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Abstract—Activity recognition with mobile sensors is a 
challenging task due to the inherent noisy nature of the input 
data and resource limitations of the target platform. This paper 
presents a novel method of hybridizing classifier selection and 
classifier fusion in order to address these difficulties. It efficiently 
decreases the computational cost by activating appropriate 
classifiers according to the characteristics of the given input, and 
resolves the pattern variations by combining the chosen 
classifiers with localized templates. The proposed method is 
integrated with a wearable system that includes five motion 
sensors (accelerometers and gyroscopes), a set of bio-signal 
sensors, and data-gloves. The experiments on two different levels 
of activities, such as 11 primitive motions and eight composite 
behaviors, demonstrated that the proposed method is useful to 
the wearable systems. 

Keywords-wearable sensor; activity recognition; classifier 
fusion and selection; localized templates 

I.  INTRODUCTION 
Activity is one of the most interactive contexts between 

human and computer. As MEMS (Micro-electromechanical 
systems) technology has been successfully developed, many 
studies on context-aware services have been focusing on 
recognizing the human activity based on tiny-wearable sensors 
[1]. Especially, combining multiple sensors for physical 
movements and bio-signals could dramatically increase the 
recognition accuracy by capturing details of users’ current 
states [2]. 

 
Figure 1.  Different postures and motions for an identical activity (walking) 

Although the advantageous potentials of the wearable 
sensor systems, they have inherent problems caused by the 
uncertain, changing, and partially true data gathered from the 
multiple heterogeneous sources in a timely fashion [3]. In other 
words, the different motion sequences for an activity can be 
quite dissimilar each other, even though they were captured 
from the same person. For example, people unconsciously 
swing their arms with incoherent postures while walking as 
shown in Fig. 1. In addition, the more sensors are used for the 
systems, the larger resources (such as computational power and 
battery) are required. By considering these issues, many 
existing techniques have been explored on the mobile 
environment, yet they have not demonstrated satisfactory 
performances [4]. 

Meantime, in order to develop highly reliable classification 
systems for real-world applications, combining multiple 
classifiers such as fusion and selection has been actively 
studied for past decades. The objective of classifier fusion is to 
reduce the diagnostic errors by combining the results of 
individual classifiers where the diversity in each algorithm is 
essential. Meantime, the classifier selection strategy identifies 
the most suitable classifier to assign the class label 
corresponding to a test pattern. 

The fusion approaches could effectively (but not perfectly) 
resolve the bias and variance problems. However, it is difficult 
to apply them directly to the resource-limited environment 
because they achieve comparatively good performance when 
utilizing more than dozens of classifiers [5]. On the other hand, 
the selection methods would yield the adaptive performance on 
the dynamic environments with a smaller number of classifiers, 
yet they could be biased or increase the variations for the small 
sample size problem [6]. Recently, various hybrid approaches 
have been presented in order to complement the conventional 
fusion and selection schemes and to address the difficulties of 
real-world problems [6, 7]. However, they are still excessively 
complex and cannot handle the issues on the mobile 
environments since they were not designed for the mobile 
platforms. 

This paper proposes an optimal method for activity 
recognition on wearable sensor systems. In order to cope with 
the large pattern-variations and insufficient computational 
resources, the proposed method hybridizes classifier selection 
and classifier fusion. It dynamically analyzes the incoming 
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motions to select a probable activity set, and the candidates are 
then identified by using the corresponding recognition models. 
In the fusion phase, the outputs of the models are combined 
based on the localized templates, which are estimated to deal 
with the pattern variations. 

The wearable system applied in this paper includes five 
motion sensors, a set of bio-signal sensors, and data-gloves. 
Support vector machines (SVMs) are used as the base-classifier 
to cope with the high-dimensional features from the 
multimodal sensors, while two simple but effective algorithms, 
naïve Bayes (NB) and decision templates (DT [8]), are 
employed for the selection and fusion, respectively. The 
proposed method is validated with two different levels of 
activity sets such as primitive motions and composite behaviors. 

