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ABSTRACT

ARTICLE INFO

With the rapid development of mobile devices and pervasive computing Technologies,
acceleration-based human activity recognition, a difficult yet essential problem in
mobile apps, has received intensive attention recently. Activity recognition fits within
the bigger framework of context awareness. In this paper, we report on our efforts to
recognize user activity from accelerometer data. The key benefits of using the
smartphone accelerometer for human mobility analysis, with or without location
determination based upon GPS, Wi-Fi or GSM is that it is energy-efficient, provides
real-time contextual information and has high availability. Using measurements from
an accelerometer for human mobility analysis presents its own challenges as we all
carry our smartphones differently and the measurements are body placement
dependent. Activity recognition is formulated as a classification problem.
Performance of base-level classifiers and meta-level classifiers is compared
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I.

INTRODUCTION

Human activity recognition receives more attentions in
recent years, due to many applications, such as video
surveillance[27], [28], health care [29], [30], and contextaware computing[31], [32]. In general, pattern recognition
schemes can directly handle the samples which are
represented in a vector space. In most neural networks
system, such as character recognition[33] and traffic signs
recognition[34] , the samples can be easily converted into
feature vectors after normalizing the size of the input
images.
Existing human activity recognition systems, which can
be classified into two groups: computer vision-based
systems and accelerometer-based systems[32], often suffer
from the diffi-culty of effective feature representation and
selection. Com-puter vision-based human activity
recognition systems[35] perform poorly because of the
variations of illumination con-ditions in sophisticated
environments and motion blur.
Mobility awareness and mobility based services (MBS),
in contrast to position or location based services (LBS)
focus on mobility in the sense of how someone or
something moves in the physical world to a pre-planned
destination and covers ad hoc movement away from the
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current location. The emphasis is on the type of the mobility
rather than on the location context, however these two may
be combined in a complementary manner. Mobility can be
characterized at a low level as the rate of change of location
or position in (x, y, z) directions and velocity with respect to
time. At a higher level of abstraction, mobility represents an
associated human mobility type of activity such as being
stationary versus walking. Mobility patterns of acceleration
can be used to determine the travel or transportation mode
of the user, i.e., the user is in a moving vehicle versus
walking. Wearable devices are getting more and more
popular recently, which presents a convenient and portable
way to record physiological data from users. Thus it is more
possible to collect physical-related data and perform further
analysis. All these data will be generated and made
available to better understand the activities users are
performing in and could be used to monitor health or Recreational activities.
A. Computer vision-based human activity recognition
Computer vision-based human activity recognition
systems[35] decomposed images into a variable number of
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parts using interest point/region detectors, and then some
feature descriptors, such as speed up robust features[36],
scale invariant feature transform[37], and local binary
patterns[38], are used to represent these parts. The
conventional pattern recognition algorithms cannot apply.
Spatial pyramid matching [29] and locality-constrained
linear coding [46] are proposed to address this problem by
utilizing efficient coding schemes. Using dissimilarity-based
representation concepts, Carli et al. [10] proposed a
common framework to obtain robust performance.
Computer vision-based human activity recognition
systems [24] perform poorly because of the variations of
illumination conditions in sophisticated environments and
motion blur.
B. Accelerometer-based human activity recognition
Accelerometer-based human activity recognition [28],
[43], [47] is an important alternative, which has received
increasing attentions due to the popularity of smart phones
in recent years. It exploits acceleration signals from smart
phones equipped with the accelerometer to analyze and
recognize daily human activities such as standing, walking
and running. This approach has largely increased the
possibility to reach the dream of pervasive computing.
Recently, Kwapisz et al. [28], Tentori and Favela [43], and
Wang et al. [47] have made significant progress in mobile
music recommendation and mobile activity monitor by
utilizing a set of related technologies. Before we apply
learning models to the acceler-ation signals, there is a
problem to be noticed, i.e., different acceleration signals for
representing different activities or even the same activity
with different attributes that could cause trouble in aligning
time-axis and determining the length of signals. However, it
is a standard scheme [2], [28], [45] to use fixedlength signal
segments to represent a human activity.
Accelerometer based human activity recognition
systems [28] cannot perform well because the sensor
positions are not fixed.
II. REVIEW OF LITERATURE
Energy-Efficient Human Mobility Sensing(EHMS)[1]
in-volves the study of the generated user accelerometer
patterns and design of a probabilistic algorithm with a high
accuracy without the need for noise filtering and specific
on-body place-ment. To achieve real-time human mobility
state by performing all calculations locally within the
smartphone. EHMS able to accurately classify
accelerometer data from a specialized subset of human
mobility states including stationary with no movement e.g.,
smartphone resting on a table, stationary with slight
movements (sitting, lying down, and standing) and inmotion (walking, jogging, cycling, motorized movement
including travel by bus, light rail train, underground train,
taxi, and car).
Accelerometer augmented mobile phone localization
(AAMPL)[2] which detects a users movement using the
mobile phone accelerometer and in-turn places the mobile
phone in the right context. The AAMPL framework acquires
the approximate physical location of a mobile phone, and
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augments it with a context-aware logical localization.
Evaluation of AAMPL on Nokia N95 phones shows that it
is able to correctly display physical locations determined
using the phones GPS on Google Maps.
Energy efficient mobile sensing system (EEMSS)[3]
which uses the embedded mobile phone sensors to
recognize hu-man mobility states and to detect state
transitions. It uses a combination of sensor readings from an
accelerometer, Wi-Fi, GPS, and a microphone to
automatically recognize the human mobility state defined in
three dimensions: motion (such as running or walking),
location (such as staying at home or in a motorized vehicle
on a freeway) and background environment (such as a loud
or quiet location). EEMSS has the ability to detect the
human mobility state and transition using low-energy
mobile phone sensors.
EnTracked [4] can track mobile devices robustly and
energy-efficiently.
EnTracked
can reduce
power
consumption and guarantee robustness by calculating an
optimal plan, using an accelerometer to decide when to turn
on and off sensors such as the GPS. This architecture uses
both an accelerometer and GPS to detect a change in the
human mobility state.
Reddy, M. Mun,[5] uses a mobile phone with a built-in
GPS receiver and accelerometer to detect transportation
modes. The transportation modes identified include
stationary, walking, running, biking, or motorized transport.
They found that a combination of multiple algorithms can
lead to higher transport mode detection accuracy.
Khan et al.[6] show that kernel discriminant analysis
(KDA) outperforms linear discriminant analysis (LDA) at
improving class separation in terms of accuracy. They also
use the signal magnitude area to differentiate between static
and dynamic activities using 3D accelerometer signals.
Nick et al. [7] classified transportation modes using accelerometer data. The transport modalities of interest are:
travel by car, train and pedestrians. The results showed an
higher accuracy using a one-against-one or one-against-all
support vector machine as compared to using a naive Bayes
(NB) classifier.
EnLoc [8] developd an energy-efficient localization
frame-work called EnLoc. The framework characterizes the
optimal localization accuracy for a given energy budget, and
develops prediction based heuristics for real-time use.
Evaluation on traces from real users demonstrates the
possibility of achieving good localization accuracy for a
realistic energy budget.
Ling Bao[9] developed an algorithms and evaluated to
detect physical activities from data acquired using five small
biaxial accelerometers worn simultaneously on different
parts of the body.
Nishkam Ravi[10] recognizes user activity from
accelerom-eter data. Author compared the Performance of
base-level classifiers and meta-level classifiers and plurality
Voting is found to perform consistently well across different
settings.
Moustafa Youssef et al.[11] proposed GAC: a hybrid
GPS/accelerometer/compass scheme that depends mainly on
using the low-energy accelerometer and compass sensors
and uses the GPS infrequently for synchronization.

