
Recognition of User Activity forUser Interface on a mobile device 

 
 

 

Recognition of User Activity 
for User Interface on a Mobile Device 

 
 

Jonghun Baek 
Dept. of Information and Communication 

Kyungpook National University, Daegu, South Korea 
 

Sang Tae Kim 
School of Electrical Engineering and Computer Science 
Kyungpook National University, Daegu, South Korea 

 
 Hyun Deok Kim 

School of Electrical Engineering and Computer Science 
Kyungpook National University, Daegu, South Korea 

 
    Jae-Soo Cho 

School of Internet-Media Engineering 
          Korea University of Technology and Education, Cheonan, South Korea 

 
   Byoung-Ju Yun 

                             School of Electrical Engineering and Computer Science 
    Kyungpook National University, Daegu, South Korea 

 
  E-mail: afqb@korea.com 

 
 
 

Abstract 
 
This paper presents a novel user 

interface that recognizes a user physical 
activity to supplement the lacking user 
interface of mobile devices. The interfaces of 
mobile applications are often un-natural due 
to limited resources and miniaturized 
input/output controls. In particular, users 
may encounter such problem in applications 
like eLearning. Therefore, we developed 
novel user interaction to complement the 
poor user interface of mobile devices when a 
student studies on it through the network.  

 
1. Introduction 

 
Advances in mobile computing and 

MEMS (Micro-Electro-Mechanical Systems) 

enable us to embed various sensors into 
handheld device such as cellular phones, 
PDAs (Personal Digital Assistants), PMP 
(Portable Media Player), and other portable 
devices. Therefore, contextual information 
can be captured through various sensors and 
recognition technologies. Specifically, an 
accelerometer can be easily embedded in a 
handheld device because an accelerometer 
has advantages such as being lightweight, 
small, and inexpensive. For this reason an 
accelerometer is one of the most widely used 
sensors in diverse areas, such as counting 
steps [1], medical engineering [2], novel user 
interface [3], and context awareness 
computing [4]. Many new applications for an 
accelerometer are now being considered by 
handheld device designers, and in fact handheld 
device models with an accelerometer are 
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available in the market. A handheld device, 
though its computing power is increasing, 
provides a limited computing environment 
when compared with a PC or an embedded 
system with a digital signal processor. In 
addition, a handheld device cannot dedicate 
its full computing power to auxiliary 
applications when its primary role is a 
communications device. In particular, an 
accelerometer application to estimate user 
activity estimation, which should run all the 
time, cannot demand too much CPU time. 
This is not only a matter of saving 
computing power but also a matter of 
preserving the limited battery power in a 
handheld device. Therefore, it is beneficial to 
develop a light-weight signal processing 
algorithm in order to estimate user’s activity.  

 
Many research groups have tried to 

estimate a user’s activity as context 
information. Most studies use a signal 
accelerometer attached to the specific part of 
a user’s body (e.g., waist, wrist, thigh, ankle, 
and spine) or multiple accelerometers [5]-
[10]. This might, however, make it difficult 
to estimate the user’s activity as well as 
inconveniencing a user in real life, because 
an accelerometer is fixed on part of the body 
[11]. In contrast, this paper attempts to 
minimize inconveniencing the user and to 
create a more practical, real life, 
implementation. An accelerometer was 
embedded in a handheld device and the 
various positions in which it can be carried 
by a user in their daily life: front pocket, hip 
pocket, shirt pocket, backpack, waist, 
handhold, and so on, were considered. In this 
case, the gravity acceleration component of 
an accelerometer’s signal varies with the 
handheld’s position and orientation and thus 
the user activity cannot be easily estimated. 
In an effort to design a light-weight and 
effective signal processing method for 
eliminating the gravity acceleration, we 
found that a second-order Butterworth high-
pass filter (SHPF) was appropriate and 

efficiently estimated the user activity in 
various positions by using it. A series of 
experiment for testing the effectiveness of 
the proposed method have been performed 
and the results are presented.  

 
In this paper, the aim is to implement 

the accelerometer application such as an 
intelligent multimedia control interface (e.g., 
static: audio/video, walking: audio, and 
running: pause) for a handheld device. Such 
the accelerometer application can be used in  
ubiquitous learning environments that 
provide education information at the right 
time by estimating activity of a user 
(student) who uses a handheld device. We, 
therefore, try to estimate if the user is in a 
static, walking, or running states. 
 
