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Abstract—Location is an important feature for many appli- Il. BACKGROUND
cations, and wireless networks can better serve their clients by o )
anticipating client mobility. As a result, many location predictors A. Domain-independent predictors

have been proposed in the literature, though few have been . - .
evaluated with empirical evidence. This poster reports on the V& consider here only domain-independent predictors. We

results of the first extensive empirical evaluation of location are interested ion-line predictors which examine the history
predictors, using a two-year trace of the mobility patterns of over so far, extract the current context, and predict the next location.
6,000 users on Dartmouth College’s campus-wide Wi-Fi wireless Once the next location is known, the history is now one

network. ; ; P
We implemented and compared the prediction accuracy of !ocatlon Ionger, and the predlc.tor' updates its internal tables
in preparation for the next prediction.

several location predictors drawn from two major families X i o
of domain-independent predictors, namely Markov-based and ~ We implemented two families of domain-independent pre-

compression-based predictors. We found that low-order Markov dictors, Orderk Markov predictors and LZ-based predictors.

predictors fared as well or better than the more complex and For detail of these predictors, please see a survey paper by
more space-consuming compression-based predictors. PrediCtorSCheng Jain, and van den Berg [1]

of both families fail to make a prediction when the recent context

has not been previously seen. To overcome this drawback, we
added a simple fallback feature to each predictor and found that )
it significantly enhanced its accuracy in exchange for modest B. Accuracy metric

effort, During an on-line scan of the location history, the predictor

is given a chance to predict each location. There are three
. INTRODUCTION possible outcomes for this prediction, when compared to the
actual location: correct, incorrect and “no prediction”.

A fundamental problem in mobile computing and wireless : . .
: - . ) We define theaccuracyof a predictor for a particular user
networks is the ability to track and predict the location of ma- . . : .
) ) : ) - 0 be the fraction of locations for which the predictor correctly
bile devices. An accurate location predictor can significan

: N . tQﬁentiﬁeol the next move. Thus, “no prediction” is counted as

improve the performance or reliability of wireless network . -
. : . an incorrect prediction.

protocols, the wireless network infrastructure itself, and many

applications in pervasive computing. These improvements lead

to a better user experience, to a more cost-effective infrastrie- Entropy metric

ture, or both.

Location prediction has been proposed in many areas ofWe believe t_hat there are some intrins_ic ch_a_lracteristics of
wireless cellular networks as a means of enhancing p@r_trace that ultlmately determlne_lts predictability and hence
formance, including better mobility management, improvet@e performance of different prgdmtprs. In the results section,
assignment of cells to location areas, more efficient paginjf€ compare the accuracy metric with the entropy metric, for
and call admission control. each user. _ S

To the best of our knowledge, no other researchers havel he general entropy does not he_lp_mu_c_h for its predictablity.
evaluated location predictors with extensive mobility data froffowever the condictional entopy is intuitively related.
real users.

In this poster we compare the most significant domain; .

: . ) - . Data collection

independent predictors using a large set of user mobility data

collected at Dartmouth College. In this data set, we recordedWe have been monitoring usage on the Wi-Fi network at
for two years the sequence of wireless cells (Wi-Fi acceBsirtmouth College, since installation began in April 2001.
points) frequented by more than 6000 users. Today there are 543 access points providing 11 Mbps coverage

We found that the simple Markov predictors performed de the entire campus. AS a result we recorded the history of
well or better than the more complicated LZ predictors, witlpcation changes for each of 6000 wireless cards, many for a
smaller data structures. We also found that many predictgrariod of months or years.
often fail to make any prediction, but our simple fallback tech- For more information about Dartmouth’s network and our
nigue provides a prediction and improves overall accuracy.data collection, see our previous study [2].
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1. RESULTS

We evaluated the location predictors using our Wi-Fi mo- g
bility data.
As we step through the locations in a single trace, attempt-
ing to predict each location in sequence, we can examine the 06
accuracy up to that point in the trace. Figurehows how the §
accuracy metric varies over the course of one user’s historg,
using theO(1) Markov predictor. Ultimately, for comparison
purposes, we define the accuracy over the entire trace, the A
rightmost value in this plot. ol ’ *iﬁ +¢
Of course, we have several thousand users and the predictor v -
was more successful on some traces than on others. We use
the accuracy of predictors in cumulative distribution function 0 . . . . . .
(CDF) curves to compare with each other. 0 05 1 1-5E 1 2 25 8 35
In this study we examine only those user with long hisories opy
(1000+ moves). We compare the best Markov predictors with
the best LZ predictors in Figur2 It is difficult to distinguish
the LZ family, which all seem to have performed equally well.
The O(2) Markov predictor, with fallback ta)(1) whenever oo with high entropy are doomed to poor predictability.
it had no prediction, was the best overall. It is striking that
the extra complexity, and the theoretical aesthetics, of the LZ
predictors apparently gave them no advantage. Acknowledgements
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simply less predictable than others. In Figirave compare on Mobile Computing and Networkingeptember 2002, pp. 107-118,
the entropy of each user, based on the probability table built Revised and corrected as Dartmouth CS Technical Report TR2002-432.
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Fig. 3. Correlating accuracy with entropy
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