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Abstract

The complexity and scale of seized media in criminal investigations has increased dramat-
ically in recent times, not least in child sexual abuse investigations. Manual examination
of material impose great stress on the investigator and innovative aids can play a cru-
cial role mitigating this. The thesis evaluates the use of machine learning algorithms for
automatic speech classification. More specifically, we present the components of a sys-
tem that uses acoustic features to identify speech in noisy environments and classify the
speakers gender and spoken language. For each of the tasks, separate approaches based
on earlier research were developed and experiments were devised to validate them. The
results of all classification tasks were satisfactory, but the language classifier were found
not to scale well with the number of supported languages. In conclusion, the thesis shows
that machine learning models are well suited for speech classification. The thesis was
performed at Safer Society Group.

Keywords: machine learning, speech classification, support vector machines, deep be-
lief networks, gaussian mixture models, voice activity detection, langauge identification,
gender classification.
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1

Introduction

The complexity and scale of seized media in criminal investigations has increased dra-
matically in recent times, not least in child sexual abuse (CSA) investigations. This de-
velopment can be attributed to several recent advancements in fields such as data storage,
networking capability and prevalence of video recording devices made ubiquitous with
the rise of modern smartphones. This changes the needs of forensic investigators dealing
with seized media.

For obvious reasons manual examination of CSA material impose great stress on the
investigator. Therefore, innovative methods that aid in examination of CSA media play
a crucial role in helping investigators. One technique that the law enforcement forensic
community has expressed great interest in is classification of audio. The ability to quickly
find material that includes speech which satisfies certain conditions can play an important
role in identifying both the victim and offender.

This thesis explores the use of machine learning techniques for automatic classification of
speech in audio and classifying found speech segments on features such as the language
spoken and gender of the speaker.

1.1 Goals

The goal is to develop a system which identifies active speech in noisy audio environments
and classify speech segments on the speakers gender and spoken language.

In order to do this, the following intermediary milestones have been identified:

Identify and extract features needed for classification.

* Develop a model which identifies segments of active speech in noisy audio, voice
activity detection.

Develop a model for classification of a segments spoken language.

* Develop a model for classification of the gender of a segments speaker.
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1.2 Delimitations

The classification tasks are exclusively solved using acoustic properties of speech. This
means that no syntactic approach is evaluated for any of the classification tasks. Even
though it could be relevant to look at the grammatical structure of the speech segments
for language classification, it is outside the scope of the thesis.

Only reasonable noise levels, where noise does not overpower the speech, is supported.
This means that the harshest noise conditions in terms of noise level will be noise at the
same level as the speech. Furthermore the voice activity detection models will not be
evaluated on all types of noisy environments, but are limited to a set of predefined noisy
environments ranging from domestic to outdoor environments.

For the language identification task, a limitation has been set on the number of languages
used during evaluation. At most five languages will be simultaneously evaluated as solv-
ing the language identification task for a large set of languages is infeasible in the scope of
a master thesis. Only closed set tests will be performed, where the number of languages
are known beforehand, as classifying speech from unseen languages is outside the thesis
scope.

1.3 Thesis outline

CHAPTER 2 Describes audio theory. It handles properties of digital audio and which

features that are extracted from audio streams.

CHAPTER 3 Describes machine learning theory. It handles machine learning con-

CHAPTER 4

CHAPTER 5-7

CHAPTER §

cepts and describes the theoretical background which the proposed
models are based on. It also includes a description of the model’s eval-
uation metrics.

Describes the proposed system and methodology used to perform the
experiments. It handles data selection and processing.

Follows the same convention and describes how each of the intermedi-
ary milestones, defined in the goals section, was handled. Each consists
of the following parts: a background and description of the approaches
for the particular problem, description of the experimental setting, the
results for each experiment and finally an analysis of the achieved re-
sults.

Compares the achieved results with previous research, describes some
of the choices made and challenges encountered. It also includes possi-
ble future extensions of the work done.
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CHAPTER 9 Consists of the thesis conclusion.
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Audio theory

This chapter introduces and explains basic concepts of audio, its digital representation
and properties that can be derived from the audio.

2.1 Audio Basics

In its most basic form, sounds are pressure waves propagated through air which can be
perceived by the human auditory system or an artificial auditory system such as a mi-
crophone. Speech is produced by pushing air through the vocal tract, producing these
pressure waves. The resonant frequencies of produced sound are determined by the shape
of the vocal tract and the current position of tongue and lips [1].

The resonance in the vocal tract gives rise to formants. Formants are concentrations of
acoustic energy around particular frequencies, where each formant corresponds to a res-
onance in the vocal tract. There are several formants F), ordered in rising frequency and
it is primarily the locations of the first three formants frequencies F; — Fj that distin-
guishes vowels [2]. One way to visualize formants is by plotting the audio spectrum in a
spectrogram as can be seen in Figure 2.1.

Another important feature of speech is the fundamental frequency, which is the lowest fre-
quency of the speech signal’s waveform. The fundamental frequency can be used to mea-
sure the perceived pitch of the produced sound. Generally, the vocal tracts of males are
roughly fifteen percent longer than those of females. This is one of the reasons why male
speech generally have lower formant and fundamental frequencies than female speech

[4].

2.2 Digital audio

In digital audio recordings, the waves are represented by a series of points, or samples,
where each sample is the value of the waveform at a particular point in time. A digital
signal is sampled at a sample rate f; which is the number of measured data points per
second. A visualization of sampling from a continuous signal can be seen in Figure 2.2.
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Figure 2.1: Spectrogram of American English vowels i, u and a. Labeled with the ap-
proximate frequencies of the first and second formants [3].

The sample rate bounds the maximum bandwidth of a signal. If a signal has no frequency
higher than IV Hz, it is completely determined by its ordinates at points spaced %W sec-
onds apart [5]. Thus, to perfectly reconstruct a signal with bandwidth IV, the signal must
be sampled at 211 Hz which often referred to as the Nyquist rate. Traditional telephone
signals are sampled at 8 kHz for example, which means frequencies up to 4kHz can be
recaptured.

All audio features in this section are calculated from series of samples in windows of fixed
size, henceforth referred to as a frame.

2.3 Audio Features

This section describes the different audio properties extracted, also called features, which
form the input to the classification models. The selection of features are based on earlier
research, including [6] and [7].

2.3.1 Energy

The average energy in the frame, formally specified as equation 2.1 where NNV is the num-
ber of samples in the frame and z; the value of sample number <.

N-1_2
ENERGY = Z’% 2.1)
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Figure 2.2: Top: A continuous signal. Mid: The signal sampled at a steady frame rate,
showing the samples which will constitute the digital signal. Bottom: The signal sampled
at three different rates. As can be seen, if the sample rate is low (as in the leftmost part)
there is a risk of loosing information and if the rate is high there is a risk of storing
redundant information.
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2.3.2 Zero crossing rate

Zero crossing rate (ZCR) Describes the rate at which the signal switches from positive
to negative or vice versa in the frame. It can be seen as an indicator of the frequency at
which the energy is concentrated in the frequency spectrum [8]. Calculated as in equation
2.2, where N is the number of samples in the frame.

_ SN [ sgnle] — sgnlr. ]|

ZCR N

(2.2)

2.3.3 Pitch Estimation

As described in section 2.1, speech at a point in time has a fundamental frequency f;
which can be be used to measure the perceived pitch of the produced sound.

To correctly estimate f; is an unexpectedly complex task, especially for different types
of signals. For example, a method which performs well on music does not automatically
perform well on speech signals and even a method which estimates well for clean speech
can degrade heavily when applied to noisy speech [9]. This has led to the creation of
several different widely used estimation methods, with each having its own preferred
domain and quirks.

One of the simpler methods that works well with speech from a single speaker with low
background noise [9], is the use of the ZCR as a basis for pitch estimation. It is also
computationally inexpensive. The estimated pitch is calculated as following.

SAMPLE RATE
PITCH= ——— (2.3)

HzcRr

2.3.4 Discrete Fourier Transforms

The Discrete Fourier transform (DFT) decomposes a function into a set of sinusoidal
waves whose sum represents the original function. In signal processing, the DFT decom-
poses a signal, that is a function of time, into the frequency domain representation of
the original signal. In speech processing, the DFT gives the energy in different frequency
bands (also called the power spectrum) which is closely related to the concept of formants
described in section 2.1.

The sinusoidal waves used to model the DFT are referred to as the basis functions. These
are sine and cosine waves with unity amplitude but different period lengths defined as
equation 2.4 and 2.5, where k determines the number of periods of the wave which fits
within a single window of N samples.

sE(t) = sin(t * k * 3\7;) (2.4)
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2
ck(t) = cos(t x k * I) (2.5)
N
The DFT can be calculated as following.
N-1 o
DFTy(z) = Y xpe ™% (2.6)
n=0

A straightforward method of using this formula for each of the DFT points results in
O(N?) calculations, but the complexity can be reduced to O(NlogN) by using the the
Cooley—Tukey fast Fourier transform (FFT) algorithm [10].

2.3.5 Mel Frequency Cepstral Coefficients

Mel frequency cepstral coefficients (MFCC) represent the perceived power spectrum of a
signal in a set of certain frequency bands [11]. The calculation of MFCCs for a signal
s(n) is performed as following. First, a periodogram-based power spectral estimate is
calculated in order to identify the power in the frequency band for a frame s;(n), as in
equation 2.7.

