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Abstract. Recognition of everyday physical activities is difficult due to the 
challenges of building informative, yet unobtrusive sensors. The most widely 
deployed and used mobile computing device today is the mobile phone, which 
presents an obvious candidate for recognizing activities. This paper explores 
how coarse-grained GSM data from mobile phones can be used to recognize 
high-level properties of user mobility, and daily step count. We demonstrate 
that even without knowledge of observed cell tower locations, we can recognize 
mobility modes that are useful for several application domains. Our mobility 
detection system was evaluated with GSM traces from the everyday lives of 
three data collectors over a period of one month, yielding an overall average ac-
curacy of 85%, and a daily step count number that reasonably approximates the 
numbers determined by several commercial pedometers.  

1 Introduction 

This paper introduces a technique for detecting a user’s coarse-grained mobility using 
commodity cell phones. Pervasive computing applications have long made use of 
technologies for inferring a user’s physical activities. Both coarse and fine-grained 
location systems have been used to perform location-driven activity inference [14, 
34]. Smart spaces containing cameras, RFID tags, and the like, have been used to 
detect fine-grained user activities [3, 15, 25]. Unfortunately, the cost, complexity and 
maintenance overhead of such activity inference systems have hampered their main-
stream adoption. Recent work has attempted to address some of these issues. An ex-
ample is the belt-worn cluster of sensors developed by Lester et al. that can identify 
several physical activities including detecting subtle distinctions such as walking on 
level ground versus up stairs [19]. However, challenges in form factor and power 
usage still remain. 

Fortunately, many applications do not require the detail and accuracy of the sys-
tems cited above. As an example, consider the domain of eldercare as depicted by 
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Computer-Supported Coordinated Care (CSCC) [7]. CSCC describes the network of 
people who help an elder age in place and seeks to improve the quality of her care 
while reducing the burden of providing care on the members of her network. Many of 
the elder’s activities that are meaningful for her network members to know about 
involve high-level information about the elder such as whether or not she was up and 
about today, or if she had a sedentary day around the house.  

The most widely deployed and used mobile computing device today is the mobile 
phone, which presents an obvious opportunity for high-level activity recognition such 
as that needed by CSCC applications. This paper investigates how without GPS, a 
commodity GSM phone could infer such high-level information without placing the 
types of additional burdens on the user that are typical of more heavyweight systems. 
Previous research has used GPS to detect the modes of transportation for an individ-
ual [23]. However, GPS positioning is available as little as 5% of a typical person’s 
day [18], providing much lower coverage than we require. In contrast, cellular cover-
age is available throughout most, if not all, of a person’s day and does not require line 
of sight to work [18]. Therefore, using a GSM sensor to detect high-level activities 
allows the sensing system to always be available, and allows users to continue to 
carry their mobile phones in their pockets, bags, etc. 

The contribution of this paper is that, with unmodified GSM mobile phones and 
without relying on users to modify their behavior, we can recognize several high-level 
activities. Using statistical classification and boosting techniques, we successfully 
distinguished if a person is walking, driving, or remaining at one place with 85% 
accuracy. Additionally, we were able to build a GSM-based step count predictor that 
provides a reasonable approximation of the user’s daily step count compared to sev-
eral commercial pedometers. Our methods were tested with real-world data from three 
data collectors using the two major GSM networks in the United States (T-Mobile and 
Cingular). The data collectors gathered GSM network trace data over a period of one 
month, logging a total of 249 walking events and 171 driving events. Our methods 
show that GSM-based sensing from commodity devices may provide enough activity 
information for some applications, without the overhead of requiring additional sen-
sors. 

The remainder of this paper is organized as follows. Section 2 describes our algo-
rithms to infer mobile activities and daily step counts. Our data collection, metrics, 
and evaluation results are presented in Section 3. Section 4 describes several applica-
tion domains that could benefit from our mobility detection technique. Section 5 out-
lines related work, and we conclude in Section 6. 

2 Mobility Detection With GSM 

In this section, we offer a brief overview of the Global System for Mobile Communi-
cation (GSM) and describe algorithms that use traces of GSM signals to infer modes 
of mobility and to estimate daily step-count. 
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2.1 Global System for Mobile Communication (GSM) 

GSM is the most widespread cellular telephony standard in the world, with deploy-
ments in more than 200 countries. As of September 2005, the GSM family of tech-
nologies has 1.5 billion subscribers and 78% of the world market [1]. A GSM base 
station is typically equipped with a number of directional antennas that define sectors 
of coverage, or cells. Each cell is allocated a number of physical channels based on 
the expected traffic load and the operator’s requirements. Typically, the channels are 
allocated in a way that both increases coverage and reduces interference between 
cells.  