 
 
 
 

 

      (a)        (b)     (c)       (d)              (e)        (f)  
Fig. 1.  Data collection protocol: (a) front pocket, (b) 
hip pocket, (c) waist, (d) shirt pocket, (e) backpack, 
(f) handhold in the standing and walking, running, 
respectively.  

 2. Data collection protocol 
 
Various positions and orientations of an 

accelerometer are shown in Fig. 1. A different 
initial orientation of the accelerometer in 
each position was used to assess the usability 
of the SHPF for estimating the user activity, 
regardless of the orientation of the 
accelerometer or individual’s characteristics. 
The training data set is collected from a 
single run of accelerometer data, which is a 
two-dimensional time series collected for 
about 1 minute from 2 subjects (2 males, age 
25 to 34) at a sampling rate of 100 samples/s 
from the accelerometer when it is in three 
activities, such as standing, walking, and 
running, of a user at the various positions of 
an accelerometer.  
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Fig. 1 shows the initial directions of an 
accelerometer at the various positions of a 
handheld device in three activities of a user. 
The numbers in Fig. 1 are the average of the 
output signal for X- and Y-axis of the 
accelerometer measured during 1 minute for 
each orientation of an accelerometer in three 
activities of a user.  

 
3. Acceleration time-series normalization 

 
The existing method for estimating a 

user’s activity is as follows: a feature 
extractor calculates a set of statistics of the 
data, which in turn forms a feature vector to 
be input to a classifier. The output of the 
classifier is one of the labeled classes, as 
shown in Fig. 2.  

Accelerometer
data Feature extractor Classifier

Labeled
classes

Standing
Sitting
Lying

Walking
Running
Upstairs

Downstairs
so on

 
The selection of good features from time 

series data is a fundamental step in statistical 
pattern recognition and is a very important task, 
because if the selected features are extracted 
based on individual’s characteristics and 
individual’s specific situation, the addition of a 
new person would necessitate more training 
by designing a new model or by extracting a 
new feature. In this study, the orientations of 
an accelerometer are different from each 
other in various positions of an 
accelerometer and an individual’s 
characteristics such as body, clothe, and bag. 
In addition, the orientation of an 
accelerometer is continuously changing 
while walking and running. For these 
reasons, the gravity acceleration component 
of the accelerometer’s signal is also 
changing and we cannot apply it to the same 
feature in all positions and orientations of a 

handheld device. In order to minimize these 
effects, the acceleration time-series is 
normalized by the SHPF.  

 
An accelerometer signal, a , can be 

written as, mg aaa += , where, ga  and m  
are the gravity and motion acceleration 
components, respectively. In the dynamic 
states, we define gravity acceleration, which is 
a low-frequency signal, as noise (DC signal) 
because gravity acceleration is not the same 
in all positions and orientations of a handheld 
device. In other words, to classify the user’s 
activity at the various positions of a 
handheld device, we should implement a 
filter which completely eliminates the noise 
component and has no effect on the motion 
acceleration component.  

a

 
To develop a light-weight signal 

processing algorithm for estimating user 
activity on a handheld device, we used a 
SHPF and investigated its frequency 
characteristics. Fig. 3a shows the frequency 
response of the SHPF, and Fig. 3b shows the 
pole-zero plot in the z-plane. We observed 
the frequency response by moving the poles. 
The frequency response curve had its peak 
value at a specific frequency component 
when the pole vale was a complex number. If 
the pole value was a real number and the 
pole was moved to the left half plane in the 
z-plane, then the gain of the SHPF was 
decreased. For these reasons, the SHPF had 
an effect on the motion acceleration 
component and the noise was also not 
eliminated. However, when the pole was 
moved to right plane, the skirt characteristic 
of the SHPF was better and had a maximum 
flat response at the pass band. Thus, the 
SHPF can eliminate only the gravity 
acceleration component (see Fig. 3). We 
selected 95.021 == pp  as the value for both 
the poles. These vales were selected through 
the experimentation for the threshold 
analyses to classify a user’s activity. Fig. 3b 

Fig. 2. Traditional signal processing steps for 
estimating a user activity. 
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shows all poles inside the unit circle and 
therefore, implies a stable filter.  
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                        (a)                                   (b) 
Fig. 3. Characteristics of the SHPF: (a) frequency
response curve and (b) pole-zero plot on the z-plane. 

