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Abstract

Visual speech recognition is the task of utilizing the specific facial configura-
tion made while speaking to predict the word being uttered. It has become
an increasingly more popular task, especially after the advent of deep learn-
ing models, as a way to augment automatic speech recognition, which is be-
coming saturated in terms of performance. There are broadly two approaches
to VSR, the visemic approach and the holistic approach, each with its own
pros and cons. This work primarily deals with the visemic approach in which
visemes are predicted, which can later be combined to predict words. It de-
scribes, implements and trains several deep neural networks for VSR. Firstly,
bare Convolutional Neural Networks (CNN) are trained to establish their base-
line accuracies. Secondly, more sophisticated models, such as the Long Short-
Term Memory (LSTM) and the Hidden Markov Model (HMM), are built to try
and increase these base performances. Additionally, an innovative approach is
tried and tested in which generative adversarial networks(Generative Adversar-
ial Networks (GAN)s) are used to augment the dataset by creating new images
instead of the traditional augmentation methods. All these methods are trained
and evaluated on the TCD-Timit corpus of continuous speech, which was pre-
processed to extract images. Finally, a comparison of all the models is made.
The results demonstrate that the CNN-LSTM hybrid model performs better
than the other models, achieving an average accuracy of 55.27% on two speak-
ers. Also, the approach that involved augmentation using images generated by
the GAN shows promise as it led to a considerable increase in performance over
the baseline models.
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Chapter 1

Introduction

1.1 Motivation

Speech recognition systems [4],[5],[6] are pivotal for effective human-computer
interaction and have been a popular topic of research for the past three decades.
However, vanilla speech recognition has two fundamental shortcomings. Firstly,
acoustic variations, due to both the environment and the characteristics of the
vocal tract, seriously degrade speech recognition systems. This problem has
been explored rigorously and various types of noise-robust speech recognition
systems [7],[8],[9] have been proposed. Secondly, it does not utilize visual in-
formation, unlike humans. As humans interpret speech using not only audible
information but also the visual cues associated with it, incorporating vision into
human-machine interfaces is a natural advancement in this technology. How-
ever, most current systems work on word-wise speech recognition that needs a
language model and an extensive dictionary. Therefore, these systems are lan-
guage dependent. Speech recognition at a more fundamental level, that is, the
phoneme-viseme level will forego the need for systems that are so heavily lan-
guage dependent, as all languages have pretty much the same set of phonemes,
give or take a few. This project focuses on the phonemic/visemic approach
for Visual Speech Recognition (VSR) and aims to build efficient phoneme and
viseme recognition models to aid in VSR.
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1.2 Problem Statement

Visual speech recognition [10],[11], popularly called lip reading, is the process
of understanding speech uttered by an individual by interpreting the movement
of the mouth region. It is widely used by hard-of-hearing people to better per-
ceive speech, and involuntarily by everyone in environments where audio speech
recognition is hampered by noise. Phonemes are the smallest distinct parts
of speech that help distinguish between words of a language. A viseme is a
generic snapshot of the face that is made when a phoneme is uttered. Visual
speech recognition deals with utilizing visemes to aid in speech recognition and
therefore, it fundamentally incorporates auditory noise-robustness to a certain
extent and can be a solution to the former problem in automatic speech recog-
nition as mentioned above, while simultaneously providing more information to
the machine for achieving better recognition accuracy. It is essentially a com-
puter vision task as the machine utilizes image frames from a video to capture
facial signals and emotions, which will provide it with additional information,
thereby increasing recognition accuracy of the phoneme being uttered. These
systems, called audio-visual speech recognition systems [12],[13], have already
been implemented and tested over a wide range of tasks.

However, Visual Speech Recognition (VSR) has not become as popular as
Automatic Speech Recognition (ASR) and researchers have often claimed that
the unavailability of a large, suitable database for training is the reason for VSR
to lag behind ASR. Also, the lack of a standard database has been cited as a
major bottleneck for the comparison of these audio-visual recognition algorithms
by Potamianos et al [14]. Furthermore, a major deficit of any database for VSR
is that the visemes are unequally represented as expected of speech patterns
found in the wild. As a consequence, it becomes inherently harder to train a
convolutional network to recognize the lesser-used visemes.

1.3 Main Objectives

The main objectives of this project are twofold. Firstly, it aims to describe
and implement several deep learning network architectures that are currently
in use in the field of lip reading, namely CNN [15], Recurrent Neural Networks
(RNN) [16], particularly LSTM [17], and Hidden Markov Models (HMMs) [18].
Additionally, a comparison of the performances of these models is presented.

The second objective of this project is to demonstrate the use of Generative
Adversarial Networks (GAN) [19] as a tool for data augmentation which entails
the design, implementation, and training of a GAN that is capable of generating
images. This network will then be used to synthesize new images and thus
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increase the size of the dataset, as well as lessen the imbalance in size among all
the viseme classes in the hope that it will improve classification performance.

1.4 Methodology

The methodology followed in this project is as follows: Pre-processing was done
on the TCD-Timit database to obtain input images of the desired dimensions.
Then, the baseline accuracies of VGG16 and AlexNet on both phonemes and
visemes was established. Finally, three different architectures that might boost
performance of the CNNs were implemented:

1. A CNN-LSTM hybrid model using AlexNet

2. A CNN-HMM hybrid model using VGG16

3. Utilizing GANs as a tool for data augmentation and increasing the size of
the dataset

A block diagram capturing the complete flow of the project is presented in
Figure 1.1.

