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ABSTRACT 

 

The objective of this paper is to extract and understand the statistics of tongue movement 

and analyze the pattern of their movement in free speech. 

The data used here is the audio signals and sensor readings of the tongue movement of 

four native English speakers with American accent. 

Tools from signal processing and probability theory are used to characterize the time-

series corresponding to the tongue movements. For each speech segment we will create a 

feature vector corresponding to the spectral properties of the movement. By pooling these 

features corresponding to each speech epoch, the principal components of the movements 

of different subjects are extracted and studied for their similarity. 

The transition dynamics will be investigated by creating a transition matrix that would 

describe the probability of the tongue to move from one location to another in free 

speech. Such transition matrices corresponding to the four subjects will be compared for 

their statistical similarities. 
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Chapter 1 

1 Introduction 

 

Vocal output of a language requires well co-ordinated and controlled movements of the vocal 

chords, jaws, lips and the tongue. Each language has a particular set of coordinated movements. 

When a person learns a language with the respective movements, from a young age, he becomes 

fluent in it. After a certain age it is difficult to over-ride these movements with different 

movements of another language. Thus even if the person tries to talk in a different language, it 

might have the influence of the first language he/she became fluent in. This is because the 

person develops an ‘accent’. This accent is what is considered to be the Feature Component of 

the tongue movement of the speaker. The hypothesis is tested by examining the statistics of 

tongue movements in natural speech of four native English speakers. The data files of the four 

speakers are stored in a folder and accessed through the code iteratively for the various 

operations. We try to extract the Feature component that represents the accent of all the 

speakers. The Feature components of the set of native English speakers under consideration 

should be similar since they have the same accent. So in the first part of the paper, noise in the 

signals is reduced by Butterworth and Savitzky-Golay filter. Principal Component Analysis is 

done on the available sensor readings of the tongue. With the extracted Eigen values and Eigen 

vectors we find the Feature Components of the speech segments. These Feature Components are 

then compared to find the similarity between different speakers. Transition Matrix for the tongue 

movement is created and thereby we can analyze the pattern in the movement of the tongue [Fig 

1].  
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[Fig 1: Flowchart of the project] 
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Chapter 2 

2 Materials and Method description 

 

2.1 Related Works 

 

The parameters that affect the free speech are the position of the Upper Lip, Lower Lip, Jaw, 

Tongue Body – TB, Tongue Dorsum – TD and Tongue Tip – TT. Together these six parameters 

provide the most important movement during free speech [Fig 2]. TB controls the front and back 

movement of the tongue, TD controls the velar arching of the tongue body. Lower lip, upper lip, 

jaw and TD move only in the 2-D space, thus their movements can be calculated as the 

horizontal or vertical deviation from the neutral position. The tongue body and the tongue tip on 

the other hand vary in a 3-D space and hence their movement can be characterized using both, 

horizontal and vertical movements as well as the arching from the neutral plane [8]. 

 

 

 

[Fig 2: Organs affecting speech] 

Certain positions of the tongue that produce the sounds of vowels are given in [Fig 3]. This 

clearly shows that only certain combination of the organs (Upper Lip, Lower Lip, Jaw, TB, TD 

and TT) produce certain sounds [9]. In this thesis the focus is on finding out the similarity 

between different speakers producing the same sound i.e. the same accent. 
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[Fig 3: Combination of organs producing vowel sounds] 

 

This is the extract of a thesis performing research to decode human hand actions to handle 

missing limbs in Neuroprosthetics, “We hypothesize that natural hand movements performed 

“in-the-wild”, outside artificially 84 construed and highly controlled laboratory tasks contain 

correlation information that can be used for 85 prediction and reconstruction in the context of 

prosthetics. We asked subjects to perform everyday 86 tasks such as opening the door, eating, 

using the phone, etc. The data consists of 15-dimensional time 87 series representing the angles 

of all the major joints of all the fingers.” [10]. the inspiration for this project was derived from 

this research work. This project works in a similar way. The 4 speakers are made to talk 

naturally without any constraints. We call this, “natural free speech”. From this speech we 

extract the correlation between the organs to produce the voice. 

