and we borrow from these
maximum is less than357%), and (3) Users show periodic pattern traces and studies. These studies are quite helpful, but each
of visiting the same APs in some traces. The findings along these : ) i v
aspects show similar trends among the traces, with differences Of them was conducted on a single campus with a different
in details due to both underlying user population/environments focus, and hence it becomes unclear whether their findings
and methodologies of trace collection. generalize beyond the studied campus. In our study, we go
beyond previous work to compare user behavior across differ-
ent traces, and try to observe the general trends and quantify
Recently, wireless networks have been deployed ubiqujire detailed differences among them. We look into the aspects
tously in various environments, especially in university camnat we consider important to model user behavior in WLANS,
puses and corporations, and gained popularity rapidly. Wighd reason about the commonalities and differences of these
more users switching to wireless networks, the importance ﬁpects between campuses. For the metrics we study, we find
understanding user behavior in such environments is becomijfgt in general most of the campuses follow similar trends,
clearer. From the vast amount of wireless LAN (WLAN)ych as (1) Most nodes display on-off usage pattern. They are
traces available to the research community (e.g. from [ned off for non-negligible amount of time, and switched
[2], [3], [12]), one can obtain important and fundamentgletween online and offline states often. This fact is largely
knowledge about its users. Among the vast space for potenfigkriooked by previous researches on modeling WLAN users
investigation, we focus on the following question: How d@jthough it is an omnipresent phenomenon from all traces. (2)
we realistically model usérbehavior and usage in campusiost nodes visit only a small portion of the access points
WLANSs? More specifically, if we are interested in modelingaps) on campus. Therefore, preference in user association is
the association patterns of individual users to the access poigtgther important aspect to model users of WLANs. The above
(APs), what characteristics are important to observe from thgdings may be intuitive, but it is surprising to observe that the
traces? And, how do users in different environments differ (gfy-off pattern of users change significantly as the popularity
not) on these aspects? We seek to answer these questiongsljy AN increases through years, but the ratio of vsited APs
an extensive study of WLAN traces. hardly changes. In other words, there are varying and invariant
In this paper we gain further understanding of realistic usgger characteristics as one technology gains its popularity. (3)
behavior (e.g. usage and mobility) utilizing the most extensiyg most cases we identify repetitive patterns in user association
wireless LAN traces collected to date from three universiyyer various time frames (e.g., days, weeks). Users re-appear
campuses (USC, Dartmouth, UCSD) and one corporate ngi-the same AP it previously associated with with higher

work. Such understanding is important for several reasonfobabilities after time gaps of integer multiples of days.
We pr work similarity index (NSI ntitativ
ln this paper we use the termsser node and mobile node (MN) e proposenetwork similarity index (NSIps a quantitative

interchangeably. We assume that one MAC address in the trace corresp(fm:smc to _cgpture SUCh_ repetitive pattem_- These flndlngs point
to a unique device (MN), and a MN is always tied to the same user. to unrealistic assumptions often made in user modeling (for

I. INTRODUCTION



both usage model and mobility model) and simulation, as thg WLAN users. In [4] the authors focus on modeling asso-
findings from traces are significantly different from the generalation session lengths, and in [5] the focus is on the arrival
assumptions (e.g., always-on users with no preferences in thmitterns of users at APs. These papers focus on one or several
association patterns). In addition to that, in the future thespects of modeling user behavior. In our paper, we propose a
findings can be used as guidelines for realistic modeling géneral framework which is applied to capture fundamental
user behavior in WLANS. aspects of user association behaviors in the WLAN traces
As one expects, the details of these user behavior metr{iesg. Initiation and termination of association, preferences
depend on the underlying campus environment and user deviteassociation, handoff, and repetitive periodic patterns in
type; we will comment on the findings throughout the papeassociation) that can be used to build models for WLAN
In addition to that, in this work we also compare two differengsers. We also compare similarities and differences of the
trace collection methodologies, polling-based (e.g. SNMP) aablove metrics across different environments. Along the same
event-based (e.g. syslog). We show the difference betwdie of modeling user association behaviors, in [6] the authors
these two trace collection methods by generatingmulated propose to cluster APs based on the time of peak user arrivals.
SNMP trace in post-processing from higher resolution syslddney focus more on modeling the changes of associated users
trace, and compare the differences among the two tracesthe APs by modeling the arrival and departure processes.
Sometimes, major differences can be attributed to differeie focus more on modeling associations of individual users
trace collection methods used. This brings to being the neiedthis paper. In [9] the authors have a similar goal as ours
for a standard methodology for trace collection to make dasad propose a mobility model based on association session
from different environments comparable. length distribution and AP preferences. However, there are
The major contributions of this paper are the following@lso other important metrics that are not included, such as user
First, by using WLAN traces from four different sourcespn-off behavior and repetitive patterns. We add these metrics
comparing the results and highlighting both similarities ari@ provide a more complete description for user behaviors in
differences, it is the largest scale trace-based study in thieless networks. By studying multiple traces from different
literature as we are aware of. Although some of the findinggvironments collected at different times, we are able to
in the paper match with simple intuition of user behaviorgstablish that most traces display similar trends, but the details
by extensive investigation we are able to further quantifijiffer due to difference in user population, environment, time,
and show the minor differences in detail systematically, ahd methodologies of trace collection.
reason about the cause of those differences (e.g. methodolog§lthough many wireless networking protocols have been
of trace collection, user population, network environmen@ieveloped over the past decade, the majority have been de-
time of trace collection, etc.) Second, by proposing metrigégned independently of the context in which they may be
for describing individual MN behaviors, we propose a basigeployed and are usually evaluated using artificial (i.e., syn-
on which AP association models for individual MNs carhetic, sometimes unrealistic) models. Refer to [10] and [11]
be established. We also find several facts that indicate tf@t excellent summary of synthetic mobility models used in the
conventional, randomly generated synthetic mobility modeli¢erature. We believe that the design and evaluation of the next
(such as random waypoint, random walk, etc.) are not adequgéneration wireless networks should go hand-in-hand with
for a heterogeneous environment such as university campugeep, insightful understanding of the realistic environments
and corporations. in which they will be deployed and used. Although WLANs
The paper is organized as follows: In section Il we discug$udied in this paper do not provide raw node mobility models
the related works. The studied wireless network environmerstéectly, they represent a model that combines coarse-grained
and trace-collection related issues are discussed in sectib® Per-AP granularity) nodal mobility, usage of network, and
lll. We introduce various metrics to describe individual usen-off patterns from university campuses. In that sense, one
behavior in-depth in section IV. Finally, we point out futurénay envision that all-encompassing models may be built by

