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ABSTRACT 
A novel method of improving the efficiency of the Non Audible Murmur (NAM) speech recognition by combining the lip movement 
as secondary input. Various open source speech recognition algorithms are developed to detect and transcript English language 
speech into editable text. But the accuracy level of the text transcription is depended on the quality of the input audio. This 
research work introduces a unconventional endeavour of detecting and recognizing the non-audible murmur of a semi mute 
patient by a uniquely designed NAM microphone as primary input and lip synchronization an secondary input. 
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INTRODUCTION 

 
 The normal human sound is conducted through air. This sound is produced by the vocal cord vibration 
caused due to the air stream from the lungs. Apart from usual conversation voice, we use different types of 
voices in our daily life for enormous purposes such as singing, whispering, crying, and laughing etc. A person 
own audio voice will be heard different when it is play backed from a device , because, the person will hear 
his/her audio when it passes through its throat bones but other voice will be heard through air. Voice can be 
classified in two categories. First one is the phonation kind of sound which is produced due to the air stream 
passing through the glottis. This process produces a random noise. Strong air stream is required for shouting or 
singing whereas a weak air stream is enough for whispering [1].The other type of speech is termed as 
conduction type of sound. The vocal tract wall gets vibrated due to the rapid vibration of air in the vocal tract. 
During this process of sound generation, certain amount of sound passes through the bones and tissues of the 
neck. We can use the body conductive microphone [2] here to recognize the sound that passes through the bone. 
This weakly murmured voice could not be heard by nearby people. This microphone is introduced by Nakajima 
inspired by the concept of stethoscope and also based on the fact that sound is not only propagated through air 
but it also passes through the muscles and our body. Such weak murmurs flowing through bone and muscles are 
termed as non-audible murmur (NAM). This concept can be used for a private conversation and it can be 
extended to NAM patients which will be a replacement for achieve effective communication even in noisy 
environments. 
 Conduction of a lower level NAM voice is impossible using conventional audio microphone, which follows 
the method of conduction audio through air. As NAM audio will be heard only within body vibration and touch 
based vibration conductive sensor is required. By inspired with heart murmur monitoring system, which 
measures the disturbance in heart rhythm with a contact conductive microphone. A similar of observing the 
conductive speech is developed as a NAM microphone. 
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Lip Reading Using Dip: 
 Automated lip-reading using digital image processing has been focused as a supportive method for speech 
recognition in noisy environments. Even in healthy hearing population without any impairment, lip movements 
influence what listeners hear. An example of this is known as the 'McGurk Effect' - an illusion caused when 
what you hear someone say doesn't match the lip configuration that you see. This is why watching dubbed 
movies is a strange experience. Humans preferring to watch subtitles rather than dubbed speech. 
 

 
 
Fig. 1: Touch Conductive NAM device. 
 

 
 

Fig. 2: Touch Conductive NAM device. 
 
 The fundamental process of lip reading is to recognize a sequence of shapes formed by the mouth and then 
match it to a specific word or sequence of words. It has its own compensations and challenges to fulfil. 
 During speech, the mouth forms between 10 and 14 different shapes, known as visemes. By contrast, 
speech contains around 50 individual sounds known as phonemes. So a single viseme can represent several 
different phonemes 
 

 
 
Fig. 3: LIP movements to form various vocabularies. 
 