We wrote a custom application for the Audiovox SMT 5600 mobile phone to 
measure and record the surrounding GSM radio environment. Each reading includes 
signal strength values, cell IDs and channel numbers of up to seven nearby cell tow-
ers. In addition, we extract channel numbers and associated signal strength values of 
up to 15 additional channels. Cell IDs are uniquely identified by the combination of 
Mobile Country Code (MCC), Mobile Network Code (MNC), Location Area Code 
(LAC), and cell id. Although other cell towers may be present in the area, our applica-
tion only sees those associated with the phone’s SIM card provider. We sampled our 
GSM radio environment with the mobile phone at a rate of one sample per second (1 
Hz).  

2.2 Inferring User Mobility Modes 

Our method for detecting user mobility is based on the same principle as fingerprint-
based location systems [5, 22]: namely that the radio signals observed from fixed 
sources are consistent in time, but variable in space. Thus, given a series of GSM 
observations with a stable set of towers and signal strengths, we conclude that the 
phone is not moving. Similarly, we interpret changes in the set of nearby towers and 
signal strengths as indicative of motion.  

We conducted a simple controlled experiment to determine how the radio envi-
ronment changes as a result of various movement activities. Figure 1 shows the aver-
age Euclidean distance values between consecutive GSM measurements, as the data 
collectors stood still, walked and drove at different speeds. Conceptually, Euclidean 
distance captures the similarity between GSM measurements. The smaller the Euclid-
ean distance between two measurements, the more similar these measurements are. 
For example, if measurement A has 3 cells/channels with signal strengths 
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If a particular cell/channel is not present in one of the measurements, we substitute 
its signal strength with the minimal signal strength found in this measurement.  
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Figure 1 shows that the Euclidean distance between consecutive measurements is 
proportional with the speed of movement. During stationary periods, the distance 
values stay relatively small (< 5). The slow and fast walking periods show a distinct 
difference from the stationary period. The driving traces show the most rapid changes 
in the radio environment, greater than either walking or stationary. Fast walking and 
slow driving sometimes overlap in their range of Euclidean distance values, which 
may result in false recognition between the two states. For a given speed, the Euclid-
ean distance values are not constant because changes in signal strengths are both a 
function of speed as well as the physical environment, such as buildings, people, or 
vehicles. 

Based on these findings we extracted a set of seven different features to use in clas-
sifying a set of GSM measurements as either stationary, walking, or driving. Three 
features compare two consecutive measurements in time, while the other four features 
use a sliding window of measurements. We used window sizes of 10, 60, and 300 
seconds. Our seven features are: 

 
 
1. Euclidean distance between two consecutive measurements 
2. Spearman rank correlation coefficient [36] between two consecutive measure-

ments. (This number represents how closely the signal strengths from common 
cell towers were ranked. A more similar ranking indicates less movement.) 

3. The number of common cell towers between two consecutive measurements. 
4. Mean Euclidean distance over a window of measurements where the values are 

calculated between consecutive measurements and then averaged together.  

 
Figure 1. Average Euclidean distance between consecutive measurements during 
a stationary period, slow/fast walking periods and slow/medium/fast driving peri-
ods. 
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5. Variance in Euclidean distance values over a window of measurements where 

the values are calculated between consecutive measurements. 
6. The variance in signal strengths for each tower seen within a given window. 

(The variance values for each tower are averaged together to produce a single 
number representing the signal strength “spread” over the entire window.) 

