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Abstract—Activity recognition has become the necessity of smart homes, future factories, and
surveillance. Activities independent of body posture predominantly exhibiting gestures involving both
arm and the wrist motion supports the use of the wearable sensors for data acquisition. This paper uses
an algorithm based prediction method to recognize the Activities of Daily Life (ADL) involving activities
like mobility, feeding, and functional transfers. The classification of the various activities were carried out
by using decision tree — J48 algorithm from the acquired dataset.
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I. INTRODUCTION

Human activity recognition study has been a vast area of research in recent days. Its application and need is
growing rapidly in various automated environment of smart homes, surveillance, and robotics. Besides, human
activity recognition has become an important feature for real time embedded systems. Conventionally, there is a
problem with the sensors distributed over the environment to recognize activity of daily life. This limitation can
be covered by using wearable sensors.

Activity recognition with machine learning approach using actigraph watch helped to obtain classified data of
91.39% classification accuracy using LogitBoost algorithm [1]. Actigraph sensor technology integrates real time
health monitoring with ADL recognition. Comparatively it is expensive (approximately 225-275 USD) than an
accelerometer. Which makes an actigraph sensor unsuitable for a common user. Previously, activity recognition
using hierarchical framework have been tested for the daily morning activity of an individual which has
involved six distinct activities [2]. The idea expressed in the paper was to define the probability and sequence of
tasks carried out by the individual for the analyzed activity. It was found to give a new scope in designing an
assisted smart living system. It can be emphasized that activity recognition using hierarchical framework could
reduce the complexity in understanding and assisting the real world situations. Similarly, a two stage Markov
model were built to communicate the relation and probability between a series of distinct activities [3][16].

ADL were monitored with a camera, by capturing one million of frames for machine learning and was found
to give promising results. Eventually the data requirement of the method was very large and this supports the
use of an accelerometer based sensor [4].

It was found that new approaches and methods are required to deal with the sensor data to recognize different
activities and complexity. Ontology based approach has been proved to be a promising method to recognize
different activities [5][6][7]. It was also emphasized that there is an immense necessity in developing a system
that could understand complex real world situations.

Previously, wearable biosensors were used for real time continuous health monitoring. It is also used to
provide personalized and affordable health care monitoring [8] and for sweat rate monitoring [9]. It was found
that factors like simplicity, low cost, wearability and real time measurements uphold wearable sensors than any
conventional system for real time application. Though wearable sensors were accepted widely, it carried several
bottle neck criteria which need continuous attention in order to ensure optimal accuracy over its operation or in
usage.

Il. LITERATURE SURVEY

ADL recognition is a challenging research field in Ambient Intelligence (Al). Similarly, motion primitive
recognition has been proposed to carry out with Gaussian Mixture Modelling (GMM) and Gaussian Mixture
Regression (GMR) to create activity models and also to compare the classification procedure for an automatic
recognition system [11]. It is clear that acceleration data from the accelerometer is considered to give advantage
in ADL recognition and for an easy run time classification [12]. The properties exploiting GMM and GMR were
analyzed, which helps one to understand the importance of comparison procedure while dealing with
acceleration data for ADL recognition.
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Similar paper [13] investigated the optimum selection for number of Gaussians to build motion models,
which is usually assumed to be a priori known. Also, the correlation among the three axes of the accelerometer
were analyzed and found that the results were more accurate than the commonly adopted approach.

The conventional classification methods with crisp thresholds, brittleness and inaccuracy in system were
analyzed for the uncertainty associated with the recognition [14]. It was found that modular techniques can be
adopted by modifying the classifier approach in a minimal way, which is also applicable for classification of
various domain.

Knowledge driven approach were used for continuous activity recognition using multi-sensor streams in
smart homes based on ontological modelling and semantic reasoning. The domain knowledge was previously
compared before giving a classification result and the focus of the system were to unify ontological modelling
and representation for both sensor data and activities which facilitate domain knowledge reuse and the
exploitation of semantic reasoning for activity recognition [15]. It is clear that the strength of traditional data-
driven approach can be blended with knowledge-driven practices, which makes the approach more flexible and
applicable.