work directions and conclude the paper in section V. studying the traces. Understanding of such realistic scenarios
sheds lights on sometimes falsely taken assumptions in user
Il. RELATED WORK modeling, and quantifies the detailed behaviors of users so

that future models can incorporate them. For example, MNs
Influenced by the gaining popularity of wireless LANS irin synthetic models are always on and homogeneous in their
recent years, there is an increasing interest on studying usbggavior. Both of these characteristics are not observed in our
of wireless LANs. Several previous works [1],[2],[3] havestudy of real WLAN traces.
provided extensive study on wireless network usage statisticdn the work we also try to observe periodical association
and made their traces available to the research communiighavior of users in WLAN traces. This investigation is along
Our work is built upon these understandings and traces, aheé same line with the findings by Chen at el. in [7]. In their
we carry out analyses that go beyond the previous work. work, the authors seek to identify the repetitive sequences of
With these traces available, more recent research workser associations and find that weekly patterns are the most
focus on modeling user behaviors in wireless LANs. In [§)rominent ones. In our investigation, we search for the time
the authors propose models to describe traffic flows generatgp after which a user is more likely to re-appear at the same



TABLE |
STATISTICS OF STUDIED TRACES

Trace Unique | Unique Unique Trace User type Environment Trace collection | Analyzed part Users in Labels used
source users APs buildings duration yp method in this paper | analyzed part| in graphs
Jul. 20 '02 to . 3 Engineer . MIT-cons
MIT[1] 1,366 173 3 Aug. 17 02 Generic buildings Polling Whole trace 1,366 MiT-rel
Jul. 2003 2,518 Dart-03
. Dart-04
Generic
Apr. '01 to Whole 5,582 Dart-rel
Dartmouth[3] 10,296 623 188 Jun. '04 campus Event-based Apr. 2004 Dart-cons
PDA only 25 Dart-PDA
VoIP device 63 Dart-VoIP
Sep. 22 '02 to Whole . Sep. 22 '02 to
UCSD|2] 275 518 N/A Dec. 8 '02 PDA only campus Polling Oct. 21 '02 275 uUcsD
79 Dec 03-Now (trap) . Whole ] Apr. 20, '05 to
USC[12] 4,548 ports 73 Apr 20 05-Now (detail) Generic campus Event-based May. 19 '05 4,528 usc

AP. Under this definition, we find that users are more likely t63 VoIP device users during this time period. The results we

re-appear at the same locations they visited before at integet from these small sample sizes may need to be verified by
multiples of days, and the strongest tendency of re-appearastigies in larger scale. All the traces, except the MIT trace,
occurs at 1 day, followed by 7 days. are collected from the entire campus wireless network. The
I, TARGET ENVIRONMENT AND TRACE COLLECTION MIT trac.e is collected from.three engmeer.mg.bundmgs.m a
METHODS corporation network, hence its user population is not as diverse

) , , as the other traces, and the geographic scope of trace collection

In this study we mainly focus on wireless traces collected smajler. USC trace is the only one that has coarser, per
from university campus and corporation networks. We obtaifyitch port location granularity, while the others have per AP
wireless trace§ f.rom four different sources, including totally-ation granularity. Each switch port in USC trace has several
over 12,000 distinct users and over 1,300 APs. To our begbg connected to it. The geographic coverage of a switch port

knowledge this is the most extensive study of user beha"@ﬁproximately corresponds to a building on campus.
in wireless networks so far. Among the traces, the USC trace

is collected specifically for the purpose of our studies, while The met.hods. of coIIecting wireless_netvv_ork trgces can
Dartmouth [3], UCSD [2], and MIT [1] traces were collected®® Catégorized into two major categories: (i) Polling-based
by other research groups. We summarize the important Charg@thods which record the association of MNs at periodic time

teristics of these traces in Table I and explain the major issyBETVals, using SNMP (MIT trace[1]) or association tracking
below. software on the MNs (UCSD trace[2]), and (ii) Event-based