 
 

 
 

 
 

 
 

 
 
The transfer function and gain  of 

the SHPF are given by: 
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This transfer function is transformed the 

following recurrence equation: 
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where,  is the raw signal of the 

accelerometer and a  is the signal after 
filtering.  

a
f

 
An experiment was conducted to assess 

the usability of the SHPF by equation (2). 
Fig. 4 contains the training data set and 
shows the experiments results for the 
representative 3 of 18 contexts (3 activity 
levels of a user ×  6 position levels of a 
handheld device). In the Fig. 4, all the 
acceleration time-series data filtered by the 
SHPF were distributed at near zero g in all 
the contexts. Therefore, the SHPF eliminated 
only the gravity acceleration component and 
very nearly had no effect on the motion 
acceleration component in all the contexts. 
As a result, the acceleration time-series was 
normalized by the SHPF, and the three 
activities of a user can be classified by their 
 handheld device. 
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Fig. 4. Raw signal and filtered signal for Y-axis of the 
accelerometer in the front pocket. 

4. User activity estimation 
 
Fig. 5 shows the proposed algorithm in 

order to estimate a user’s activity in various 
contexts. We investigated the parameters, 
such as the estimation time and overlapping 
proportion of acceleration time-series data 
for the window lengths, for classifying the 
activity using the training data set. All 
acceleration features were computed on 
windows of 100, 200, 300, 400, and 500 
samples. The windows corresponded to 1, 2, 
3, 4, and 5 seconds, respectively. As a result 
of the experiments, the performance of the 
classification was found to be relatively 
insensitive to variations in time interval. For 
the overlapping proportion (0%, 25%, 50%, 
and 75%) at all estimation time, the non-
overlapping was easier to classify, therefore, 
we selected the window size of 200 samples.  

To find generic threshold values, a series of 

threshold analyses tests were done by using the 
training data set. From the results of the 
threshold analyses, the thresholds for 
differentiating among static, walking and 
running activities were found, and annotated 
on the plot in Fig. 6.  

Dynamic
States

2nd order 
High-pass filter

Walking
States

Running
States

signals after filtering

Magnitude

Average

Raw signals

Accelerometer

Magnitude
Average

Standard
deviation

X
-axis

Y
-axis

Static
States

YES NO

YES NO

 
Fig. 5. Raw signal and filtered signal for Y-axis of the 
accelerometer in the front pocket. 
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Ten subjects participated in evaluating 

the classification accuracy of the generic 
threshold values found by the training data 
set. Two methods were used to collect the 
test data. The first method was using the data 
collection protocol. The second method was 
by freely carrying a handheld device in 
various positions and orientations. Each 
method had 5 test subjects (10 males, age 22 
to 35). A subject conducted each activity in 
various contexts for 1 minute in a linear 
hallway.  

 
The experimental results are 

summarized in Table 1. There are two 
numbers in parentheses; the first number is 
the estimated number of times by the 
proposed algorithm whereas the second 
number is actual number of times observed 
by the supervisor. The results were good 
enough to demonstrate the effectiveness of 
the SHPF to estimate user activity in various 
contexts. 

 
5. Conclusion 

 
To estimate a user’s activity in real life, 

we attached an accelerometer to a handheld 
device and considered the various positions 
in which a user could carry it. In an effort to 
implement a user activity estimation system, 
we studied the method normalizing the 
acceleration time-series from an 

accelerometer and found that the SHPF was 
appropriate, and developed the user activity 
estimation system on the PDA which is 
usable in real life. The proposed algorithm, 
which is very light-weight, can estimate the 
user’s activity regardless of the orientation of 
the accelerometer or different test user’s and 
is shown to be as effective as a tried-and-true 
method. 
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S6 100 100 100 100 100 100 100 100 97 100 99.7
Symbols in the table: S1 for front pocket, S2 for hip pocket, S3 for shirt pocket, S4 for backpack, S6 

for handhold, A ~ J for 10 subjects participated in this study, respectively. 
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