II. RELATED WORKS ON ACTIVITY RECOGNITION 
Human activity recognition is an emerging issue in the field 

of ubiquitous computing, which has a wide range of 
applications such as behavior monitoring, surveillance, and 
multimodal user interfaces [9]. Table 1 shows recent studies on 
activity recognition with the mobile sensors. Since activities 
are closely related to the user’s movement, accelerometers are 
the most popular and basic sensors for the systems. 

TABLE I.  STUDIES ON WEARABLE SENSOR-BASED ACTIVITY 
RECOGNITION 

Author 
(year) Sensors Method Goals 

Lee and 
Mase 

(2002) [10] 

Accelerometer and 
gyroscope 

Dead-reckoning 
method 

Move activities 
recognition 

Krause et al. 
(2006) [2] 

Accelerometers, 
physiological sensors, 
a microphone, and a 

GPS receiver 

Bayesian networks Daily activities 
recognition 

Blum et al. 
(2006) [11] 

A camera, microphone, 
and accelerometers 

Naïve Bayes 
classifier 

Daily activities 
recognition 

Ermes et al. 
(2008) [12] 

Accelerometers and 
GPS 

Decision trees and 
NNs 

Move and 
exercise activities 

recognition 

Junker et al. 
(2008) [13] 

Accelerometers and 
gyroscopes HMMs 

Hand motions and 
dietary activities 

recognition 

Santos et al. 
(2010) [14] 

Accelerometers, GPS, 
and environmental 

sensors 
Decision trees 

Context (daily 
activities) 

recognition and 
sharing 

Hong et al. 
(2010) [15] 

Physiological sensors, 
accelerometers and 

gyroscopes 

Dynamic Bayesian 
networks and Naïve 

Bayes classifier 

Context (daily 
activities) 

recognition and 
sharing 

Proposed 
method 

Accelerometers, 
gyroscopes, 

physiological sensors, 
and data-gloves 

Localized model of 
support vector 
machines and 

dynamic selection 

Daily activities 
recognition 

 

Lee and Mase [10] measured acceleration and angular 
velocity to analyze simple behaviors such as sitting, standing, 
and walking. More diverse activities have been investigated by 
integrating various sensors. Krause et al. developed a mobile 
context-aware system, SenSay, by integrating various sensors 
such as accelerometers, physiological sensors, a microphone, 
and a GPS receiver [2]. Blum et al. developed InSense [11] that 

classifies user activities including eating, typing, shaking 
hands, clapping hands, driving, brushing teeth, and washing the 
dishes, by analyzing the captured data from a camera, 
microphone, and accelerometers. Ermes et al. recognized daily 
and sports activities with wearable sensors of 3D 
accelerometers and a GPS receiver, in which the activities 
included walking, running, cycling with an exercise bike, 
playing football, etc [12]. Junker et al. detected hand motions 
and dietary activities from the continuous data stream of body-
worn inertial sensors where the hand motions consist of 
common daily activities such as shaking hands, pressing light 
button, and opening door, while the dietary activities includes 
eating with fork and knife and drinking [13]. More recently, 
beyond the recognition tasks, sharing the activities on mobile 
social networks has been paid attention [14, 15]. 

The previous methods did not consider the variation 
problems referred in Section 1. On the meantime, some studies 
presented the sensor management techniques from the resource 
saving point of view [16, 17]. However, the optimization of 
real-time classifiers with multiple sensory inputs is still an 
important topic to be addressed. This paper focuses on 
improving performance of the system by tackling the variation 
and efficiency issues. 

