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Abstract: Modern development in the Internet of Things and 

cloud computing make it realistic to build smart cities and homes. 

Smart cities provide smart technologies to people for the enhanced 

and healthier life, where smart healthcare systems are more 

important because rapidly growing elderly people around the 

world. The accent is a primary source of communication and any 

complication in the production of voice affects the personal as well 

as professional life of a person. In the early days screening of 

accent through an automatic voice disorder detection system may 

save life of a person. In this work, an automatic voice disorder 

detection system is used to observe the people in the field of 

teaching and the professional backgrounds are implemented. The 

proposed system identifies the voice disorder by determining the 

source signal from the communication through the Mel-Frequency 

Cepstral Coefficients (MFCC) analysis and it calculates the 

features from normal and disordered subjects. These features are 

fed into Gaussian Mixture Model (GMM) which provided 

distribution of energy in normal and voice disordered subjects to 

differentiate between them. These systems measure auditory 

characteristics, are more computationally efficient but tended to 

provide inferior levels of performance. In this proposed system 

both persistent vowel and running speech can be deployed in a real 

world. 

Keywords— Smart Cities, Health Monitoring, Voice Disorders, 

MFCC, GMM. 

1.Introduction 

The population of aged people is increasing quickly universal 

including Japan, China and Europe [2]. Health issues among the old 

age citizen are one of the major concerns in developed as well 

economically growing countries like India. Smart cities and homes 

can be urbanized to meet up the desires of elder citizens in an 

efficient and cost-effective manner.The modern development in 

internet of thing (IoT) makes the smart homes and smart cities a 

reality [3]. IoT sensors are used to collect the data from surrounding 

environment and makes optimized decisions. The intention of the 

smart cities and smart homes is to provide the people a quality life 

with essential needs of life as well as health monitoring services.A 

smart healthcare is proposed in [4] and [5]; the system monitors the 

status of the pet animals based on biometrics and monitors the 

patients by capturing the voice and video through sensors installed 

inside the smart homes. The speech is processed by using local 

features whereas; the features from video are extracted by using 

interlaced derivative pattern.Smart cities and homes have many 

benefits but security of data is still a challenging task. So the health 

monitoring smart system provides communication technologies, 

combination of different apps, sensors, devices and people. The 

quality and the efficiency of data is also one of the major challenges 

in smart cities. 

 

Automatic voice disorder detection systems in smart cities 

can be deployed to always monitor the voice of populace and inform 

him in case of any voice degradation. According to the medical 

dictionary [6], dysphonia is a trouble in speaking, usually proof by 

hoarseness. Hoarseness represents any deviation of voice quality as 

perceived by self or others. Voice samples can be collected from 

different people such as students, faculty members in our institute. 

People with the profession of high risk of occurrence of voice 

disorder can be evaluated frequently, and preventive campaign could 

be launched to aware them.People working in voice demanding 

professions such as teaching, singing, call centers, stock markets and 

judges have high possibility of suffering from voice problems [7]. 

Voice complications may rise due to malfunctioning of vocal folds 

residing on the top of the trachea. Another reasons of voice problems 

is damaged the nerve system due to head and neck injuring which 

controls vocal folds. Voice disorders can affect people of any age, 

young children to senior citizens. People delay hospital visits due to 

busy schedule of life, long waiting time and need on other family 

members. To avoid the risk of life, it is essential to identify voice 

disorders at premature stages and it is possible by the help of 

automatic voice disorder detection systems. In this voice disorder 

system can be developed both sustained vowels and running speech. 

 

 It is a comparatively easy task to develop a detection 

system by using sustained vowel as a speech signal. Many methods 

are used to analyze the short-term acoustic such as Mel-frequency 

Cepstral Coefficients (MFCC) and Linear Prediction coefficients, and 

long-term acoustic parameters such as shimmer, jitter, fundamental 

frequency and formants. Running speech have various characteristics 

which are essential for assessment of voice quality such as voice 

breaks, voice onset and offset information and voice termination. In 

voice disorder detection system only a few numbers of studies has 

developed the running speech, most of the work is done for sustained 

vowel. The rest of this paper is organized as follows: in Section II 

is done brief literature survey on Voice disorder detection system. 

The proposed work of voice disorder detection system is described in 

Section III. In Section IV we have given a description of databases 

used for voice disorder identification and analyze the experimental 

results for performance parameters and percentages that are obtained 

and finally in Section V we present our conclusions and future work. 