 

2.2 Source of Data 

 

The data under examination is the audio signal, and a mat file containing the 3-Dimensional 

coordinates of the position of the Upper Lip, Lower Lip, Jaw, Tongue Body – TB, Tongue 

Dorsum – TD and Tongue Tip – TT. The data was taken from the USC_TIMIT articulatory 

database made available by the University South California, US (http://xios.usc.edu/ajaxplorer/). 

USC-TIMIT is a database of speech production data under ongoing development, which 

http://xios.usc.edu/ajaxplorer/
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currently includes real-time magnetic resonance imaging data from five male and five female 

speakers of American English, and electromagnetic articulography data from four of these 

speakers. The two modalities were recorded in two independent sessions while the subjects 

produced the same 460 sentence corpus. In both cases acoustics were recorded in parallel with  

the articulatory data [1]. 

 

2.3 Signal Processing – Filtering Techniques 

 

In signal processing, a filter is a device or process that removes from a signal some unwanted 

component or feature.  

 

2.3.1 Butterworth Filter 

 

In this paper we require a filter that can smooth out the audio signal. Butterworth filter is a low 

pass filter that is used for smoothing the audio signal. Smoothing is an operation which removes 

high-frequency fluctuations from a signal. Since random (or ‘white’) noise is distributed over all 

frequencies, and signal is typically limited to low frequencies, a reduction of high frequency 

components will improve the signal/noise ratio [2]. [Fig 4] shows the signal smoothing using 

Butterworth filter. 

 

 

[Fig 4: Butterworth filter] 

 

 

 

http://en.wikipedia.org/wiki/Signal_processing
http://en.wikipedia.org/wiki/Signal_\(electronics\)
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2.3.2 Savitzky-Golay Filter 

 

In this paper we require a filter that can increase the signal-to-noise ratio of the audio signal. 

A Savitzky–Golay filter is a digital filter that can be applied to a set of digital data points for the 

purpose of smoothing the data, that is, to increase the signal-to-noise ratio without greatly 

distorting the signal. This is achieved, in a process known as convolution, by fitting successive 

sub-sets of adjacent data points with a low-degree polynomial by the method of linear least 

squares [3]. [Fig 5] shows the signal smoothing using Savitzky–Golay filter. 

 

 

[Fig 5: Savitzky Golay filter] 

 

2.4 Dimensionality Reduction – PCA 

 

2.4.1 Definitions 

 

1. Eigenvalue and Eigenvector: 

Eigenvectors and values exist in pairs: every eigenvector has a corresponding 

eigenvalue. Eigenvectors are directions, in [Fig 6b] the eigenvectors are the direction of the 

lines. An eigenvalue is a number that describes how much variance is there in the data in that 

direction. In [Fig 6] the eigenvalue is a number telling us how spread out the data is on the line.  

2. Principal components/Feature Vector:   

Directions where there is the most variance, the directions where the data is most spread out. 

The eigenvector with the highest eigenvalue is therefore the principal component. 

 

http://en.wikipedia.org/wiki/Digital_filter
http://en.wikipedia.org/wiki/Digital_data
http://en.wikipedia.org/wiki/Smoothing
http://en.wikipedia.org/wiki/Signal-to-noise_ratio
http://en.wikipedia.org/wiki/Convolution
http://en.wikipedia.org/wiki/Polynomial
http://en.wikipedia.org/wiki/Linear_least_squares_\(mathematics\)
http://en.wikipedia.org/wiki/Linear_least_squares_\(mathematics\)
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[Fig 6: Sample Eigenvalue and Eigenvector] 

 

2.4.2 Dimensionality reduction using PCA 

 

Since results of experiments indicate that nonlinear techniques for dimensionality reduction do 

not yet outperform traditional PCA, this is chosen for dimensionality reduction [4]. The main 

purpose of a principal component analysis is to analyze data to identify patterns and finding 

patterns to reduce the dimensions of the dataset with minimal loss of information. The desired 

outcome of a principal component analysis is to project a feature space (dataset consisting 

of n x d-dimensional samples) onto a smaller subspace that represents that represents the data 

closely. 