III. COMBINING SELECTION AND FUSION FOR 
ACTIVITY RECOGNITION 

An overall process of the proposed method is illustrated in Fig. 
2. It first collects segmented bio- and motion sequences from 
the continuous input signals of sensor modules by using an 
overlapping sliding window. Next, it conducts smoothing and 
normalization as a preprocessing step, and merges the series of 
observations into a fixed-length feature vector based on linear 
quantization. The vector is then preliminarily recognized by the 
dynamic selection module (NB), in which the NB’s output 
probabilities for the activities are used for selecting the base-
classifiers (SVMs). Finally, our method combines the outputs 
of the chosen classifiers into a matrix (called a decision profile, 
DP) and identifies the input motion by matching the matrix 
with the localized templates of the activities. Here, the 
localized templates are used to model the pattern variation, 
which will be described in detail in the following section. 

 
Figure 2.  Overview of the proposed (activity recognition) system 
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A. Training: Localized Template Estimation 
In the training phase, NB and SVMs are learned first. We 

constructed one-versus-all (OVA) SVMs; each of them 
distinguishes one of the class labels from the rest while it is 
easily trainable and fits well with the selection scheme [18]. 
The OVA SVMs are then combined based on a decision 
template matching fashion. DT [8] is a simple yet robust 
classifier-fusion method, which identifies a sample by 
matching the DP with the class templates. For each class, a 
template is calculated by averaging the DPs of the 
corresponding training samples. 

In order to model the pattern variations of the time-series 
data, we can divide each class into several subclasses and then 
compute corresponding templates, yet they could be biased 
having a large amount of variance errors because of the small 
training size [6]. Instead, our method estimates the localized 
templates by clustering the DPs [19]. For the ith training 
sample xi, a DP from the OVA classifiers is organized as: 

DP(xi ) =
d1(xi )

dM (xi )

⎡

⎣

⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥

, (1)

where M is the number of classes, and dj(xi) denotes the output 
of the jth classifier. The DPs from the training set are then 
decomposed into K subclasses using a clustering algorithm for 
each class. In this paper, a k-means algorithm is employed 
because of its simplicity and fast convergence. It first initializes 
cluster centers m1, …, mK with K randomly chosen points from 
the data. Each sample x is allocated to a set Si according to the 
minimum squared distance criterion as follows: 

Si = {x : x − mi ≤ x − mj  for all j =1,..., K} . (2)

The center points are then updated by calculating the average 
of the samples in each group as: 

mi = 1
Si

x
x∈Si
∑ . (3)

This process is repeated until the centers become stable. 

Since the clustering performance is highly dependent on the 
number of clusters, the validity index I is used to decide the 
proper value of K [20]. Let n be the number of training samples 
and [ukj]K×n be a partition matrix for the data. The index I is 
defined as: 

I(K ) = 1
K

× E1

EK

× DK

⎛

⎝
⎜

⎞

⎠
⎟

p

 (4)

where 

EK = ukj x j − mk
j=1

n

∑
k=1

K

∑  and DK = max
i, j=1

K
mi − mj . (5)

K, for which I(K) is maximized, is considered to be the correct 
number of clusters. The power p is used to control the contrast 

between the different cluster configurations and is assigned a 
value of two for this study as the same with the previous study 
[20]. 

After each cluster (subclass) is defined, the localized 
ensemble template MDTc,k for the kth subclass in class c is 
computed based on the corresponding DPs as follows: 

MDTc,k =

dtc,k (1)

dtc,k (M )

⎡

⎣

⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥

, dtc,k (m) =
indc,k (xi )

i=1

I

∑  dm(xi )

indc,k (xi )
i=1

I

∑
 (6)

where indc,k(xi) refers to one if a sample xi belongs to the kth 
subclass in class c, otherwise zero. 

B. Recognition: Dynamic Selection and Fusion 
For the recognition, the evaluation order of an input sample 

is decided according to the probability of the classes estimated 
by a naïve Bayes (NB) classifier. For a given class c, a 
marginal probability distribution of variables and a set of 
conditional probability distributions of NB are estimated from 
the training set [21]. Let Ai be the ith state of the attribute A and 
count(Ai) be the number of cases in which the attribute A 
appears as the ith state. The priority probability P(Ai) is 
estimated as follows: 

P(Ai ) = count(Ai )
n

 (7)

where n is the number of training samples. 