These four traces are chosen to represent different erfiethods which record MN online/offline events using logging

ronments. We study the differences and similarities of us&f"ver (€.g. syslog) [3], [12]. For Dartmouth trace we use the
behavior in these traces, and try to attribute them to tﬁigrlved association history trace from their syslog Frace, a_nd
underlying differences in the corresponding environments ¥ USC trace the logs are collected from the switch. It is
appropriate. In order to make the results comparable betwdnerally accepted that event-based approach provides more
traces, we only analyze selected one-month periods from fifefurate records of MN behavior in the network. However,

longer Dartmouth and UCSD traces. For the UCSD trace, WaETe is no in-depth study to quantify the differences between
use the first month from it, as the user activity decreased duril{gS€ tWo approaches. In order to further understand the effects
their study due to loss of interest in participation and so different methods of trace collection on the user behavior

minor problems in trace collection[2]. We select two ondMelrics obtained, we also create amulated polling trace
month periods from the longest Dartmouth trace: July 206§ foIIOV\(S: Fpr an event-based trace, we observe the trace.at
(Dart-03, during the summer vacation) and April 20@a(t- regular time intervals and e_mulate what would be recorded if
04, during the spring quarter). All these traces, except ucdpe trace were taken by polling-based method. We thgn process
trace, collect measurements of generic wireless network uséhe emulated polling trace as we do to a normal polling-based
including but not limited to laptops, PDAs, and VoIP devicef@ce, and compare the findings with the original event-based
[3]. UCSD trace is from a specific study about PDA users. T&C€: We use April 2004 Dartmouth tradea(t-04) to carry
further compare the association behaviors of smaller, handh@i this experiment, obtaininBart-consand Dart-rel traces
devices (e.g., PDA, VoIP devices) to generic wireless devicBased on the conservative and relaxed assumptions detailed
in the same environment, we also separate the PDart{ P€lOW.

PDA) and VoIP device Dart-VolP) users from Dartmouth  For traces collected using polling-based approach, we obtain
trace during April 2004, and study their behavior specificallpnly "sample points” of MN association at regular time inter-
However, according to the device type information provideehls in the trace, and duration of association must be derived.
in Dartmouth trace archive, there are only PDA users and Here, an important assumption is made about the association
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different assumptions in this respect: (a) A conservatier{
cons, Dart-con) approach, in which a MN is assumed to APL AP2 AP2l  |APL
remain associated with the AP only until the next expected —

Association

polling (recording) epoch, unless indicated otherwise by new qine Offline Handoff  seedion

samples in the trace. This approach reflects what is observed event  event event

from the trace faithfully, but may have the drawback thatig. 1. Illlustration of a MN's association pattern with respect to time of the
inaccuracy in poIIing intervals or lost SNMP records (Sincgay. Note the on-off, handoff, and repetitive pattern of association.
SNMP uses UDP as transport layer protocol) will lead to

the conclusion that the MN is switching between online and

offline status while it has been always on. (b) A more relaxdd) Repetitive association pattern of userhis category
approach NilT-rel, Dart-rel), in which a MN is assumed captures the user association behavior with respect to time

associated with the AP for four polling intervals after iCf the day. We expect users to show repetitive structure in
is observed with the AP, unless indicated otherwise by t@gSociation patterns during similar times of different days, as
trace. This approach is more robust to imperfections (e§j€ir mobility patterns are dictated by their daily schedule.
packet losses) in the trace collection process, however, it may'S idéa is shown in Fig. 1. The user appears at AP1

erroneously increase the duration of association with APs affi#ing late evenings in subsequent days. We propose the
a MN is in fact offline. The polling interval for MIT trace is network similarity index (NSRHo quantitize repetitive pattern

5 minutes, and we use the same polling interval to obtain tHeassociation. _ _
samples for emulated polling traces from Dartmouth tracesBefore presenting the analyses using the above metrics we
(described in the last paragraph). Hence the conservative &kgf Introduce some terminologies (refer to Fig. Online
relaxed approaches assume a MN remains associated wittE4pnt is defined as a MN starting a new association to any
AP for 5 and 20 minutes, given a sample indicating the MRP from offline status.Offline event is defined as a MN

is with the AP, respectively. For UCSD the polling interval i§lisassociating itself from the current AP and changing to

20 seconds. We use only the relaxed approach to UCSD trag@line state.Handoff event is defined as a MN changing
its association from one AP to another with no offline time