Listed below are the 6 general steps for performing a principal component analysis [5] [6]: 

1. Take the whole dataset consisting of d-dimensional samples ignoring the class labels. 

2. Compute the d-dimensional mean vector (i.e., the means for every dimension of the 

whole dataset). 

3. Compute the covariance matrix of the whole data set. 

4. Compute eigenvectors and corresponding eigenvalues. 

5. Sort the eigenvectors by decreasing eigenvalues and choose k eigenvectors with the 

largest eigenvalues to form a d x k dimensional matrix W (where every column 

represents an eigenvector) 

6. Use this d x k eigenvector matrix to transform the samples onto the new subspace. This 

can be summarized by the mathematical equation: 

 

(Where x is a d x n -dimensional vector representing one sample, and y is the 

transformed k x n -dimensional sample in the new subspace.) 

 

http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#drop_labels
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#mean_vec
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#sc_matrix
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#eig_vec
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#sort_eig
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#sort_eig
http://sebastianraschka.com/Articles/2014_pca_step_by_step.html#transform
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2.5 Transition Dynamics 

 

In order to analyze the transition dynamics of the organs, the transition matrix is calculated. 

Markov chain is a process in which the outcome of a given experiment can affect the outcome of 

the next experiment. In case of speech the coordinate position of the organs in i
th
 second can 

affect the position to which the organ will move in (i+1)
th  

second. Transition matrix describes 

the transitions of a Markov chain. For each of the current position of the organ the probability of 

the organ to be in another position after delta time is calculated. This forms the Transition matrix 

[7]. 
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Chapter 3 

3 Working 

 

3.1 Segment Formation 

 

3.1.1 Extracting Data 

 

From the given audio signal [Fig 7], the frequency is extracted. The sensor data of tongue, lip 

and jaw are extracted from the various channels of the mat files, this data is the sensor readings 

for the organs in a 3-Dimensional space. 

Code Snippet: 
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[Fig 7: Audio signal wave] 

 

The plot of signal as time – amplitude and frequency – amplitude of the four speakers under 

consideration gives us an idea about the distribution of the data points in a 3-D space [Fig 8]. We 

can predict what the Eigenvectors would look like, as shown in the figure. 

 

 

 

[Fig 8 : Time-Amplitude, Frequency-Amplitude plot] 
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3.1.2 Filtering 

 

The audio signals of the speakers have voice segments separated by pauses. The data of the 

pause might interfere with the statistics of the movement of the organs. Thus the noise i.e. the 

silent pauses in the signal, marked with black squares in [Fig 9], have to be removed. To do this, 

the signal is first filtered using a Butterworth filter. The design is a 4th order Butterworth 

bandpass filter with a lower cutoff frequency of 600 Hz and a higher cutoff frequency of 4000 

Hz. This is because the range of voice frequency is 600Hz to 4KHz. The filtered signal is passed 

again to a 3
rd

 order Savitzky-Golay filter. The Butterworth filter helps to smooth the signal 

whereas the Savitzky-Golay filter is used to increase the signal-to-noise ratio [Fig 13]. 

 

[Fig 9: Pauses in signal wave] 

 

3.1.3 Removing Silence in Audio 

 

The filtered signal can now be Z-scored. Consider zero as the threshold for this signal. If the 

signal value is above zero, it is set to one, and if it is above zero it is set to zero. Since the signal-

to-noise ratio has been increased, the square signal will now begin at the start of the speech 

segment and fall at the end point of the speech segment. Thus now we have a square signal 

enveloping the speech segment. The start and end point of the speech segment can be obtained 

by differentiating the square signal, 1 will denote the start of the speech segment and -1 will 

denote the end of speech segment [Fig 14]. 