2.Literature Review 

 

Voice disorder detection system is the task of identifying irregular 

vibrations of vocal folds. Voices are collected from the speaker 

matching is done. Here we discuss a few recent studies carried out in 

the particular area of voice disorder detection system. takes two types 

of input, video and audio, which are captured in a multisensory 

environment. Speech and video input are processed individually 

during feature extraction and modeling; these two inputs are merged 
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at score level, where the scores are obtained from the models of 

different patients’ states. 
Detection of voice disorder in people using multi-resolution analysis 
proposed by Zulfiqar Ali et al [8]. In this paper suggest a multiband 
approach based on a three-level discrete wavelet transformation 
(DWT) and in each band the fractal dimension (FD) of the estimated 
power spectrum is estimated. Different types of algorithms were 
implemented in this work such as Katz and Higuchi algorithms to 
compute the fractal dimension in the time domain and in the 
frequency domain discrete wavelet transformation is applied. In all 
the methods Support Vector Machine is used to differentiate the 
normal and disorder subject.Automatic detection of voice 
impairments using Neural Network based detector was implemented 
by J. I. Godino-Llorente [9]. Two types of neural network based 
classification approaches are applied for detection of voice disorders 
like multilayer perceptron and learning vector quantization fed using 
well defined Mel Frequency Cepstral Coefficients (MFCC) 
parameterization. In this work, the Learning Vector quantization 
methodology is more reliable than the multilayer perceptron 
architecture yielding 96% frame accuracy under similar working 
conditions. 

 

 

Julian D.Arias-Londonorasquillo et al., proposed the HMM-based 
feature space transformation for voice pathology detection [10]. Here, 
speech is given as input and it is divided into frames by means of 
parameterization and short time analysis. In each frame the MFCC 
features are extracted, that features joint to the energy of the frame 
and a set of noise measurements. The values of every parameter are 
normalized into the [0, 1] interval before feeding the detector. The 
decision about the presence or absence of pathology for each 
recording is taken from the score which is calculated by means of 
Hidden Markov Model detectors under the maximum likelihood 
values.Voice Disorder Detection on the basis of Continuous Speech 
was developed by Vicsi Klára et al., [11]. In this paper a series of 
classification experiments are conducted and separate the healthy 
speech and pathological speech automatically on the base of 
continuous speech. First we decided the threshold of the 
voiced/unvoiced frames under which examples are selected. Thus 
voiced/unvoiced frame rate were calculated in continuous part of the 
speech of the patients. In second step based on the fundamental 
frequencies those examples were separated, where the fundamental 
frequency was higher than 160 Hz in case of men, and 270 Hz of 
women. It is attractive because we could increase the exactness of the 
classification, by avoiding some measuring problems. 

3. Proposed Work 

  The voice disorder detection system can be implemented in 
different person such as adults and children. Fig. 1 shows the block 
diagram illustrate the process to identify the voice disorder. The 
system architecture has following major components: database 
collection, feature extraction, Gaussian Mixture Model Classification 
and decision making. 

 

 

To develop the proposed system, two phases are 

implemented for automatic classification of normal and disordered 

subjects. In the first phase to train the system, while,  the second 

phase to test the system. In the training phase, the calculated 

spectrum as an input and generate acoustic models for normal and 

disordered subjects. The Gaussian Mixture Models (GMM) are 

generated by using different number of mixtures.The testing phase is 

used to assess the performance of the system. In this phase, the 

computed spectrum of an unknown speech samples is compared with 

GMM models of normal and disordered subjects. If the unknown 

sample has more similarity with disordered subject, then unknown 

sample belongs to a disordered patient. Otherwise, the unknown 

sample belongs to a normal person. 

A.Database Collection: 

The proposed system can be evaluated by using vowel and 

running speech. In this work both vowel and running speech down 

sample to 16 KHz frequency to perform the experiments. In sustained 

vowel both healthy and disorder speech approximately 50 to 60 

samples are collected. In running speech both healthy and disorder 

around 10 to 15 samples are collected. The samples are collected 

from both female and male speakers.  