Accelerometer sensor was previously used for gait recognition which is a similar activity to ADL. The data
from the accelerometer was used to authenticate by using histogram similarity and cycle length [16, 17, 18]. It
was found that the accelerometer based gait recognition system had better precession than the vision based gait
recognition system which reveals the use of an accelerometer based sensor for gesture or pattern recognition
applications.

1. ADL RECOGNITION SYSTEM

Wrist wearable tri-axial accelerometer embedded in an ad-hoc sensing device was used to obtain data of
ADL. Data acquisition was carried out with the sensor worn in the right hand of the volunteers. The
specification of the accelerometer used for data acquisition can be found in Table-1. The average age of the
volunteers was 57.4 and the minimum age of the volunteers is 19 and the maximum age is 81 and their average
weight was 72.7 kg and the minimum weight and the maximum weight were 56 kg and 85 kg respectively.
Initially the dataset had recordings from 16 volunteers performing 14 ADL, namely brushing teeth, climbing the
stairs, combing hair, climbing down stairs, drinking from a glass, eating with fork and knife, drinking soup,
getting up from the bed, lie down in bed, pouring water in a glass, sitting down on a chair, standing up from a
chair, using telephone and walking. However, only 7 ADL were chosen for further study namely climbing the
stairs, drinking from a glass, getting up from the bed, pouring water in a glass, sitting down on a chair, standing
up from a chair and walking. Hence, the number of instances was comparatively lesser in the excluded classes
of ADL which lead to biased classification.

TABLE 1. Sensor specification

Type Tri-axial accelerometer
Measurement
-1.5g to +1.5g
range
Sensitivity 6 bits per axis
Output data 32 Hz
Location Right wrist
X axis position Pointing towards the hand
Y axis position Pointing towards left direction
Z axis position Perpendicular to the plane of the hand
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V. STATISTICAL FEATURE

Classification cannot be carried by using the raw data obtained from the accelerometer. Hence, extraction of
statistical features is inevitable. The descriptive statistical parameters such as kurtosis, mean, median, skewness,
minimum value, maximum value, mode, standard error, standard deviation, sum, sample variance, range and
count are the statistical features extracted from the obtained data of wearable sensors. The statistical feature was
extracted for all 700 instances. The detailed information for the statistical features can be found from the
extensive review.

V. DECISION TREE

A decision tree is a tree based knowledge methodology used to represent classification rules [19]. It is
commonly used for various data mining application. Decision tree is represented in the form of inverted tree
starting with root, branches, nodes and leaves, shown below in Fig 1. The J48 decision tree algorithm can be
used to classify both categorical and numerical data. It gives a set of “if-then” rules to classify a given set of
data points into different class. The if-then rules are graphically represented in the form of a tree, which is used
to make decision or prediction. Also, a decision tree expresses the structural information available within the
classified dataset; hence, the tree remains almost same for classification with any number of instances or data
points

A decision tree is built on the basis of the criteria used for selecting a statistical feature/variable/attribute to
split the classes and to select the optimum tree size. Various pruning factors are used in order to optimize the
tree size. The root element and the order of significance of the statistical features or the attributes contributing
to the decision tree are determined with the help of ‘information gain’.

The “information gain” gives the measure of information that can be gained from a particular attribute or a
statistical feature for a fast and efficient classification. The mathematical expression for calculating the
information gain can be defined as, “the difference in entropy before splitting a parameter to entropy after
splitting a parameter” for the given dataset and unit of information gain is “bits’.

The decision tree is built on the basis of the entropy value of the training data. The value of entropy can either
be high or zero. In this case, the entropy is high when the data points are equal for every class and zero when all
data points belong to the same class. Hence, in the formula ‘log base 2 of Pi’ always produce a negative
numerical to give entropy of positive value or zero and thereby balancing the mathematical expression with this
case. The branch growth of a decision tree is dependent on the entropy of an attribute or statistical feature. The
branch growth is stopped when the entropy is zero for an attribute or statistical feature.

In this case, suitable methodology is efficiently used to bring out the structural information from the
analyzeddataset and presented in Fig 1 and the description for the denoted attributes are defined and categorized
in Table 2.