Figure 1.1: The Complete Flow of the Project

Session Jan – April 2020 3
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1.5 Scope of the Project

A machine that is capable of comprehending lip movement has many great
applications. It can be used in biometric face authentication to reinforce security
measures. It is a powerful tool in multi-speaker speech decoding, that is, to
understand two speakers who are speaking simultaneously and forensics. It will
be also be useful in increasing the capabilities of speech recognition systems in
general. Furthermore, lip reading systems can be used as an external device by
others to interpret the speech of people suffering from damaged vocal tracts.
This is a necessity as lip reading is a notoriously difficult task as an average,
hearing-impaired lip reader is capable of correctly interpreting small sentences
(of 6 words) only 52.3% of the time [20].

1.6 Organization of Thesis

Having discussed the problem of visual speech recognition and presented an
overview of the objectives, the process of design, implementation and training
of the networks used will be described in detail in the coming chapters.

In Chapter 2, an overview of some of the research conducted in lip reading
until now is presented in the first half. The use of convolutional neural networks
is first described, after which deeper networks involving LSTMs, autoencoders,
Gated Recurrent Units (GRU) and HMMs are discussed. The second half fo-
cuses on the field of data augmentation and the various methods used, along
with a review of the use of GANs in this field. The chapter ends with a specific
example of the use of GANs as a tool for data augmentation in the field of VSR.

Chapter 3 describes the original video dataset and then details the prepro-
cessing steps that were taken to create an image dataset consisting of images
of the lip region of each speaker. In Chapter 4, a detailed summary of all the
network architectures that are used in this project is presented. Chapter 5 is
used to describe the training of these networks and the network parameters used
for each of them.

Chapter 6 compares the performances of the networks and provides insights
as to why some networks perform worse than anticipated. Chapter 7 concludes
the project and outlines further work that can be undertaken to improve clas-
sification performance in visual speech recognition.

Session Jan – April 2020 4



Chapter 2

Literature Survey

2.1 Visual Speech Recognition

Humans, with the help of vision, learn to understand speech uttered by a person
which is an audio signal, that is, they perform audio-visual speech recognition.
For the hearing impaired, the visual aspect of the speaker plays a dominant part
in speech recognition and this action, in layman terms, is known as ‘lip reading’.
In [21], simple stochastic networks such as an HMM is used to classify a digit
uttered by a speaker. The dataset contained 12 speakers(9 male and 3 female)
speaking the digits 1, 2, 3 and 4 twice. The accuracy obtained was comparable
to that achieved by an average untrained human being.

Lip reading done using machine learning or deep learning is known visual
speech recognition.There are basically two approaches to VSR. They are the
visemic and holistic approaches.In the visemic approach, the VSR system tries
to recognize the viseme being uttered by a speaker. In the holistic approach,
the VSR system is trained to recognize complete words/sentences uttered by
the speaker. Detailed explanation on both the approaches with their strengths
and weaknesses can be found in [22].

2.2 CNNs and RNNs used in VSR

Visual speech recognition is not a new problem and has been an area of interest
in computer vision for a few decades. Yehia et al. [23] established the relation
between visual and auditory features where they found a strong correlation

5
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between the two. Thereafter, various researchers have modeled this audio-visual
relationship. Early models, such as the ones employed by Matthews et al. [24]
and Zhao et al. [25] did not employ deep learning. Their works involve extensive
preprocessing for detecting the mouth region and then extracting its features.
In recent years, deep learning techniques have been applied to the problem
of visual speech recognition. Garg et al [26] designated it as a classification
problem and proposed two different techniques for word-level lip reading on
the MIRACL – VC1 [27] dataset. The first method involved concatenating all
frames that made up a word sequence into a single larger image and feeding
it to a pre-trained Visual Geometry Group (VGG) network [28] convolutional
neural network pretrained on faces while the second method entailed extracting
features using the VGGNet and passing these through LSTM [17] layers for
classification. They achieved validation accuracies of around 76% and 30%
respectively for the two methods.

Lee et al. in [29] utilize multiple views of each speaker in the OuluVS2
[30] public database to develop a phrase-level multi-view lip reading model us-
ing end-to-end neural networks consisting of custom-made convolutional neural
networks and LSTMs [17], the intuition being that different views of the same
utterance provides more information to the neural network model, thus boosting
its performance. They present three different lip reading tasks : the single-view
task in which the model is trained and tested on a single view, the cross-view task
in which the model is trained on all views together and then tested separately,
and finally the multi-view task in which the model is trained and tested on syn-
chronized data that was recorded from multiple views. They recorded average
accuracies of 77.9%, 83.8% and 78.6%, proving definitively that multiple views
provide more features to the network which leads to increased performance.

Convolutional auto encoders are used by Parekh et al. [31] for extracting
features that are then fed to an LSTM network. They preprocess the input to
contain only the lip region and train the convolutional autoencoder on these
images. Once trained, they discard the decoder and use the encoder to extract
features in sequence. These features are fed into an LSTM classifier. Their
model achieved a maximum word-level test accuracy of 85.61% on nine words
chosen from the British Broadcasting Corporation (BBC)’s Lip Reading in the
Wild (LRW) dataset [32]. Further, they achieved test accuracies of 63.22% and
84.8% on small datasets derived from the MIRACL-VC1 and GRID databases
[33] respectively.

Similar to the auto encoders used by Parekh et al. [31], Petridis [34] used an
encoder consisting of 3 sigmoid layers pre-trained in a greedy layer-wise manner
using Restricted Boltzmann Machines (RBM).The architecture had two streams,
one of which is trained on preprocessed lip images and the other on differences
between lip images of two consecutive frames. These features are fed into their
respective LSTM classifiers, which are later concatenated and then fed into a
Bi-LSTM layer. Their network achieved a maximum phrase level test accuracy
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of 84.5% on the OuluVS2 [30] database and a digit classification test accuracy
of 78.6% on the CUAVE [35] database.