Py(k) = ]1V|DF71-(1<:>|2 2.7)

Following this, a filter bank of triangular filters spaced based on the Mel scale are applied
to the power spectrum. An example consisting of eleven filters can be seen in figure 2.3.
This approximates the nonlinear frequency resolution of the human ear and results in an
approximation of the energy of the frame in each filter’s frequency range.

10+

0.8

0.6 -

0.4+

0.2

0.0

0 1000 2000 3000 4000 5000 6000 7000 8000
Frequency (Hz)

Figure 2.3: A filter bank of eleven Mel-spaced triangular filters.

To simulate the perceived loudness of the energies, the logarithms are computed. This
resembles how humans perceive sound better, which is on a logarithmic scale over fre-

9
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quencies and not a linear scale. Since the filters in the filter bank are overlapping, the
energies are correlated to each other. To decorrelate them, the discrete cosine transform
for each filter’s energy is calculated. From this, a number of coefficients which encapsu-
late the relevant frequency band are selected. These constitute the vector of MFCCs for
the frame.

The MFCCs provides a good estimation of the local spectra, but they do not encapsulate
temporal information. This can also be included as a separate feature, by estimating one or
both of the MFCCs local derivatives (DMFCC) and the DMFCCs derivatives (DDMFCC).
The DMFCCs are estimated as following (and the DDMFCC is computed the same way
but using the DMFCCs as ('), where C;; is the ith cepstral coefficient of frame ¢ and D
is the distance in number of frames used in the delta computation.

Y- p kCirin

AC’,;’t - ZkD:_D k}2

(2.8)

2.3.6 Shifted Delta Coefficients

Shifted delta coefficients (SDC) are included to model temporal information. Given an
ordered list C' of coefficients over time, temporal information for one coefficient ¢; € C'
is gained by concatenating a fixed amount k£ of upcoming delta coefficients with equal
spacing p as shown in Figure 2.4.

sSbc .“‘
Figure 2.4: Figure showing the concatenation of SDCs for the first coefficient in a se-
quence of coefficients where p=3, k=3 and D used in delta computations set to 1.

In speech technology, temporal information that can model high order properties such as
phonemes is achieved by taking SDCs consisting of DMFCCs derived from MFCCs with
M cepstra. This results in a total number of SDC values per frame of M x k.

10
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2.3.7 Linear Predictive Coding Coefficients

Linear predictive coding (LPC) is a signal processing technique that derives a compact
representation of spectral magnitude for a signal [12]. LPC analysis of a speech signal
is performed by estimating the formants (see Section 2.1) and removing their effect on
the signal. The formants are modeled as filters that mimic the effects of the vocal tracts
shape. The analysis results in a set of p coefficients defining the formant filter as well as
the residual signal after removing their effect.

A common way to estimate the coefficients is using a least square method, for example
autocorrelation, where coefficients that minimize the mean energy of the residue signal
are selected. The residue signal is defined in equation 2.9 where p is the number of poles
in the filter, a the vector of filter coefficients and x(¢) the hamming windowed input signal.

r(t) = x(t) — Ep: apr(t — k) (2.9)
k=1

The autocorrelation method is used to estimate the coefficients that minimizes the ex-
pected value of the energy error:

o e}

Eerror = Z r(t) = Z [x(t) — i arz(t — k)]? (2.10)

t=—00 t=—o0

The coefficients that minimize E.,,,, are found by solving the p linear equations % =

0 for & = 1...p, this yields equation 2.11. R(7) is the autocorrelation defined in 2.12 where
N is the frame size.

RGi) =3 aeR(i — k) @.11)
k=1
R(G) = Ele(t)z(t — )] = 3 a(t)a(t — i) 2.12)

t=1

If the linear equations are formulated in matrix form Ra = r where R is a Toeplitz matrix
with elements R;; = R(|i — j|) and r = [R(1),..., R(p)] is the autocorrelation vector,
they can be solved using the Levinson-durbin algorithm [13]. The resulting coefficients
constitute the LPC values.

11
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Machine Learning theory

Machine learning is a varied field with many application areas, generally speaking one
can say that it encompasses techniques for drawing conclusions from data. This can be
further separated in three major areas - classification, clustering and regression.

Classification is the task of assigning an observation to one of several sub-populations,
or labels. If there are only two labels it is called binary classification and if there are
more than two it is called multi-class classification. A prime example of a classification
problem is spam filtering, where a new observation (an email) is classified as either spam
or non-spam depending on its contents.

Classification models can be further separated into supervised and unsupervised models.
Supervised models are shown observations and corresponding labels with the goal of
finding general rules to assign labels to new observations. In unsupervised learning, the
model is shown observations with the goal of finding patterns and inferring the structure
of the observations.

All of the classifications performed in the thesis is of the supervised kind. The dataset
shown to the model consists of a feature matrix X and a vector of true labels (or target
labels) y. X is of the form n x d, where n is the number of observations and d the
dimensionality of each data point. The label vector y consists of n labels taken from a
label space, consisting of the possible classifications for a data point.

This section introduces the theory of the models used in the thesis, how the performance
of the models are measured and how the performance is verified to be generalizable.

Overfitting and cross validation

A concern is overfitting the model to the data, which is when the model captures every
slight variation in the data. This leads to a model which performs well on seen data but
does not generalize to new observations.

An example of overfitting can be seen in Figure 3.3, where the goal is to fit a function in
such a way that it correctly describes a series of points. As can be seen, the left function
has a smooth curve and approximately models the points while the function on the right
describes all points but follows the points exactly. This function would probably not
generalize well to new input data. To asses how well a model generalizes, the data is split

13
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— Model — Model — Model
— True function — True function —— True function
o ® ese Observations . ese Observations e e Observations

Figure 3.1: Fitting a function to a series of observations. Left: An underfitted function.
Middle: A correctly fitted function. Right: An overfitted function.

into disjoint train and test sets, where the elements in each set is randomly selected. By
doing this, the performance of the classifier is evaluated on unseen data. However, there
is still a risk of splitting the data incorrectly, which can lead to unexpected results.

To further improve this validation scheme, k-fold validation can be applied. In k-fold
validation the data is randomly split into k£ equally sized subsets, which enables validating
the model k times by systematically using each of the subsets as test set and the rest for
training. The metric used to validate the classifier is then the average over all folds.

3.1 Support Vector Machines

Support vector machines (SVM) is a supervised learning method for performing binary
classification of linearly seperable input data. It was introduced by Vapnik et al. in the
nineties and was shown to generalize well to varied sorts of data [14][15].

Given a set of n data points z; € R? and their corresponding labels y; € {—1, 1}, the idea
is to find a hyperplane w’z — b = 0 separating the two classes where b is the bias of the
hyperplane. If b is zero, the hyperplane cuts the origin and is said to be unbiased.

14
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Figure 3.2: Example of separating hyperplane with a hard margin. The circled data points
constitute the support vectors.

There is an infinite number of possible separating hyperplanes and the goal is to find the
hyperplane that maximizes the margin between the two classes. This is equivalent to
solving the following quadratic optimization problem:

1
min inw st Yyt yi(wha; +0) > 1 3.1

w,b

In the best case scenario the data is linearly separable which makes it possible to select two
parallel hyperplanes with a distance between them as large as possible as seen in Figure
3.2. This is the hard margin case where the maximum-margin hyperplane becomes the
hyperplane in the middle of the two class bordering hyperplanes. The data points closest
to the optimal hyperplane are called support vectors.

If the data is truly linearly separable, a hard margin implies a perfect classification. How-
ever, this is often not the case in real world applications and forcing a hard margin will
result in an overfitted model. This is remedied by relaxing the constraint into the soft
margin version of the problem.

The soft margin version modifies the optimization problem in 3.1 to the primal formu-
lation as in equation 3.2 where ( is the hinge loss function and C is a regularisation
constant.

1 n
min inw + CZ G ost.Vycy(w-z;+b)>1—¢ (3.2)

" i=1

¢ =maz(0,1 —y;(w-x; +b)

15
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Solving the primal formulation optimally is computationally intractable for higher di-
mensions, which motivates the use of the dual formulation in 3.3 instead. This simpli-
fied problem is obtained by solving the Lagrangian dual of the primal and is a quadratic
function of « subject to linear constraints, making it efficiently solvable using quadratic
programming algorithms.

mngozi — ;ZZyiyjaiozj(xi -xj) st Zyiai =0,Vi:0<; <C (33
i i i

The weight vector is obtained from the a-values as in 3.4. Note that «; is only non zero
for datapoints x; chosen as support vectors. The bias is calculated as b = w - z; — y; for
one of the support vectors ;.

w = Z QYT (3.4

When the SVM is trained, the class of a new datapoint x,,, can be predicted according
to equation 3.5.

predict(Tpew) = sgn(w - @(Tpew) +0) = sgn([zn: Yk (T, Tpew)] + b) (3.5)
i=1

3.1.1 Kernels

The solution above works well with linear separable data, but the use of SVMs that only
handles linear separation is limited. Even though the data is not linearly separable in the
current feature space R, it might be in a higher feature space R . Thus by transforming
the input to a higher feature space, the data might be separable while still using the above
formulation. Increasing the feature space can however be very expensive in computation
and space, especially in cases where M grows exponentially with V.