 Successful automatic lip recognition involves certain lip feature extraction like, the dimension of the lip, 
shape of the ellipse bounding the lips, the amount of teeth on view and the redness of the image, which 
determines the amount of tongue that is visible. Lip reading is proven to be a more successful approach for 
females rather than males as beards and mustaches can significantly confuse visual speech recognition systems. 
 Due to the vast limitations in automated lip recognition this project work employs lip recognition as an 
assisted approach rather than individual recognition, when a equally weight predicted result occurs in the result 
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of NAM speech recognition lip reading from the video input will be analysed as an secondary decisive unit for 
achieving final decision. 
 To achieve higher accuracy and reduced searching delay, a image classification approach is proposed for 
classifying the image based on its content. Image classification involves the following steps. 
1. Background Elimination 
a. A input image need to be filtered from its background before further processing 
2. Edge Detection 
a. The boundaries of the objects present in the image need to be outlined to detect the shape and the number of 
objects present in the image. 
3. Object Detection & Extraction 
a. After successful boundary detection, the image content inside the boundary region needs to be extracted 
separately. 
4. Object Recognition. 
a. The extracted object can be recognized based on the shape, colour and pattern occurrences of the object 
using Artificial Neural Network (ANN) algorithm. 
5. Image classification 
a. Based on the type of the recognized object, the image descriptors will be generated and classified based on 
its content.  
 A machine learning Neural Network structure will be employed for training and recognizing the object in 
image under complex background environments. 
 Neural networks are typically organized in layers. Layers are made up of a number of interconnected 'nodes' 
which contain an 'activation function'. Patterns are presented to the network via the 'input layer', which 
communicates to one or more 'hidden layers' where the actual processing is done via a system of weighted 
'connections'. The hidden layers then link to an 'output layer' where the answer is output. Most ANNs contain 
some form of 'learning rule' which modifies the weights of the connections according to the input patterns that it 
is presented with. In a sense, ANNs learn by example as do their biological counterparts; a child learns to 
recognize dogs from examples of dogs. 
 
Neural network: 
 Neural networks, with their remarkable ability to derive meaning from complicated or imprecise data, can 
be used to extract patterns and detect trends that are too complex to be noticed by either humans or other 
computer techniques. A trained neural network can be thought of as an "expert" in the category of information it 
has been given to analyze. And it will results in projecting the various possibly solutions for the given problem. 
 Neural networks are typically organized in layers. Layers are made up of a number of interconnected 'nodes' 
which contain an 'activation function'. Patterns are presented to the network via the 'input layer', which 
communicates to one or more 'hidden layers' where the actual processing is done via a system of weighted 
'connections'. The hidden layers then link to an 'output layer' where the answer is output as shown in the 
graphic Most ANNs contain some form of 'learning rule' which modifies the weights of the connections 
according to the input patterns that it is presented with. In a sense, ANNs learn by example as do their biological 
counterparts; a child learns to recognize dogs from examples of dogs. 
 Although there are many different kinds of learning rules used by neural networks, Delta rule is a major 
one. The delta rule is often utilized by the most common class of ANNs called ' back propagation neural 
networks' (BPNNs). Back propagation is an abbreviation for the backwards propagation of error. 
 With the delta rule, as with other types of back propagation, 'learning' is a supervised process that occurs 
with each cycle or 'epoch' (i.e. each time the network is presented with a new input pattern) through a forward 
activation flow of outputs, and the backwards error propagation of weight adjustments. More simply, when a 
neural network is initially presented with a pattern it makes a random 'guess' as to what it might be. It then sees 
how far its answer was from the actual one and makes an appropriate adjustment to its connection weights. 
 
Speech Recognition Using Normal Microphone: 
 Human computer interaction (HCI) is found to be an essential need these days. For an effective HCI system 
to go live and be user friendly, we are in need of providing voice input to these systems. The reason why we go 
for speech based inputs is that the use of hand and eyes may put the user in critical situations. When we are in 
need of providing voice inputs, we could rely upon a microphone for achieving that. Inspite of the availability of 
enormous conventional speech recognition methodologies, all of them suffer from various problems such as 
microphone mismatch, environmental complexity and noise [9]. In order to overcome this problem several 
enhancements techniques using microphone array have been proposed by Jwu-Sheng Hu et alin [9]. They have 
tried microphone array setup in cars. The Eigen vector, which is the correlation matrix of the microphone array 
was achieved by Balan et al, [10] by separating speech signal and noise signal into two separate orthogonal 
spaces. They also have estimated the direction of arrival (DOA) by projecting the manifold vectors on the noise 
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subspace. Even after the availability of powerful algorithms such as MUSIC [11], [12] along with smoothing 
[13], they are not well suitable to the situation when SNR is low. So we can make use of single microphone 
linear array. But it would face a serious drawback when there are barriers between the microphone and the 
speaker. Due to the lack of efficiency of single microphone array in case of nonline-of-sight conditions, multiple 
microphone arraywas used. The relationship between the sound source and the receiver is a complicated 
relationship in a real-time environment and so it is very difficult to characterize the nature of this relationship. 
With respect to the observation on room acoustics according to [14], the count of eigen-frequencies whose upper 
limit is � � ∕ 2 kHz can be determined by using the following result: 