Page 2

www.ierjournal.org

International Engineering Research Journal (IERJ), Volume 2 Issue 7 Page 2329-2335, 2017 ISSN 2395-1621

III. HAR CLASSIFICATION METHODS
A. Decision Tree
Decision trees build a hierarchical model in which
attributes are mapped to nodes and edges represent the
possible attribute values. Each branch from the root to a leaf
node is a classifi-cation rule. C4.5 is perhaps the most
widely used decision tree classifier and is based on the
concept of information gain to select the attributes that
should be placed in the top nodes[12]. Decision trees can be
evaluated in O(log n) for n attributes, and usually generate
models that are easy to understand by humans.
The decision tree algorithm used in this work can
recognize the content of activities, but may not readily
recognize activity style. Although a decision tree algorithm
could potentially recognize activity style using a greater
number of labels such as “walking slowly”, “walking
briskly”, “scrubbing softly”, or “scrubbing vigorously”, the
extensibility of this technique is limited. Recognition
accuracy is highest for decision tree classifiers, which is
consistent with past work where decision based algorithms
recognized lying, sitting, standing and loco-motion with
89.30% accuracy[13]
The binary decision tree algorithms with simple
threshold rules can be implemented as an if-else
structure[14]. The simplified decision tree algorithm
implemented in the online system is shown in Fig 1.
B. Bayesian
Bayesian methods calculate posterior probabilities for
each class using estimated conditional probabilities from the
train-