This is solved using kernel functions, which is a function k : RN x RN — R that given
two vectors implicitly computes their inner products in a higher dimension R* without
explicitly transforming the vectors to R*. Kernels provides a measure of similarity be-
tween two vectors if it satisfies equation 3.6 where @(z) is the vector transformed to
RM,

k(zi, z5) = @(x) - @(x5) = k(zj,2:) 2 0 (3.6)
Using kernels, a dataset can be implicitly transformed to a higher-dimensional feature
space without a memory overhead and only a small increase in complexity. The ker-
nels are incorporated into the model by replacing the inner products in equation 3.3 with

k(x;, x;).

16
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Kernel functions

To use kernels to model the solution to linearly separable data, a kernel defined by the
function k(v,w) = vTw is used. It is useful if the feature space is high dimensional
and each individual feature is informative[16]. If this is the case, it is likely that the
decision boundary can be represented as a linear combination of the original features
which renders the implicit transformation redundant. However, for data where all features
are not individually informative, non-linear kernels such as polynomial or radial basis

function kernels perform better.

The polynomial kernel is defined as k(v,w) = (vTw)? where d is the polynomial degree
and w,v € RY. It provides a way to measure similarity of not only individual features
but also their combinations. The implicit feature space is in R4,

The radial basis function (RBF) kernel is a universal kernel, defined as a Gaussian func-
tion of two vectors as equation 3.7 where - is a parameter usually set to 1/202 where o
is.. .

k(v,w) = exp[—v|jw — v||] (3.7)

RBF kernels have an infinite implicit feature space [17]. Because it is a universal ker-
nel, SVMs using RBF kernels guarantees globally optimal predictors for a large set of
classification problems as long as an appropriate regularization parameter C' is chosen
[17][18].

3.2 Gaussian Mixture Models

A Gaussian mixture model (GMM) is a probabilistic model which assumes that the dis-
tribution of observations can be modelled as a combination of Gaussian distributions.
Mixture models are used in statistics to model sub-populations within the full population
and can be thought of as a generalization of k-mean clustering to incorporate information
of statistical properties of the data points.

17
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Figure 3.3: GMMs enables modelling a complex distribution (the top distribution in the
rightmost figure) as a combination of Gaussian distributions (each of the three distribu-
tions in the leftmost figure).

Formally a distribution f is a Gaussian mixture of K components modeled as a linear
combination of K Gaussian distributions with density function

K
flx) =" weN(z; g, 07) (3.8)

k=1

where wy, is the mixture weights satisfying Y& w, = land w, > Ofor k = 1,..., K.
Thus the model is defined by the parameters A = {wy, ..., Wk, f1, -, flis T2, .oy T2}

Training a GMM entails estimating the y, 0® and w parameters for all K components and
is typically done using the EM-algorithm [19] for finding maximum a postoriori (MAP)
estimates of the parameters. The EM-algorithm is an iterative algorithm where each it-
eration involves an expectation (E) step where log-likelihood expectation functions are
formed using the current parameters and a maximization (M) step to find new parameters
that maximizes the expected log-likelihoods from the E-step.

In multi-class classification problems separate GMMs can be trained for the different
classes and classification of an input z means finding the most likely model. Two models
can be compared by performing a likelihood ratio test as follows. Given an input z, the
null hypothesis model \,,; and the alternative model \;, the likelihood ratio for A, is
calculated as in equation 3.9 and expresses how many times more likely the data are under
Anau than Ay If the likelihood ratio for \,,; is higher than a constant C' it is accepted,
otherwise ), is rejected in favour of the alternative model.

P(xp\null)

A(I) = m (39)

3.3 Deep Belief Networks

Deep belief networks (DBN), proposed by Hinton et al [20, 21, 22], is a methodology for
designing and training deep neural networks. Its many layers of non-linearities have been

18



3. Machine Learning theory

shown to be able to express both highly variant and highly non-linear functions better than
shallow models such as SVMs [23]. One of the strengths of the approach is its ability to
discover underlying regularities of multiple features while still being highly generalizable
to new observations [24]. In recent years, DBNs has been applied successfully in varied
areas of research such as image recognition [25], natural language processing [26] and
speech analysis[24].

©OOOOO0) hs
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Figure 3.4: Overview of DBN architecture.

The high level architecture of a DBN can be seen in Figure 3.4. It is composed of several
layers of stacked restricted boltzmann machines (RBM), which will soon be described in
more detail. The top layer represents the input layer and is bidirectionally connected to
the second layer, forming an associative memory [21].

The network is defined as the following joint distribution, where x is the input and ¢° the
hidden variables at layer i:

P(z,g".¢*, ...d") =P(x | g")P(g" | ¢°)---P(¢" | ¢ )P " |d)  (3.10)

All the conditional layers P(g’ | g'™!) are factorized conditional distributions for which
computation of probability and sampling are easy. In Hintons original paper [21], each
hidden layer ¢* is considered a binary random vector with n’ elements g’ :

n

g ‘gl-i-l H g] | gl+1 (311)
J=1

2+1

P(g] =11g¢"") = sigm( b’ + Z Wk] )
k=1

il +e,t, b; is the bias of unit j in layer i and W is the weight matrix for

where sigm(t) =
layer .

As noted, the building blocks of the network are RBMs, an example of which can be seen
in figure 3.5. An RBM consists of two layers, the top one denoted as the visible layer and

19
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the second as the hidden layer. Each node in the visible layer is directionally connected to
every node in the hidden layer and there are no connections between nodes within layers.

hg h, ha

A AN

Vo | v V2 vy

Figure 3.5: A single restricted boltzmann machine.

The joint distribution of the two layers are defined as in equation 3.12, where 7 is the
normalization constant for the distribution, b is the bias vector for the visible units, ¢ the
bias vector the hidden units and IV the weight matrix for the layer.

1 ! / /
P(V, h) — Eeh Wv+b'v+c'h (312)

The energy function is defined as the negation of the argument in the exponent:

energy(v,h) = —h'Wv —b'v — ch (3.13)

Hinton et al [21] introduced a greedy layer-wise unsupervised learning algorithm which
greatly improved the efficiency of DBN training and made using them feasible in practice.
It begins by setting ¢ to the input vector x, and then sampling the empirical distribution of
the RBM using contrastive divergence (CD). By continually passing each RBM’s result
up through the network, x is transformed to a new representation in layer ¢'. CD is a
method for quickly estimating the gradient of the log-likelihood of an RBM using Gibbs
Markov chain sampling over the visible and hidden units in the RBM, with a low sampling
periodicity (k = 1 in most cases).

After this initial pre-training step, the entire network is fine-tuned using a supervised
gradient descent algorithm on the negative log-likelihood cost function given a prediction
y for an input vector x. This prediction is given using a logistic regression classifier to
classify an input vector X into a class y given the result of feeding x up through the network
to layer g'. This can be seen as either an independent system component or as the final
layer of the network.

3.3.1 Performance metrics

Some of the most widely used performance metrics for binary classifiers are accuracy,
precision and recall. These can all be derived from the following classification matrix,
which describes the different outcomes of a classification.
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Value Positive Value Negative
Classified Value Positive | True Positive (TP) | False Positive (FP)
Classified Value Negative | False Negative (FN) | True Negative (TN)

Table 3.1: Classification outcomes of a binary classifier.

Using these different cases, the metrics are calculated as following.

TP + TN TP TP
ACCURACY = PRECISION = ———— RECALL = —
TP + TN + FN + FP TP + FP TP + FN

Where
- Accuracy describes the proportion of classified values that were correct.
- Precision describes the proportion of values classified as positive that were positive.

- Recall describes the proportion of positive values that were correctly classified as
positive.

The relationship between precision and recall are often described by the use of either a
precision/recall (PR) curve or receiver operating characteristics (ROC) curve [27].

Precision and recall can also be combined to form the F1-score, which is defined as

PRECISION * RECALL
PRECISION + RECALL

F1 =2«

Another metric which is of importance when deciding between different models is how
the training time scales with the input size as well as the time it takes for the model to
classify new observations.

By combining all of these different metrics, a well rounded measure on the quality of the
classification model can be described. Depending on the context of the classifier, some
of the metrics might be of more importance that others. For example, if the classification
needs to be performed in a live setting (say, a live speech translator) the time the classifier
needs to classify new observations is very important.
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Methods

This section introduces the proposed system and describes how each of the components
fits together. It continues with an in-depth description of each individual component and
what considerations has gone into developing them.

" Classification Module .
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Figure 4.1: The proposed system from input data to classifications.

4.1 Datasets and data selection

The data used as input to a classification model is paramount to the models quality. There
is always a risk that the model performs well on a particular dataset during experimen-
tation but performs substantially worse during real world use. This hints that the model
solves a different problem than the one asked for.

Due to the nature of the media that the trained models will classify, it is not viable to
perform experiments using real data. This forced us to look for alternative data to use as
input during experimentation. In addition to being representative, there are a few more
requirements that the data needs to satisfy; it needs to be tagged with the proper infor-
mation needed for the classification tasks, it has to follow a license that allows for use in
both academic as well as commercial applications and it has to be free of charge due to
constraints of the thesis. The data used came from two sources, which will be described
in more detail in the upcoming sections.
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4.1.1 VoxForge speech recordings

The VoxForge speech recordings dataset is a collection of crowdsourced transcribed speech
recordings, initially created for use in developing open source speech recognition engines.
The dataset consists of user submitted recordings created using an online tool which pro-
vides feedback on the quality of the recording. Each recording is collection of ten audio
files containing a single utterance. A summary of the metrics for each language can be
seen in table 4.1.

