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I. I NTRODUCTION

There has been a rapid increase in wireless LAN (WLAN)
deployments, users and traffic in the recent years. Most of
the current studies in WLAN access patterns have focused on
usage statistics and user arrival patterns at access points (APs).
However, little work has been done for fine-grained analysis
of the structures and trends in long term user AP association
patterns. Such detailed study could have far-reaching conse-
quences, from network deployment optimization and usage
pattern detection, to new applications that push content to
the end-user based on the access patterns. Understanding
such detailed structure is especially important for large-scale
WLAN with users re-visiting the environment over a period
of time (i.e., user population and its behavior does not vary
drastically in the studied period), such as in university campus
WLANs or corporate WLANs. In this paper, we propose novel
directions to understand such trends of user associations in a
campus WLAN, and ways of quantifying those trends. Our
goal is to quantify repetitive and consistent structure of user
association patterns.

In this paper, we choose to study the composition of the
user’s daily association patterns within the USC campus.
Specifically, we focus on the following questions in this paper:

1) Do users show single-modal or multi-modal AP associ-
ation patterns across days? More precisely, does a user
show similar association pattern each day, or does it
choose the daily association pattern from one of several
different association modes or classes?

2) Is it possible to summarize the user association patterns
for multiple days in a concise fashion for current WLAN
users, regardless of whether the users display single or
multi-modal behavior?

3) How do we quantify users as having similar or dissimilar
association patterns? Can we utilize such metrics to
partition the whole user population into clusters with
similar users?

Our primary contribution is the methodologies we use to
systematically analyze the association patterns. To this effect,
we define novel features that can be extracted from traces,
similarity metrics using eigen decomposition and we robustly
answer the questions we ask using unsupervised learning
methods such as clustering, which are subsequently rigorously
validated. To illustrate the usage of our tools and methodolo-
gies, we analyze the association patterns of5, 000 users in the
campus WLAN traces at University of Southern California.
The trace was collected during the spring semester of2006 for
94 days. However, our methodologies are not limited by the
choice of data set, and can be applied to study to other WLAN

traces (e.g., [2], [3]). We represent the user association pattern
for each day as ann-entry vector,(a1, a2, ..., an), wheren is
the number of switch ports in our trace. Each entry in the
vector, ai, represents thefraction of online time during the
day the user spends at the switch port. We use a zero vector
to represent the association pattern when the user is completely
offline for the day.

II. M ULTI -MODAL USER AP ASSOCIATION

Given the daily association patterns of a user for the duration
of a semester, we utilize clustering technique [1] to distin-
guish whether the user is single-modal or multi-modal in her
association behavior. Bysingle-modal users, we refer to those
who display similar association patterns (i.e., the distance
between association patterns for different days are small.).
By multi-modal users, we refer to those who display several
distinct groups of association patterns across different days.
We use Manhattan distance as the distance measure between
the daily association pattern vectors. If multiple clusters can
be identified from the association patterns, then the user under
consideration is a multi-modal one.

We apply two different ways to calculate inter-cluster dis-
tance (complete-link and average distance) and use various
clustering threshold distances. We show that regardless of the
clustering threshold chosen, the association patterns for most
users fall into multiple clusters. There are only few users that
remain consistent in her association pattern (i.e., single-modal
user) for all the days we studied. Specifically, more than50%
of users are classified as multi-modal (i.e., having more than
two clusters) under intermediate clustering threshold, as shown
in Fig. 1 and very few users are uni-modal in nature.