 

http://en.wikipedia.org/wiki/Signal-to-noise_ratio
http://en.wikipedia.org/wiki/Signal-to-noise_ratio
http://en.wikipedia.org/wiki/Signal-to-noise_ratio
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3.2 Principal Component Analysis 

 

3.2.1 Eigenvalue and Eigenvector 

 

The result of segmentation is a [18*N] matrix for each speaker. Putting together x, y and z of 

each of the six organs: tt, td, tb, ul, ll and jw, we now have 18 vectors/directions that represent 

the dataset. N refers to the number of voice segments for each speaker. The objective is to 

compare only the major features of the voice segments of the speaker and hence 18 vectors is not 

required. Principal Component Analysis is used to reduce the number of vectors for comparison. 

We can derive the Eigenvectors and Eigenvalues from Covariance Matrix [Fig 15]. 

 

Code Snippet: 

 

 

3.2.2 Clustering 

 

The second part of PCA is to get the Feature vector of each voice segment. The number of 

characteristic eigenvectors that determine the feature of the voice segments needs to be 

determined. Clustering is a way to determine the number of eigenvectors that needs to be 

considered. Here hierarchical clustering is used. Initially, each eigenvector is assigned to its own 

cluster and then the algorithm proceeds iteratively, at each stage joining the two most similar 

clusters, continuing until there is just a single cluster. At each stage distances between clusters 

are recomputed [Fig 16]. 

Code Snippet: 
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3.2.3 Feature Vector 

 

Once the Hierarchical clustering is done, the number of eigenvectors that needs to be compared 

becomes apparent. The clusters that are separated by a distance greater from the rest of the 

clusters are considered separate. The number of such separate clusters is counted as ‘k’. Sort the 

Eigenvectors in descending order of Eigenvalues [Fig 10]. Take the top ‘k’ Eigenvectors; ‘k’ is 

determined using clustering. These ‘k’ Eigenvectors form the Feature vector of the speaker. This 

would be an [18*k] feature vector.  

 

[Fig 10: Graph of Eigenvalue and Eigenvector] 

 

From this feature vector the reduced dataset needs to be found. The dataset is reduced using the 

Feature vector using the following the equation: 

Final data = Row feature vector * Row data adjust. 

   [k*N]  [k*18]   [18*N] 

N is the size of the voice segments. 

This final data formed is then used for the similarity check. 
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3.3 Similarity Analysis 

 

3.3.1 Dot product 

 

 

The geometric interpretation of dot product is the projection of first vector (a) onto the 

second unit vector (b). The cosine of angle between the vectors can be interpreted using the 

example in [Fig 11]. This metric is a measurement of not only magnitude but also the orientation 

[11]. This is relevant for the comparison between the Final data of our speakers on a normalized 

space because the magnitude of each voice segment vector may differ based on the loudness of 

the speaker and the angle between the vectors gives us the difference in position of the organs. 

Thus dot product will generate a metric that says how related two voice segments are by looking 

at the magnitude of vectors and the angle between them. 

 

 

[Fig 11: Dot product] 

 

First the similarity between voice segments of the same speaker is calculated and in the second 

part the similarity between the same voice segments of different speakers is calculated. 

 

3.3.2 Scatter plot 

 

A scatter plot displays a two-dimensional projection of the data, where the X and Y axis can be 

chosen to be any of the feature dimensions. There are ‘k’ feature dimensions for each speaker. 

These ‘k’ dimensions are taken 2 at a time and the scatter plot of the speakers are plotted and 

observed. Each speaker is given a different color and each feature is given a different marker 

http://mathworld.wolfram.com/Projection.html
http://mathworld.wolfram.com/UnitVector.html
http://blog.christianperone.com/wp-content/uploads/2013/09/cosinesimilarityfq1.png
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type. The dataset of both the speakers must coincide on the scatter plot for them to be regarded 

as similar. The extent of overlap will show the extent of similarity [Fig 20]. 

 

3.4 Transition Matrix 

 

In order to analyze the transition dynamics of the organs, the transition matrix is calculated. For 

each of the current position of the organ the probability of the organ to be in another position 

after delta time is calculated. Also a certain level of tolerance for the current position is set. This 

means that for each grid [Fig 12] the corresponding next position after delta time is found, and 

the probability of the position occurring after delta time is stored in the matrix. This forms the 

Transition matrix.  