If A has a parent node B, the conditional probability P(Ai|Bj) 
is calculated by 

P(Ai | Bj ) =
count(Ai, Bj )

count(Bj )
. (8)

The NB classifier estimates the posterior probability of class c, 
given the observed feature vector F = {f1, …, fv}, as follows: 

P(c | F) = P(c)P(F | c)
P(F)

. (9)

With the attribute independence assumption, probability P(c|F) 
can be re-expressed as: 

P(c)P( f1,..., fv | c)
P(F)

= P(c)P( f1 | c)...P( fv | c)
P(F)

                             = P(c)
P(F)

P( fi | c)
i=1

v

∏

∝ P(c) P( fi | c) 
i=1

v

∏ .

 (10)

Note that P(F) is ignored because its value is identical in all 
classes. 

In general, the more classifiers are used, the higher 
performance can be achieved. Although the proposed method 
uses small number of OVA classifiers, using all the base-
classifiers could be impractical for the mobile systems 
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integrating multiple sensors or for the problems having large 
number of classes, because of the insufficient resources. 
Therefore, the proposed method selects a subset of OVA 
classifiers to be evaluated according to the class-probabilities 
calculated from the NB. In this paper, the mth classifier is used 
if the probability of mth class is larger than zero. For example, 
when the first and third OVA classifiers are chosen for a four-
class classification problem, a decision profile of the chosen-
classifiers for an input sample x, DP’(x), is represented by: 

DP '(x) =

d1(x)
0.0

d3(x)
0.0

⎡

⎣

⎢
⎢
⎢
⎢
⎢

⎤

⎦

⎥
⎥
⎥
⎥
⎥

, (11)

where the elements for unused classifiers are denoted as 0.0. 
The matching distance between DP’(x) and K templates (note 
that K is the number of clusters per class) for the class c is then 
calculated as folllows: 

min
k=1,...,K

(dst(MDTc,k, DP '(x)))

= min
k=1,...K

(dtc,k (m)− dm (x))2

m=1

M

∑
⎛

⎝
⎜
⎜

⎞

⎠
⎟
⎟
.

 (12)

If the distance calculated by using (12) is less than a 
threshold thdt, the sample is classified into its corresponding 
class. When no conditions are satisfied for all classes, the 
decisions of the classifiers and NB are sequentially adopted. 
Here, thdt is decided empirically by using the training data. 

IV. EXPERIMENTS 

A. Sensor Platform and Dataset 
In this paper, multimodal sensors were integrated as a 

wearable platform as shown in Fig. 3. Five sets of 3D-
accelerometer and 3D-gyroscope (XSens XBus sensor module, 
http://www.xsens.com/) were attached on a user’s forehead, 
both arms, and both wrists, respectively, to record the motions 
of corresponding body parts. A set of bio-signal sensors (an 
armband) and data-gloves were selectively employed to the 
platform according to the characteristics of the target activities. 
The data-gloves (5DT Inc., http://www.5dt.com/) capture the 
degree of bending fingers from five channels of the left hand 
and 14 channels of the right hand. The armband (Bodymedia, 
http://sensewear.bodymedia.com/) sensed the user’s 
physiological signals, related to the emotional state and stress, 
including a skin temperature, heat flux, and Galvanic skin 
response. It also equips a two-axis accelerometer. Table 2 lists 
the sensing variables from the system. All the sensors were 
connected to the laptop computer in the backpack. For the ideal 
implementation of the system, the computer would be replaced 
with a high-end mobile device communicating with the sensors 
via short-range wireless networks. 