TABLE 2. Activities of daily life (ADL)
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Sl. Denoted
Activities of daily
No. living (ADL) Motion primitive(s) by
1 Mobility Climbing the stairs A
2 Feeding Drinking from a glass B
Getting up from the
3 Functional transfers bed C
Pouring water in a
4 Feeding glass D
Sitting down on a
5 Functional transfers chair E
Standing up from a
6 Functional transfers chair F
7 Mobility Walking
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Fig. 1. Final decision tree

The following inferences were obtained from the decision tree:

e Only 11 statistical features were used by the classifier, the ‘sample variance’ and ‘mode’ does not
affect the classification result; hence, they can be excluded for further study.

e “‘Minimum’ is the most significant descriptive statistical feature contributing towards classification.

e Through extensive analysis, the set of ‘if-then’ rules from the decision tree can be extracted and used as
rules for fuzzy classifier.

VI.

RESULTS AND DISCUSSION

K. Rajesh Kanna et al. / International Journal of Engineering and Technology (IJET)

The classification was carried out for the data recorded from the wrist worn accelerometer for daily activity
which comprises dataset with 700 instances for 100 instances in each class. Initially the acceleration data in the
X, Y and Z axis was analyzed with J48 decision tree algorithm. It was found that acceleration data in the X axis

give better classification accuracy over the other for the same event.

A. Effect of features and feature selection:

The descriptive statistical features for the X axis acceleration data were extracted for the events and the
classification was done. Also, every single feature may not yield higher classification accuracy. Hence, the most
significant features contributing towards the classification was selected through preliminary study and was
found that only 11 descriptive statistical features contribute towards the classification. The root feature of the
general decision tree is the most significant feature, followed by the hierarchy of features contributing towards
classification from the decision tree.

Table 3 (a) Feature Selection

Features (In

the order of significance)

1 Minimum

2 Mean

3 Sum

4 Count

5 Skewness

6 Median

7 Standard deviation

8 Standard error

9 Range

10 Kurtosis

11 Maximum

12 Sample variance

13 Mode
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Table 3(b) Feature Selection

Features

Correctly Classified
Instances (%)

38.8571

57.4286

72.1429

73.4286

77.5714

79.4286

80.4286

80.1429

O OO0 | DB [WIN|PF

80.8571

[y
o

79.8571

[EEN
[EE

79.4286

-
N

79.4286

[N
w

79.4286

Vol 8 No 3 Jun-Jul 2016

1409



e-ISSN : 0975-4024 K. Rajesh Kanna et al. / International Journal of Engineering and Technology (IJET)

The feature selection was carried out by choosing features for classification in the hierarchy of its
significance and Table-3 shows that the outcome was found that the classification yield maximum accuracy of
80.8571% with first 9 significant features. However, lesser the number of features required for classification
reduce the time required for classification. Hence, the first seven most significant features were selected and
were found to give80.4286%classification accuracy which does not deviate to a large extend from the maximum
classification accuracy.

B. Effect of minimum number of objects

The minimum number of objects (m) is the most important pruning factor in J48 decision tree algorithm.
The most significant ‘m’ is found by varying it in the range of 1 to 100. From Fig 2 it is found that for the value
of ‘m’ as “1’, the classification accuracy is high. However, the classification carried out with minimum number
of objects as “1” cannot be standardized as it has higher level of uncertainty over filtering. Also, decision tree
algorithm is proposed to have simple interpretation and better understanding over the classified event. Hence, a
suitable decision tree and an acceptable classification accuracy of 78.5714% were found with ‘m’ value of
*15’in order to form a class.
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Fig 2: Effect of minimum number of object

C. Effect of confidence factor

The value of confidence factor lies between 0 and 1. The optimum value of ‘c’ was found by varying ‘¢’
within 0 and 1. From Fig 3, it was found that the classification yields maximum classification for a confidence
factor value from 0.55 to 0.95. Although, value of ‘c’ is chosen as 0.55 being the least and no significant change
in classification can be noted for the values between 0.55 and 0.95.
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Fig3: Effect of confidence factor

The detailed class wise accuracy gives better understanding over the classification. From Table-4 true
positive rate (TP rate) and false positive rate (FP rate) are shown which is of most importance. For a better
classification accuracy, the TP rate should be closer to ‘1’ and the FP rate should be closer to ‘0’. It is found that
the built model is good.