IV. ANALYSIS OF INDIVIDUAL USER BEHAVIOR in between.Association sessions defined as the duration

In this section we propose metrics to describe and Compé}%tween an online event to the next offline event. There can
behaviors of individual users in the studied environment8® Many handoff events within one association sesSiotal
These metrics correspond to different aspects of MN assod?_&‘-"ne time is the sum of t_he Iength_s of_association sessions
tion behaviors in a WLAN. We shall use Fig. 1 to illustrate(i-€. Sum of the "shaded” intervals in Fig. 1), aedistence
One could see the association pattern of a MN as a sequeHid is the time difference between a MN's first online event
of associated APs (shown by shades in Fig. 1), potentiaFISV‘d its last offline event in the studied trace. Existence time is
with time segments during which the MN @fline (e.g. not & conservative measure of the time duration for which the MN
associated with any AP) between associations. We look irffo@ potential user of the network. Before a MN first shows
four major categories to understand user behavior as follo#$ @nd after it last disassociates, we assume that it is not part
(a) Activeness of userhis category captures the tendenc{f the network.
of a user to be online (i.e. How actively the user shows u
in WLAN). In general wireless network users are not alwa:
on, but show up in the trace intermittently, as opposed toActiveness of users is the first aspect we look into in attempt
always-on nodes assumed in the synthetic models. (i.e. Whatcompare the different traces. Activeness of users can be
proportion of time is "shaded” in Fig. 1?) captured by either total online time fraction of a MN or the
(b) Macro-level mobility of usersThis category captures hownumber of association sessions generated by a MN. We choose
widely a MN moves in the network in the long run (i.e., for théo define theonline time fractionas the ratio between MN's
whole trace duration), and how its online time is distributetbtal online time to its existence time. Note that, following
among the APs. The intention is to capture overall long-ruhis definition, MNs that associate with the APs for only one
statistics and preference of a MN visiting APs. (i.e. How argession have online time fraction ©f0. This definition tend
the shades distributed in Fig. 1? Do we need many differeiot over-estimate user activeness for one-time users.
intensities of shades for each user as it associates with manyVe plot the CCDF of online time fraction of users in various
APs? Can we find few "dominant” APs for each MN?) traces in Fig. 2. From Fig. 2 we observe that in all traces
(c) Micro-level mobility of usersThis category captures howonly a small portion of users are always on even though
MNs move in the network while it remains associated withy definition the user activeness is already over-estimated,
some AP (i.e. handoff). The intention here is to capture tlexcept for the Dart-04 trace. The average online time fraction
mobility of a MN while usingthe wireless network, a differentis 87.68% for Dart-04 trace, and betweed6.44% (Dart-03)
objective from macro-level mobility. (i.e. How often does theand 14.12% (UCSD) for other traces. The standard deviation
MN change associations without leaving the network?) for online time fraction is large, varying fror.24 to 0.36

. Activeness of the users
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observe that th&DA users in UCSD trace generate more

for all traces. These observations argue strongly tietrs association sessions than users in other tracésxcept MIT-
have on-off usage patterns, where some of the users arecon trace, explained below), which include generic wireless
heavy users (with high on time) while many are light network devices (mainly laptop users) during comparable trace
users The distributions of theon/off times seem to dependduration. This fact, together with the less online time fraction
heavily on the environment (i.e., campus). UCSD trace, whidéh Fig. 2, indicates that UCSD PDA users are more likely to
focused only on PDA users, is the least active one amouoge the devices for shorter but more frequent sessions. How-
all traces. The other traces (MIT, USC, Dart-03) are not vegyer, this observation does not apply to handheld devices in
different in online time fraction distribution. The activeness dbartmouth. Both PDAs and VoIP devices initiate less sessions
MNs increase significantly from 2003 to 2004 in Dartmoutthan the general devices in Dartmouth. From the figure we
trace, which agrees with the findings in [3]. By comparing thalso observe that count of association sessions is sensitive to
curves of Dart-04, Dart-rel, and Dart-cons, we observe thidie trace collection method. The emulated polling traces (Dart-
online time fraction is consistent for the same trace under rel and Dart-cons) show very different distributions form the
different trace collection (or trace reconstruction) methods original Dart-04 trace, sinc&races collected by polling at
Comparison between Dart-04 with Dart-PDA and Dart-VollRegular intervals will overlook association sessions shorter
shows that during the same trace period, the handheld devitesn the polling interval. Comparing the CCDF curve of
are less active than the average of the total populatiddart-04 to Dart-rel or Dart-cons in Fig. 3, we see that the
However, handheld devices in Dartmouth trace are much mamulated polling traces observe only one fifth of sessions
active than the UCSD trace, but the reason is not clear at this the MN with most session2Q0 versus1000). Another
point and warrants further investigation. technical difficulty here is to adequately translate a record seen