All recordings are licensed under the GNU general public license version 3 !.

English Spanish  French Italian Russian  Total
Utterances 80007 22885 18591 9612 8883 139978
Speakers 1182 (3257) 460 (696) 283 (625) 196 (336) 199 (469) 2320 (5383)
Male 1081 285 261 184 186 1997
Female 95 74 24 14 14 221
Undefined gender 41 23 43 20 22 160
Max length 82,25s 37,13s 27,13s 16,81s 147,5s 147,5s
Min length 0,4s 1,32s 0,75s 1,5s 0,78s 0,4s
Average length 4,98s 8,03s 5,92s 6,82s 9,73s 7,09s

Total length 110h 37m 51h04m 30h34m 18h12m 24h0lm 234h28m

Table 4.1: Summary of the VoxForge dataset. The parenthesized value in the speakers
row is because recordings can be labeled as "Anonymous". The first value is the number
of uniquely labeled speakers, and the value within parentheses is this number plus the
number of speakers labeled "Anonymous (where the same anonymous speaker can pro-
vide several recordings). This means that the real number of speakers lies somewhere in
the span between the two values.

4.1.2 DEMAND

The Diverse Environments Multichannel Acoustic Noise Database (DEMAND) is a col-
lection of multichannel recordings from a diverse set of noise environments [28]. The
dataset contains five minutes of recordings from 18 different environments, recorded us-
ing a microphone array of 16 microphones. This totals to 90 minutes of audio in 16
slightly different variations, giving 24 hours of total audio.

The different noise environments encompass five main themes; domestic environments,
natural environments, office environments, public environments and transportation envi-
ronments. A description for each of the included environments can be found in [28]. The

dataset is licensed under the Create Commons Attributions-ShareAlike 3.0 license 2.

Thttp://www.gnu.org/licenses/gpl-3.0.html
Zhttp://creativecommons.org/licenses/by-sa/3.0/legalcode
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4.2 Technical information

The project was written in the Python programming language, which was chosen for
its wide availability of high quality machine learning and scientific libraries as well as
the prevailing notion that it is well suited for experimentation. The machine learning
components of the thesis was performed using two different libraries; scikit-learn [29]
for general purpose machine learning and Theano [30] [31] to develop deep learning
networks. Both of these rely heavily on the scipy [32] and numpy [33] libraries, which
include functionality for high performance scientific computing.

For data handling, a system using an sqlite database and Googles protocol buffer objects
were developed.

All experiments throughout the thesis are conducted on the same machine with the fol-
lowing specifications:

CPU: 2 x Intel Xeon CPU E5-2620 2.00 GHz 12 cores
RAM: 56 GB, 1334 Hz
OS: Windows Server 2012 R2 (64-bit)

4.3 Merging of data sources

For some experiments, data from different sources were merged to create the final dataset.
This provides several benefits: full control of the data and labeling is maintained, it can be
verified that the signal to noise ratio (SNR) is the same over the entire dataset and more
data can be synthesized by generating permutations of the data.

In order to minimize the number of frames incorrectly labeled as speech after merging,
the silent parts of the speech files are initially removed. The speech segments are then
normalized in order to achieve a certain SNR to the background noise by applying gain
on the segment. This is performed by satisfying equation 4.1 where P, and Py is the
respective power of the speech and noise and s;5 and Nyp their loudness in decibel.

Py
SNRdB =10 lOglo(F) <~ SNRdB = S4B — NdB (41)
N

4.4 Data preprocessing

Before using data as input to the models they need to be put through a series of prepro-
cessing steps, this section describes them. The steps used varies between experiments.
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Figure 4.2: Example of segmentation of samples into frames F{-F5, with frame size of
10 samples and step size of 5.

4.4.1 Feature extraction

The feature extraction module converts an audio signal into series of data points which
are fed as input to the classification models. The signal and its corresponding class labels
are segmented into frames using a specified size and step length, as described in Section
2.2.

Each data point consists of a set of extracted features concatenated into a feature vector
which represents the acoustic properties of the frame. The features extracted are a subset
of the features described in section 2.3 and vary between experiments.

Special consideration is taken when extracting features for the last frame of an audio file.
The system defines the last frame as the first frame which extends beyond the length of
the audio file. For this to make sense, the samples in the frame are padded with the value
of the last sample.

The module facilitates merging of feature vectors calculated using different window sizes,
as long as they have the same step length. This means that each frames feature vector
contains information on different time spans originating at the same point.

4.4.2 Feature Scaling

Because the different acoustic features yield values in very varied ranges, the experiments
include different forms of scaling so that they can be used in conjunction with each other.
The different forms of scaling are: scaling each value between zero and one for each
feature, scaling each value between zero and one for each frame and scaling each feature
so that it has centers on the mean and has a unit variance.
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4.4.3 Silence removal

For some experiments, removal of silent parts from utterances were performed before
feeding them as training data to the model. This is performed to maximize the quality
of the training data by minimizing the risk of feeding the model with mislabeled speech
frames. It is important that silence removal is performed after calculating the full feature
vectors as some of the features are based on the upcoming frames and if the silent frames
were removed before extraction, the features would no longer be representative of real
speech.

The silence removal is based on energy and works as follows. Given a list of frames, the
energy for each frame is first calculated as described in section 2.3.1. All frames with
energy under a threshold 7 are considered silent and are removed from the feature matrix.
The threshold is defined in equation 4.2 where c is a constant satisfying 0 < ¢ < 1.

T = gﬁlg})g(energy(x)) - (4.2)

4.5 Classification smoothing

When classifying audio per frame on acoustic features, the resulting classifications is of-
ten fragmented. This is expected, especially if the features used for classification does not
incorporate acoustic features over a longer time span. This can be remedied by applying
a classification smoothing scheme on the given classifications. Such a scheme can be de-
signed in a number of ways, from simple ratio comparisons such as the one implemented
in the thesis to more advanced schemes based on hidden Markov models [34] or state
machines [35].

The smoothing scheme used in the thesis scans the classification vector linearly and makes
a new decision based on the surrounding classifications. The algorithm takes a window
size that defines how many upcoming and past frames to take into consideration when
making a decision. For each frame, the fraction of the past and upcoming classifications
that are the same as the current classification are computed. If both fractions are under a
set threshold, the frame is reclassified.
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Voice activity detection

Voice activity detection (VAD) is the task of separating areas of speech and non-speech
in an audio signal, which is a problem that arises in a wide range of areas such as speech
coding in digital telephony, signal-to-noise estimation and speech recognition.

5.1 Background and approach

If the audio signal is relatively clean, i.e contains low or no background noise and no
non-speech acoustic events such as ringing doorbells or barking dogs, VAD is a simple
problem that can be solved using a speech detector based entirely on energy. However,
if such noise is present in the background, the complexity of finding segments containing
speech is greatly increased and requires the use of more sophisticated analysis approaches.
The thesis has developed two approaches in parallel, which are presented in this chapter.

5.1.1 Deep belief network based VAD

In recent years, research on the application of DBNs on speech classification has shown
good results outperforming traditional acoustic modeling techniques such as GMMs [36].
The approach in this thesis is influenced by the work done by Zhang et al [24], but while
their primary focus lies in showing that DBNs can work as a powerful tool to fuse a wide
range of acoustic features we have a focus on developing a system which is better tailored
for VAD. They used a merged feature vector consisting of 273 acoustic features calculated
from three different window lengths.

The proposed solution differs mainly on the reduced size of the feature vector and the
parameters used for the network during training. The reduced vector also necessitates a
revised network architecture to successfully fuse the features.

5.1.2 Support vector machine based VAD

VAD solutions based on support vector machines are prevalent in research. Enqing et. al.
implemented a rudimentary implementation [37]. Their results were later improved upon
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and refined by Ramirez et. al [38]. SVMs with RBF kernels were applied to the VAD task
by Kinnunen et. al.[39], with MFCC and their derivatives as input features.

The proposed solution is based on [39] but the RBF kernel was approximated to decrease
the computational complexity during training.

Kernel approximation

A disadvantage of the SVM approach is that standard kernelized SVMs do not scale well
with bigger datasets[40]. This is a problem in the VAD task since the dataset needs
to include examples from several different background environments and for each there
needs to be enough speech data to capture the characteristics of speech. This problem is
remedied by approximating the explicit feature map of the RBF kernel and performing
linear classification, instead of applying the kernel trick. The data is explicitly mapped
using a randomized mapping z : R? — RP, where D is much lower than the actual
explicit feature space of the kernel, so that the inner products of two transformed vectors
approximates the kernel according to Equation 5.1. The advantage of doing this instead
of using feature maps implicitly is that explicit feature mappings can be better suited for
online training and decreases the training time with larger datasets [41].

k(xy,25) = @(z1) - @(22) = 2(x1)" 2(22) (5.1)

In the proposed solution, the explicit feature mappings are approximated by Monte Carlo
approximation of the RBF kernels Fourier transform using the RBF sampler supplied by
scikit learn', which implements a variant of the random kitchen sink procedure proposed
in [42]. The RBF sampler takes a v (see RBF 7 in 3.1.1) as well as an integer param-
eter, number of components, that determines the new feature mapping dimensionality.
The resulting feature mappings are used in a linear SVM trained with stochastic gradient
descent.