Assael et al. proposed LipNet [20], the first end-to-end sentence-level lip
reading model in 2016 that outperformed all other models and even human
lipreaders by achieving a sentence-level accuracy of 95.2% on the GRID [33]
corpus. They implemented a model made up of Spatiotemporal Convolutional
Neural Networks (ST-CNN) [36], two bi-GRUs [37] and the connectionist tem-
poral classification loss. The features extracted using the ST-CNN are fed into
the bi-GRUs for temporal aggregation of the data. Furthermore, their model
is capable of handling variable length sequences. Also, their model exhibited a
low word error rate of 11.4% and an even lower character error rate of 6.4% for
unseen speakers.

2.3 Hidden Markov Models used in VSR

All of the above works performed either word, phrase or sentence level classifi-
cation. In contrast, Noda et al. [38] in 2014 proposed the use of CNNs for visual
phoneme recognition. Their dataset consisted of 1.23 × 105, 32 × 32 images of
the mouth region belonging to 6 different speakers. They trained 6 separate
AlexNet [39] convolutional neural networks for each speaker to recognize 40
different phonemes, and achieved an average phoneme recognition accuracy of
58%. In 2017, Tatulli et al.[40] presented a CNN - based feature extractor and a
multistream GMM-HMM model for phoneme-wise classification. Their dataset
consisted of images of the mouth region along with the corresponding ultrasound
images of the tongue. They performed their experiments on four different ar-
chitectures each of which incorporated a CNN model and a GMM-HMM model.
Best performance was obtained using a multi-modal CNN architecture using a
middle fusion strategy where they achieved an accuracy of 80.4%.

In 2014, Wu et. al in [41] presented a lip reading technique that used cas-
cade feature extraction and HMM. They constructed a Chinese Audio-Video
database which included 37 frequently-used Chinese characters for recognition.
All the videos were recorded at 25 frames per second with a resolution of
720 × 576. Speaker dependent experiments were conducted on each person
with all the test samples. They used 4 different methods for feature extraction,
namely, Discrete Cosine Transform (DCT), Discrete Wavelet Transform (DWT),
DCT-Principle Component Analysis (PCA) and DWT-PCA. They created fea-
ture vectors for each speaker using each of these methods and then fed this as
input to the HMM. DWT-PCA showed the best performance among the four,
achieving an accuracy of 77.4%.

The aim of [42], presented by Sujatha et. al, was the extraction of visual
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lip movements (lip features) and prediction of the word which was pronounced.
The participants were 4 females and 6 males, distributed over different age
groups. The videos were recorded at 25 frames per second, stored in Audio
Video Interleave (AVI) format and resized to 320× 240 pixels. Each speaker in
each recorded video uttered 35 different words 20 times non-contiguously. They
created a HMM system consisting of 35 HMM models to recognize each of the
35 words and utilized the 16 point DCT for feature extraction. They achieved
a word recognition accuracy of 97.5%.

2.4 GANs as a tool for Data Augmentation

Affine transformations are the most commonly used methods of data augmenta-
tion and are used to synthetically increase the size of the dataset by performing
basic image manipulations such as translation, scaling, rotation, shearing etc. on
the images in the original dataset. These techniques have been successful in pre-
venting overfitting and thus increasing classification accuracies in convolutional
neural networks where techniques like dropout[43] and batch normalization[44]
cannot be used due to limited dataset sizes. A naive way to balance the dataset
across classes was to simply replicate the images in the minority dataset. A more
intuitive way of balancing the dataset was proposed by Chawla et al.[45] in 2002.
Their technique, called Synthetic Minority Over-sampling Technique (SMOTE),
proposed a combination of over-sampling the minority classes while simultane-
ously under-sampling the majority classes to improve classification accuracy.

The advent of generative adversarial networks has enabled new methods of
data augmentation through generative modelling. They have become popular
in the field of medical imaging where datasets are small in size. Wu et al.[46]
proposed the use of a conditional infilling GAN to produce high-resolution syn-
thetic mammogram patches. Frid – Adar et al. [47] used Deep Convolutional
Generative Adversarial Networks (DCGAN) [48] to generate synthetic images
of liver lesions. Their dataset was very limited and consisted of 182 computed
tomography images. They recorded an improved sensitivity of 85.7% and speci-
ficity of 92.4% on the dataset augmented using GANs as opposed to a sensitivity
of 78.6% and a specificity of 88.4% on the dataset augmented using classic data
augmentation techniques. Chuquicusma et al.[49] proposed the use of DCGANs
to generate images of lung nodules. Their dataset consisted of 1018 lung cancer
screening thoracic Computed Tomography (CT) scans. Two radiologists took
part in 18 visual Turing tests to check whether the generated images were of
high quality and were good enough to pass as real samples. They recorded that
their generated images managed to fool radiologist 1 in 67% of their experiments
while they managed to fool radiologist 2 in all of their experiments.

In the field of lip reading, Oliviera et al. [50] utilize the Pix2Pix GAN to
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map between views of the mouth taken from random angles to the frontal view.
Their generator receives an image taken from a random angle and generates the
corresponding image as seen from the frontal view. The discriminator is trained
on the pairs of images generated by the generator (that consist of a real image
and its corresponding generated frontal view) and the original pairs, so that it
learns to classify between them. They then performed data augmentation on
the original dataset by concatenating real and generated views and fed it to
Xception architecture for classification. This method of utilizing multiple views
for viseme classification resulted in an average increase in accuracy of 5.9% on
the GRID corpus.
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Chapter 3

Dataset Description and
Pre-processing

3.1 The Dataset

The TCD-Timit audio-visual corpus of continuous speech [51] is a publicly
available video database of 62 speakers uttering a total of 6913 phonetically
diverse sentences, of which 3 are professionally trained lip speakers. Videos
were recorded at a resolution of 1920 × 1080-pixel frames at 30 fps from two
different angles – frontal (0 degrees) and 30 degrees. All experiments done in
this paper were conducted on images extracted from the videos of 2 different
speakers, a male and a female, both of whom were not lipspeakers. A sample
frame taken from a video of the male speaker ”Speaker 1” is shown in Figure
3.1.