We also check whether the significantly higher online timia polling-based traces to the duration of association, as we
fraction in Dart-04 trace is caused by users with only orfind the curves of MIT-cons and MIT-rel drastically different.
short association session (hence its online time fraction ovércloser investigation into the MIT trace reveals that although
estimated by our definition). It turns out that the high onlinENMP polling intervals are typically 5 minutes, sometimes
time fraction in Dart-04 trace is caused by significant increasecords of MN association are obtained at longer intervals,
of always-on users. In Dart-04 trace, there 2re6% of users leading to bogus terminations and re-initiation of association
that initiate only one association session which lasts for tisessions if the conservative assumption is used and hence the
duration of 30 days, the whole trace period. The same numliegh association session counts shown by curve MIT-cons.
for Dart-03 trace is less tham04%! There are two possible -
reasons for the very different behavior in the two time period8: Macro-level mobility of users
(1) July 2003 was during summer vacation, hence the activityIn this section we capture the long-term mobility of users by
was significantly lower, or (2) The way people use WLAN hagbtaining the overall statistics of AP association history during
been changed between these two trace period at Dartmotlth whole trace period. We investigate the number of APs a
College. Users in Dart-04 trace tend to use wireless LAbker associates with and the fraction of online time it associates
as a replacement for wired network, and keep their devieéth each of the APs. The purpose of this section to understand
associated with WLAN, instead of establishing the connectidhe preference of MN association at the access point level.
only when it is needed. If the later speculation is true, d¢ote that the observation could not directly translate to the
we see this paradigm shift from using WLAN as temporargreference of user visits at geographic level, as APs are not
connection to always-on, permanent connection, it is possikiriformly deployed on the campuses. For example, popular
that the online time fraction will also increase significantly folocations on campus may have multiple APs deployed in
other deployments. anticipation of high usage, hence artificially reduce the load

We further compare the CCDF of number of associatiasbserved in the trace. Nevertheless, we can have some idea
sessions generated by users in these traces in Fig. 3. &#eut how widely a MN visit (in terms of number of visited
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APs) from this section. If a user visits more APs, and stay at
more APs with non-negligible fraction of its online time, it isall the traces on average a MN spends more i of its
an indication that the user visits wider range on the campasline time withone AP, and more tha®5% of online time
(i.e. moremobilein long run) than another user who visitsat as few as$y APs. The left-end of the curves are similar,
few APs and spend most of its online time at one or two APBut the tails vary. The higher mobility of UCSD PDA users
We definecoverageof a user as th@ercentageof APs in translates into a longer tail, where in addition to those few
the campus it associates with during the trace period. For UBDst visited APs, the users also access the wireless network at
trace we use switch ports in place of APs. The distributions afuch more locations with small time fraction as compared to
coverage of users in the traces are shown in Fig. 4. This mewiber traces. Similar observations apply to Dart-VoIP and Dart-
captures how widely a user moves (at AP granularity) for tHéDA traces. It is interesting why Dart-PDA trace shows small
whole period of trace in the studied network environment. coverage in Fig. 4 but high average fraction of time associated
We observe thatisers have small coverage in all envi- with less popular APs here. These two points, however, do
ronments. The average coverage is betweeA2% (UCSD) not contradict each other. A closer investigation shows that
and 1.10% (Dart-cons/rel). None of them have a single uselthough there are a small fraction of widely-visited PDAs
visiting more than35% of all APs. In UCSD trace, the PDA (from Fig. 4), those who visit many APs distribute more of
users seem likely to visit a larger portion of campus thaheir online time to less popular APs. This metricrabust
the generic users do in the other campus-wide traces, dudadlifferent trace collection methods and assumptions of trace
the portability of PDAs. Similar observation applies to th&anslation, as the curve for Dart-04 is close to Dart-cons or
VoIP devices in Dartmouth trace, which is the most mobilPart-rel. Similar observations are made for the MIT trace.
sub-user group in the Dartmouth trace. However, PDAs in
the Dartmouth trace are less mobile than general usersSn
the period we studied. We suspect that the result may bdn this section we study the per-association session mobility
influenced by a few extreme users (there are dlilyPDA of a user, which reflects its short-term mobility. This captures
users identified during this period, and half of them visa different dimension of user mobility as compared to the
only 4 or less APs). MIT trace is collected from only threerevious section: How mobile the user is whilsing the
buildings, hence the relative coverage of users is a bit higheetwork. We use handoff statistics as a measure of user
Coverage seems to remain stable with respect to time mobility while using the network. However, after investigation
change although the activeness of users changes significantliy handoff statistics, we discover a lot of handoff events are
(compare Dart-03 and Dart-0O4Coverage is sensitive to due to ping-pong effect rather than real movements. Ping-pong
the trace collection methodsince the polling-based methodeffect refers to the phenomenon of excessive handoff events
overlooks short sessions anohder-estimatesthe coverage due to disturbance in wireless channels while the MN itself is
metric. However, different re-construction methods of thstationary. Hence, we cannot directly link the handoff statistics
polling-based trace (conservative or relaxed approaches) retulimicro-level mobility of the users. Development of better
in the same coverage, as the metric counts the number of Afiters for ping-pong effects is needed before we can really
a MN associates with, not the association duration. understand the micro-level mobility form the WLAN traces.
We further study the average percentage of online timeFirst we show the CCDF curves for the total handoff event
a user spends with every AP it visits. We order the APs aunt during the whole trace period in Fig. 6. Our first intuition
user ever visits during the trace period by the user’s totgl that user mobility should be dependent on the device type,
association time with each AP, and average across users toayet handheld devices should display higher mobility than
the average percentage of online time a user spends withugers in other traces. This is true for Dart-VoIP trace, as the
most visited AP to least visited AP. These results are shownVolP devices have the most per-user handoff count among all
Fig. 5. From the figure we observe that for all environmentsaces. However, PDAs in both UCSD and Dartmouth trace
the general trend is thagach user has very few APs at do not have more handoff events than other traces. For UCSD
which it spends most of its online time In particular, for trace, this may be related to the fact that PDAs are usually