7. Euclidean distance value between the first and last measurement of a window. 
 
 
We used these features to train a two-stage classification scheme. The first stage clas-
sified an instance as stationary or not. If the instance was classified as not stationary, a 
second classifier would determine if the instance was walking or driving. Both classi-
fiers were trained using a boosted logistic regression technique [13] using decision 
stumps—a single node decision tree. All algorithms were provided by the Weka ma-
chine learning toolkit [37]. We chose to use boosting because it has been shown to 
work well in a variety of classification tasks [24, 27]. In our own experiments we 
compared boosted logistics regression with naïve Bayes, Support Vector Machines, 
AdaBoost [12], MultiBoost [35], and some heuristic-based methods; the boosted lo-
gistics classifier provided the best recognition rates. We also compared the two-stage 
classification approach to a single multi-class approach and found that the two-stage 
classifiers resulted in better accuracy. This is consistent with the findings of Viola and 
Jones [32], which showed that cascades of classifiers can achieve better recognition 
rates than single multi-class approaches in face detection tasks. The other advantage 
of the boosted logistic regression technique using decision stumps is that after the 
boosting process we have a ranking of features based on how useful they are during 
classification. Thus the system can be used to select features as well as learn classifi-
ers simultaneously [19, 33]. Furthermore, using only a small subset of the most rele-
vant features can provide computational savings, which is especially important when 
running inference on a mobile phone.  

2.3 Estimating a User’s Daily Step-Count 

A nice feature of a mobile phone being able to determine periods when a user is walk-
ing is that it can be used to approximate how much a user walks, similar to the infor-
mation provided by a pedometer. Pedometers are currently popular and are used 
worldwide as a tool to help people track the number of steps they take each day. The 
benefits of walking and the use of pedometers have been widely promoted by the 
healthcare community, and a popular suggestion is for people to walk at least 10,000 
steps/day [32].  

To provide a reasonable measurement of steps taken (or “step count”), a pedometer 
is clipped to the user’s waistband, above the thigh’s midline. This restriction may be 
problematic, as some users do not like the look of the pedometer, or may not have a 
place to clip it, for example, if the user is wearing a dress. The mobile phone does not 
have such a restriction, as it can be anywhere with the user, including in her bag. We 
do not expect a person to always have their phone on her, such as when she is at 
home. However, being able to provide pedometer-like functionality when outside the 
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home can be useful to give a high-level report of a person’s mobile activity for the 
day. 

The GSM-based mobility recognition from the previous section allows us to add a 
pedometer-like capability to mobile phones. By totaling the number of walking peri-
ods and multiplying by an appropriate step rate, we can estimate the user’s daily step 
count. Although this method of calculating step count may seem crude and prone to 
error, we show in Section 3.3 that our GSM-based step count estimates can approxi-
mate that of several commercially available pedometers. 

3 Experimental Evaluation 

In this section, we evaluate our mobility mode detection and step-count algorithms 
using data collected from three people to demonstrate the feasibility of using GSM 
traces to recognize high-level activities. We first describe our metrics and perform-
ance for mobility detection. We then evaluate our ability to estimate a user’s daily 
step count.  

3.1 Data Trace Collection 

Three members of our research team collected GSM network traces as they went 
about their daily lives for one month. Each data collector carried a commodity GSM 
phone, the Audiovox SMT 5600, running our software for recording readings from 
nearby cell towers. Two of the data collectors used Cingular, and one used T-Mobile, 
spanning the two major GSM network providers in the U.S.  

Data collectors recorded their mobility activities using a custom diary application 
running on the phone that allowed them to indicate whether they were walking, driv-
ing or in one place. Each collector also carried a paper notebook where he could re-
cord any event that he forgot to indicate on the mobile phone. These paper logs were 
later transcribed and merged with the digital log for a complete self-reported ground 
truth. There were a total of 53 corrections (7% of all events) from the paper logs for 
all data collectors. To capture the ground truth for step counts, each data collector also 
wore a pedometer and manually recorded his daily step count in the paper notebook. 
Each collector’s pedometer was calibrated with his stride length and weight to obtain 
the most accurate step-count estimates possible.  

We chose to use members of our research team to serve as data collectors because 
ground-truth diary logging is a tedious, error-prone process that required significant 
technical expertise to trouble-shoot problems with prototype technology. Given this 
overhead, the lack of application value to offer data collectors, and the high reliability 
of data logging that we required to test our algorithms, we felt that this was a reason-
able choice. Our data collectors went to common places one would expect any person 
to visit such as grocery stores, malls, parks, churches, and libraries.  

In all, the sensor logs contained 249 walking events (avg. 9.1 min) and 171 driving 
events (avg. 18.5 min). Each of these mobility events provides a sequence of data 
points to test our algorithm because every second is one data point to test our classi-
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fier (the rate that the phone scanned the radio environment). In total we gathered 12 
GB of GSM network traces, amounting to 78 days of sensor logs. Our data spans 
urban and suburban environments and three different metropolitan areas as the data 
collectors traveled during the collection period.  