Figure 3.1: A frame of the male speaker 01M taken from a video in TCD-Timit
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3.2 Dataset Preprocessing

Preprocessing was done on 98 videos each taken from the frontal view of 2
speakers. All frames from each video of a total of 15 speakers were extracted
and stored in the corresponding phoneme folder with the help of the phoneme
transcription label files provided with the TCD-Timit database. There were a
total of 38 phonemes including the silence /sil/ phoneme. However, the /sil/
phoneme was not included in the experiments. as it would lead to further
ambiguity among the /m/, /b/, /p/ and /sil/ phonemes. The OpenCV [52]
library was used to code the lip detection and extraction algorithms such as
the one in [53], which were used to extract only the lip region of each image to
obtain a new image dataset consisting of the lip region for each speaker. All lip
images were further resized to 256 × 256 dimensions. Figure 3.2a depicts the
cropped image of Figure 3.1 and Figure 3.2b depicts a sample, final resized
image the likes of which makes up the lip dataset.

(a)

(b)

Figure 3.2: Pre-processed Images: (a) Lip Image cropped from Figure 3.1; (b)
Lip Image in 3.2a resized to 256× 256 dimensions

Neti’s phoneme-viseme mapping [12] as shown in Figure 3.3 was used to
merge phoneme folders with similar visemes (such as /b/ and /p/) into a smaller
set of 12 viseme class folders. For feeding the lip images to the CNN – LSTM
network, videos were reconstructed using the lip images only.

Figure 3.3: Neti’s Phoneme-Viseme Mapping
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Chapter 4

Network Architectures

4.1 VGG16 Convolutional Neural Network

VGG16 is a convolutional neural network model that was proposed by Simonyan
and Zisserman in [28]. It is best known for achieving a 92.7% top-5 test accuracy
on the ImageNet dataset [54], a dataset consisting of 14 million images belonging
to 1000 different classes, at the ImageNet Large Scale Visual Recognition Chal-
lenge (ILSVRC)–2014, a significant improvement over AlexNet. VGG16 has dif-
ferent configurations as described in the paper. The architecture of VGG16 used
in this project is as shown in Figure 4.1 . Note that the fully connected layers
containing the weights pre-trained on ImageNet were removed and a new stack
was added to learn a new set of weights pertaining to the lip images dataset.
This process is known as transfer learning as the network rapidly learns in the
new task through the transfer of knowledge from a related task (here, it is the
training of the network on ImageNet).

4.2 AlexNet Convolutional Neural Network

Two deep convolutional networks have been used for classification, one of them
being AlexNet [39] which is pre-trained on the ImageNet [54] dataset.It has 4
convolutional layers with 96 filters for the first convolutional layer, 256 filters
for the second, and 384 for the 3rd, 4th and 5th layers. Each convolutional
layer is followed by a Rectified Linear Unit (ReLU) [55] to avoid saturation of
the neurons. This is followed by cross channel normalization for reducing the
number of epochs required for training. Maxpooling is introduced after the 1st,
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Figure 4.1: VGG16 Architecture used in this project
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2nd and 5th convolutional layers to negate the effect of shifting and rotation
of images used for training. Dropout [43] is present after the respective the
convolutional segment to avoid overfitting. The above mentioned layers are used
for feature extraction and classification, while two fully connected layers with
the softmax activation function are used along with dropout to avoid overfitting.
The architecture of AlexNet taken from [56] is shown in Figure 4.2.

Figure 4.2: AlexNet Architecture

4.3 Recurrent Networks and Long Short-Term
Memory Networks

Phoneme utterences occupy more than a single frame in a video. Furthermore,
the number of frames occupied by two phoneme utterences of the same kind
can be variable. To account for this temporal aspect of the data, a network
capable of learning dynamically over time has to be used. Recurrent neural
networks, shown in Figure 4.3, are a class of artificial neural networks having
this capability. Additionally, an RNN has an internal memory state that allows
it to process variable length sequences.

However, vanilla RNNs exhibit the vanishing gradient problem and the Long
Short-Term Memory (LSTM) network was designed to deal with this shortcom-
ing. Each LSTM cell takes into account the previous step output for calculating
the present output and thereby incorporates the temporal aspect of the dataset.
Figure 4.4, presents a typical LSTM cell along with the operations used within.

The first part of an LSTM is the forget gate layer which takes Xt(the current
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Figure 4.3: A typical RNN. Source:[1]

input) and ht−1(The previous hiddent state) as input and calculates how much
of the output as follows:

ft = σ(Wf .[ht−1, xt] + bf ) (4.1)

where σ is the sigmoid activation function, Wf is the weight and bf is the bias.
The output of this layer is a value between 0 and 1,where 0 signifies forget
everything from the previous state and 1 signifies remember everything from
the previous state.

The next step is to decide what new information is going to be stored in the
cell state. First, a sigmoid layer called the input gate layer decides which values
will be updated. Next, a tanh layer creates a vector of new candidate values C̃t

that could be added to the state.

it = σ(Wi.[ht−1, xt] + bi) (4.2)

C̃t = tanh(WC .[ht−1, xt] + bC) (4.3)

In the next step, the cell state Ct−1 is updated to state Ct using:

Ct = (ft × Ct−1) + (it × C̃t) (4.4)

Finally, the output that is emitted will be based on the cell state but is a
filtered version. A sigmoid layer decides which parts of the cell state are going
to be output. Then, the cell state is passed through a tanh layer that condenses
the values to between -1 and 1. At the end, this is multiplied with the output
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Figure 4.4: A single LSTM cell. Source:[2]

of the sigmoid gate to filter the parts that have to be emitted.

ot = σ(Wo[ht−1, xt] + bo) (4.5)

ht = σt × tanh(Ct) (4.6)

In this project, the inputs to the CNN-LSTM hybrid network were a set of
videos that are reconstructed from the lip image dataset. The LSTM network
used in this project has two LSTM layers along with dropout and a fully con-
nected layer with the softmax activation function for classification.The number
of LSTM neurons and the dropout ratio are varied and the results are discussed
in section 5.3. The complete CNN-LSTM network is shown in Figure 4.5.