 

[Fig 12: Dividing Scatter Plot for Transition matrix] 
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Chapter 4 

4  Results and Discussion 

 

4.1 Segment Formation 

 

The goodness of a filter is best based on visual inspection of the results [12]. The Blue Signal 

here in the figure is the original signal. The Green Signal is the Butterworth filtered signal. As 

apparent, the Butterworth filter smoothes the signal. The Red Signal is the Savitzky-Golay 

filtered signal. Again, it is apparent that it increases the signal-to-noise ratio [Fig 13]. 

 

 

[Fig 13: Filtered audio signal] 

 

This makes it easy for the separation of start and end points of the speech segments in the audio 

signal. The accuracy of the detection of the start and end point of the voice segments is close to 

the actual the start and end point of the voice segments [Fig 14]. 

http://en.wikipedia.org/wiki/Signal-to-noise_ratio
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[Fig 14: Start and end points of audio segments] 

 

4.2 Principal Component Analysis 

 

The covariance matrix is calculated as per the methodology and the result is shown in [Fig 15]. 

The high red and orange components close to x=y line are predicted to form the feature vectors. 

From the covariance matrix the eigenvalues and eigenvectors are calculated. 

 

[Fig 15: Covariance matrix] 
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From the hierarchical clustering operation on the eigenvectors, it is evident that there are utmost 

only 4 possible feature vectors for each voice segment [Fig 16].  

 

[Fig 16: Hierarchical Clustering Plot] 

 

Thus the eigenvalues and eigenvectors are sorted in descending order and only the top 4 

eigenvectors are taken to produce the feature vector [Fig 17]. The feature vectors of all the voice 

segments of one speaker put together forms the final feature vector of one speaker. This feature 

vector then multiplied with original data set produces the PCA reduced dataset for each speaker. 
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[Fig 17: Feature vectors] 

 

4.3 Similarity Analysis 

 

The first similarity test is the dot product between different voice segments of the same speaker 

[Fig 18]. The values being close to zero indicates a wide difference between the speech 

segments. Since the same audio is not being spoken in different voice segments, it might be a 

possible reason as to why the similarity is low for certain segments. But most segments have a 

very high similarity and thus we can understand that the principal components are similar 

irrespective of the audio being spoken. 
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[Fig 18: Dot product between different voice segments of the same speaker] 

 

The second similarity test is the dot product between the same speech segments spoken by 

different speakers. From [Fig 19] it is evident that the similarity between the same voice 

segments, spoken by different people, having the same accent, is very high. 

 

 

[Fig 19: Dot product between the same speech segments spoken by different speakers] 
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The third similarity test is the scatter plot between the speakers. Since there are 4 primary feature 

vectors, the subplots are feature vectors (0, 1), (0, 2), (0, 3), (1, 2), (1, 3), (2, 3). From [Fig 20] 

we can see a very high overlap of the data points between the speakers. This indicates the 

possibility of people talking in same accent having same movement of organs, thus proving our 

hypothesis. 

 

[Fig 20: Scatter plot] 

 

4.4 Transition Matrix 

 

For the example the reference point taken were (0, 0) with a tolerance of 0.5 and time delay of 5. 

The resulting transition matrix [Fig 21] of two different speakers, show a possible similarity in 

the transition of the organs from one position to another. 
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Speaker 1: 

 

 

Speaker 2: 

 

[Fig 21: Transition matrix comparison between two speakers] 
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Chapter 5 

5 Verification 

 

5.1 Surrogate Time Series 

 

Surrogate data testing is a statistical proof by contradiction that is used to detect non-linearity in 

a time series. The technique basically involves specifying a null hypothesis  describing 

a linear process and then generating several surrogate data sets according to . In order to 

preserve the linear correlation (the periodogram) of the series, surrogate data are created by the 

inverse Fourier Transform of the modules of Fourier Transform of the original data with new 

(uniformly random) phases [Fig 22]. This method is called random phases. A discriminating 

statistic is then calculated for the original time series and the surrogate sets. If the value of the 

statistic is significantly different for the original series than for the surrogate set, the null 

hypothesis is rejected and non-linearity assumed [13]. 