Micro-level mobility of users
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USC trace.

used for short sessions, hence experience less handoff events. 1
For Dart-PDA trace, some of the PDAs are online for long - 097
durations, but they do not have many handoff events. The 7 081
reason is not clear at this point. 0.7
From Fig. 6 we observe that the exact number of handoff < %6
count depends heavily on the network environment (e.g., the 3 %%
deployment of the APs, etc). In USC trace, the coarse location % %4
granularity directly leads to smaller handoff counts. On the 037
other hand, Dartmouth traces have much more handoff events £ °?
than other traces. We also observe that handoff counts in Fig.
6 are sensitive to the trace collection method, as curve for o 1 2 3 4 5 & 7 8 °
Dart-04 differs significantly from Dart-rel and Dart-cons. This Coefficient of variation
is again because the polling-based method overlooks quide 8. CDF for coefficient of variation of handoff rate from the traces. Note
changes of association within polling intervals and hence maﬁ%f’\‘f; d;tﬂ?ﬁﬁf‘é fr?ae:'g'ﬁgtszg‘s’%rr'f‘t'on Is larger thiw for at least60%
handoff events are not captured. In addition to the above,
we also observe that for all the traces, handoff counts vary
significantly among users - There are some users with magwefficient of variation of handoff rate for the studied traces.
handoff events and some with few. Only the users with more than one session and one handoff
To better understand the cause of handoff events, we logkent are considered in the graph, since users with one session
into the relationship between session lengths and handafftomatically result ir) variance for its handoff rate. From
events in the session for each trace. As an example, we shom@figure, we see that the handoff rate displays high variance
scatter plot for session lengths (in minutes) and handoff coufis¢ most of the users. In all traces, more théi¥, of users
for all sessions in USC trace in Fig. 7. From the graph, weave its coefficient of variation of handoff rate larger thah
see that there is no clear trend between session lengths @l Standard deviation being larger than mean). This indicates
handoff counts. In some cases, we see extremely long sessigfen for a given MN, handoff rate varies drastically from
without any handoff events, or extremely many handoff evenégssion to session.
in a session with short duration. The correlation coefficients Combining the observations in the preceding paragraphs,
between session lengths and handoff counts for all the studied conclude that handoff events not only distribute unevenly
traces are between377 and0.030. So we can see that sessiometween users, but also happen unevenly between the sessions
length and handoff count have a weak linear correlation to ea@gh the same user. This indicates that handoff events are greatly
other in all traces. influenced by the environmental condition when a session is
We further look into the following statistics to observeestablished rather than the property of the MN who initiates
whether the sessions with high handoff counts are all frothe session. We even observe that some MNs have hundreds,
a small set of extremely mobile users: For each user, wemetimes even thousands, handoff events between less than 5
calculate the average handoff event per unit time (i.e. tidPs within a session. Such scenario is much more likely due
handoff ratg for each of its sessions, and then calculate the ping-pong effect rather than true user mobility. Reduction
mean and variance for its handoff rate from all the sessions fbie ping-pong effect is an important issue to make better
user initiates. If high mobility leading to high handoff couninterpretation from WLAN traces and warrants further study.
is an intrinsic property for some users, we should see that N o
those users show high average and low variance in the handdffRepetitive association pattern of users
rate. We use the coefficient of variation (standard deviationNaturally user behavior changes with respect to time of the
divided by mean) to understand the degree of variation in tday and day of the week, as people follow daily and weekly
handoff rates for users. In Fig. 8, we show the CDF of thechedules in their lives. In some cases, user association pattern

Prob ( coefficient of variation < x

0.1
0




0.6
of a day. This is an indication thatisers have the strongest

024 UeSD i that for the gap of 1 day. This indicategeekly repetitive

L 057 tendency to show repetitive association pattern at the same
E 0l time of each day It is also interesting to observe that for these
£ Dat-04(March) traces, thenetwork similarity index for the gap of 7 days

E 031 (i.e., a week) is the second highesbnly slightly lower than

Z

ux e pattern is also strongin these traces. On the other hand,
o1 UCSD trace shows little repetitive pattern as there is almost
o ; ; ; ; ; ; ; no obvious spikes in it&SI curve. This can be attributed to
0 1 2 ooy 6 7 its user population being PDA users. Unlike Iaptops, which
(a) NSI curves with smaller absolute values (less always-on, stationary us@t@ more related to work, PDAs are usually used in a more
09 casual way in short, scattered durations. Hence it is expected

that PDA users show less repetitiveness in their usage pattern.
However, we see that in Fig. 9(b), NSI curves for Dart-04
Dart-PDA trace or its sub-groups of usémo not show strong patterns of
periodicity as discussed above. We suspect that the periodical
association behavior in Dart-04 trace is hidden (only minor
fluctuation is visible closer to integer multiple of days) due to
the increase of always-on users (cf. section IV-A). In Dart-
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Network similarity index