5.2 Experimental setting

A dataset consisting of Voxforge utterances and DEMAND background environments
were merged using the methodology described in Section 4.3. Sixteen five minute long
audio files were created for each of the 17 environments, totaling 1360 minutes. Each
merged audio file consists of 50% speech segments on top of noise and 50% only noise.
Separate datasets were create for each of three different signal to noise ratios; 0dB, 5dB
and 10dB.

In the experiments, unintelligible speech such as background chattering is considered
non-speech. Noise environments involving unintelligible speech are included in the ex-
periments to capture some harder use cases.

"http://scikit-learn.org/stable/modules/generated/sklearn. kernel_approximation.RBFSampler.html
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All experiments were performed using five fold cross validation. For each fold, 80% of
the frames from each environment were merged to create the entire training set while 20%
of the frames for each environment were kept separated in environment wise test sets.

The test sets contain consecutive frames, which enable the use of classification smoothing
scheme. The scheme applied is of the type presented in 4.5 with a window size of 40 ms.

5.2.1 SVM settings

Features for a single frame were calculated using a frame window size of 25ms and a step
size of 10ms. The features extracted from the audio signal are presented in Table 5.1. The
kernel was approximated using RBF sampler with v set to 1 and a number of components
set to ten times the original vector length. This results in new feature vectors of length
390, used by the linear classifier to approximate the result of using an RBF kernelized
SVM in the original feature space.

Feature Dimensions

MFCC 13
DMFCC 13
DMFCC 13
Total 39

Table 5.1: Features used in SVM based VAD experiments.

5.2.2 DBN settings

Features for a single frame were calculated using a combination of different window
sizes, as described in Section 4.4.1. All use a step size of 10 ms but the three different
sizes included are window sizes of 25, 200 and 400 ms.

The feature vector used can be seen in Table 5.2, they were selected loosely based on the
features used in [24].

The network used consists of two hidden layers, the first consisting of 50 nodes and the
second of 20 nodes. The learning rate for the pre training algorithm was 0.001 and the
fine-tuning algorithm 0.01. The max number of epochs for both the pre training and
fine-tuning were set to 100 epochs.
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Feature Dimensions
Pl'tCh25 1

LPCy; 12

DFTys 16

DF Ty 16

DFTyo 16
MFCCy 20
MFCCyqo 20
MFCCyy 20

Total 121

Table 5.2: Features used in DBN based VAD experiments. Subscripted value is the
window size in ms.

5.3 Results

The total accuracies of the models are the average classification accuracy of all supported
noise environments.

Environment Accuracy Precision Recall F1-score

SNR 0 5 10 0 5 10 0 5 10 0 5 10

Kitchen 86.2 89.5 90.1 | 81.3 86.0 859|945 947 96.2| 874 90.1 90.8
Living 87.1 91.0 93.0|87.2 928 920|869 889 94.1|87.0 90.8 93.0
Washing 93.1 94.1 947952 953 946|909 929 949 |93.0 94.1 94.7
Field 90.7 922 925|889 91.0 904 |93.6 94.1 956|912 925 929
Park 79.2 869 87.77|73.1 829 829|953 945 963|827 883 89.0
River 713 814 9121904 939 935|474 67.1 885|621 782 909
Hallway 90.6 925 929|885 913 90.7|937 943 959 |91.0 928 932
Office 91.0 929 93.0|87.8 91.0 90.6 | 954 953 96.1 | 91.4 93.1 93.2
Cafeteria 71.9 853 89.3|66.2 853 86.8|89.6 86.0 92.6 | 76.1 85.6 89.6
Restaurant  73.5 79.5 904 | 89.0 96.8 956|539 612 847 |67.1 750 89.8
Station 699 81.0 92.0]99.0 989 98.0|40.7 63.1 859|577 770 915
Cafe 82.1 89.0 91.7 {799 912 90.6 | 8.6 869 935|831 89.0 920
Square 87.6 91.0 915|843 89.6 89.0|92.6 928 949|882 91.2 9138
Traffic 87.5 910 935(96.2 96.1 946 | 785 858 925|864 90.7 935
Bus 90.1 924 929|873 90.9 90.7|943 94.6 959 |90.7 927 93.2
Car 89.4 920 925|852 894 894|958 956 96.6 | 90.2 924 929
Metro 86.8 87.7 92.1|86.6 853 90.3|87.1 899 943 |86.8 875 923
Total 84.0 88.8 91.8 | 86.2 91.0 90.9 | 83.3 86.9 934  83.1 883 92.0

Table 5.3: Results for SVM experiments after applying the classification smoothing
scheme.
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Environment Accuracy Precision Recall F1-score

SNR 0 5 10 0 5 10 0 5 10 0 5 10
Kitchen 78.0 849 86.1 | 742 82.0 82.0| 86.8 90.0 93.2 | 80.0 85.8 87.2
Living 81.0 932 956|782 962 982|860 90.0 929|819 93.0 955
Washing 86.3 95.6 96.8 | 825 975 989|926 937 947|872 955 96.7
Field 86.8 96.0 97.0 | 83.1 98.0 99.1 | 933 942 950|879 96.1 97.0
Park 75.0 873 924|694 836 91.0|933 942 948 | 79.6 88.6 92.9
River 73.5 89.3 932 ]76.0 96.1 97.5|68.7 82.0 88.7| 722 88.5 929
Hallway 84.8 942 959 |80.7 951 975|922 933 944 |86.1 942 959
Office 86.0 952 96.6 | 81.8 96.7 98.6 | 93.1 93.7 94.6 | 87.1 952 96.5
Cafeteria 722 87.0 933|687 87.8 96.1 819 86.1 90.2 | 747 869 93.0
Restaurant 672 844 90.7 | 69.5 942 97.1 | 619 735 84.0| 655 82.6 90.1
Station 76.1 912 948|773 963 98.2| 747 859 914 | 76.0 90.8 94.7
Cafe 783 91.1 948|764 93.6 97.6| 829 88.6 92.0|79.5 91.1 94.7
Square 83.0 934 955|777 935 969|929 934 941 | 84.6 935 955
Traffic 824 942 959|804 9777 98.6 863 90.7 932|833 94.1 958
Bus 84.5 935 959 |80.1 933 96.6 926 94.0 954|859 937 96.0
Car 86.1 94.1 97.1 | 81.5 93.6 98.1 |93.8 94.8 96.1 | 87.3 942 97.1
Metro 80.5 88.5 945|763 84.6 947 | 88.6 922 944 | 82.0 88.2 945
Total 80.1 914 945|772 929 96.3 | 86.0 90.0 929 812 91.2 944

Table 5.4: Results for DBN experiments after applying the classification smoothing

scheme.

Fold
One
Two
Three
Four
Five

Fine-tuning epochs

SNRdBO SNRS5dB SNR10dB

51
93
100
5
47

100

100
100

93
75

100
100

41

Table 5.5: Fine-tuning epochs run per cross validation fold with max epoch limit set to

100.
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5.4 Analysis

As can be seen in Tables 5.3 and 5.4, the models achieve good performance for most
environments and the DBN outperforms the SVM approach on both SNR 5 and 10. In
these SNRs, the DBN generally has high precision values for all environments, meaning
most of the frames classified as speech are indeed speech. However, in the most difficult
SNR, the DBNs precision drops sharply for all environments. This means that a lot of
non-speech is classified as speech. This is surprising, since the intuition for the use of
DBNs was it would be able to find non-linear patterns in the input data and thus being
able to differentiate speech even in harder settings.

In the intended application of the classifier, missing speech segments is worse than classi-
fying non-speech incorrectly. Therefore, the most important metric of the models are the
recall value. As can be seen in the results, both classifiers have a pretty good average re-
call value for SNR 5 and 10. However, the SVM classifiers recall values wildly fluctuates
between environments while the DBNs values are more stable.

The most difficult environment for both approaches are three environments with unintelli-
gible background chatter; Restaurant, Café and Cafeteria. Since they include background
chatter, the noise exhibits similar characteristics as speech, especially in lower signal-to-
noise ratios. In the higher SNR levels, the unintelligible speech will be lower than the
intelligible speech and therefore the values of the DFT and MFCC are also lower. This is
not the case for SNR 0, since the unintelligible speech is at the same level as the intelligi-
ble speech. However, both approaches performs satisfactory for the hard environments in
higher signal-to-noise ratios.

The running times between the two approaches are very different, while training the DBN
takes roughly 15 hours the SVM only takes a matter of minutes. While this might seem
like a deal breaker, this is not necessarily the case since training is only performed once.
The time to classify a new observation for both approaches are insignificant.

Fine-tuning the DBN network amounts to running the fine-tuning algorithm until the
squared error converges, the ratio of change drops below a specified threshold or a spec-
ified limit on the number of fine-tuning epochs are reached. As can be seen in table 5.5,
for the three experiments the number of fine-tuning epochs ran until the specified limit
was reached (100 epochs) in roughly half of the cases. This means that re-running the
experiments with a higher max epoch count most likely will result in higher classifica-
tion scores at the expense of longer running times. Since this step is only performed
during training of the network it is recommended to increase the maximum epochs in a
production environment.
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Language classification

Language classification can be seen as either the tasks of language identification or ver-
ification [7]. Identification deals with identifying which language is spoken, only given
the audio signal while verification tries to confirm or deny a hypothesized language. This
chapter describes the proposed language identification (LID) system, the experiments
performed using this system and an analysis of the results achieved.