3.2 Inferring Mobility Modes 

Our goal was to infer one of three mobility states: stationary, walking, or driving. 
Periods of walking and driving were identified in the data collector’s diaries. We had 
initially hoped to use the remaining times, which data collectors marked as being at a 
“place”, to identify periods of being stationary. Unfortunately being at a “place” can 
still involve a fair degree of mobility. In a grocery store, shoppers are in motion much 
of the time. Even reasonably sedentary activities such as watching TV include short 
periods of walking (to visit the refrigerator for example). This ambiguity prevents us 
from having the needed ground truth for training and testing our algorithm. To extract 
the most reliable ground truth from our data, we used the GSM trace data collected 
between 2am and 5am to represent periods of being stationary. During these times we 
used our data collectors’ logs to verify that they were at home and sleeping, thus their 
phones would not be moving. Although this means dropping much of our collected 
trace data, it provides the best possible ground truth for determining how well our 
classifier can differentiate properties of mobility. 

Using the labeled periods of activity, we trained our classifier and evaluated it us-
ing a 5-fold cross validation1 method over the entire data set. This produced a single 
model that worked well across all three data collectors and both GSM network pro-
viders. Figure 2 shows the precision, (true positive/(true positive + false positive), 
and recall, (true positive/(true positive + false negative), percentages aggregated for 
all of our data collectors. The percentages along the diagonal indicate the classifiers’ 
performance for predicting and matching the ground truth events. Precision is the 
percentage of predicted events that are correct. A low precision number indicates 

                                                             
1 In k-fold cross-validation, a data set is partitioned into k-folds, and k training and testing itera-

tions are performed. On each iteration, k-1 folds are used as a training set, and one fold is 
used as a testing set. The classification results from each iteration are averaged together to 
produce a final result. 

 

Stationary Walking Driving Stationary Walking Driving

Stationary 95.4% 12.6% 6.9% Stationary 92.5% 4.5% 3.0%

Walking 2.5% 70.2% 8.8% Walking 7.7% 80.0% 12.2%

Driving 2.1% 17.2% 84.3% Driving 4.5% 13.8% 81.7%

Predicted Movement Predicted Movement
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Figure 2. Precision and recall confusion matrices for all GSM network traces aggre-
gated over all data collectors. Overall accuracy is 85% 
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many false positives. Recall is the percentage of ground truth events that were cor-
rectly identified. A low recall number indicates that many ground truth events were 
missed. Accuracy represents the percentage of predictions that are correct. Our overall 
accuracy, ((true positive + true negative)/ (total number of samples)), is 85%.  

Our classification scheme performs very well for stationary periods correctly de-
tecting most periods of no movement (recall 92.5%) and not raising many spurious 
stationary events (precision 95.4%). Driving also performs quite well detecting most 
drives (recall 81.7%) and not raising many false positives (precision 84.3%). Walking 
activities were also detected with high percentage (recall 80%), but exhibited the most 
false positives out of the three classes (precision 70.2%). Within a driving activity, 
there are often times when a car is moving at slow speeds such as in traffic or roads 
with lower speed limits. In our controlled experiment, we saw that the changes in 
signal strengths for slow driving speeds are similar to fast walking speeds. Thus, one 
would expect the classifier to predict walking movement even though a segment was 
marked as a driving activity. These types of misclassifications are reflected in the 
walking precision (17.2% driving) and driving recall (13.8% walking) numbers. 

The results show that we are able to distinguish between different mobility states 
with high accuracy without having to instrument a person with any other additional 
sensors. The precision and recall numbers show that this type of scheme could be 
used in a person’s daily life, to give an accurate diary of mobile activity. In Section 4 
we will discuss several application domains where our techniques would be useful. 

One question about our classification model is whether it is overfitted for our data 
set. As an external way to corroborate our classification model, we tested the model 
using the GSM traces gathered from our controlled experiment described in Section 
2.2. These traces are independent of those used to build our model. The classifier 
achieved an overall accuracy of 90% on this controlled data set, with the only errors 
being that some portions of our slow walk were classified as stationary. Furthermore, 
boosting techniques have been shown to be robust to over fitting and generalizes well 
to unseen data [26]. 