Figure 4.5: The CNN-LSTM Network
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4.4 Hidden Markov Models

A Hidden Markov Model (HMM)[57][58][59] is a model that is used to describe
the evolution of observable events that depend on hidden factors, which are not
observable directly. The hidden factor is called a ‘state’. The hidden states
form a Markov chain, and the probability distribution of the observed symbol
depends on the underlying state.

Due to these properties, HMMs have been extensively used in speech recog-
nition problems. Similarly, an HMM model can also be built for visual speech
recognition. This approach is also useful in modelling biological sequences, such
as proteins and DNA sequences.

Phoneme utterances occupy more than a single frame in a video, so one
image frame cannot decide to which phoneme class it belongs to; a phoneme
depends on a series of images in a particular order. To account for this temporal
aspect of the data, HMM models can be used.

The different components of a HMM are the hidden states (Q), the obser-
vations (O) , the transition probability matrix (A) , the emission probabilities
(B) and an initial starting probability distribution (π). With all this in mind,
an HMM can be defined as follows:

Table 4.1: Definition of a Hidden Markov Model (HMM)

Q = q1q2...qN the set of N states
O = o1o2...oT a sequence of T observations
A = a11...aij ...aNN the transition probability matrix A. Each element aij

denotes the probability of moving from the present

state i to the next state j, such that
∑N

j=1 aij = 1 ∀i
B = bi(ot) a sequence of emission probabilities, each denoting the

probability of an observation oi being emitted from a
state i

π = π1, π2, ...., πN the initial probability distribution for each state.
Each element πi denotes the probability that the
Markov chain will start at state i. Note that this can

also be 0 and
∑N

i=1 πi = 1

An example of a HMM is shown below in Figure 4.6:

Additionally, an HMM makes two assumptions. Firstly, it incorporates the
same rule as a Markov chain - the probability of a particular state depends only
on the previous state, that is, the Markov assumption given by:

P (qi|q1...qi−1) = P (qi|qi−1) (4.7)
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Figure 4.6: A Hidden Markov Model

The second assumption is the output independence assumption that states that
the probability of an output observation oi depends only on the state that
produced the observation qi and not on other states or observations:

P (oi|q1...qi, ..., qT , o1, ..., oi, ..., oT ) = P (oi|qi) (4.8)

There are 3 basic problems when dealing with HMMs. A brief summary
along with their algorithms are presented below:

1. Trying to figure out what is the probability with which a given model
consisting of λ = (A,B, π) generates a sequence of observations
O = o1, o2, o3, . . . , on, which is denoted by P (O|λ).
To solve this problem, the forward algorithm which defines and calculates
the essential parameter α, the forward parameter, is used. It is a dynamic
programming solution that computes the forward trellis αt(j). The for-
ward parameter α for each cell in the trellis represents the probability of
ending up in that state while following λ, given by

αt(j) = P (o1, o2...ot, qt = j|λ) (4.9)

where qt = j means “the tth state in the sequence of states is state j”. The
computation of the probability value αt(j) is done by by summing over
the extensions of all the paths that lead to the current cell. For a given
state qj at time t, the value αt(j) is computed as

αt(j) =

N∑
i=1

αt−1(i)aijbj(ot) (4.10)
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2. Finding out what sequence of states best explains the sequence of observa-
tions or, more precisely, what is the most likely sequence of states that was
traversed to get that particular sequence of observations. This problem is
called the decoding task and can be solved by using the popular Viterbi
algorithm, another dynamic programming algorithm.

Each cell in the dynamic programming trellis vt(j) represents the proba-
bility that the HMM is in state j after seeing the first t observations and
passing through the most probable state sequence q1, ..., qt−1 only, given
the automaton λ. This is shown in the expression:

vt(j) = max
q1,...,qt−1

P (q1...qt−1, o1, o2...ot, qt = j|λ) (4.11)

Succinctly put, the Viterbi probability is computed by taking the most
probable of the extensions of the paths that lead to the current cell, that
is, for a given state qj at time t, the value vt(j) is computed as

vt(j) =
N

max
i=1

vt−1(i)aijbj(ot) (4.12)

3. The third and final problem is perhaps the hardest: to learn the parame-
ters A and B of an HMM. The standard approach to this problem is the
forward-backward algorithm, popularly called the Baum-Welch algorithm,
which is a special case of the expectation-maximization algorithm. With-
out going into the intricacies of this problem, note that this algorithm is
an iterative algorithm, meaning that it computes an initial estimate of the
probabilities, and continuously improves on this to get better estimates.

The VGG16 CNN, described in section 4.1, was used to create a hybrid
CNN-HMM in this project. The HMM model takes sequences as input. These
sequences are generated using the CNN model by extracting features from se-
quences of image frames of one of the 37 phonemes present in the dataset.
The input dataset consists of a set of image frames grouped based on the 37
phonemes and their occurrences in multiple sentences. These image sequences
are fed into VGG16 in the exact order in which they appear in the video to pre-
serve temporal information. The CNN outputs features corresponding to these
image sequences, which are then fed to the HMM models. VGG16 , therefore,
acts as a feature extractor.

