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Abstract—Smartphones with built-in sensors promise a
conducive, objective way to quantify everyday body movements
and classify those movements into activities. Utilizing smartphone
accelerometer data we estimate the following daily activities
performed by the user: walking, jogging, using stairs, sitting,
standing and lying down. The proposal is tested experimentally
via evaluations on real data obtained from 50 test users. The
evaluation indicates that the J48 classifier using a window size of
512 samples with 50% overlapping yields the highest accuracy
(i.e., up to 96.02%).
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INTRODUCTION

Context- awareness is one of the important components of
ubiquitous computing and HAR (human activity recognition)
has originated as an essential way to classify the user’s context
for automatic service delivery in ubiquitous application. In
ubiquitous healthcare applications, recognition and pattern
analysis of everyday activities could enable such systems to
monitor and predict any changes in daily behavior of an elderly
that might be the indicators of developing physical or mental
medical conditions. In addition to, patients with heart disease,
diabetes, or obesity are often required to follow a well-defined
exercise routine as part of their treatment. Therefore,
recognizing activities such as resting, jogging, walking or
running becomes quite useful to provide feedback to the
caregiver about the patient’s behavior.
Mainly two approaches have been employed to achieve the
goal of recognizing activities of daily living. These are use of
external sensors (sensors attached to predetermined points) and
wearable sensors (sensors attached to the users). Smart homes
[1-3] equipped with sensors embedded in everyday objects are
a typical example of external sensors. Such systems are able to
recognize finer grain activities (e.g. sitting eating, sitting
reading, fall detection, washing dishes, etc.) because they rely
on data from numerous sensors placed in target objects which
people are supposed to interact with. The foremost problem
with using the external approach is its lack of pervasiveness,
i.e. it forces the user to stay within a perimeter defined by the
position and the capabilities of the sensors. Additionally, the
installation and maintenance of the sensors lead to increase the
cost of the system. The majority of approaches in human
activity recognition have relied on multiple wearable sensors
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attached at different locations of the body to detect everyday
tasks such as sitting, walking, and running, ascending and
descending stairs and jogging [4, 5]. To integrate activity
recognition into the daily life of the intended users,
unobtrusiveness is an important characteristic that needs to be
considered. Particularly, the acquisition of sensor data and
context information, using multiple body worn sensors are
often obtrusive and can cause inconvenience and discomfort to
the users. This may likely lead to the rejection of the newly
introduced technology by the users. Therefore, there is a need
to investigate new approaches that are unobtrusive and highly
to be accepted by the intended users without altering his or her
normal habits and lifestyle. Thus, the issue to be addressed in
this work is the use of a smart phone as a suitable sensor and
computing device for real-time human activity and context
recognition.
Motivated by lack of comprehensive approach in online
smartphone based activity recognition research, we propose a
use of smartphone accelerometer for recognizing daily
activities. We define the HAR problem as following:
Given a set W={W0,…,Wm-1} of m equally sized time windows,
totally of partially labeled and such that each Wi contains a set
of time series Si ={Si,0,…,Si,k-1} from each of the k measured
attributes, and a set A={a0,…,an-1}of activity labels, the goal is
to find a mapping function f:Si  A that can be evaluated for
all possible values of Si, such that f (Si) is as similar as
possible to the actual activity performed during Wi.
II.

MATERIALS AND METHODS

A. Proposed Architecture for Activity Recognition using
Smartphone
We propose architecture (Fig.1) that can be used to design a
user-centric context aware system. The proposed activity
recognition system consists of three components: to collect
sensor data using smartphone, preprocess the data and
recognize a user’s activity. The first step is modeling process
(feature computation, selection and extraction –indicated by
blue lines). The data from the smartphone is prepared and
processed by a selected learning algorithm. We define these
data as training data. The learning algorithms discover useful
information in the data. This information is then used to build
models. These models are defined as classifiers. In the second
process (indicated by red line) the acceleration data are
measured and then pre-processed to produce test data. The test
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data are then sent to the designated classifier to produce the
recognized activity.

between consecutive windows. Feature extraction on sliding
windows with a 50% overlap has demonstrated reasonable
results in previous works [4, 8, 11]. Five features have been
selected to be evaluated. These are: mean, standard deviation,
MAD (mean absolute deviation), time between peaks and the
resultant magnitude. These features were extracted from each
window, giving a total of 13 attributes. The following
Equations (1)-(4) denote the features that were calculated from
the datasets. These features are then used as an input for
WEKA data mining software to train and build the classifiers.

x

Fig. 1. Activity Recognition system overview.