3.3 Daily Step-Count Prediction for Data Collectors 

To test the accuracy of a “virtual pedometer” capability, we asked our data collectors 
to wear an Omron Healthcare HJ-112 pedometer for a portion of the month during 
which they were collecting GSM data. We chose the Omron because it was rated as 
the overall best pedometer by Consumer Reports [9]. In all, we collected 50 days 
worth of daily step-count totals. In contrast to inferring mobility modes, for estimating 
step-count we want to be able to detect any walking activity throughout the day, even 
if it is for short periods of walking at a “place”. The pedometer is always logging the 
steps a person takes, so our algorithm must also detect these periods of mobility. 
Thus, for step-count prediction we used all of the collected GSM trace data for each 
day.  

We wanted our step-count predictor to work without any calibration for all users. 
This further allows us to promote ubiquitous mobility recognition with low setup 
costs. To predict a daily step count from our walking predictions, we used the follow-
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ing simple heuristic obtained by performing linear regression with a 5 fold cross vali-
dation on our data set: 

 
daily step count = 25 ⋅ (minutes of walking) 

 
For these 50 days of pedometer data, our heuristic predicted daily step counts rang-

ing from 1500 to 12000 steps, with an average of 5000 steps. Comparing our esti-
mates to the Omron step counts, we saw an average difference of 1400 steps per day 
(std. dev. 900 steps), with a minimum difference of 1 step and a maximum difference 
of 3500 steps. Our step count estimation worked uniformly well for all users: the 
correlation between measured and predicted step counts for the three data collectors 
were R=.71, .63, and .63. The error in our step count estimation is likely due more in 
part to errors in mobility estimation that to the user having different step rates. 

To compare how well our step count predictions compared to other pedometers, we 
conducted a second experiment. We purchased four additional pedometers of varying 
brands, and collected seven more days of data for one data collector. For this experi-
ment, he carried the GSM phone, while also wearing the Omron and the four other 
pedometers. Again, we used the Omron as ground truth in our evaluation. For these 
seven days, our GSM based predictions had an average difference of 1400 steps with 
a maximum difference of 2400. The average difference across the other pedometers 
varied between 500 and 900, with a maximum difference of 1500. These results show 
that while less accurate, our GSM-based step prediction approximates the results of 
off-the-shelf pedometers in predicting whether a person had a sedentary, moderately-
active, or high-activity day.  

4 Applications 

Our mobility detection scheme provides a low-cost, ubiquitous method for high-level 
activity recognition. Since we use commodity GSM phones without any additional 
hardware, any owner of a GSM phone can use our mobility detection system. In this 
section, we describe two application domains where our mobility detection scheme 
would be useful.  

4.1 Computer-Supported Coordinated Care (CSCC) 

CSCC describes the network of people who help an elder age in place, i.e., avoid the 
transition to a care facility, and seeks to improve the quality of her care while reduc-
ing the burden on the members of her care network, such as her family and friends 
[7]. The Digital Family Portrait [21] and CareNet Display [8] are two applications in 
the CSCC domain that aim to use sensor-driven activity inference to convey care and 
wellness information about an elder to members of her care network. The applications 
report information such as: Did the elder take her medication? Did she get out of bed? 
Did she have any visitors? Much research has focused on inferencing these types of 
in-home activities, but as the CareNet Display showed, an elder’s care network is also 
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concerned with activities that take place outside of the home, such as did the elder go 
to church on Sunday?  Is she routinely late for her weekly doctor’s appointment? 

A recent report estimated that about 50% of Americans aged 65 to 74 are wireless 
customers and 30% of those aged 75 to 94 have mobile phones [2]. Given that so 
many elders already carry them, mobile phones present an interesting opportunity to 
provide detection of a range of activities that are meaningful to the elder’s care net-
work and can be detected today with a device that she already carries. With just a 
mobile phone, an elder would be able to relay information about her daily activity 
level, whether or not she was up and about today, or if she had a sedentary day around 
the house.  

4.2 Social-Mobile Applications 

Detecting mobility patterns is useful for applications that connect people with mobile 
devices together in their social environment--social mobile applications [28]. These 
applications-- if one includes voice calls and SMS --are key drivers of mobile phone 
usage today and are likely to continue as more and more of people's non-work lives 
revolve around mobile communications [16]. New applications are on the horizon that 
will help people communicate [30, 31] and coordinate [10, 29]. 
 Mobility detection can provide context information to enhance these applications 
and provide a better experience for the user. For example, applications that prompt a 
user with information are competing for that person’s attention and potentially inter-
rupting an ongoing task. Our technique would be useful for example when driving, 
because the information might better serve the user if it is delayed. Mobility detection 
could be central to some applications such as one that computes estimated time of 
arrival for many people who want to rendezvous. In a scenario of this type, one user -- 
perhaps who is holding the movie tickets-- is very interested when the other 3 users 
will arrive.  With mobility detection alone, the waiting user can discriminate that 
some others have parked already and are thus nearby and those who are still driving 
and thus distant; combining this with a location system provides an excellent tool for 
social coordination and obviates the need for many phone calls and SMS messages.  