6.1 Background and approach

The architecture of the proposed LID system can be seen in Figure 6.1 and are based on
GMMs, which are trained on acoustic and temporal acoustic data from a set of supported
languages. The solution is based on research proposed by Reynolds et al [43], where
they train a universal background model (UBM) which forms the basis for each class-
specific GMM. Reynolds et al [43] successfully applied the methodology to the related
problem of speaker verification and it has also been applied on the problem of language
identification [44]. It has since been one of the dominant techniques for acoustic based
language identification [7].

The main reason for using GMMs to model speech is its ability to model arbitrary densi-
ties, which is needed to model the complicated distributions of speech [45]. In the pro-
posed solution, each mixture models a distribution of acoustic properties. Each of these
distributions represent an acoustic class, which is an abstract concept not to be confused
with a language class.

The underlying hypothesis when modeling language identification using GMMs is that
each language has a unique distribution of acoustic classes. If this assumption is correct,
the quest becomes trying to estimate the parameters of this underlying distribution for
each language. This is is done by training a GMM for each language with examples of
speech from that particular language. With these, we can perform language classification
by comparing a new example to each of the trained models and selecting the one with the
highest likelihood.

35



6. Language classification

»~7  Training Module

Training |

Utterances, Data :
—'_b 1
: Splitting . . . :
English Spanish Russian !
f Utterances Utterances Utterances i
h 4 ¥ h 4 i
Preprocessing Preprocessing ‘ Preprocessing ‘ ‘ Preprocessing i
uBM i
Model — Language Adapation i
English Spanish Russian i
] Language Language Language :
", Maodel Model Maodel

i s =

Test Identified
M){ Preprocessing }—D Language Prediction %

Figure 6.1: An overview of the proposed UBM-GMM LID system for an experiment
including three languages, but can be generalized to more languages.

Universal Background Model

The universal background model(UBM) is a GMM trained on a subset of the data from
each of the classes, whose main purpose is to capture the language independent distri-
bution of all speech. This is especially useful when performing classification using the
language models since the UBM can be used to represent the general characteristics of
speech. This provides a way for the model to indicate that an utterance has the properties
of speech but does not show any of the unique characteristics the languages trained on.
Another positive effect of using the UBM as a base for the language specific GMMs is that
it makes the training of the system more efficient, both in training time and the amount of
data needed to train the language specific models [43].

In order for the UBM to be universal, the data used for its training need to be diverse
enough to cover most of the language independent characteristics of speech. It is espe-
cially important that the training data has minimal bias to any of the languages, since a
bias in the UBM can make the whole LID system biased. Because of this, roughly equal
amount of speech data from all languages is used in the UBM train set.

Language Adaptation

As stated, each supported language is represented by a GMM \; providing a unique dis-
tribution of acoustic classes for each language [. The language models are adapted from
the UBM using a form of Bayesian adaptation based on a modified version of the EM-
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algorithm as presented in [43]. The algorithm used during the adaptation procedure is
described below, given a train set X; = {1,...,zy | x € R?} containing N speech
frames as feature vectors of d dimensions from language to adapt.

STEP ONE Given a UBM with m mixtures, initiate a language GMM \; with the UBMs
parameters.

STEP TWO Predict the language model’s posterior probability for each data point x; under
each mixture given the current parameters.

wz‘pi<xk|>\l)

P(ilzy, M) = = ’
j=1W;iP;j (2| Ar)

fori=1,....m (6.1)

STEP THREE Compute the sufficient statistics for the parameters j;, w; and o?.

N
ci = Z P(i|zy) (6.2)
k=1
N
Z (t|zg)x (6.3)
N
Z (t|zg)z (6.4)

STEP FOUR Update the parameters of each mixture ¢. « is an adaptation coefficient
controlling the balance between former and new estimates, with 7 as a relevance factor.
After all mixture weights have been updated they are scaled by multiplying with a scaling
factor + to ensure that they sum to unity.

fi = B X0 + (1 — ;) (6.5)
67 = B[ X7) + (1 — i) (0] + i) — 7 (6.6)
b= = + (1 — ap)w; 6.7)
Wi = i o) w; .
C; 1
o = =
C; —+r " Z;nzl UA)j

STEP FIVE Iterate from STEP TWO if the likelihood change is under a set threshold,
otherwise the adaptation has converged and is completed.

37



6. Language classification

Predicting through log likelihood ratios

To predict the spoken language of a speech segment X, the likelihood of X given the
pre-trained models, including the UBM are used to find the most likely model. For conve-
nience the log likelihood is used and the log likelihood of X given a model ), is defined
as the average log likelihood of all descriptive (as described in the end of this section)
frames as in Equation 6.8.

N
In P(X|\) = jlv " In Plagh) 6.8)
k=1

For each language model a log likelihood ratio is computed as in Equation 6.9, where the
UBM is used as the alternative hypothesis. Using the UBM as the alternative hypothesis
gives the benefits of not having to compute the models mutual log likelihood ratios and
since the UBM is trained to model the language independent characteristics of speech,
it could be interpreted as representing any of the languages. A language can be verified
given a threshold ¢, if A(X|)\;) > cand rejected if A(X|)\;) < c. Inall experiments, ¢ = 0.
This means that if a frame has a higher likelihood of belonging to a specific language
than the UBM it is considered classifiable. The identified language is the language with
maximum log likelihood ratio.

log A(X|\) = log P(X|\) — log P(X|Aubm) (6.9)

As noted in the first paragraph, the frames that are included when computing the average
log likelihood of X given a model \; are those which have been deemed as descriptive.
A frame is labeled as descriptive if the frames log likelihood ratio is positive for at least
one language model. The reasoning behind this is the notion that if the log likelihood
ratios for all language models are negative, the frame does not include any corroborative
evidence for a particular language model and can thus be excluded from the decision for
X without loosing important information.

6.2 Experimental setting

Classification were performed using a dataset consisting of VoxForge utterances from
each of the included languages. The main experiment included three languages - En-
glish, Russian and Spanish, and the secondary experiment added two more - Italian and
French. The second experiment was designed to test the systems scalability to additional
languages. The two additional languages belong to the same language family as Span-
ish, with the justification that similar languages should be more difficult to differentiate
between acoustically.

Features for a single frame were calculated using a frame window size of 25ms and step
size of 10ms. The features included in the experiments can be seen in Table 6.1. The SDC
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Feature Dimensions

MFCC 13
DMFCC 13
SDC 26
Total 52

Table 6.1: Features used in GMM based language experiments.

features were calculated before the removal of silent frames with number of coefficients
k set to 3 and the distance p between them set to 7.

To minimize the risk of feeding the model silent data points, for example the beginning
and end of recordings and pauses between sentences, each of the utterances were prepro-
cessed using the silence removal algorithm from Section 4.4.3. This removal is performed
after the extraction of features since SDC encodes temporal information that would be
lost or corrupt if they were extracted after removal. Following removal step, a total of five
hours of speech per language were selected as data for the experiments.

Each UBM mixture is initiated using a diagonal covariance matrix with zero mean and
identity covariance. During training, the maximum EM iterations were set to 50.

Only the ;o parameter of each mixture was updated during model adaptation. The motiva-
tion for this was found in [43], where experiments showed that only updating y resulted in
significantly decreased running times without loss of classification performance. Because
their models were applied to speaker verification and not language identification, brief
experiments were performed to make sure that their findings were transferable to this do-
main. By training GMMs with 64 components and comparing results from updating all
parameters and only updating ;+ we found that this was the case and it was assumed to
hold for higher components counts as well.

Both experiments were performed using five fold cross validation, stratified over lan-
guages. For each fold, 80% of the entire dataset constituted the training set while 20%
were kept separate for testing. From each language specific training set, roughly 10%
were added to the training set for the UBM.

The threshold for the log likelihood ratio test was set to zero, which means that if a frame
has a higher likelihood of belonging to a specific language than the UBM it is considered
classifiable.

6.3 Results

The results for the first experiment can be seen in Table 6.2. In both Table 6.2 and 6.3,
the column "Unclassified" is the percentage of the language files which has been deemed
unclassifiable. This is the case when the mean log likelihood ratio for the entire utterance
is negative for all language models.
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Components Language Accuracy Precision Recall Fl-score Unclassified

16 English - 85.48 68.38 75.98 1.70

Spanish - 76.52 80.55 78.84 1.38

Russian - 65.59 78.19 71.34 1.93

Total 74.61 75.87 75.70 75.38 1.67

32 English - 87.62 74.07  80.28 1.24

Spanish - 81.26 80.40 80.82 1.44

Russian - 68.25 81.66 74.35 1.44

Total 78.02 79.04 78.71 78.48 1.36

64 English - 89.71 79.48 84.28 0.76

Spanish - 84.52 83.39 83.96 1.42

Russian - 73.64 84.45 78.68 1.31

Total 82.00 82.62 82.44 82.30 1.10

128 English - 91.13 82.18 86.42 0.34
Spanish - 87.21 85.01 86.10 0.60

Russian - 77.98 90.12 83.61 0.59

Total 84.44 85.44 85.77 85.37 0.48

256 English - 92.2 84.81 88.35 0.04
Spanish - 89.76 86.39 88.04 0.02

Russian - 77.98 90.12 83.61 0.13

Total 86.78 86.64 87.10 86.66 0.06

512 English - 92.89 86.59 89.63 0.04
Spanish - 90.98 87.47 89.19 0.04

Russian - 80.26 91.43 85.48 0.00

Total 88.23 88.00 88.49 88.10 0.03

Table 6.2: Classifiation performance for first experiment. Accuracy is only presented for
all languages, while the other metrics are presented per language.

