
A Selective Template Matching Algorithm for 
Short and Intuitive Gesture UI of Accelerometer-Builtin Mobile Phones 

 

Jun-Ki Min, Bongwhan Choe, and Sung-Bae Cho 
Department of Computer Science, Yonsei University 

262 Seongsanno, Seodaemun-gu, Seoul 120-749, Korea 
{loomlike, bitbyte}@sclab.yonsei.ac.kr, sbcho@cs.yonsei.ac.kr 

 
 

Abstract—Gestures are natural and easy means as user 
interfaces (UI) because they have been employed in daily life. 
Recently, mobile devices equip a triaxial acceleration sensor 
which allows the gesture inputs. Many systems have been 
presented for the motion-based interfaces, yet only few are 
considered the insufficient computing power of the mobile 
devices. This paper proposes a selective template matching 
algorithm based on dynamic time warping (DTW) and naïve 
Bayes classifiers for gesture-based UI. It is composed of three 
parts: template estimation, model selection, and recognition. 
The preprocessing reduces the length of acceleration vectors, 
while the template estimation and model selection lessen the 
number of matching sequences of DTW where K-means 
clustering and a naïve Bayes classifier are adopted 
respectively. The proposed method recognizes short and 
intuitive 20 gestures designed for the mobile UI, such as 
snapping, bouncing, rotating, tilting, tapping, and shaking. 
Experimental results with the mobile implementation have 
validated the effectiveness of the proposed method in terms of 
accuracy and computation efficiency. 

Keywords-component; accelerometer; gesture recognition; 
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I.  INTRODUCTION 
An increasing number of mobile devices are equipped 

with various sensors which allow novel human-computer 
interaction opportunities by enabling a device to sense how it 
is physically manipulated by the user. Especially, the gesture 
captured by the accelerometer has been developed as a 
supplementary or an alternative interaction modality since it 
has naturally been used in daily life [1]. Apple’s iPhone, for 
example, already used the motion-based user interface (UI) 
like rotating and shaking. Moreover, direction of gravity and 
magnitude of acceleration have been widely exploited for 
controlling games. The gesture, however, is still not reliable 
enough comparing with conventional inputs like a keypad 
and touch-screen [2]. 

With this regard, various approaches of analyzing time-
series patterns have been studied in order to develop efficient 
way for recognizing the gesture. Kela et al. quantized 3D-
vectors acquired from a tri-axis accelerometer into 1D-
symbols and recognized them by using hidden Markov 
models (HMMs) [3]. They chose eight gestures for 
controlling design environment and selected home 
appliances based on the user study about gesture-based 
interface. Liu et al. [4] proposed uWave that uses dynamic 

time warping (DTW) as a core algorithm, and validated it on 
the same gesture set with [3]. Since the DTW is based on 
template matching, it works with less training samples and 
can easily add user-defined new gestures or delete existing 
ones. On the other hand, it requires many calculations so that 
only a few limited classes are available for online 
recognition. Wu et al. defined 12 gestures (which belongs to 
one of three categories: the direction, direction and shape, 
and one-stroke letter) and compared the accuracy of the 
algorithms like support vector machines (SVMs), DTW, a 
naïve Bayes (NB) classifier, decision tree C4.5, and HMM 
[5]. They divided each gesture into several frames and 
extracted the frame-based features like mean, energy, and 
correlation among the axes for their algorithm. Yang et al. 
separated dynamic activities (e.g. walking and running) from 
static activities (e.g. standing and sitting) based on the 
magnitude and energy of the sensor signal, and recognized 
these two different types of activities with corresponding 
feature sets and neural networks [6]. Here, a single tri-axial 
accelerometer was equipped on the dominant wrist, so that 
the activities can be regarded as gestures. 

Although many methods have been attempted, as 
described so far, most of work investigated on recognizing 
distinct gestures with large inter-class distances, or 
considered few classes to make the problem simple. 
Moreover, they barely concerned about the insufficient 
computing power of the mobile devices. In order to address 
the problem, this paper proposes an optimized gesture 
recognition algorithm based on DTW and NB classifiers. It 
effectively reduces the number of templates by using the K-
means clustering algorithm, while it selects the DTW models 
to be matched based on the pre-categorization of NB. This 
can reduce the matching sequences and prevent the 
confusions among the similar patterns having same 
directional movement. 