054 Dart-VolP ! !

s | 04 trace, we have more always-on, stationary users using

s { { { { { { { WLAN as replacement of wired networks. This is reflected by
0 1 2 3 4 5 6 7 the higher average value of tidSI curves, indicating larger

(b) NSI curves with larger absolaltrge\?;pl&aés)(more always-on, stationary uan@Ction of users always stay at the same location. This may
be attributed to the fact that Dartmouth traces include users

Fig. 9. Network similarity indexes. The peaks represent intervals for whighy student dormitories, which are mainly stationary users and

there is high similarity. have contributed to high location similarity indexes. We further
compare the NSI curve of Dart-04 trace in Fig. 9(b) to the
NSI curve of Dart-04-March (only used in this experiment)

repeats itse_lf day to day or week to week. !n_ this section wg Fig. 9(a). For Dartmouth College, the month of March
try to quantify such repetitive pattern by defining thetwork .,ntains the spring break, when some of the stationary users in
similarity index (NShbelow. We try to find the tendency of 4mg are absent, and we see that the periodicity of association
users displaying periodical association behavior by observigghayior is more visible in the March trace. From the above
NSl in the traces. experiment, we argue that the periodic behavior in the average
We start the definition withocation similarity indexfor NS| curve comes from non-stationary users (e.g., those who
individual users. First we take snapshots of associated Afme to work or classes during day time and follow a regular
of the user every minute. To study the tendency of the Us§¥hedule), not the stationary users who use WLANs as a
showing repetitive behavior after a certain time gap (e.9., eveplacement of wired LANs. This point is partly supported
24 hours), we consider all snapshot pairs that are separatequythe findings in [7]: Most users displaying periodicity in
this time gap, and calculate the fraction of all such pairs wheggsociation have home locations at academic buildings. USC
the user associates with the same AP in both snapshots. TH48 not deployed WLAN in dormitories yet, and MIT trace is
is an indication of how likely this user re-appears at the samgainly focused on buildings for work. That may be the reason
location after the chosen time galNetwork similarity index \yhy periodic association behaviors are more obvious in those
(NSI)for a given time gap is the averagelo€ation similarity traces. However, more investigation has to be done before we

index of all users for this time gap. Hence, NSI representgan draw firm conclusion on this. This part is left for future
in average sensehow likely would a node associates withsyqy,

the same AP after the given time gap for the trace under
discussion. V. CONCLUSION AND FUTURE WORK
In Fig. 9 we show theNSlI for all the traces. To see the
details better, we split the figure into two parts: curves Witp
N 0
smaller absolute NSI values are shown in Fig. 9(a), and c
with bigger absolute NSI values are shown in Fig. 9(b).
will discuss the physical meaning of absolute value of N
later in this section.
From Fig. 9(a), we see thah most of these traces(i.e.
U_S_Cv MIT’ Dart_-03)we_: Observe ”0“Ceab'¥ hlgher net_WOI'k 2Curves for Dart-cons and Dart-rel are not shown to make the graph more
similarity index if the time gap is close to integer multiples readable. They are not very different from Dart-04 curve

In this paper we study the wireless network traces from
ur different sources collected by various methods, with
urves ) . X .
V\;g)cus on different environments and user populations. This
ork extends previous works [1], [3], [2] on analyses of
LAN traces by considering traces from multiple campuses
and multiple aspects to model user behavior. We also make our



