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I. INTRODUCTION 
Realistic modeling of user mobility is one of the critical 

research areas in wireless networks. Mobility data based on 
real human behaviors may give us the opportunity to improve 
wireless and mobile services for users in many ways. Currently, 
several mobility models are proposed based on the analysis of 
real WLAN traces [1,2,7]. However, the large collection of 
WLAN usage traces, seem to capture little mobility of users. 

In this paper, we focus on a subset of the wireless users, who 
use wireless VoIP devices. These users leave their devices on most 
of the time and the devices are light enough to walk-and-talk. 
Hence, these users show a more mobile (ultra mobile) 
characteristic than other heavy device users while connected to the 
network. By analyzing these traces we aim to compare behavior 
of ultra mobile VoIP device users to the general WLAN users. 
This sheds light on the realism of WLAN trace-based models. We 
also aim to examine the effect of any differences on protocol 
performance, e.g., prediction protocols. 

We generate data samples based on metrics that distinguish 
these samples as ultra mobile compared to other users, such as 
prevalence, the number of APs visited and activity range. These 
different sets are then compared using several predictors such as 
the Markov O(1), O(2), O(3) and LZ predictor. There has been 
work done with Wi-Fi mobility data using predictors [3] and work 
done on VoIP users [4] along with related work in the field such 
as analyzing different characteristics in various WLAN data 
[5,6,9], most of these works directly based on WLAN traces 
which can be found under Mobilib [10] or CRAWDAD [11]. 
There is work done on prediction algorithms targeting cellular 
networks [8] but to the best of our knowledge there has not been 
any work done using predictors to compare the mobility of users. 
Our experiments indicate that the number of access points (AP) 
visited has more to do with mobility than the actual area range the 
user has covered and also that the Markov O(2) is the predictor 
with the highest accuracy among  the four predictors and the LZ 
has the lowest. Surprisingly, all predictors perform quite poorly 
with VoIP device users compared to general WLAN users, 
prompting re-visiting of such algorithms for ultra mobile users. 

II. DATA SETS 
The VoIP device data set we use in this work is a subset of 

the WLAN trace of Dartmouth College [11] and consists of 97 
Cisco 7920 and Vocera phone users. We also generated 3 test 
sets from the same trace in order to validate our findings. They 
are all considered to be ultra mobile users. Test sets ‘ap_200’ 
and ‘ap_170’ are both based on the number of APs visited. The 
‘ap_200’ set is a collection of users who have visited 200 APs 
or more during the length of the trace and ‘ap_170’ is a 
collection of users who have visited more than 170 APs but less 

than 200. The ‘range’ test set is a collection of users who 
have covered the largest physical area during the length of 
the trace. All of these test sets were carefully selected from the 
3 year long Dartmouth movement trace from 2001 to 2004 
[11] and each test set has approximately 100 users each. 

III. MOBILITY COMPARISON 
In our work, we compared the mobility characteristics of 

WLAN traces and VoIP traces from several different aspects. 
The evaluation metrics include prevalence, the number of 
access points visited, and the activity range. The results of the 
comparison for our metrics are listed as follows1. 

A. Prevalence 
Prevalence is a mobility metric proposed in [7], which 

indicates the time that a user spends at a given AP, as a fraction 
of the total amount of the time that they spend on the network. 
Higher prevalence means that a user spent more time on a given 
AP, and thus less mobile. Our studies show that the frequency 
of WLAN users which have a prevalence higher than 0.95 is 
0.6% which is more than 6 times higher than that of the VoIP 
users which is less than 0.1%. This means there are larger 
portion of users in WLAN who spent most of their time on only 
one AP than that in VoIP. 

B. Number of Access Points Visited 
The average number of access points that the VoIP users 

visited which is 146 is about 4.1 times than that of the WLAN 
users which is 36 while the median number of access points that 
the VoIP users visited which is 131 is about 7.7 times than that 
of WLAN which is 17. 

C. Activity Range 
Activity range is defined as the smallest square area which 

can cover all the access points the user has visited in an activity. 
About 90% of the WLAN users tend to stay within a limited 

area (less than 1000000) and 10% covered areas larger than 
1000000, while more than 45% of VoIP users covered areas 
larger than 1000000. 

IV. PREDICTION COMPARISON 
We have run the Markov O(1), O(2), O(3) and LZ predictors 

for each of the test sets along with the VoIP trace set and the 
complete WLAN trace. We also compared the accuracy of all 
four predictors with the VoIP trace data to see which one has the 
best performance. Accuracy is measured as percentage of 
correct predictions of the next AP to visit. As shown in Figs 1 

                                                           
1 Further result analysis is omitted for brevity and can be found at 
http://www.cise.ufl.edu/~jk2/doc/Tech_Report_Kim.pdf 



through 5, the WLAN trace always had the best prediction 
accuracy for all the predictors with an average of about 60% 
accuracy. The VoIP trace, by contrast, had the worst 
prediction accuracy for all of the predictors with an average of 
approximately 25% accuracy. From these graphs we see that 
the best accuracy can be no more than 80% for VoIP users, 
while more than 95% accuracy for WLAN users. 

When we were first conducting our experiment, we expected 
that the range of the physical area that each user covered would 

be a better criterion to measure mobility than the number of 
APs visited since we consider a person to be more mobile when 
that person covers more ground. Hence, we expected that the 
‘range’ set would return very bad prediction accuracy. 
Surprisingly, the ‘range’ set always exhibits performance 
between of the other two test sets (ap_200 & ap_170), which 
indicates that the users that covered larger areas physically most 
likely have visited an average of 200 APs during their lifetime. 

To explain this result, intuitively the sample of users which 
had visited less APs have better prediction rates than that of the 
user who have visited more APs. The difference of the 
prediction accuracy between the two samples is always around 
10% near the median. 

As for the comparison of the predictors on the VoIP data set, 
the LZ predictor showed the worst prediction rate and the 
Markov O(2) showed the best prediction accuracy by a very 
minimal difference from the Markov O(1). Markov O(3)  
did not show a good prediction and these results indicate that a 
larger data structure and higher complexity does not help in 
making better predictions. However, the four predictors that 
are used in this work do not provide good prediction for the 
VoIP data set. 

V. FUTURE WORK 
Small yet powerful handheld devices such as the Blackberry 

or iPhones are increasing drastically. Our findings open the 
door for improved prediction and modeling of these ultra 
mobile users. We plan to design a better predictor for “ultra 

mobile” users, especially the VoIP traces as well as these newly 
emerging devices. Our plan includes investigating domain-
specific knowledge, regressions, schedules and repetitive or 
preferential user behavior. The success rate should also be 
taken in to consideration since depending on the granularity of 
the success rate the prediction accuracy may be highly affected. 
We shall also examine the adequacy of WLAN trace based 
mobility models for ultra mobile and VoIP users, that are 
likely to increase in the future. 

  
Fig1. Accuracy of Markov O(1)         Fig2. Accuracy of Markov O(2)         Fig3. Accuracy of Markov O(3) 

           
Fig4. Accuracy of LZ              Fig5. Comparison of Predictability in VoIP trace
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