In this paper we focus on short and intuitive 20 gestures, 
such as snapping, bouncing, rotating, tilting, tapping, and 
shaking, which would be more appropriate as the UI for 
mobile devices. It is challenging to identify them because 
they have similar physical patterns yet their semantics are 
clearly different. The proposed method has been 
implemented on a smart phone, and validated with 
experiments on day-to-day and between-person variations. 

Proceedings of the World Congress on Nature and Biologically Inspired Computing (NaBIC2010)

978-1-4244-7375-5/10/$26.00 2010      IEEE 667



II. BACKGROUND 

A. Dynamic Time Warping 
DTW is an algorithm for computing the distance between 

two time series patterns. It was introduced in 1970s and had 
been actively studied on the automatic speech recognition to 
cope with different speaking speeds. Let d(x, y) be a distance 
between two points x and y. The time warping-distance 
between two sequences X = {x1, …, xn} and Y = {y1, …, ym} 
is then calculated by: 
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where Xi = {x1, …, xi} and Yj = {y1, …, yj} are sub-sequences 
of X and Y, respectively. 

In recent, DTW has been spotlighted in the gesture-based 
interface research because the algorithm is light-weight and 
can be trained with the new motions inputted by users on real 
time [4, 7, 8]. However, the computation complexity of the 
DTW is still challenging problem. 

B. K-Means Clustering 
K-means clustering is an unsupervised iterative algorithm 

that finds K compact partitions in the data using a distance-
based technique [9]. Firstly, cluster centers m1, …, mK are 
initialized to K randomly chosen points from the data, and 
each sample x is partitioned into the set Si according to the 
minimum squared distance criterion as follows: 

 },...,1 allfor  :{ KjmxmxxS jii =−≤−= . (2)

The center points are then subsequently updated by 
calculating the average of the samples in each group as: 
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This process is repeated until the centers are no longer 
changed. Although the algorithm tends to find the local 
minima, it has been widely used for clustering because of its 
simplicity and fast convergence. 

C. Naïve Bayes Classifier 
A Bayesian network is a probabilistic graphical model 

that represents a set of variables and their conditional 
independencies. It efficiently handles the uncertain 
information and also easily utilizes an expert’s pre-
knowledge for its structure or parameters [10]. Let G(Bs, θ) 
be a Bayesian network model where Bs and θ denote the 
network structure and the set of parameters, respectively. θ is 
composed of the conditional probability table BΦ and the 
prior probability distribution Bp. For the prior probability 
P(θ), the knowledge discovery process is as follows: 

 )|(),|(),,( pTΦTTTT BZPBZYPYZP =θ  (4)

where ZT = {z1, z2, …, zT} represents a set of T states 
variables, and YT is the corresponding observations. 

 
Figure 1.  The overview of the proposed system 

NB is a simple probabilistic classifier based on applying 
Bayes’ theorem with strong independence assumptions. It 
assumes that the child nodes are independent for each other 
in the context of their parent (root node). 

III. OPTIMIZED GESTURE RECOGNITION 
The proposed method is consists of three major 

components: template estimation, model selection, and 
recognition. As a training stage, it estimates the 
representative gesture templates from the training set by 
using the K-means clustering algorithm. For the recognition, 
it preliminarily categorizes the semantic type of an incoming 
motion with the NB classifier. Here, the semantic types are 
defined to contain more than one gesture classes. After that, 
the proposed method matches the input gesture with the 
templates that have the same category by using the DTW. 
Finally, the input sequence is identified as the most similar 
class. In this paper, the kinetic features such as the 
magnitude of acceleration, energy, and correlations among 
axes are employed for the NB, while the quantized 
acceleration vectors are used for the DTW. The overall 
procedure of the system is shown in Fig. 1. 

A. Gesture Preprocessing 
Each gesture is firstly segmented from the continuous 

input signals according to the mean variations and the 
maximum values within a sliding window of 120ms that 
moves at a 60ms step. In a meantime, the motion vectors are 
quantized. The quantization compresses the length of the 
motion by averaging vectors within the sliding window. It 
smoothes the sensor noise and significantly reduces the 
computation complexity of DTW where there is an 
assumption that the hand movement does not change 
erratically [4]. In order to minimize the in-class variations, 
the initial acceleration (direction of the gravity) v0 is 
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subtracted from the quantized gesture M = {v0, v1, …, vn} as 
follows: 

 010   where},,...,,{ vvvvvvM iin −=′′′′=′ . (5)

B. Template Estimation 
Generally, the performance of DTW using all the training 

examples as templates is higher and more stable than using a 
subset of the data. For the real application, however, the 
number of templates should be restricted because of the 
limited computation power on mobile devices. If the system 
selects fewer templates randomly from the training set, there 
is more chance of being biased which make the system 
unstable. Therefore, the proposed method adopts the K-
means clustering algorithm with Euclidean distance to 
estimate the K representative patterns for each gesture class 
which cover the overall feature space. In order to calculate 
them, the training data are firstly transformed into fixed-
length vectors by using linear resampling algorithm. The 
cluster centroids are then selected as the template. Finally, 
K×c templates are separately stored according to their 
semantic types where c indicates the number of classes. 