B. Device and Data Collection
For this research work, activity data was collected from 50
healthy subjects (30 males and 20 females) between the ages of
21 and 35 years old, with an average height of 172 cm and
average weight of 67 kg. Six common daily activities were
selected: walking, jogging, using stairs, sitting, standing and
lying down. A custom build Android application was used for
data collection and annotation. Subjects carried the Android
phone in their front pants leg pocket and were trained on the
use of this application prior to data collection. The acceleration
signals were sampled at 20Hz from which features were
extracted and stored on a SD card in the smartphone. This
sampling frequency has shown to be sufficient to capture most
of the everyday activities [6]. Moreover, lower sampling
frequency allows reducing the computational load of the
smartphone in terms of data collection and storage. The feature
extracted data stored on the SD card has been used for building
classification models using WEKA (Waikato Environment for
Knowledge analysis) [7]. The classifiers were trained offline,
and the best classifier was transferred to the smartphone after
cross validation and non-parametric statistical test.
III.

DATA PROCESSING AND CLASSIFICATION

A. Feature Extraction
Feature extraction is an important step in any accelerometer
based HAR system. Mobile phones are energy constrained
devices therefore, it is essential to prolong the device battery
life, utilizing features that are energy efficient (light weight)
and accurate to preserve battery life and ensure high accuracy.
Vast number of time and frequency domain features has been
reported in the previous studies with varying success rate. The
most widely used time domain features include: mean [4, 8, 9],
variance [4, 8] or standard deviation [4, 8], energy, entropy
correlation between axes [4, 8], signal magnitude area and so
on. The popular frequency domain features are FFT (Fast
Fourier Transform) and DCT (Discrete Cosine Transform)
coefficients [10].
Frequency domain features require longer time windows
which increases the computational cost, thus are not suitable
for real-time applications. While time domain features can be
easily extracted in real-time. Due to these advantages, for this
study, simple time domain features were chosen. Time domain
statistical features were extracted from acceleration data using
a window frame of 512 samples with 256 samples overlapping
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B. Classification Models
Various classification models have been applied to problem
of activity recognition. However, there is no universally
accepted method of detecting a particular range of activities
and all these techniques have associated limitations and
benefits. In order to identify which machine learning algorithm
provided the most accurate activity detection, J48 (C4.5
Decision Tree), BN (Bayesian Network), MLP (Multilayer
perceptron), NB (Naïve Bayes), RT (Random tree), RBFNet
(Radial Basis Function), SMO (Sequential Minimal
Optimization) and Logistic Regression were applied to data.
However, in order to choose the most accurate one by
comparing the two classifiers, a 5x2-fold cross validation along
with a paired t-test as recommended in [12] was subsequently
performed. A paired t-test was performed on the results to
identify if the percentage of correctly classified instances was
significantly different using the J48 as the baseline scheme,
with the other seven algorithms being compared to it. A value
of p < 0.05 was considered statistically significant. The 5x2cv
~
t statistic is defined as follows:
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Where pi is the difference between the accuracies of both
classifiers in the j-th iteration for 1 ≤ j ≤ 2 and the i-th
2
(1)
2
( 2)
2
replication; si  ( pi  p )  ( pi  p ) is the estimated
from the i-th replication for 1  i  5 ;
p  ( p (1)  p ( 2 ) ) / 2 . Under the null hypothesis,

variance
and

~
t follows the Student's t distribution with 5 degrees of
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freedom. It has been proven that the 5x2-fold cross validation
with the paired t-test is more powerful than the non-parametric
McNemar's test and provides a better measure of the variations
due to the choice of the training set [12].
IV.