In order to evaluate the proposed method, two types of 
activity sets, primitive motions and composite behaviors, were 
collected from three participants (see Table 3). The primitive 
set includes 11 simple and repetitive motions, such as Walking, 
Hands-clapping, Hands-shaking, Teeth-brushing, Drinking, 

Keyboard-typing, Mouse-scrolling, Door-opening, Calling, 
Scissoring, and Writing. Users wearing the data-gloves and five 
motion sensors repeated each motion ten times in a row (332 
samples in total with two over-captured from a user). The 
composite set consists of eight behaviors, such as Working, 
Meeting, Eating, Exercising, Sleeping, Calling, Going-to-toilet, 
and Resting. This set is collected sequentially from the users 
equipped with an armband and five motion sensors, where each 
activity is conducted three or four times (85 samples in total). 

 
Figure 3.  Wearable-sensor platform 

TABLE II.  SENSING INFORMATION 

Sensor Position Variable (dimension) Description 

Armband

Right upper arm Skin temperature (1) Skin temperature 

Right upper arm Heat flux (1) Heat transfer on the 
body 

Right upper arm Galvanic skin response (1) Electrical resistance 
of the skin 

Right upper arm Acceleration (2) 2D acceleration 

Motion 
sensors 

Head, 
both upper arms, 
and both wrists 

Acceleration (15) 
3D acceleration 

from the five body 
spots 

Head, 
both upper arms, 
and both wrists 

Angular velocity (15) 
3D gyroscope 

values from the five 
body spots 

Data-
gloves Both hands Flexure (19) Degree of bending 

of fingers 

TABLE III.  TWO ACTIVITY SETS USED IN THIS PAPER 

Dataset Sensors #Classes #Features #Samples

Primitive 
motion 

Five motion 
sensors and 
two data-

gloves 

11 (Walking, Hands-
clapping, Hands-
shaking, Teeth-

brushing, Drinking, 
Keyboard-typing, 
Mouse-scrolling, 

Door-opening, Calling, 
Scissoring, Writing) 

490 (10-linear 
sampling from 

the sensors) 
332 

Composite
behavior

Five motion 
sensors and 
an armband 

8 (Working, Meeting, 
Eating, Exercising, 
Sleeping, Calling, 
Going-to-toilet, 

Resting) 

360 (10-linear 
sampling from 

the sensors) 
85 

 

B. Performance Evaluation 
Evaluations were conducted by leave-one-person out cross 

validation (in our case, three-fold cross validation) which uses 
the data from single person as a validation set, and the 
remaining subjects’ as a training set. By using the training set, 
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SVM parameters and the distance threshold thdt were optimized. 
For the training, each sample was manually segmented, while 
an overlapping sliding window is used for recognizing the 
continuous sequence in the test phase. The window size was 
estimated as the mean length of the training segments, and the 
sliding step was set as 1/3 of the window size.  

The proposed method was compared with other methods 
such as NB (a naïve Bayes classifier), WTA (winner-takes-all), 
and DT (decision template [8]). WTA is one of the most 
popular schemes to combine OVA SVMs, which classifies a 
sample based on the model that produces the biggest output 
values. DT is adopted as the representative model for non-
selective and non-localized fusion which is an opposition 
concept to the proposed method. For all cases, a Gaussian 
kernel is employed for the SVMs. 

As shown in Fig. 4, the proposed method yielded the 
highest recognition accuracy. WTA and DT showed similar 
performance because both of them use the raw outputs of OVA 
SVMs. For the primitive motions, WTA and DT performed 
slightly better than NB, while they produced lower accuracies 
than the NB on the composite problems. In order to find out the 
correlations among the methods, activity types, and sensor 
properties, additional experiments are conducted under the 
different sensor component as shown in Table 4. 