The fitting of probability distributions to acceleration
fea-tures under a Naive Bayesian approach may be unable to
adequately model such rules due to the assumptions of conditional independence between features and normal distribution of feature values, which may account for the weaker
performance. Furthermore, Bayesian algorithms may require
more data to accurately model feature value
distributions[13]. Naive Bayesian(NB) is a common method
used to solve classification problems, since it has the ability
to work with a large amount of data with low computational
power demand [15]. This method uses the probability
information residing in the training data in order to find the
maximum probability of a new hypothesis using the Bayes
rule. For simplification, equal class probability and
independency between features were supposed.
In[17], Naive Bayes used as a baseline model to get a
rough idea of how is the training process going. In a bayes
classifier, assign a class label y^ = Ck for some k as follows:

C. k-nearest neighbors
k-nearest neighbors(KNN)[15][16] methods classify an
in-stance based upon the most similar instances in the
training set. For that purpose, they define a distance function
to measure similarity between each pair of instances. This
makes k-nearest neighbors classifiers quite expensive in
their evaluation phase as each new instance to be classified
needs to be compared to the entire training set. Such high
cost in terms of computation and storage, makes KNN
models not convenient to be implemented in a mobile
device.
This method uses all feature vectors of the training
dataset, instead of only one reference for every class[15].
The distance is calculated between the feature vector to be
classified and all the references. The classification is done
according to how many references of certain class are
nearest. Usually, k-Nearest
Neighbor improves the results since it employs more
data for comparison. However, this method demands more
memory space to store all reference training vectors[15].

Fig. 1. Decision tree structure used in the classification of the
activities[14]

ing set. The Bayesian Network (BN) classifier and
Naive Bayes (NB) are the principal exponents of this family
of classifiers. A key issue in Bayesian Networks is the
topology construction, as it is necessary to make
assumptions on the independence among features. For
instance, the NB classifier assumes that all features are
conditionally independent given a class value, yet such
assumption does not hold in many cases. As a matter of fact,
acceleration signals are highly correlated, as well as
physiological signals such as heart rate, respiration rate, and
ECG amplitude[12].
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In[17], a positive integer K and a test observation x0,
the KNN classifier first identifies the neighbors K points in
the training data that are closest to x0, represented by N0. It
then estimates the conditional probability for class j as the
fraction of points in N0 whose response values equal j:

D. Multi-Layer Perceptron
Multi-Layer Perceptron(MLP)[17][18][22] can be seen
as a fully connected neural network with one input layer,
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one hidden layer and one output layer as shown in Fig. 2. A
one-hidden-layer MLP can be formalized as follow: It is a
function f,
, where D is the size of input vector
x and L is the size of the output vector f(x), such that, in
matrix notation:

Hidden Markov Models (HMMs) have also been used
for physical activity recognition[23]. Since HMMs can
model transitions between physical activities, they are more
suitable for segmenting a time series into a sequence of
physical activity types rather than classifying an entire time
series as a single activity type.
HMMs have been successfully used in modeling
different types of time-series data, e.g. in speech
recognition, gesture tracking etc. HMMs is used to capture
the temporal dynamics, but instead of directly using the raw
features. In [23] HMMs trained using the posterior
probabilities of the static classifiers. The advantage of using
the posterior probabilities is that it can take advantage of the
results from the discriminatively trained classifier, as well as
reduce the complexity of the HMMs.
G. Boosting

Fig. 2. Structure of MLP[17]