B.Feature Extraction: 

  After collecting speech data from various speakers which 

consist of database details described in Table I, next phase is to 

extract the features. There are various methods for feature extraction 

which include MFCC (Mel Frequency Cepstral Coefficient), PLP 

(Perceptual Linear Prediction), BFCC (Bank Frequency Cepstral 

Coefficients) and LPC (Linear Predictive Coding). For extracting 

features we have used MFCC calculation [12] as shown in Fig. 2. 

 

               

 

 

 

 

 

 

 

Subject Speech 
Number of 

Samples 

Total 

training 

samples 

Total    

testing 

samples 

Normal Vowel 30 

35 20 Running 
Speech 

5 

Disorder Vowel 25 

30 15 Running 
Speech 
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Table I. Database Description 
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C.Gaussian Mixture Model Classification: 

 GMM is a modeling technique that deals with more space of the 
features, rather than the time sequence of their appearance. Healthy 
and disorder persons are modeled by GMMs in a weighted manner 
and the occurrence of the feature vectors. The well known method of 
GMM is the Expectation-Maximization algorithm, where model 
parameters are adapted and tuned to converge to a model giving a 
maximum log-likelihood value. 

D.Decision Making: 

In this phase the voice disorder is identified based on the 

maximum likelihood values. The maximum likelihood value of the 

computed spectrum of an unknown speech samples is compared with 

the maximum likelihood value of the normal and disordered subjects. 

If the unknown sample likelihood value has high similarity with 

disordered subject, then unknown sample belongs to a disordered 

patient. Otherwise, the unknown sample belongs to a normal person. 

 

4.Experimental Setup And Results 

 

For preparation of the database mono channel recording 

was done for fifteen to twenty speakers in the normal and disorder 

subjects for both vowel and running speech in a closed and quiet 

noise free room. For digitization, 16 kHz of sampling frequency and 

16-bit quantization were used. In the database 60% of the samples are 

used for training and 40% of the samples are used for testing. 
 Different numbers of MFCC are extracted such as 12, 24, 

36 coefficients and different number of Gaussian mixtures such as 4, 
8, 16 and 32. Consider the following parameters for finding the 
performance of the system: 

True Negative (TN): The system detects normal voice as normal 

True positive (TP): The system detects disordered voice as 
disordered voice. 

False negative (FN): The system detects disordered voice as 
normal voice.  

 False positive (FP): The system detects normal voice as 
disordered voice. 

Different numbers of MFCC and Gaussian mixtures are 
used to calculate the performance of the proposed automatic voice 
disorder detection system is given below: 

A. Sensitivity (SE): 

The likelihood that the system detects disordered voice 

when the input is a disordered voice. 

SE = (TP / TP + FN) * 100 

B. Specificity (SP): 

The likelihood that the system detects normal voice when 

the input is a normal voice. 

SP = (TN/TN+FP) * 100 

C. Accuracy (Acc): 

The ratio between correctly detected samples and the total 

number of samples. 
Acc = (Correct / Total) * 100                 

  
 The percentage of performance parameters are same for 12, 

24 and 36 MFCC features and 4, 8, 16, and 32 GMM mixtures that  
means no change on the performance of the developed system by 
increasing the number of coefficients and mixtures. The sensitivity is 
88.5% expresses the truly identified disorder voice samples. The 
specificity of 98% represents that all normal samples are truly 
detected and an accuracy of 92% is achieved. 

 
 

 

5.Conclusion And Future Work 

 A number of people in smart cities may belong to the work 
which have high risk of occurrence of voice disorders. They disturb 
not only the daily routine of a personal but also affect the 
professional life. This voice disorder detection system monitor the 
voices of specific people such as lawyers, teachers, singers, and stock 
markets. The proposed system specifies the energy distribution and 
computed by using MFCC coefficients to differentiate between 
normal and disordered subjects. The person suffering from voice 
disorders exhibit irregular vocal folds vibration so the voice of a 
disorder person contains lower energy as compared to a normal 
person. In this paper, we explored vocal fold detection systems by 
using sustained vowel and running speech with excellent results. The 
accuracy of the proposed system for both sustained vowels and 
running speech as 92%. 

To conclude, Mel Frequency Cepstral Coefficients and 

Gaussian Mixture Model is efficient for identification of voice 

disorders for both vowel and running speech. The system can be 

tested in better way if we can increase the number of subjects in the 

database. GMM gives best results when size of the database is large. 

In the future, we would like to further optimize the GMM parameters 

for different input feature streams to improve performance. 
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