 
Figure 4.  Average error rates for the (a) primitive motions and (b) composite 
behaviors 

TABLE IV.  PERFORMANCE UNDER DIFFERENT SENSOR COMPONENTS 

 Sensors NB WTA DT Proposed 
method 

Primitive 
motion 

Two data-
gloves 97.90±2.87 98.81±1.54  98.51±2.09 99.40±1.26 

Five motion 
sensors 96.69±4.61 97.59±3.13  97.29±3.01 99.39±1.92 

Composite 
behavior 

One armband 94.00±2.35 91.19±0.98 91.09±2.16 95.99±1.85

Five motion 
sensors 86.08±2.53 89.45±2.42 91.49±3.38 92.80±0.65

TABLE V.  NUMBER OF CLASSIFIERS USED TO RECOGNIZE AN ACTIVITY 

Dataset (# classes) NB WTA DT Proposed method
Primitive motion (11) 1 11 11 2.06±0.04 

Composite behavior (8) 1 8 8 2.26±0.47 
 

Similarly to the previous experiment, the proposed method 
achieved the highest accuracy for every case. SVMs (WTA and 
DT) produced higher accuracy than NB for the problems of 

high-dimensional features such as using data-gloves or motion 
sensors. On the other hand, bio-signals are recognized more 
accurately by the NB. It might be because the state-based 
probabilistic model efficiently analyzes the information related 
to the user’s states. As a result, the NB showed good 
performance on the composite behaviors that use the bio-signal 
sensors. Meanwhile, the systems using multimodal sensors 
achieved higher accuracies than ones with a unimodal sensor, 
as we expected. 

Table 5 shows the efficiency comparison among the 
methods in the context of the number of classifiers used to 
recognize an activity. NB categorized a sample at once since it 
is a multiclass classifier, while the others based on the OVA 
scheme basically utilize M (the number of classes) models. The 
proposed method, however, activated only about two classifiers 
for each sample, where the selection algorithm (NB) was 
counted as one.  

C. Discussion 
Sensory information from human activity has large 

variations as mentioned in Section 1. Its magnitude variation 
can be dealt by using the localized model, while the length 
variation is difficult to address. Using the sliding window 
technique is one of the representative approaches that divide 
the series of activities into the separate one, where it assumes 
all the activities have similar length, which could cause errors. 
In fact, the length of the activities used in this paper was 
varying from less than five seconds to more than ten seconds, 
in which the variation of the composite behavior is larger than 
the primitive motions. An alternative for the segmentation is 
the detection of start/end points from the sequence. This 
approach refers a still state (without-movement) as the segment 
points, which are difficult to discriminate from motion points 
on real application. Some studies adopted a linguistic process 
that parses a composite behavior as the serial combination of 
primitive motions [22]. However, this approach is hard to 
formulate and the order of primitives could not be decidable as 
well. In order to improve the accuracy of the system, the length 
variation has to be considered in a more sophisticated manner. 

For the practical applications, the wearable systems also 
have to concern about the discomfort on users who wear the 
sensors for a long time. As shown in the results on Table 4, our 
system produced an acceptable performance with a single 
armband on the dominant arm. Recently, various types of tiny 
and wireless motion sensors like an electromyography (EMG) 
are being developed which can be mounted on watches or 
armbands. Here, sensor selection and placement would be 
important for the seamless equipment of the system, which 
could be achieved by modeling the semantic and kinetic 
relations between the activity and human body parts. 

V. CONCLUSION 
This paper proposed a novel ensemble approach to address 

the issues about pattern variation and resource limitation for the 
activity recognition system with wearable sensors. In the 
selection phase, a subset of base-classifiers to be used is 
dynamically decided according to the class probabilities of an 
input sequence. The outputs of the chosen classifiers are then 
combined by using localized templates for the fusion phase. 
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The experimental results on primitive and composite types of 
activities showed that the proposed method performed well 
with various sensors such as motion sensors, bio-signal sensors, 
and data-gloves. 

There are many ways to improve the proposed method, 
such as user adaptation (online learning) and adaptive 
segmentation (length variation modeling described in Section 
4.C). Moreover, some important issues like sensor selection 
and placement were passed over, since we focused on activity 
recognition problems in the aspect of pattern recognition. 
Further investigation with these issues will be carried out as our 
future work. 
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