TABLE 4. Detailed accuracy by class

F- ROC
TP Rate | FP Rate | Precision Recall measure Area Class
0.79 0.023 0.849 0.79 0.819 0.929 A
0.87 0.03 0.829 0.87 0.849 0.951 B
0.8 0.052 0.721 0.8 0.758 0.942 C
0.82 0.042 0.766 0.82 0.792 0.959 D
0.73 0.035 0.777 0.73 0.753 0.94 E
0.65 0.052 0.677 0.65 0.663 0.88 F
0.87 0.12 0.926 0.87 0.897 0.941 G
Weighted
Average 0.79 0.035 0.792 0.79 0.79 0.934

The classification accuracy of the C4.5 decision tree algorithm is represented in the form of confusion
matrix shown in Table-5. From the Table, the following inferences were derived:

e The correctly classified instances by the classifier are represented as the diagonal elements of the
confusion matrix.

e  The first element of the first row in the confusion matrix gives the number of data points belonging to
the class or event "climbing the stairs” i.e. ‘A’.

e The second element of the first row gives the number of data points belonging to class of "climbing the
stairs (A)", however misclassified under class of "Drinking from a glass".

e  Similarly, number of misclassified instances in each class can be found individually. Computing the
total number of misclassified instances the total error percentage of the classification is found to be
21%.
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TABLE 5. Confusion matrix

Classified

a b d e f g as:

79 0 4 0 5 6 6 a=A
0 87 12 1 0 0 b=B
3 0 80 4 4 8 1 c=C
0 14 1 82 3 0 0 d=D
0 3 6 3 73 15 0 e=E
7 1 16 5 6 65 0 f=F
4 0 4 1 2 2 87 g=G

VIL. CONCLUSION

Initially, the data were acquired with respect to all the three axis of the accelerometer sensor.Through the

study it was found that the data acquired from the x-axis alone plays a predominant role in ADL prediction with
a significant classification accuracy. The J48 decision tree algorithm was used to determine the significant
features required for the prediction of an ADL and to explore the hidden information available in the acquired
data. The proposed approach yields promising result and more significantly, the use of single axis sensor data
which drastically reduces the computational time of the system. Besides, this reduction in computation time of
the ADL recognition system gives a better scope in the development of similar technology in future.

[1]
[2]
(3]
(4]
(5]
(6]
(7]
(8]
[9]
[10]

[11]

[12]

[13]
[14]
[15]
[16]

[17]

[18]
[19]
[20]

[21]

p-ISSN : 2319-8613

REFERENCE

Srinivasan R, Chen C, Cook D. Activity recognition using actigraph sensor. In Proceedings of the Fourth Int. Workshop on
Knowledge Discovery form Sensor Data (ACM SensorKDD’10), Washington, DC, July 2010 Jul 25 (pp. 25-28).

Naeem U, Bigham J. Activity recognition using a hierarchical framework. InPervasive Computing Technologies for Healthcare, 2008.
PervasiveHealth 2008. Second International Conference on 2008 Jan 30 (pp. 24-27). IEEE.

Love Kalra, Xinghui Zhao, Axel J. Soto, EvangelosMilios: Detection of daily living activities using a two-stage Markov model.
Journal of Ambient Intelligence and Smart Environments , 2013; 273-285.

Pirsiavash H, Ramanan D. Detecting activities of daily living in first-person camera views. InComputer Vision and Pattern
Recognition (CVPR), 2012 IEEE Conference on 2012 Jun 16 (pp. 2847-2854). IEEE.

Chen L, Khalil I. Activity recognition: Approaches, practices and trends. InActivity Recognition in Pervasive Intelligent Environments
2011 (pp. 1-31). Atlantis Press.

Ihn-Han Bae: An ontology-based approach to ADL recognition in smart homes. ELSEVIER journal Future Generation Computer
Systems 33 ,2014; 32-41.