 

 

Original time series 

 

Surrogate set 

[Fig 22: Surrogate series] 

 

http://en.wikipedia.org/wiki/Proof_by_contradiction
http://en.wikipedia.org/wiki/Non-linearity
http://en.wikipedia.org/wiki/Time_series
http://en.wikipedia.org/wiki/Null_hypothesis
http://en.wikipedia.org/wiki/Linear_model
http://en.wikipedia.org/wiki/Surrogate_data
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For the final data set the surrogate method chosen is, Random phases. It follows the following 

algorithm. 

Code Snippet: 

 

 

 

The original dataset [Fig 20] and the surrogate [Fig 23] do not produce the same scatter plot. The 

amplitude of the scatter plot of the surrogate series is way less compared to the original. Also the 

surrogate due to its randomness does not have the variance that the original scatter plot does. 

This is an indication that the scatter plot of the original data is a genuine result and not a day to 

day coincidence due to the presence of large amount of data. 
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[Fig 23: Scatter plot of surrogate series] 

 

5.2 KS Test 

 

The Kolmogorov-Smirnov test (KS-test) tries to determine if two datasets differ significantly 

[14]. The absolute difference between, the cumulative distributions of the reduced data, between 

two specimens are calculated. The cumulative fraction function is a graphical display of how the 

data is distributed. The k-s test returns a D statistic. The D statistic is the absolute max distance 

between the CDFs of the two samples. The closer this number is to 0 the more likely it is that the 

two samples were drawn from the same distribution [Fig 24]. 
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[Fig 24: KS Test cumulative fraction plot, D indicating max distance] 

 

The inbuilt function ks_2samp from scipy.stats is used to find the max distance, D between the 

CDFs of the final dataset of the two speakers. From [Fig 25] we can see that the distance D, 

between the voice segments of the speakers is mostly close to zero thus confirming the 

possibility of the voice segments to be similar to each other. 

 

 

[Fig 25: KS Test distance plot] 
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Chapter 6 

6 Conclusion 

 

The objective of this paper was to extract and understand the statistics of tongue movement and 

analyze the pattern of their movement in free speech. 

In order to extract the data, signal processing techniques were used. The major signal processing 

techniques used were Butterworth filter and Savitzky-Golay Filter. They were used to remove 

the pauses in the audio signal. 

The dataset were represented in an 18 dimensional space, hence Dimensionality Reduction had 

to be done. PCA was the method that was used for dimensionality reduction. The number of 

dimensions to represent the dataset was then reduced to four. 

To analyze the pattern of the movement of the organs and to prove that the people talking in the 

same accent have the same principal components, similarity checks were done. The two methods 

used to check for similarity between the voice segments of the speakers were Dot product and 

Scatter plot. These two similarity checks produced results that suggested a possibility of the 

hypothesis being true. 

In order to confirm the results of the similarity check two verification methods were devised. 

They were the Surrogate time series and KS test. The results of the verification also suggested 

that the hypothesis could be true. 

The second part of the thesis was to analyze the pattern of movement of the organs during free 

speech. In order to do this a transition matrix was developed. The transition matrix indicated the 

probability of the movement of organ from one position to another position with a time 

difference of delta. 
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Chapter 7 

7  Future Work 

 

The dimensionality reduction method used here is PCA. Apart from PCA, other dimensionality 

reduction methods can be used to process the data. 

Since the data was not designed for this research, the reference plane could not be accurately 

pointed. Data with a definite frame of reference should be produced and the analysis can be 

performed again on it. 

Also specific sentences that use the organs effectively can be produced and used for the analysis 

to better pick out the feature vectors. 

Feature vector associated with the production of different kind of sounds could be found out. 

Differentiation between male and female feature vectors in terms of magnitude and orientation 

could be done, this follows from the fact that male voice sounds different from female. 

We could find out which eigenvectors get selected prominently in most cases i.e. the organs 

most used to produce the accent. 

As an extension over the entire project, we could work with different accents and find the 

relationship between different accents. 
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