C. Model Selection and Recognition 
Six types of the kinetic features are used for the NB 

classifier such as the magnitude of acceleration, variation of 
a movement, correlation between axes, energy of the signal, 
length of the gesture, and changing of gravity. Let X = {x1, 
x2, …, xn} be an acceleration vector of x-axis where n is the 
length of the sequence. The magnitude mx is calculated as 
follows:  
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The standard deviation stdx is then estimated by: 
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The correlation feature (the strength of a linear relationship 
between two axes) implies the directional component of the 
gesture which is defined as: 
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In the frequency domain, the energy is computed by: 
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where f denotes the component of a discrete Fourier 
transform. Fig. 2 illustrates an example of NB classifier that 
categorizes the 20 gestures into one of the four semantic 
types: reciprocation, hold, external impact, and shake (The 
gestures and their semantic categories are described in more 
detail in Section 4.1). The conditional probabilities are 
learned from the training examples. 

 
Figure 2.  The naïve Bayes classifier for categorizing the semantic types of 
gestures 

During the online gesture recognition, users often 
unintentionally move their devices. In order to reject the 
outlier gestures perceived by the accelerometer, a certain 
threshold is assigned to each gesture. Let ci and cj be the ith 
and jth templates of the gesture c, respectively. For the 
averaged intra-class variations: 
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and their standard deviation: 
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the threshold hc is calculated by ev(c) + std(c), where K 
indicates the number of templates per gesture. 

IV. EXPERIMENTS 

A. Gesture Definition and Collection 
Gesture-based UI for mobile devices should be brief, 

easy to use, and intuitive. In this paper, 20 gestures are 
defined which belong to one of the six movements as shown 
in Fig. 3. Snapping has an angular acceleration while 
Bouncing moves straightly to a direction and reflected back 
where both are the kind of pendulum movement. On the 
other hand, Rotating and Tilting hold their physical states 
after the movement. Tapping represents the hand or finger 
stroke on a device’s surface. In case of Shaking, the device is 
shaken two or three times in a specific direction. 

In this paper, Samsung Omnia mobile phone (SCH-
M490) with MS Windows Mobile 6.1 was used as a platform 
where the tri-axis acceleration is sampled at 50Hz with 
+2g~-2g scale. Fig. 4 shows the gesture collector 
implemented by using Windows Mobile 6 Professional SDK 
(ARMV4I), and some examples of raw acceleration signals 
sampled by the SCH-M490. Five graduate students of 25~29 
years old, right handed males, were selected as subjects. The 
gestures were collected from two days within a period of a 
week. On each day, the participants repeated each of the 20 
gestures ten times (2,000 gestures in total) with an initial 
pose for browsing mobile contents. The length of a gesture is 
variable according to the classes and the different input 
speed of subjects. In our case, the longest length of collected 
data was about 120 sampled points of the Shaking motion, 
while the shortest data was about 35 sampled points of the 
Tapping motion. 
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Figure 3.  Gesture set and semantic types defined in this paper 

 
Figure 4.  Gesture data collector (left) and raw sensor data (right) sampled 
from Samsung Omnia mobile phone SCH-M490 

B. Gesture Recognition 
Before implementing on a mobile phone, the proposed 

method was validated on a PC platform with various 
experimental parameters. In this paper, two series of 
experiments were performed as day-to-day variation and 
between-person variation. For the day-to-day variation, two-

fold cross validation was conducted by using the data 
collected from a day as the training set and the others as the 
test set. On the other hand, five-fold cross validation was 
applied for the between-person variation experiments with 
the training set of four persons’ and the test set from the rest 
of person’s. 