Pre-processing was required to feed these feature sequences into the HMM
models as only certain data formats are accepted. A total of 37 HMM models,
one for each phoneme were implemented as shown in Figure 4.7. The dataset is
divided into training and testing data in the ratio 9:1. During testing, features
from the sequences were extracted using the CNN and these were fed to every
single HMM model. Therefore, each testing datapoint would have 37 probabil-
ities corresponding to the 37 phonemes. Finally, log probability was calculated
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for each and the phoneme corresponding to the highest log probability value
was declared the final prediction. This was repeated for a set of visemes that
were grouped using the Neti map as shown in Figure 3.3. Results for both the
phoneme and viseme groupings are discussed in section 5.4.

Figure 4.7: Hybrid CNN - HMM Model used in this project
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4.5 Generative Adversarial Networks

Generative Adversarial Networks (GAN)[19] are a relatively new type of neural
network architecture that have become extremely popular as a tool for data
augmentation. They consist of two competing neural networks, the generator
and the discriminator, taking part in a game. The generator network G creates
images using a latent space of noise. The discriminator network D is fed either
a generated image or a real image and attempts to classify whether the image
is real (true data sample) or fake (generated by the generator). The gradients
of both the networks are then used to propel them in the right direction. Aca-
demically, this interaction between the two networks can be described by the
minimax objective function:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (4.13)

where x ∼ pdata(x) denotes samples x drawn from the real dataset
z ∼ pz(z) denotes samples z drawn from the generator
D(x) represents the output of the discriminator on real data
D(G(z)) represents the output of the discriminator on fake data.

After extensive training, the generator becomes capable of producing images
which have a distribution indistinguishable from the distribution of the images
used for training the discriminator, thus fooling the discriminator successfully.
A typical GAN architecture framework is given in Figure 4.8.

Figure 4.8: Framework of a GAN. Source:[3]

Conditional GANs were an extension of the GAN architecture introduced by
Mirza et al. in [60] in which they provide a second input y to both the networks
in the form of an additional input layer that is used as conditioning information.
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This can later be used to control the data generation process. Theoretically, this
can be expressed by the equation:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x|y)] + Ez∼pz(z)[log(1−D(G(z|y)))]

(4.14)

4.6 Deep Convolutional Generative Adversarial
Networks

Deep Convolutional Generative Adversarial Networks (DCGAN) [48] were pro-
posed by Radford et al. in an attempt to generate high resolution images using
deeper generative models. They modified the original GAN architecture in 3
significant ways:

• Using strided convolutions for spatial downsampling in the discriminator
instead of pooling layers and using fractional-strided convolutions in the
generator for upsampling.

• Eliminating the use of fully connected layers on top of the convolutional
layers

• Utilizing batch normalization [44] for normalizing input and stabilizing
training

The DCGAN architecture used in this project was slightly modified as it
did not have batch normalization layers [44] and used Leaky Relu [61] in the
generator along with gaussian noise layers. Also, the DCGAN was conditioned
on the viseme class labels so as to facilitate generation of images belonging
to a specific viseme class as required. The architecture of the generator of
the conditional DCGAN used to produce images of dimensions 8 × 8 × 3 is
depicted in Figure 4.9 and the architecture of the corresponding discriminator
of the conditional DCGAN is depicted in Figure 4.10. Note that this project
implemented GANs to produce images of dimensions 256 × 256 × 3 and these
architectures are for representation purposes. The discriminator and generator
models were stacked sequentially so that the images produced by the generator
and the original images were fed into the discriminator for classification.
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Figure 4.9: Architecture of the Generator of the Conditional DCGAN
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Figure 4.10: Architecture of the Discriminator of the Conditional DCGAN
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4.7 Progressively Growing Generative
Adversarial Network

The Progressively Growing Generative Adversarial Network (PGGAN) archi-
tecture [62] proposed by Karras et. al described an innovative training method-
ology for GANs in which they propose to train both the generator and the
discriminator progressively, starting by training it on images of low resolution
and gradually increasing the resolution to later learn on the finer details of the
images. This has the major advantage of stabilizing the training process. Fur-
ther, they implemented minibatch layers to increase variation in the generated
images.

In this project, the PGGAN was implemented as an alternative to the DC-
GAN and was used to generate images as it was expected to generate images
having more diversity as well as quality. The same experiments were conducted
on these images. However, 12 different models were implemented for generating
images of the 12 different viseme classes unlike the DCGAN implementation as
the conditional PGGAN model that was implemented failed to capture label
information although it generated images of good quality. The architecture of
the generator of the PGGAN used to produce images of dimensions 8× 8× 3 is
depicted in Figure 4.11 and the architecture of the corresponding discriminator
is depicted in Figure 4.12. Again, this is for reference only and the images that
were generated were of dimensions 256× 256× 3.
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Figure 4.11: Architecture of the Generator of PGGAN
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Figure 4.12: Architecture of the Discriminator of PGGAN
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Chapter 5

Training and Results

5.1 Classification using VGG16

Classification using VGG16 was done for both phoneme and viseme classes. The
optimizer used throughout was the Adam optimizer[63] and both phoneme and
viseme-wise classification accuracy was found with a train-test split of 90% -
10%. Dropout rates and filter numbers were varied for optimization. Addi-
tionally, an early stopping technique was implemented that depended on the
validation loss being lower than the training loss.