E. Support Vector Machines
Support Vector Machines (SVM)[21] and Artificial
Neural Networks (ANN)[22] have also been broadly used in
HAR although they do not provide a set of rules
understandable by humans. Instead, knowledge is hidden
within the model, which may hinder the analysis and
incorporation of additional reasoning. SVMs rely on kernel
functions that project all instances to a higher dimensional
space with the aim of finding a linear decision boundary
(i.e., a hyperplane) to partition the data. Neural networks
replicate the behavior of biological neurons in the human
brain, propagating activation signals and encoding
knowledge in the network links. Besides, ANNs have been
shown to be universal function approximators. The high
computational cost and the need for large amount of training
data are two common drawbacks of neural networks.
Anguita et al. in [19]introduced the concept of a
Hardware-Friendly SVM (HF-SVM). This method exploits
fixed-point arithmetic in the feed-forward phase of the SVM
classifier, so as to allow the use of this algorithm in
hardware-limited devices.
Support Vector Machines[20] is a supervised learning
al-gorithm that classifies objects based on the support
vectors of a dataset or points lie closest to the decision
boundary. SVM maximize the distance between support
vectors and the decision boundary. In [20]the multi class
Hardware-Friendly SVM (MC-HF-SVM) approach is
proposed which is used for AmI systems for healthcare
applications such as activity monitoring on smart-phones.
This alternative that employs fixed-point calculations, can
be used for AR because it requires less memory, processor
time and power consumption.

Boosting[24] is used to improve the classification
accuracy of any given base-level classifier. Boosting applies
a single learning algorithm repeatedly and combines the
hypothesis learned each time, such that the final
classification accuracy is improved. It does so by assigning
a certain weight to each example in the training set, and then
modifying the weight after each iteration depending on
whether the example was correctly or incorrectly classified
by the current hypothesis. Thus final hypothesis learned can
be given as

Where, t denotes the coefficient with which the
hypothesis ht is combined. Both t and ht are learned during
the Boosting procedure.
H. Bagging
Bagging[25] is another simple meta-level classifier that
uses just one base-level classifier at a time. It works by
training each classifier on a random redistribution of the
training set. Thus, each classifiers training set is generated
by randomly drawing, with replacement, N instances from
the original training set. Here N is the size of the original
training set itself. Many of the original examples may be
repeated in the resulting training set while others may be left
out. The final bagged estimator, hbag(.) is the expected
value of the prediction over each of the trained hypotheses.
If hk(.) is the hypothesis learned for training sample k,

F. Hidden Markov Models
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IV. RESULT ANALYSIS
In [26] the performance of the different classifiers,
Multi-layer Perceptron, Random Forest, LMT, SVM,
Simple Logistic and LogitBoost are compared. Classifiers
were trained and tested using a 10-fold cross validation
method on the set of extracted features. The summary
results for activity recognition experiments are presented in
Table 1 for two datasets: phone in hand position and phone
in pocket position. Over-all, Multilayer Perceptron offered
the highest performance, yielding 89.48% accuracy for inhand position and 89.72% accuracy for in-pocket position.
SVM was the second most accurate for in-hand position. Its
good performance has been supported by prior research on
human activity recognition tasks. However, Our results also
showed that Random Forest demonstrated high accuracy for
both cases. Table 1 indicates that carrying the phone in
pocket or in hand produced similar results. Hence,
multilayer perceptron recognition method is robust to
smartphone position.

Fig. 3. Precision and Recall comparison with different classifies[1]

V. PERFORMANCE METRICS

In fig. 3 the classifiers are J48, decision table (DT),
bag-ging, naive Bayes and EHMS shows the precision and
recall comparison of EHMS vs. known existing
classifiers[1].

In general, the selection of the classification algorithm
for HAR has been merely supported by empirical evidence.
The vast majority of the studies use cross validation with
statis-tical tests to compare classifiers performance for a
particular dataset. The classification results for a particular
method can be organized in a confusion matrix Mnn for a
classification problem with n classes. This is a matrix such
that the element Mij is the number of instances from class i
that were actually classified as class j. The following values
can be obtained from the confusion matrix in a binary
classification problem:



True Positives (TP): The number of positive
instances that were classified as positive.
True Negatives (TN): The number of negative
instances that were classified as negative.



False Positives (FP): The number of negative
instances that were classified as positive.



False Negatives (FN): The number of positive
instances that were classified as negative.

Fig. 4. F-measure for human activity using four classifiers: in-hand phone
position[26]

In [26], F-measure is calculated for human activity
using four classifiers i.e multilayer perceptron, SVM,
Random forest and combination of classifiers.
VI. CONCLUSION

The accuracy is the most standard metric to summarize
the overall classification performance for all classes and it is
defined as follows:
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This paper is a survey of the current research on human activity recognition. Human activity recognition
receives intensive attentions in recent years, due to many
practical applications, such as video surveillance, health
care, and context-aware computing. Accelerometer data is
collected and from that features are extracted and by using
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classifier human activity is classified. There are different
classifiers are used like, decision tree, bayesian network,
multilayer perceptron, SVM etc. EHMS able to accurately
classify accelerometer data from a specialized subset of
human mobility states.
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