5 Related Work 

The SHARP project aims to infer fine-grained activities by putting RFID tags on 
household objects and monitoring their usage with a wearable RFID reader [25].  Our 
approach complements the fine-grained activities SHARP can infer from instru-
mented objects, with high-level activities in the wider environment using low-
resolution sensors. 

GPS-based location sensing has been used for high-level activity recognition. Pat-
terson et al. take a learning approach based on particle-filters to detect modes of 
transportation [23]. Similarly, Liao et al. extended Relational Markov Networks for 
learning models that, given a GPS location and the time, can differentiate among 
shopping, dining, visiting, at home, and at work [20]. GPS sensing today still often 
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requires purchasing and carrying additional hardware. A recent study revealed that 
GPS positioning is available only about 5% of a typical person’s day, as it needs a 
wide swath of clear sky to sense enough geostationary satellites [18]. In contrast, 
mobile phones provide ubiquitous coverage, and do not require any extra hardware 
from what people already carry. We have shown in this paper that similar recognition 
performance can be achieved observing changes in cell tower signal strengths, with-
out the need for true location. This suggests that GPS should play an assistive role in 
everyday inference, rather than serving as the sole environmental sensor. 

Two projects have looked at using radio signals for motion detection. LOCADIO 
used a Hidden Markov Model to infer motion of a device using 802.11 radio signals 
[17]. Anderson and Muller conducted a controlled, preliminary study with GSM mo-
bile phones to detect motion of a device [4]. Similar to these two projects, our ap-
proach uses machine learning algorithms to infer motion. We have shown that motion 
detection using GSM is feasible for use outside the laboratory, and works well 
throughout people’s daily lives.  

A third approach to activity recognition is to use wearable sensors of a single mo-
dality [6] or multiple modalities [19]. Lester et al. use 7 different types of sensors, 
including light, audio, accelerometer, compass, temperature, humidity, and barometric 
pressure, to classify 10 activities such as sitting, standing, walking up stairs, and 
walking. The GSM radio can potentially be part of the sensor ensemble to improve 
recognition performance. Several commercial phones are now shipping with built-in 
accelerometers and compass, but, unfortunately, they do not expose the sensor read-
ings to the application developers. 

Finally, the Reality Mining project has used Bluetooth-capable GSM mobile 
phones to recognize social patterns in daily user activity, infer relationships, and 
model organizational rhythms [11].  It uses the single associated GSM cell tower, 
Bluetooth radio, application usage logs, and call logs to sense nearby Bluetooth 
phones and devices, time and duration of calls, caller ID, and so forth. 

6 Conclusions and Future Work 

We have demonstrated the feasibility of using an unmodified GSM phone, a coarse-
grain but ubiquitous sensor with 1.5 billion subscribers worldwide [1], to recognize 
high-level properties of mobility that are valuable for application domains such as 
Computer-Supported Coordinated Care and social-mobile applications. To evaluate 
its effectiveness, we collected GSM traces and ground truth labels of walks and drives 
for a month from the everyday lives of three people, for a total of 78 days of GSM 
logs consisting of 249 walking events and 171 driving events. We have shown that we 
can recognize mobility modes among walking, driving, and stationary correctly 85% 
of the time, and estimate daily step counts that approximates commercial pedometers. 
Unlike other activity recognition systems that may require a person to wear a special 
device in a certain way, our approach lets users maintain their current mobile phone 
habits with no special requirements about where the phone is kept on their person. 
These results show that current mobile phones without extra sensors or devices can 
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detect high-level activities, providing people with an estimate of their mobility pat-
terns throughout the day. 

Since our classification model was built mainly in one metropolitan area, we do not 
anticipate it working across different cell densities. However, building a model for our 
classifier with areas of different cell densities could enable our techniques to work in 
varying radio environments. Our future work involves exploring how our mobility 
detection technique and GSM-based step predictor would work in other parts of the 
country. 
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