Phoneme recognition was done for two different speakers, speaker 01M, a
male speaker, and speaker 11F, a female speaker. The learning rate used was
5×10−5. The test accuracy for 01M was found to be 37.57% while it was found
to be 35.24% for 11F. Table 5.1 summarizes this:

Table 5.1: Phoneme-wise classification using VGG16

Speaker Test Accuracy(%)

01M 37.57
11F 35.24

The confusion matrices for the predictions on the test dataset for both speak-
ers are shown in Figure 5.1 and 5.2. As each speaker speaks differently, there is
a lot of differences between the two. For example, the /z/ phoneme for speaker
01M has been predicted successfully about half the time while the same phoneme
has shown poor recognition for 11F.
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Figure 5.1: 01M Original Images - Phonemes Confusion Matrix

Figure 5.2: 11F Original Images - Phonemes Confusion Matrix
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Table 5.2: 01M Original Images - Phonemes Scores

Class Precision Recall F1 Score

z 0.389 0.5 0.438
y 0.5 0.5 0.5
w 0.3 0.429 0.353
v 0.667 0.4 0.5

uw 0.5 0.364 0.421
uh 0 0 0
th 0 0 0
t 0.25 0.24 0.245

sh 0.3 0.333 0.316
s 0.431 0.691 0.531
r 0.25 0.343 0.289
p 0.333 0.556 0.417
oy 0 0 0
ow 0.417 0.5 0.455
ng 0 0 0
n 0.32 0.348 0.333
m 0.34 0.762 0.471
l 0.575 0.5 0.535
k 0.571 0.133 0.216
jh 0 0 0
iy 0.467 0.378 0.418
ih 0 0 0
hh 0.333 0.2 0.25
g 0 0 0
f 0.579 0.917 0.71

ey 0.2 0.167 0.182
er 0.591 0.542 0.565
eh 0.333 0.056 0.095
dh 0 0 0
d 0.444 0.108 0.174
ch 0 0 0
b 0 0 0
ay 0.321 0.474 0.383
aw 0.364 0.5 0.421
ah 0.17 0.209 0.188
ae 0.471 0.444 0.457
aa 0.49 0.521 0.505
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Table 5.3: 11F Original Images - Phonemes Scores

Class Precision Recall F1 Score

z 0.4 0.207 0.273
y 0.455 0.714 0.556
w 0.517 0.682 0.588
v 0.125 0.143 0.133

uw 0.429 0.375 0.4
uh 1 0.4 0.571
th 0 0 0
t 0.4 0.473 0.433

sh 0.313 0.455 0.37
s 0.519 0.583 0.549
r 0.421 0.235 0.302
p 0.471 0.5 0.485
oy 0 0 0
ow 0.714 0.417 0.526
ng 1 0.182 0.307
n 0.255 0.463 0.329
m 0.6 0.667 0.631
l 0.25 0.222 0.235
k 0.31 0.281 0.295
jh 0.417 0.555 0.476
iy 0.667 0.339 0.45
ih 0.311 0.368 0.337
hh 1 0.167 0.286
g 0.25 0.333 0.286
f 0.583 0.636 0.609

ey 0.577 0.6 0.588
er 0.408 0.55 0.468
eh 0.194 0.231 0.211
dh 75 0.273 0.4
d 0.25 0.276 0.262
ch 1 0.167 0.286
b 0.5 0.647 0.564
ay 0.6 0.571 0.585
aw 0.5 0.273 0.353
ah 0.26 0.226 0.241
ae 0.656 0.514 0.576
aa 0.464 0.627 0.533

To try and improve the accuracy on the same speaker specific datasets,
contours were drawn around the lip images as shown in Figure 5.3:
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(a) (b)

Figure 5.3: Pre-processed Images with Contours: (a) Sample Image with Con-
tour for 01M; (b) Sample Image with Contour for 11F

Then, VGG16 was trained again on these images with the same base learning
rate. Testing accuracy was found to be 34.51% for 01M and 39.95% for speaker
11F respectively. Below is Table 5.4 that summarizes this:

Table 5.4: Phoneme-wise classification with Contours using VGG16

Speaker Test Accuracy(%)

01M 34.51
11F 39.95

Similarly, viseme recognition was done for the same speakers. The training
converged well for 01M with a learning rate of 1× 10−5 while it converged well
for speaker 11F with a learning rate of 5 × 10−5. The test accuracies of both
are summarized in Table 5.5:

Table 5.5: Viseme-wise classification using VGG16

Speaker Test Accuracy(%)

01M 50.31
11F 49.42

Figures 5.4 and 5.5 are the confusion matrices that were obtained for these
models. Both show very similar results and both struggle to recognise the
visemes V2 and F.
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Figure 5.4: 01M Original Images - Visemes Confusion Matrix

Table 5.6: 01M Original Images - Visemes Scores

Class Precision Recall F1 Score

V1 0.272 0.409 0.326
V2 0.555 0.345 0.425
V3 0.515 0.531 0.523
V4 0.484 0.259 0.337
A 0.412 0.339 0.372
B 0.8 0.58 0.673
C 0.343 0.396 0.367
D 0.615 0.64 0.627
E 0.609 0.866 0.716
F 0.273 0.333 0.3
G 0.625 0.714 0.667
H 0.339 0.281 0.308
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Figure 5.5: 11F Original Images - Visemes Confusion Matrix

Table 5.7: 11F Original Images - Visemes Scores

Class Precision Recall F1 Score

V1 0.456 0.491 0.473
V2 0.475 0.487 0.481
V3 0.567 0.557 0.563
V4 0.51 0.549 0.529
A 0.358 0.232 0.281
B 0.623 0.716 0.667
C 0.492 0.488 0.49
D 0.667 0.692 0.679
E 0.574 0.7 0.63
F 0.5 0.222 0.307
G 0.562 0.78 0.655
H 0.383 0.286 0.327

Again, contour images were used for viseme classification and these results
are given in Table 5.8.
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Table 5.8: Viseme-wise classification with Contours using VGG16

Speaker Test Accuracy(%)

01M 43.40
11F 46.72

5.2 Utilizing DCGAN for Data Augmentation

With these results established, conditional DCGAN viseme-wise generated im-
ages were added to the dataset. For both the speakers, 200 images were gen-
erated for each class and then added to the dataset, leading to a total of 2,400
generated images. A sample of the generated images is shown in Figure 5.6.