Components Language Accuracy Precision Recall Fl-score Unclassified

512 English - 86.66 85.52 84.54 0.30
Spanish - 74.50 81.52 77.85 0.36
Russian - 70.60 87.26 78.05 0.44
French - 84.95 79.00 81.86 0.74
Italian - 75.68 59.44  66.59 391
Total 78.14 78.48 78.55 77.78 1.09

Table 6.3: Classification performance for the second experiment, where the model is
taught five languages. Accuracy is only presented for all languages, while the other met-
rics are presented per language.
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Languages Components UBM training Adaptation Test Total Runtime

3 16 00:10:53 00:02:19  00:01:10 00:14:22
3 32 00:36:55 00:04:47  00:01:37 00:43:19
3 64 01:17:43 00:13:29  00:01:56 01:33:08
3 128 02:35:46 00:16:20  00:02:27 02:54:33
3 256 05:01:26 01:13:22  00:03:19 06:18:17
3 512 09:54:44 03:32:07  00:05:08 13:31:59
5 512 15:41:35 05:32:20  00:14:45 21:28:40

Table 6.4: Running times for the two experiments averaged over all five folds. The
running time for model adaptation consists of adapting all languages and the test running
time is the time to make predictions for the entire test set.

Predicted
Predicted En Sp Ru Fr It
En Sp Ru En 8277 223 7.67 398 335
= En 86.63 3.60 9.77 Sp 396 8182 5.61 3.16 545
§ Sp 4.60 87.51 7.89 Ru 405 200 87.65 3.13 3.17
< Ru 550 307 9143 Fr 3.00 236 952 79.59 5.53

It 720 1838 695 561 61.86

Table 6.5: Confusion matrix in percent over predictions for the two experiments with
512 mixture components. Each row sums to 100 and the value at each row gives the
classification distribution of a language dataset.

6.4 Analysis

As can be seen in Table 6.2, the number of mixture components used greatly influences
the performance of the classifier as well the number of unclassifiable speech segments.
The higher the count, the better our classifier performs. This enforces the notion that
GMMs are well suited to model the complex distributions of speech, and by increasing
the component count the model can represent more complex distributions.

But as Table 6.4 shows, there is a trade-off between the component count and the running
time of the model. This is expected since the computation complexity scales linearly
with the number of mixtures for the UBM training, model adaptation and predictions.
The main contributor to the total running time is the training of the UBM using the EM-
algorithm.

The results also highlight the benefit of using an UBM approach compared to stand-
alone GMMs. By basing the language specific models on the UBM, which has been
trained on the general characteristics of speech, the training time per added language is
substantially reduced resulting in a much shorter overall training time. Without the UBM
each language model would need to be trained from scratch, increasing the running time
with the equivalence of running the EM algorithm to convergence with an input of the
entire language data. In the proposed solution, the added input only consists of the size
of of the language datas UBM split which is considerably smaller.
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A common error in both experiments is incorrectly classifying other languages as Russian,
which has the highest recall and the lowest precision. This means that most of the Russian
speech segments were correctly classified, but a lot of speech from the other languages
was incorrectly identified as Russian. A possible explanation for this could be that sounds
present in all languages has been "assigned" to the Russian language model, resulting in
the seen behavior.

The second experiment shows that the system’s performance decrease with additional lan-
guages, which hints that an acoustic approach is not sufficient for language identification
between acoustically similar languages.

The most difficult language for the model to classify is Italian, where only 59.4% of the
speech segments are correctly classified. It is also the only language with a considerable
number of unclassifiable segments. An explanation for the high unclassifiable rate could
be that the Italian language model has not successfully captured the intricacies of the
language. The reason for this could be that not enough data has been provided or that the
quality of the data needs to be improved. Even though this could explain the unclassified
rate, the main contributor to the low performance of the model is that it is often incorrectly
classified as other languages.

The most common error is incorrectly classifying Italian as Spanish, occurring for almost
20% of the speech segments. Some degree of classification errors within the Romance
family can be expected, but the interesting part is that erroneously identifying Spanish as
Italian is not nearly as common. This could be a result of the two languages sharing dis-
tinguishing sounds, but that the shared sounds are more inherent to Spanish. For example,
if a specific word exists in both the Spanish and Italian vocabulary but is more frequently
used in Spanish, frames within that word will have a higher likelihood for the Spanish
model than the Italian model.
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Gender classification

Identifying the gender of a speaker is of big interest in several different applications and
there has been considerate research to solve the problem.

7.1 Background and approach

The proposed solutions in the thesis are based on two approaches which have been de-
scribed in more detail in earlier sections, support vector machines (SVM) and Gaussian
mixture models (GMM). They were chosen because they have been applied in earlier re-
search on the gender classification problem and to explore how well the models developed
for speech and language identification generalize.

7.1.1 SVM based gender classifier

Several earlier papers propose slightly different variations of SVM for gender classifica-
tion. Sedaaghi presents a comparative study of several different models applied on gender
classification, including both SVM and GMM [46]. Kotti applies SVMs on gender clas-
sification of emotional speech with good results [47].

In the proposed SVM gender classifier, SVMs with RBF-kernels are fitted to labeled
frames of male and female speech. To decrease the computational complexity the RBF-
kernels are approximated the same way as in the VAD experiments in 5.1.2. The clas-
sification of a speech segment is performed by classifying each frame separately and
classifying the segment as the majority class.

7.1.2 GMM-UBM based gender classifier

GMMs has also been successfully applied on the problem. Zeng et al achieved very good
results (in the top 90% range) by applying a GMM approach [48]. Metze et al used a
similar approach, but where they produced a combined age and gender classifier, which
renders their results incomparable to our [49].
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The proposed solution utilizes an almost identical approach as in the GMM-UBM lan-
guage identification system described in 6, with the exception of adapting gender models
instead of language specific models. The classification methodology remains unchanged.

7.2 Experimental setting

The experiments were performed using utterances between three and five seconds long
from the VoxForge dataset. It includes utterances from all of the five languages described
in Section 4.1.1 to ensure that the classifier is language independent. To minimize the
amount of non-speech frames fed to the models, silence was removed using the method
descried in Section 4.4.3. Following silence removal, 86 minutes of continuous speech
from each gender class remained to train and test the models.

Both of the approaches use a feature vector containing pitch and MFCCs. Zeng et al shows
that pitch is a strong indicator of gender, but also that there is some overlap between high
pitched males and low pitched females [48]. To mitigate this overlap, we include the
MFCCs and the final vector can be seen in Table 7.1. The feature vectors were calculated
using a frame size of 25 ms and step size of 10 ms and both experiments were performed
using five fold cross validation.

SVM settings

Each utterance’s feature matrix was scaled per vector. The RBF kernel was approximated
using RBF sampler with number of components set to 1000 and ~ set to 2. The trans-
formed RBF vectors are used in a linear SVM with hinge loss function, to approximate a
RBF kernelized SVM in the original feature space.

GMM-UBM settings

From the training data, 10% of each gender is moved to the UBM training data. Each
utterance’s feature matrix was scaled per feature. The classifiers used 512 component
mixtures, and each UBM mixture is initiated using a diagonal covariance matrix with

zero mean and identity covariance. During training, the maximum EM iterations were set
to 100.

As in the LID experiments, only the p is updated during model adaptation and the log
likelihood ratio threshold was zero.

Feature Dimensions

Pitch 1
MFCC 13
Total 14

Table 7.1: Features used in the gender experiments.
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7.3 Results

Gender Accuracy Precision Recall F1-score

Male - 88.0 97.2 92.4
Female - 96.8 86.8 91.6
Average 91.9 92.5 92.0 91.9

Table 7.2: Performance metrics for gender classification using SVM.

Gender Accuracy Precision Recall F1-score

Male - 95.9 93.9 94.9
Female - 93.8 95.8 94.8
Average 94.8 94.8 94.8 94.8

Table 7.3: Performance metrics for gender classification using GMM.

7.4 Analysis

As can be seen in the results, both of the approaches perform the classification well but the
GMM based approach has both the best accuracy and consistent results between genders.

The SVM on the other hand does not have as consistent results. It is biased towards male
speech, with the effect that male precision and female recall are low. This indicates that
there is an overlap between the acoustic features for some male and female speakers which
could not be separated using the approximated feature mapping. However, when conduct-
ing experiments using a higher number of components in the RBF sampler the bias was
consistent. This hints that the features chosen are not sufficient for gender differentiation
using this SVM approach.

The running times for the two approaches on the supplied input are low. The training for
the SVM is under one minute and for the GMM-UBM roughly one hour, while the test
time for both approaches are insignificant.
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Discussion and future work

8.1 Comparison with previous research

All proposed solutions have to some extent been based on earlier research. The aim of this
section is to place the achieved results in context. It is however important to note since
the data differs, comparing results might give an inaccurate view of the models quality.

8.1.1 Voice activity detection

Zhang et al. developed a solution based on deep belief networks [24] which are evaluated
on the AURORA?2 corpus [50], which includes similar noise environments in the same
signal to noise ratios as the proposed system. They also include wide-ranging comparison
of their results with other research and approaches available at the time of writing, some
of which we have included in our comparison as well. Table 8.1 present their results
achieved with a similar setting on similar background noises. Note that the results for
the thesis are after applying the rudimentary classification smoothing scheme. As noted
earlier, we can not draw any direct conclusions from the comparison, as they are evaluated
on different data, but they are included to put the results in context.