George Okeyo, Liming Chen, Hui Wang: Combining ontological and temporal formalisms for composite activity modelling and
recognition in smart homes. ELSEVIER journal Future Generation Computer Systems 39, 2014 Febuary; 29-43.

Y. Rajeshwari, T. Srilatha: A Real —Time Continuous Monitoring of Health Using Wearable Biosensors. International Journal of
Emerging Technology and Advanced Engineering, 2013 September; 557-560.

Pietro Salvo, Fabio Di Francesco, Daniele Costanzo, Carlo Ferrari, Maria Giovanna Trivella, Danilo De Rossi: A Wearable Sensor for
Measuring Sweat Rate. IEEE SENSORS JOURNAL, 2010 OCTOBER; 1557-1558.

AnkushNayyar ,HemantLenka: Design and development of wrist-tilt Based pc cursor control using Accelerometer. International
Journal of Computer Science, Engineering and Applications (IJCSEA) Vol.3, No.4, 2013 August; 67-74.

Barbara Bruno, FulvioMastrogiovanni, Antonio Sgorbissa, TullioVernazza, Renato Zaccaria: Analysis of Human Behavior
Recognition Algorithms based on Acceleration Data. IEEE International Conference on Robotics and Automation (ICRA) Karlsruhe,
Germany. 2013 May; 1594-1599.

Barbara Bruno, FulviaMastrogiovanni, Antonio Sgorbissa, TullioVemazza and RenataZaccaria: Human Motion Modelling and
Recognition: a Computational Approach. IEEE International Conference on Automation Science and Engineering , Seoul, Korea.
2012 August; 156-161.

Barbara Bruno, FulvioMastrogiovanni, Alessandro Saffiotti, and Antonio Sgorbissa: Using Fuzzy Logic to Enhance Classification of
Human Motion Primitives. Springer International Publishing , Switzerland. 2014 ; 596-605.

Chen L, Nugent CD, Wang H. A knowledge-driven approach to activity recognition in smart homes. Knowledge and Data
Engineering, IEEE Transactions on. 2012 Jun;24(6):961-74.

DavrondzhonGafurov, KirsiHelkala, TorkjelSondrol: Biometric Gait Authentication Using Accelerometer Sensor. Journal of
computers, vol. 1, no. 7, 2006 October ; 51-59.

George Okeyo, Liming Chen, Hui Wang, Roy Sterritt: Dynamic sensor data segmentation for real time knowledge-driven activity
recognition. ELSEVIER journal Pervasive and Mobile Computing 10,2014 November; 155-172.

An Q, Ishikawa Y, Nakagawa J, Kuroda A, Oka H, Yamakawa H, Yamashita A, Asama H. Evaluation of wearable gyroscope and
accelerometer sensor (PocketIMU2) during walking and sit-to-stand motions. INRO-MAN, 2012 IEEE 2012 Sep 9 (pp. 731-736).
IEEE.

Iglesias JA, Angelov P, Ledezma A, Sanchis A. Human activity recognition based on evolving fuzzy systems. International Journal of
Neural Systems. 2010 Oct;20(05):355-64.

Sugumaran V, Muralidharan V, Ramachandran KI. Feature selection using decision tree and classification through proximal support
vector machine for fault diagnostics of roller bearing. Mechanical systems and signal processing. 2007 Feb 28;21(2):930-42.
Sugumaran V, Ramachandran KI. Automatic rule learning using decision tree for fuzzy classifier in fault diagnosis of roller bearing.
Mechanical Systems and Signal Processing. 2007 Jul 31;21(5):2237-47.

Sugumaran V, Sabareesh GR, Ramachandran KI. Fault diagnostics of roller bearing using kernel based neighborhood score multi-class
support vector machine. Expert Systems with Applications. 2008 May 31;34(4):3090-8.