Fig. 5 shows the performance of the proposed method 
(NB+DTW) varying the number of templates. The 
recognition speed of the proposed method was improved 
about four times more than the DTW in average. Since the 
fast response time is indispensable for the UI, less than ten 
templates per class were applicable. In these cases, the 
proposed method produced higher accuracy than the DTW 
by dealing with the confusions among the gestures that has 
similar directions. As shown in Table 1, Tapping was the 
most difficult class to identify for all algorithms because its 
directional components have to be perceived from the small 
amount of external impact. If the five Tapping classes are 
considered as a Tap class (15 gestures in total), the overall 
accuracy of the proposed method with ten templates can be 
increased up to 97.1%. 

Finally, we compared the random template selection with 
the clustering-based selection method. As a result, the 
proposed method produced 8% less errors than the random 
selection method which indicates the significance of 
generating representative templates. 

 

 
Figure 5.  Accuracy and processing time of the proposed method 
(NB+DTW) and DTW varying the number of templates 
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TABLE I.  CONFUSION MATRIX OF THE PROPOSED METHOD FOR THE DAY1 

  BD BU LB LF LL LR NB NF NL NR RN RP SFB SLR TB TF TL TM TR TT 
BD 48 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 
BU 1 49 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
LB 0 0 49 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 
LF 0 0 0 50 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
LL 0 0 0 0 49 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 
LR 0 0 0 0 0 50 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
NB 0 0 0 0 0 0 49 0 0 0 0 0 1 0 0 0 0 0 0 0 
NF 0 0 0 0 0 0 0 50 0 0 0 0 0 0 0 0 0 0 0 0 
NL 0 0 0 0 0 0 0 0 47 0 0 0 0 2 0 0 0 0 1 0 
NR 0 1 0 0 0 0 0 0 0 49 0 0 0 0 0 0 0 0 0 0 
RN 0 0 0 0 0 0 0 0 0 0 50 0 0 0 0 0 0 0 0 0 
RP 0 0 0 0 0 0 0 0 0 0 0 50 0 0 0 0 0 0 0 0 
SFB 0 0 0 0 0 0 1 1 0 0 0 0 48 0 0 0 0 0 0 0 
SLR 0 0 0 0 0 0 0 0 6 0 0 0 0 44 0 0 0 0 0 0 
TB 0 1 0 0 1 0 0 1 0 0 0 0 0 0 34 12 0 0 0 1 
TF 0 1 0 0 0 0 0 0 0 0 0 0 0 0 14 23 10 1 0 1 
TL 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 29 13 0 7 
TM 0 5 0 0 0 0 0 0 0 0 0 0 0 0 3 1 4 19 4 14 
TR 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 44 3 
TT 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 6 4 3 0 36 
 

C. Implementation 
The proposed recognition system was implemented on 

the same platform with the data collector described in 
Section 4.1. Fig. 6 shows the prototype of the system. It 
initializes the accelerometer with the start button. 

 

 
Figure 6.  Proposed system implemented on Samsung Omnia mobile 
phone SCH-M490 with Windows Mobile 6 Professional SDK (ARMV4I) 

The application senses the acceleration as soon as the 
user starts inputting the motions. When the device stops 
moving, the application automatically segments the gesture 
and identifies it. The user can confirm the recognition result 
displayed on the central box where the gesture label and its 
processing time are represented. If the user inputs an outlier 
gesture or an abnormal movement which is not registered in 
the system, it returns zero. The user also can register a new 
gesture or modify existing templates manually by using the 
setup menu. The performance of the system is still not 
sufficient for real applications where it shows about 80% of 
accuracy with 300ms~450ms processing time for online 
recognition on a mobile device. Therefore, the additional 
improvement should be conducted as a future work. 

V. CONCLUSION 
Gesture captured by the accelerometer has been 

developed as a supplementary or an alternative interaction 
modality on mobile devices. Since the insufficient 
computing power of the devices, it is still challenging to 
apply the gesture as the UI. This paper proposes an 
optimized gesture recognition system based on a DTW 
algorithm. The preprocessing reduces the length of 
acceleration vectors, while the template estimation based on 
K-means clustering and model selection with the NB 
classifier reduce the DTW matching sequences and prevent 
the confusions among the similar patterns having same 
directional movement at a time. In this paper, we 
concentrated on brief, easy to use, and intuitive 20 gestures 
such as snapping, bouncing, rotating, tilting, tapping, and 
shaking, which would be more appropriate as the UI for 
mobile devices. The proposed method has been validated by 
performing comparison experiments and by implementing on 
the mobile device. 

There still are many problems to be solved on the mobile 
gesture recognition such as the alignment of the device’s 
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initial pose, elimination of external accelerations, and 
modeling user’s variations. Moreover, the outlier rejection is 
also a very important issue to be considered as a future work. 
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