III. SUMMARIZING TRENDS IN USER-AP ASSOCIATION

We move on to design a succinct way to express the major
trend of user association patterns that dominates during the
trace period for each user. The proposed method generates
a summary for the association pattern set for the user using
a small number of descriptive vectors, with a quantitative
measure of the importance for each vector, without the need
of fine-tuning parameters for each user. We concatenate user
association patterns in columns of anassociation matrix, and
perform singular value decomposition to the matrix. We ob-
serve that although there exists multi-modal behavior for most
of the users, the intrinsic dimensionality for these association
matrices is actually low, indicating that there existsdominating
association behavior for most users. Only a few eigenvectors
and corresponding eigenvalues are needed to capture a high
target percentage of power in the association matrices, as
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Fig. 1. Percentage of multi-modal user
under various clustering thresholds and dis-
tance calculation methods.
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Fig. 2. Low association matrices dimen-
sionality: A high target percentage of power
is captured with low reconstruction matrix
rank for many users.
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Fig. 3. CDF of distances for inter-cluster
and intra-cluster user pairs

shown in Fig. 2. e.g. For more than99% of users, we can use
at most7 eigenvectors and eigenvalues to capture more than
90% of power in its association matrix. That implies, with
only a few eigenvectors and its corresponding eigenvalues,
we can fully summarize the association matrices with low
reconstruction errors. Only the top five eigenvalues and their
corresponding eigenvectors can be used to reconstruct those
association matrices with an average error of5%, in terms of
the L1 andL2 matrix norms.

IV. SIMILARITY MEASURES BETWEEN USERS’ TRENDS

We further propose two novel metrics to quantify the sim-
ilarity between the association pattern structures of different
users. In thestraight-forwardapproach, we derive the metric
based on detailed, comprehensive comparison of the associ-
ation patterns of the users. In thefeature-basedapproach,
we use the eigenvectors and eigenvalues obtained from the
association matrix as a feature set to determine the similarity
between association patterns. We show that these two distance
metrics are intimately related, with a correlation coefficient
of 0.9119, but thefeature-based approachis computationally
much simpler than that of thestraight-forward approach.
Finally, we utilize these metrics to obtain a partition of the
user population by clustering. We validate our metrics by
demonstrating that the mean of inter-cluster distance of the
resulting partition is much larger than that of the intra-cluster
distance in such partition. More than90% of intra-cluster user
pairs have distance smaller than0.5, and more than90% of
inter-cluster user pairs have distance larger than0.9, as shown
in Fig. 3 for the feature-based distance. Straight-forward
distance shows similar results. There is a clear separation of
the distributions of the inter and intra cluster distances.

We further verify that indeed we have grouped similar
users together by composing thejoint association matrix. We
concatenate the daily association patterns of a cluster ofm
similar users in a largern-by-md matrix, wheren is the
number of locations andd is the number of days. The per-
centage of power captured by the top eigenvectors of thisjoint
association matrixshould be high, as the association patterns
in the matrix follow similar trends. Contrarily, if association
patterns of users with different trends are put in onejoint
association matrix, the percentage power captured by its top
eigenvectors should be much lower. For the clusters identified
with the similarity measure, we show that the cumulative
power captured in the top four eigenvectors are much higher
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Fig. 4. Scatter graph: Cumulative power captured in top four eigenvectors
of random joint association matrices (X) and matrices formed by users in the
same cluster (Y). Feature-based distance is used for clustering.

than if the clusters are formed randomly in Fig. 4, indicating
that the clusters contain users with similar association trends.

V. D ISCUSSION ANDPOTENTIAL USAGE

The eigen-decomposition based representation of user asso-
ciation patterns can help the network administrator in several
ways. First, due to the low dimensionality of user association
matrices, the network operator can efficiently store the major
trends in user association patterns, and check whether users
have deviated from the stored major trends as a way for
abnormality detection. Second, the eigenvectors can be utilized
to help the administrator to provide personalized location-
aware service based on users’ association trends or make
assessment about dominating user behaviors the network.

The summary of association patterns may also benefit the
protocol designers and users. One can design a protocol for
making packet forwarding decisions in an infrastructure-less
network based on the similarity of user association patterns.
Also, the user can profile herself based on the association
pattern, and determine whether other users are similar to her.
Such information may be useful in social context for finding
potential friends with similar association pattern.
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