  L= 4 �� B �� ��	

�
                 (1) 

 The above equation (5) was used to indicate that the poles are too high when the frequency is high where 
� � represents the sampling frequency, vrepresenting the velocity of sound and B is geometrical volume. We 
should always consider the geometry of the microphone array inorder to maximize the phase difference of each 
frequency band for determining the accurate location of the speaker. For the purpose of dealing with different 
frequency bands, the microphone array could be decoupled into several pairs with varying distance between the 
microphones. The overall probability information is integrated by the location detector from frequency bands for 
the purpose of detecting the speaker’s location. As the distance between the microphone increases; the phase 
difference of the signal becomes more significant. When the distance exceeds the half of the maximum 
wavelength of the received signal, the aliasing problem occurs [15]. The distance between the microphones is 
chosen with respect to the selected frequency band in order to obtain a clear phase difference data for enhancing 
the accuracy of detecting the location of the speaker and to prevent aliasing. 
 Even after the availability of various approaches for determining the location of the speaker with the help of 
multiple microphone array, we cannot afford a normal microphone for the purpose of recognizing partial speech. 
The term partial speech refers to the speech of impaired people who are not deaf but are able to speak only 
partial words due to any vocal defect by birth or due to the removal of partial vocal cord who are termed partial 
laryngectomees [16].  
 
Partial Speech Recognition Using Nam Microphone: 
 Experiments have been done already by Panikos Heracleouset al for recognizing normal speech with the 
help of NAM microphone [17] where separate GMMs (gaussan mixture model) were allotted for recognizing 
the normal and NAM speeches respectively since they have used a single NAM microphone for receiving both 
the inputs. Due to the above scenario, the authors have used separate HMMs (hidden markov model) for 
recognizing NAM and normal speeches individually. But we propose the use of two microphones, a NAM 
microphone and a normal microphone. Both of these microphones would record the partial speech of the 
speaker which can be then combined and fed into the HMM (hidden markov model) whose architecture is 
shown in Figure 4. HMM considers our dataset for recognizing the word spoken by the speaker which is based 
on the concept of correlation.  
 

 
 
Fig. 4: Architecture for integrating the outputs of normal and NAM microphone. 
 
 The partial speech waveform recorded using a normal microphone for set of words is shown in Figure 5. 
The partial speech waveform recorded using a NAM microphone is shown in Figure 6. We can verify from 
Figure 4 that the NAM signal is so minimum but is observed at a constant rate. Since we are detecting the 
signals passing through the bones and muscles, external noise would have no effect since the microphone would 
be in close contact with speaker’s skin but the signal would be a weak soft murmur which can be enhanced 
during recognition.  
 But we are proposing an effort to recognize partial speech with the help of NAM microphone along with the 
normal microphone for the purpose of increasing the rate of efficiency and accuracy. The partial speech 
waveform obtained by combining the normal microphone along with the NAM microphone is shown in Figure 
7. 
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 Comparing the above waveform with Figure 3, we can observe that the partial words were not recorded 
effectively using a normal microphone alone whereas Figure 4 reveals the minute NAM signals recorded using a 
NAM microphone. But in Figure 6, a compromising level of efficiency has been achieved by the combined 
effort of both the normal and NAM microphones for recognizing partial speech.  
Experimental Results: 
 We have conducted our experiment in a sound proof environment in order to calculate the exact efficiency 
of the architecture shown in Figure 4 without any interruption by external noise. We have experimented using 
20 partial utterance of 15 words recorded using normal microphone along with 20 partial utterance of those 
words uttered with the help of NAM microphone which acts as our dataset. 
 We have conducted various comparisons between the different factors of the following waveforms: 
• Partial speech recorded using NAM microphone. 
• Partial speech recorded using normal microphone and 
• Partial speech recorded using both the microphones. 
 