Vol 8 No 3 Jun-Jul 2016 1412



e-ISSN : 0975-4024 K. Rajesh Kanna et al. / International Journal of Engineering and Technology (IJET)

[22]
[23]
[24]
[25]
[26]
[27]

[28]

[29]
(30]
[31]
(32]
(33]
(34]
(35]

(36]

Elangovan M, Ramachandran Kl, Sugumaran V. Studies on Bayes classifier for condition monitoring of single point carbide tipped
tool based on statistical and histogram features. Expert Systems with Applications. 2010 Mar 15;37(3):2059-65.

S.Devendiran ,K.Manivannan: Condition monitoring on grinding wheelwear using wavelet analysis and decision tree C4.5 algorithm.
International Journal of Engineering and Technology (IJET), 2013 October; 4010-4024.

Chao Chen ,CarlosPomalaza-Réaez: Implementing and evaluating a wireless body sensor system for automated phosiological data
acquisition at home. International Journal of Computer Science and Information Technology, Volume 2, Number 3, 2010 June; 24-38.
Dana Kulic, ChristianOtt, Dongheui Lee, Junichi Ishikawa, Yoshihiko Nakamura: Incremental learning of full body motion
primitives and their sequencing through human motion observation. The International Journal of Robotics Research, 2011; 1-16.
Wilson DH, Atkeson C. Simultaneous tracking and activity recognition (STAR) using many anonymous, binary sensors. InPervasive
computing 2005 May 8 (pp. 62-79). Springer Berlin Heidelberg.

Enzo Pasquale Scilingo, Federico Lorussi, Alberto Mazzoldi, Danilo De Rossi: Strain-Sensing Fabrics for Wearable Kinaesthetic-Like
Systems. IEEE SENSORS Journal, vol. 3, no. 4, 2003 August; 460-467.

Vacher M, Lecouteux B, Chahuara P, Portet F, Meillon B, Bonnefond N. The Sweet-Home speech and multimodal corpus for home
automation interaction. InThe 9th edition of the Language Resources and Evaluation Conference (LREC) 2014 May 26 (pp. 4499-
4506).

GeetikaSingla, Diane J. Cook, Maureen Schmitter-Edgecombe: Tracking Activities in Complex Settings Using Smart Environment
Technologies. International Journal of BioSciences, Psychiatry and Technology, 2009; 25-35.

DannyWyatt, MatthaiPhilipose, Tanzeem Choudhury: Unsupervised Activity Recognition Using Automatically Mined Common
Sense. American Association for Artificial Intelligence, 2005.

Ademola Philip Abidoye, NureniAyofeAzeez, AdemolaOlusolaAdesina, et al : Using Wearable Sensors for Remote Healthcare
Monitoring System. Journal of Sensor Technology, 2011; 22-28 .

N. S. Marne, Prof. Dr. M. S. Nagmode, Prof. R. D. Komati: Vibration measurement system with acclerometer sensor based on ARM.
International Journal of Emerging Technology and Advanced Engineering, 2014 April; 760-764.

Ashraf Darwish, Aboul Ella Hassanien: Wearable and Implantable Wireless Sensor Network Solutions for Healthcare Monitoring.
JournelSensors, 2011; 5561-5595.

Carmen C. Y. Poon, Qing Liu, HuiGao, Wan-Hua Lin, Yuan-Ting Zhang: Wearable Intelligent Systems for E-Health. Journal of
Computing Science and Engineering, 2011 September; 246-256.

P. S. Pandian, K. P. Safeer, Pragati Gupta, D. T. Shakunthala, B. S. Sundershesh, V. C. Padaki: Wireless Sensor Network for Wearable
Physiological Monitoring. Journal of networks, vol. 3, no. 5, 2008 May; 21-29.

J.R. Quinlan : Induction of Decision Trees. Kluwer Academic Publishers, Boston, 1986; 81-106.

p-ISSN : 2319-8613 Vol 8 No 3 Jun-Jul 2016 1413



	Activities of Daily Life (ADL) Recognitionusing Wrist-worn Accelerometer
	Abstract
	Keyword
	I. INTRODUCTION
	II. LITERATURE SURVEY
	III. ADL RECOGNITION SYSTEM
	IV. STATISTICAL FEATURE
	V. DECISION TREE
	VI. RESULTS AND DISCUSSION

	VII. CONCLUSION
	REFERENCE