own WLAN traces collected at USC campus available at [14], We are also thankful to USC HPCC and Jabed Faruque
together with many pointers to existing WLAN trace archivesor providing high quality computing facility. In addition, we
We propose several metrics to describe individual user bgeuld like to thank Fan Bai, Sapon Tanachaiwiwat, and Shao-
havior and capture various aspect of modeling user associatibreng Wang for providing useful feedback on this work.
pattern in WLANs. The findings along these metrics from This work was funded in part through the NSF CAREER
the traces point out important common features in all studiédvard 0134650.
traces. Wireless network users in university campuses and
corporate network are characterized by (1)Large percentage
of offline time. Except for Dart-04 trace, there are less thd# '\J Ba'azinséa and tP- V\Cl?asltro, I’:Chalri:teriz’\iln%N M?(t:ility Pand N;tworkf
sage In a Corporate Ireless Local-Area Network,” In Proceedings o
20% of.users that are always on, and more tiarn of users MobiSys 2003, pp. 303-316, May 2003.
are offline more thaf0% of time. Even in Dart-04 trace, there[2] M. McNett and G. Voelker, "Access and mobility of wireless PDA users,’
are more thar30% of users not always on. (2)Limited visited AiMoSItGgAOgI()IBEsMObHe Computing and Communications Review, v.7
. . . . n.4, October .
APsin the n_etwork an_d_large proportion of online time spent %ﬁ T. Henderson, D. Kotz and |. Abyzov, "The Changing Usage of a Mature
very few of its most visited APs. The coverage of users never campus-wide Wireless Network,” in Proceedings of ACM MobiCom
exceedst0% in all traces, and users spend more th&ft of ” ﬁAOOFjL Szpteml?_e:_' 2%?14. 4 M. Soanakis. "Characterizing the burat
. . . . . . . Papadopoull, R. en, an . Spanakis, aracterizing the Duration
tl’.IEI.r online time W'th as few as_ APs, and (3)Periodic ass_o— and Association Patterns of Wireless Access in a Campus,” 11th European
ciation patterns with strong daily/weekly pattern. We believe wireless Conference 2005, Nicosia, Cyprus, April 10-13, 2005.
that these metrics capture important characteristics about ugelrg/. Papadopouli, H. Shen, M. Spanakis, "Modeling Client Arrivals at
in wireless networks that are largelv overlooked by earlier Access Points in Wireless Campus-wide Networks,” 14th IEEE Workshop
= . _g y . y i on Local and Metropolitan Area Networks, Chania, Crete, Greece,
work on mobility modeling and wireless network simulation.  September 18-21, 2005.
In this paper we have quantified these characteristics to [Ebl\P/'-_Ktqu _ang D. thz, ”M??ﬁllr:gtUSe:_S’ MIO\I/OVI“I)I/( arl]mong VV\\;I_FllACCfSﬁ_
. . P T oints,” In Proceedaings o e International 'Orksnop on Wireless lratfic
mtegr‘?'ted in future research of user assougtl_on or mOblllty Measurements and Modeling (WiTMeMo '05), Seattle, Washington, June
modeling. We plan to work on a more realistic model that 200s.
uses the findings along the dimensions proposed in section[V/ i- Ch_e:‘_r H-P ';'tuang;v g“dt M. tﬁ'fgv ”"'V"””ég F’eguegt and PTe”fr’]d'_C |
. . P ssoclation Patterns, artmou ollege Computer science lechnica
to de_scrlbe users in WLANs. The more realistic _model could Report TR2005-550, July 2005,
contribute to more accurate performance evaluation. Also, 8¢ X. Meng, S. Wong, Y. Yuan, and S. Lu, "Characterizing Flows in Large
statistics obtained using the fore-mentioned metrics can be Wireless Data Networks,” in Proceedings of ACM MobiCom, September
. u uce and T. Gross, " obility Model Based on races
con§|dered as characterlstlcs.or fingerprints for part!cul%] C. Tud dT G A Mobility Model Based on WLAN T
environments or user population. It should be interesting t0 and its validation,” in Proceedings of IEEE INFOCOM, March 2005.
develop mechanisms to inspect these "fingerprints” and argd@ T. Camp, J. Boleng, and v Davies, A Survey of Mobilty Models for Ad
P . . P . . oc Networ esearcn, Ireless Communication opile Computing
about S'm'la'j'ty/d'ss'm'lar_'ty bejtwe_en .enV|ronments. . (WCMC): Special issue on Mobile Ad Hoc Networking: Research, Trends
We also find the detailed distributions of the metrics are and Applications, vol. 2, no. 5, pp. 483-502, 2002.
different due to the difference in underlying user populatio] 7. Bai, A. Helmy, "A Survey of Mobilly Modeling and Analysis
. . . n ireles oCc Networks’, boo apter In submission to uwer
and sometimes due to trace collection met.hods. By comparing academic Publishers.
the traces collected by event-based logging method and th® w. Hsu and A. Helmy, "IMPACT: Investigation of Mobile-
emulated polling-based traces for the same environment, we user Patterns Across ~University Campuses using WLAN Trace
find that they sometimes show dissimilar results. Hence Analysis; _unpublished ~USC _technical report. Available  at
_y : . . : ' http://nile.usc.edu/MobilLib/TracanalysisTR.pdf
although polling-based trace collection is suitable for usa@es] w. Hsu and A. Helmy, "On Nodal Encounter Patterns in Wireless

statistics, they are not very suitable for deriving the association LAN Traces,” the Second International Workshop On Wireless Network
Measurement (WiNMee 2006), April 2006.

patterns of users, as they tend to Ove.rlc_mk details of as§0C|atfPﬂ MobiLib: Community-wide Library of Mobility and Wireless Networks
changes. Also, we need better heuristics to remove ping-pongMeasurements (Investigating User Behavior in Wireless Environments).

effects to make better interpretation about micro-level mobility USC WLAN trace and pointers to many WLAN trace archives available
. at http://nile.usc.edu/MobiLib.
events (i.e. handoff) from the traces.
Besides individual user behaviors, we also work on the
understandings oéncountersamong users, using the same
traces. We have some results on this related research topic
in [13], and we will also pursue a model that describe the
encounter processes between nodes in various environments.
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