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Abstract

This research emphasizes on Internet of Things (IoT) based affordable platforms to take proper
and timely measures for disabled people. It is usually observed that people with different
disabilities face difficulties in all walks of life, and adequate caretaking measures are not
adopted in most cases. Real time and consistent caretaking for such handicapped people is a
tedious task. This paper introduces an IoT based real time analysis and alerting system for the
disabled people. The proposed standalone system consistently monitors voice activity of person
and in case of any abnormality in analysis outcomes, the system automatically notifies
concerned hospital or caregiver to prompt for the patient’s situation. The voice features are
extracted from analysed voice by employing Discrete Cosine Transform (DCT), and classified
through Support Vector Machine (SVM). The prototype has been developed by using Raspberry
Pi single board along with voice recording module, Wi-Fi module and LCD Screen. Cloud web
services have been used to store the real time activity and performing voice analysis. Montreal
Affective Voices (MAV) dataset has been utilized for training and testing of voice recognition.
The designed system can be regarded as a rescue system for people suffering from various life
threatening health conditions including bipolar disorder, hysteria, cardiac arrest, etc. An
accuracy of 81.74% has been achieved for MAV dataset, whereas an accuracy of 67.90% is
achieved for real time voice input as depicted in the analysed results.
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1. Introduction and Background
A considerable percentage of humans suffers from diverse types of health disorders including
mental and physical deficiencies. One of the commonly observed challenges is to ensure prompt
and effective measures for certain fatalities. In order for the caregiver the timely reaction is only
possible if a timely and accurate report is received. Hence, a continuous monitoring procedure is
required after identification, which is likely to be possible only at hospital or healthcare centre.
People need to wait for long time for hospitalization due to less number of beds and hospitals for
people with disabilities (Torrey, et al., 2015). With the advent of new technologies including
Internet of Things, Bigdata and cloud computing, developing fully automated embedded
systems are becoming a trivial task (Gubbi, et al., 2013). Internet of things (IoT) is affecting and
changing the way we work, live, drive, communicate,
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purchase, sell, remember, etc. It is and will have a huge impact on evolving many sector to
unprecedented levels. Marketing will be individualized according to each person, his/her
behaviour and his/her purchasing habits. Cars and transportation are moving rapidly towards
automatic driverless and supposedly accident free transportation. Education is evolving to
virtual learn anytime anywhere concept. The new computer technologies, healthcare
information management systems and more powerful small sized low price computing devices,
computer science and information technology also get involved to improve healthcare sector
(Feng, et al., 2013). Now days, technology is playing any important role to improve our lives in
every domain.
The important factor to be considered is the cost incurred for caregiving facilities either by
hospitalization or by a home care nurse (Bardhan, et al., 2013). An IoT based system seems to be
a convenient and economic solution for such issues. It can aid in timely detection of a health
issue without any human intervention and also reduce the healthcare cost tremendously
(Gaynor, et al., 2014). Moreover, the over crowdedness at hospitals can be minimized by need
based treatments at hospitals or to accommodate healthcare facility at home in nonlife
threatening conditions (Kao, et al., 2015). Such systems would also aid in reducing the stress of
relatives, and keeping them aware in case any assistance is required. The acquired data stored in
the cloud would be a means for doctors to examine patient’s health (Chauhan, et al., 2014).
3. Proposed System
The proposed system composed of four parts, including voice analysis module, features
extractor/ emotional disorder classifier, notification module and a cloud data centre. In the
initial phase, the voice signals are captured by a small sized wearable device and based on the
frequency value the system decides to either pass the samples for classification or to discard it. If
the set requirements are met, the analysed voices samples are forwarded to feature extractor
and further classification is done for analysing the emotional disorder. In the third phase, alert
notifications are sent to the caregiver in case of diagnosed disorder and finally the captured
information is transferred to the cloud server which can be used for long term and short term
analysis and decision making by the doctors. Figure 1 show the workflow process of the
proposed system.
3.1 IoT based Wearable Embedded System Prototype

The system is capable to operate in two modes. Primarily the unmanned mode is active, in
which the Voice Recorder Module remains active consistently. It creates sample chunks of 15
seconds for analysis of voice frequency and compares them to a threshold for decision making.
The decision module either enables feature extractor or discards the analysed data. As a
secondary option the patient can dial an emergency contact using the LCD Touch Screen
available in the system.
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The proposed system prototype has been implemented using Raspberry Pi, having an LCD
Touch Screen and Voice Recording Module. Raspberry Pi is an economic and low weight
powerful single board processing board, specifically designed for IoT based products design and
testing. It has a 1 GB memory, 1.2 GHz Quad Core processing power (Upton et al., 2014). Python
script has been used to enable the voice recording module and integration of the LCD
touchscreen with Raspberry Pi (Smith, et al., 2013). Power bank is used as power source. The
system architecture is presented in Figure 2. A Linux based operating system Raspbian can be
copied in memory card and it start up just as plug and play device. The Raspbian operating
system contains more than 35,000 packages and pre-compiled software’s.
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Figure 1. Workflow of the Proposed System

Figure 2. Components of IoT based wearable Embedded System. From left to right:

Page

229

A. Wrest case, Touch Screen, Raspberry Pi, Voice Recorder Module
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As per the defined procedure, upon classification of features showing abnormality, an
emergency message will be sent to the caregiver. The classified voice details are also transferred
to the cloud server for a secondary observation. Figure 3 presents the initial porotype testing on
wrist as a wearable device.