RESULTS AND DISCUSSION

Two types of analyses have been proposed to evaluate
activity recognition systems: subject-independent and subjectdependent evaluations [13]. In the former, only one classifier is
built for all individuals and the evaluation is carried out by
cross validation analysis. In the second one, a classifier is
trained and tested for each individual. For this study, we have
carried out both the evaluations.
A. Subject-Independent Analysis
There were approximately 6,000 samples for each activity
with a total number of 1,800,000 samples. The resulting
examples contain 5656 instances, 13 attributes and cover 50
users. In total eight classifiers were evaluated with five
different random seeds si  {1, 128, 255, 1023, 4095}. Table I
shows the results of the 5x2-fold cross validation for the
accelerometer dataset. Note that the highest overall accuracy
was achieved by the J48 classifier (i.e., 95.156%). In order to
find the best classifier for the dataset, a paired two-tailed t-test
was performed between the J48 and all other classifiers with a
significance level α = 0.05. The null hypothesis is that each
pair of classifiers achieved the same mean accuracy. As a result
of the tests, the p-values are included in the last column of
Table I. Since all the p-values are below the significance level,
there is strong statistical evidence that J48 is more accurate
than all other classifiers in the tested dataset.
Since, 2-fold cross validation takes into account only half
of the dataset during training, it is essential to point out that a
5x2-fold cross validation is not performed to measure the
classification accuracy but to rather find differences in the
overall accuracy of the classifiers. To measure the actual
classification accuracy, a 5x10-fold cross validation was
performed on the dataset. After evaluating the best classifiers
in each dataset for all five random seeds, the overall accuracy
for J48 classifier reached 96.02%. A more detailed analysis
was carried out for each activity by calculating a number of
performance metrics: precision, recall, F-measure, False
Positive Rate, and False Negative Rate. Fig. 2 compiles the
results of the evaluation metrics.

TABLE I.
s1
BN
MLP
NB
J48
RT
RBFNet
SMO
Logistic

76.82
93.90
58.06
94.97
93.67
72.02
89.48
91.90

CLASSIFICATION ACCURACY OF 5X2-FOLD CROSS
VALIDATION (UNITS: %)

s2
77.81
94.44
57.60
95.15
94.40
71.79
89.78
92.60

s3
77.19
93.86
57.42
95.03
94.48
71.03
90.11
92.45

s4
77.38
93.86
57.70
95.40
94.67
73.03
90.27
92.71

s5
77.29
94.14
56.48
95.20
94.51
72.77
89.71
91.77

Avg.
77.30
94.04
57.45
95.16
94.35
72.13
89.87
92.29

Fig. 2. Classification Accuracy: Precision, Recall, FPR, FNR, and Fmeasure.

The confusion matrix for the best classifier, J48, is shown
in Table II after five iterations using five different random
seeds. As we took a closer look at the classification results, not
all activities had equally high recognition accuracy. The
recognition accuracy for activity, walking, sitting, standing and
lying down using J48 classifier was higher than 94%. The
confusion matrix could be used to understand how well a
certain classifier had performed. For example, by comparing
the ground truth and the classification outcomes for each
movement, 2204 instances of walking were correctly classified,
while others were misclassified as jogging (2 instances), stairs
(20 instances), sitting (14 instances), standing (6 instances) and
lying down (4 instances).
B. Subject-dependent Analysis
Given that the training phase is generally more expensive
than the evaluation; the classifier implemented on the
smartphone was trained a priori in WEKA using J48 classifier
and then transferred to the smartphone. The results presented in
this section were accomplished online where feature extraction
and performance metrics were computed on the smartphone.
Thus, the results presented here are more realistic.
For this experiment, two individuals A and B who were new
to the system were employed. Each individual performed all
the six activities in a naturalistic environment. In training
mode, each user set the real activity as the ground truth and
performed said activity for a certain amount of time.
Meanwhile, the smartphone application computes the classified
activity using J48 algorithm and displayed it on the phone.
Table III (A) and (B) display the confusion matrices for J48
classifier for both individuals.
TABLE II.

Predicted Class (Overall Accuracy: 96.02%)

p-value
<0.001
0.001
<0.001
0.004
<0.001
<0.001
<0.001

CONFUSION MATRIX FOR THE BEST CLASSIFIER J48.

Walk
Jog
Stairs
Sit
Stand
LayDown

Walk

Jog

Stairs

Sit

Stand

2204
6
31
18
5
5

2
161
5
4
1
2

20
9
212
7
1
0

14
3
1
1425
12
19

6
2
2
22
842
6

Lay
Down
4
3
0
11
4
587

%
Correct
97.96
87.50
84.46
95.83
97.34
94.83
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TABLE III.

CONFUSION MATRIX FOR INDIVIDUALS A AND B

(A)
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