Environment SVM DBN Zhang DBN [24] Zhang SVM [24] Ramirez [38]

Restaurant 759 84.4 83.6 82.09 69.59
Car 920 94.1 87.0 86.34 77.68
Subway 87.7 88.5 85.8 83.58 73.16
Average 85.2 89.0 85.5 84.0 72.14

Table 8.1: Comparison of VAD results with a signal-to-noise ratio of 5 dB. Average is
presented for only these three environments.

8.1.2 Language identification

The language identification task is a very open problem and the evaluation methodol-
ogy differs a lot depending on the problem formulation. The National Institute of Stan-
dards and Technology (NIST) has conducted bi-annual evaluations of automatic language

47



8. Discussion and future work

recognition systems since 1996 and results from these evaluations are often presented in
previous research. However, in the recent NIST LRE tasks the task is to, given a segment
of speech and a pair of languages, decide which one of these two languages is spoken in
the speech segment. Since this is not the same as our problem formulation, using results
from the competition in a comparison with the proposed system would give an inaccurate
view and is therefore excluded.

8.1.3 Gender classification

Table 8.2 present results for the gender classifier and some of the highlighted earlier re-
search which the solution is loosely based upon.

Both of the alternative SVM solutions are evaluated on the Danish emotional speech
(DES) [51] dataset, which consists of a total of 30 minutes of speech from two male
and two female speakers. This dataset differs significantly from the dataset used for the
proposed solution, which consists of hundreds of speakers. The presented results from
both Seedaghi et al [46] and Kotti et al [47] is the solution they denote as "SVM1", which
both are based on and RBF kernel. As seen, the achieved performance is a bit below their
results which can be attributed to our models bias towards male speakers, as described in
the the gender analysis in section 7.4.

Zeng et al [48] applied a GMM based approach to the problem, but not one based on
a universal background model as in the proposed solution. They are evaluated on the
TIMIT speech corpus [52], which consists of 276 male and 184 female speakers. This
setting is more comparable to the corpus used in the proposed solution than in the SVM
based solutions. As noted, since they use different evaluation data, we can not draw any
direct conclusions from the comparison but it is included to put the results in context.

SVM Seedaghi [46] Kotti [47] GMM Zeng [48]
Male 97.2 95.6 N/A 93.9 97.9
Female 86.8 93.9 N/A 95.8 98.7
Total 92.0 94.8 99.4 94.8 98.2

Table 8.2: Comparison of gender classification results with research.

8.2 Relating to CSA media

The intended use case of the classification systems is automatically classifying audio
within large seizes, in particular involving child sexual abuse (CSA) media. Even though
this has been considered throughout the thesis work, it has not really had a large impact
on the proposed system. This section highlights two specific considerations in regards to
this.

The background environments included in the VAD experiments are very varied and it
might seem like some of them could be irrelevant for the intended application. However,
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large seizes in CSA investigations can involve non-CSA media relevant for the investiga-
tion. This motivates solving the general problem by including all environments instead of
only environments which intuitively are more prevalent in CSA media.

In order for the proposed solutions to be specifically geared towards CSA media, they
would need to be evaluated on data which includes prepubescent speech. This has not
been done, mainly due to the lack of available speech corporas including such speech. As
it is, the proposed systems would probably not perform well if evaluated on prepubescent
speech. The acoustics of speech change a lot during puberty, which affects all classifica-
tion tasks in general and the gender task in particular. This necessitates a revised approach
altogether, for example training separate models and using an age classifier to select the
appropriate one.

To conclude, we expect that the underlying theory of the proposed solutions would still
be valid, but implementation and execution choices would need to be revised to properly
facilitate prepubescent speech.

8.3 Data challenges

Selecting what data to use has been the biggest challenge during the thesis. For obvious
reasons, it was never an option to test the models on CSE media. The preferred alterna-
tive would have been to use some of the benchmarking datasets often seen referred to in
research, such as one of the NIST LRE evaluation sets or the TIMIT acoustic dataset[52].
As noted in section 8.1, this would have enabled a direct comparison of our results with
research which would have validated the results. But due to cost and time constraints, we
could not gain access to them. This forced us to look at alternative options, which had its
pros and cons.

The main strength and issue with the VoxForge dataset is that it consists of user submitted
data. The effect of this is that the speech is varied both when it comes to unique speak-
ers and recording environments, but its quality is not assured and it could include both
mislabeled and low quality recordings.

A drawback of the DEMAND dataset is that it includes several background scenarios
which might not be as interesting to the use case of the classifiers. However, they were
included to make the models well-versed and to increase the total time available for data.

As mentioned in Section 5.2, the data used for the VAD experiments were generated
through merging Voxforge and DEMAND data. However, since they were recorded in
different recording environments the generated segments containing active speech will
not be identical to segments where the speech was present in the background recording
from the beginning. The intuition was that if the unnatural noise is inaudible, it would not
have a significant effect on the VAD classifiers decisions but there is a risk that this is not
the case.

Further on, it is important that the data is considerate of sub populations within the data
when selecting data for a particular problem. For example, when performing language
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classification, it is also important to verify that both genders are represented roughly
equally. This was an insight we had after the fact, with the implication that the trained
language models might be biased towards the skewed sub populations of the data.

8.4 The effects of removing frames

As described in the UBM-GMM section, frames with a negative log likelihood ratio for
all adapted models were excluded during classification. The intuition behind this is that
frames that do not reinforce any of the adapted languages can safely be excluded without
affecting the final outcome of the classifier, which is almost correct if all new observa-
tions will belong to one of the seen classes. The information lost in this case is how
much the negative ratios for class differ from each other, which could be used to inform a
classification decision.

If new observations comes from an unseen class, which could occur in language clas-
sification, a different outcome is achieved. By removing frames, three things happen;
the confidence in the UBM will decrease, the confidence in the language models will in-
crease and the number of unclassifiable utterances will be minimized. This makes the
model biased towards classifying as one of the seen classes which can be both positive
and negative, depending on the intended use of the classifier. Especially whether or not it
can be expected that untrained classes will be present as new observations.A model can
not be expected to be trained on all possible languages, but new genders will probably not
materialise out of thin air.

8.5 Future work

Several possible future extensions which would be interesting to evaluate has been found
during the thesis work, but due to either scope or time constraints these have been left out.
In addition to solving related problems such as approximate age identification or speaker
verification, we want to highlight some of the most interesting extensions.

8.5.1 Advanced smoothing scheme

As noted in Section 4.5, the smoothing scheme implemented in the thesis is rudimentary
and there are more advanced schemes described in research. We have seen that applying
smoothing schemes have a big impact on the final metrics, which hints that giving the
implementation some more thought could definitely improve the achieved metrics. A
more advanced smoothing scheme could also be designed to enable setting a limit on
minimum segment lengths found by the VAD, which would be desirable in a production
environment.
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8.5.2 Evaluating different audio lengths

A different metric which would be interesting to explore, especially when comparing
competing approaches as during gender classification, is how well the classifier performs
on speech segments of differing lengths. It is expected that there is a drop in performance
when classifying two second segments as compared to ten second segments. How much of
difference there is and if there is difference between different models would be interesting
to present.

8.5.3 Extending language classifier

As discussed in the analysis of the language classification results, the main issue of the
proposed system is that it does not scale well when adding new languages - particularly
acoustically similar languages. It gets harder to distinguish languages acoustically using
our current approach when the acoustic space gets more crowded. We have identified a
few promising changes and extensions to our approach.

Our findings hints that an acoustic classifier might not be enough for a large scale LID
system. A future extension could be incorporating higher order abstractions of speech into
the models, which could include phonotactic, prosodic, lexical and synctactic features.
This is consistent with advanced LID systems described in literature, especially [7].

However, a purely acoustic approach has its merits. A promising extension would be to
implement a hierarchical LID system, where a tree structured is used and at each level
the classifier distinguishes between language subgroups. The best subgroups is not nec-
essarily the traditional language families, but should be obtained by clustering languages
on their pair-wise acoustic distances. Each tree level in such system is a classifier, and
its outcome determines which subgroup the utterance most likely belongs to, and thus
which classifier to use in the next level. This is done down the tree until a language leaf
is reached.

The classifiers for the different language groups must not necessarily be of the same type.
For instance, a GMM-UBM classifier could be used on the first level to classify in larger
subgroups. The different subgroups could then use different types of features and/or
model types depending on what is best for that specific subgroup.

The main benefit of a hierarchical LID system is its modularity and scaling capabilities.
Adding additional languages will mostly affect the bottommost classifier levels. A hierar-
chical LID system could also include levels with high order feature classifiers. A further
extension to the hierarchical LID system would be to add an additional level under the
language leafs to classify on accents within the languages.
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8.5.4 Cross pollination between classifiers

Using the results of one classification task as an input to the other classification tasks
would be an interesting extension. Ponder that we have a functioning age classifier, it
would be reasonable that using its output as input to the gender classifier would improve
performance.
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Conclusion

Solutions to detect active speech in noisy environments and classifying the speakers gen-
der and spoken language has been presented. These have all been grounded in earlier
research and evaluated on a series of evaluation metrics where they perform satisfactory,
with the exception that the language classifier does not gracefully scale with additional
languages. In conclusion, it is shown that machine learning models are well suited for
speech classification.
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