Figure 3. Portotype of the Wearable Embedded System
3.2 Voice Feature Extraction (DCT)
In the voices analysis Discrete cosine transform (DCT) is a powerful tool used for signal and
image processing which is used to transform them from special to frequency domain. DCT is
used for converting the voice waveform signals into frequency components. DCT also has the
property of separability and symmetry. 2-Dimensional DCT of the input is defined by (Khayam,
et al., 2003; Strang, et al., 1999).
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In the proposed system, voice waveform features are extracted by using the DCT technique. In
order to choose best size of features set to get more accuracy and by avoiding excess usage of
computations power, several tests are performed with different number of features set like
testing is done with top 15, 25, 35 and 50 frequency components. Figure 4 shows the original
voice waveform and its DCT feature frequencies.
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Figure 4. original voice waveform and its DCT feature frequencies
3.3 Voice Classification (Multi-Class SVM)
Support vector machine (SVM) is one of the most popular technique for classification and used
to solve numerous real world problems (Brereton et al, 2010), text categorization (Furey, et al.,
2000), voice recognition (Jaochims, et al., 1998) and microarray gene expression data analysis.
Proposed system used SVM for multiclass classification of voice waveform.. Fig.4 shows the
simple linear support vector machine. The basic theme of SVM is to maximize the margins
between two classes of the hyperplane (Kumar, et al., 2015; Schölkopf, 2002).
Figure 5 shows the hyperplane and margin. Let a
set of n training data of separable classes {( 1, 1), (
2, 2),…, ( , )} ,i=1,2,…,n. where ∈ is an n
dimensional space and = ±1.Given a weight vector
w and bias weight b, the separation of hyperplane
between multiple classes can be defined by the
equation below equations. The separation of
classes by equations is a linear separation. Any
hyperplane can be defined by the equation.
(w.xi+b) ≥ 1,
if yi =1
(w.xi+b) ≤ -1,

if

yi =-1

w.xi+b=0
SVM tries to maximize the margin between these
classes by minimizing
½||w||2. Quadratic

optimization algorithms can identify which
training pointsare support vectors with nonzero Lagrangian multipliers . This optimization
problem can be defined by the following equation.

Figure 5. Hypeplane with margins for SVM
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These supporting vector are used for determining the decision functions, and all other data
points are discarded.
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3.4 Emergency Notifications
The developed device detects any abnormality based on the voice analysis and the system will
send notification automatically to the hospital personnel and their relatives to promptly send
caregiver to attend the patient. Further, the system stores the patient’s data in the cloud which
can also be to analysed to generate reports for reviewing the person’s health to make appropriate
decisions.
4. Experimental Data and Results
For initial training and classification of different emotional voices, Montreal Affective Voices
(MAV) dataset is used (Belin et al., 2008). It consists of total ninety nonverbal different voices
corresponding to emotions of anger, disgust, fear, pain, sadness, surprise, happiness and
pleasure and natural expression. The voices are being recorded by 10 different actors including
five males and 5 females. Testing on realtime recorded voices also done. 27 emotion voices of 3
males are used for realtime voices classification.
Features are extracted by using DCT and multiclass SVM classifier is used with different feature
set including 15, 25, 35 and 50 top features set. We compared the classification results with Knearest neighbour (KNN) classifier. The experimental results in Table 1 proves that multiclass
SVM gives best accuracy results by using 25 DCT features set.
Table 1. Comparison of both Classification Techniques
with different number of features set of MAV dataset

Multiclass SVM
Number of
Top DCT
Features Used

KNN

Accuracy
FP Rate

Mean Absolute
Error

Accuracy
FP Rate

Mean Absolute
Error

15 Features

76.2 %

11.80 %

63.5 %

14.83 %

25 Features

81.7 %

9.23 %

73.4 %

12.54 %

35 Features

80.4 %

10.58 %

68.3 %

13.30 %

50 Features

69.1 %

12.77 %

59.4 %

22.53%
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Table 2 describes the detailed accuracy of voice classification for MAV dataset and real-time
dataset by using true positive rate, false positive rate, precision and recall (Davis et al., 2006).
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Table 2. Detailed Accuracy for Voice Classification by using MAV Dataset and Real-time Dataset

MAV Voice Dataset
TP
Rate

FP Rate

Precision

Real-time Voice
Recall

TP
Rate

FP
Rate

Precision

Recall

Anger

0.741

0.021

0.889

0.741

0.556

0.034

0.714

0.556

Disgust

0.896

0.020

0.929

0.896

0.833

0.034

0.789

0.833

0.63

0.029

0.735

0.63

0.714

0.049

0.625

0.714

Happiness

0.861

0.068

0.705

0.861

0.714

0.082

0.5

0.714

Neutral

0.875

0.037

0.892

0.875

0.571

0.049

0.571

0.571

Pain

0.791

0.066

0.72

0.791

0.5

0.048

0.5

0.5

Pleasure

0.813

0.034

0.866

0.813

0.667

0.025

0.769

0.667

Sadness

0.75

0.051

0.812

0.75

0.556

0.042

0.667

0.556

Surprise

1

0.031

0.86

1

1

0.03

0.5

1

Average

0.817

0.0396

0.823

0.817

0.679

0.0436

0.625

0.679

Fear

Conclusions
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In this research, an innovative method is proposed for monitoring of disabled people based on
real-time voice analysis and automatically notifying the caregivers in case of emergency. The
experimental results of voice classification have shown high level of accuracy. Human motion
monitor is a medical device whose intended use is to diagnose the disorders, or in the cure,
treatment, or prevention of diseases. The emotional voice data can also be synchronized with the
cloud for short term and long term monitoring which can further be used for decision making.
Hence, the doctor and caregiver can monitor their patients from the cloud hosted system any
time and any location. If the system records sudden abnormal activity or behavior by the
patient, it will automatically send an alert message to the emergency or to the patient’s
caregivers.
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