 
 
Fig. 5: Partial speech waveform recorded using normal microphone 
 

 
 
Fig. 6:. Partial speech waveform recorded using NAM microphone. 
 

 
 
Fig. 7: Partial speech waveform obtained by combining the NAM and normal  microphone.  
 
 Energy spectrogram is a term used for representing the energy levels of different types of sounds present in 
a waveform. This spectrogram represents the normalized frequency against time where normalized frequency 
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represents the frequency which is normalized to a standard value which is done for the sake of making the 
calculations accurate and better. There are different colors used in this representation such as BLUE color 
represents the clear words without any sort of disturbances and RED color represents the words spoken in high 
pitch and other colors represents the intermediate pronounciations. The comparison of Energy spectrogram is 
shown in Figure 7. 
 

 
 
Fig. 7a: Energy spectrogram of Partial speech obtained by NAMmicrophone. 
 

 
 
Fig. 7b:. Energy spectrogram of Partial speech obtained by normal microphone. 
 

 
 
Fig. 7c: Energy spectrogram of Partial speech obtained by normal and NAM microphones. 
 
 From the above comparison of Figures 6 a, 6b and 7c, we can come to a conclusion that the BLUE color 
representing the clearly spoken or clearly recorded words is more in 6c which is obtained as a result of 
combining the normal and NAM microphones for recording partial speech. 
We have conducted experiments by comparing the Gain of the waveforms recorded using normal, NAM and 
combined efforts. Gain is the ratio of a signal output of the system to the signal input of the system which is 
represented in the form of dB. The value of Gain would be normally in negative numbers in case of a system 
with a passive circuit whereas the Gain value would be greater than 1 if the circuit of a system happens to be 
active. Since we had a passive circuitry, our obtained Gain values would be negative as shown in Figure 8. This 
can be termed as Periodogram which is the estimation of the spectral density of the signal. 
 From the periodograms compared in Figure 7a, 7b and 8c, though the gain of 7b representing the normal 
microphone output has a higher gain and the output of the combined microphones is in a moderate level, the 
recognition of uniformity is consistent at the combined microphones output. So we can conclude that the effort 
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of NAM and normal microphones in recognizing partial speech together has more efficiency than their 
individual recognition results. 
 

 
 
Fig. 8a: Periodogram of Partial speech obtained by NAM microphone. 
 

 
 
Fig. 8b: Periodogram of Partial speech obtained by normal microphone. 
 

 
 
Fig. 8c: Periodogram of Partial speech obtained by normal and NAM microphones. 
 
 With reference to the architecture of plug and play toolkit implemented in [18] with the help of Julius 
speech recognition engine for Japanese language has been considered and modifications are done in the training 
set for the purpose of identifying words in this paper. Based on the dataset created, words can be recognized 
based on the concept of correlation which is actually done in order to recognize the partial words spoken by the 
speaker no matter how the word is pronounced which could be louder, inverted or in any other means. 
 
Conclusion: 
 We have proposed the integrated effort of (lip and Non-Audible Murmur) L-NAM microphone along with 
normal microphone for recognizing partial speech in a closed environment (clean environment without noise). 
We have recorded the partial speech using normal and L-NAM microphones. In addition to this, normal and L-
NAM microphones are combined to record the partial speech. We have extracted Energiogram and Periodogram 
from the recorded waveforms. Our experimental comparison have proved that the combined effort of normal 
and L-NAM microphone is far effective in recognizing partial speech achieving around 85% accuracy. We are 
planning for future work to enable wheelchair guidance with partial speech inputs in a noisy environment. 
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