Figure 5.6: Images of 01M Generated by the Conditional DCGAN

To get an idea of how well the GAN had captured the features of each
class, a dataset consisting of only the generated images was fed to VGG16
for classification. A learning rate of 5 × 10−5 for both speakers and the early
stopping mechanism described above was used. The results clearly show that
the DCGAN has captured the features quite well and are summarized in Table
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5.9 below. Note that the same procedure cannot be applied for phoneme-wise
classification due to the nature of the mapping between phonemes and visemes.

Table 5.9: Viseme-wise classification of DCGAN Generated Images using
VGG16

Speaker Test Accuracy(%)

01M 88.43
11F 91.25

The confusion matrices for these models are presented in Figures 5.7 and 5.8.
The classification performance is extremely good for these models and proves
definitively that the GAN captures features satisfactorily.

Figure 5.7: 01M DCGAN Generated Images - Visemes Confusion Matrix
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Table 5.10: 01M Generated Images - Visemes Scores

Class Precision Recall F1 Score

V1 0.696 0.615 0.653
V2 1 1 1
V3 1 1 1
V4 1 1 1
A 0.75 0.3 0.429
B 1 0.952 0.976
C 1 1 1
D 0.95 1 0.974
E 1 1 1
F 1 1 1
G 1 1 1
H 0.382 0.684 0.491

Figure 5.8: 11F DCGAN Generated Images - Visemes Confusion Matrix
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Table 5.11: 11F Generated Images - Visemes Scores

Class Precision Recall F1 Score

V1 0.75 0.857 0.8
V2 1 0.722 0.839
V3 1 1 1
V4 0.857 0.947 0.9
A 0.72 0.818 0.766
B 0.905 1 0.95
C 1 0.882 0.938
D 1 1 1
E 1 1 1
F 1 1 1
G 1 1 1
H 0.95 0.864 0.905

After this, the real and generated images were combined to form a single
dataset and viseme-wise classification was found out using VGG16 in two dif-
ferent ways:

1. In type 1, the dataset containing both the real and generated images
was shuffled and later, the images were split into training and testing
data. Therefore, both testing and training data had real and generated
images. For this dataset, the classification accuracy increased considerably
to 59.21% for 01M and 55.48% for 11F. The learning rate used was 5×10−5.
The results are summarized in Table 5.12 below:

Table 5.12: Type 1 - Viseme-wise classification of Combined Images using
VGG16

Speaker Test Accuracy(%)

01M 59.21
11F 55.48

The confusion matrices for these models are presented in Figures 5.9 and
5.10. There is a significant increase in performance, especially in recogni-
tion of the visemes F and V2.
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Figure 5.9: 01M Type 1 Approach - Visemes Confusion Matrix

Table 5.13: 01M Type 1 Approach - Visemes Scores

Class Precision Recall F1 Score

V1 0.315 0.544 0.399
V2 0.614 0.643 0.628
V3 0.754 0.561 0.643
V4 0.422 0.302 0.352
A 0.6 0.305 0.404
B 0.752 0.734 0.743
C 0.642 0.464 0.538
D 0.709 0.886 0.788
E 0.652 0.87 0.745
F 0.692 0.6 0.643
G 0.627 0.914 0.744
H 0.406 0.341 0.371
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Figure 5.10: 11F Type 1 Approach - Visemes Confusion Matrix

Table 5.14: 11F Type 1 Approach - Visemes Scores

Class Precision Recall F1 Score

V1 0.452 0.54 0.492
V2 0.62 0.667 0.643
V3 0.616 0.699 0.655
V4 0.476 0.482 0.479
A 0.411 0.289 0.339
B 0.641 0.667 0.653
C 0.488 0.477 0.483
D 0.81 0.732 0.769
E 0.67 0.732 0.7
F 0.93 0.844 0.885
G 0.744 0.854 0.795
H 0.638 0.353 0.454

2. In type 2, testing data was taken only from the original dataset and then,
the generated images were added to the training dataset. Therefore, the
training dataset was augmented using the generated images while the test
dataset was made up of real images only. The results for this dataset
configuration are displayed in Table 5.15 below:

Clearly, there is a decrease in classification accuracy compared to type 1
for both speakers although speaker 01M’s decrease is considerable. This

Session Jan – April 2020 40



Visual Speech Recognition

Table 5.15: Type 2 - Viseme-wise classification of Combined Images using
VGG16

Speaker Test Accuracy(%)

01M 51.33
11F 50.00

might have happened because the generated images were not of the same
quality as the original images and has to be explored further. Also, note
that type 2 leads to a negligible increase in accuracy when compared to
the performance obtained only on the original dataset. The confusion
matrices for these models are presented in Figures 5.11 and 5.12.

Figure 5.11: 01M Type 2 Approach - Visemes Confusion Matrix
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Table 5.16: 01M Type 2 Approach - Visemes Scores

Class Precision Recall F1 Score

V1 0.351 0.575 0.436
V2 0.333 0.217 0.263
V3 0.582 0.485 0.529
V4 0.518 0.468 0.492
A 0.492 0.352 0.411
B 0.636 0.701 0.667
C 0.509 0.463 0.485
D 0.692 0.545 0.61
E 0.6 0.792 0.683
F 0.167 0.125 0.143
G 0.688 0.647 0.667
H 0.458 0.18 0.259

Figure 5.12: 11F Type 2 Approach - Visemes Confusion Matrix
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Table 5.17: 11F Type 2 Approach - Visemes Scores

Class Precision Recall F1 Score

V1 0.354 0.598 0.445
V2 0.485 0.447 0.466
V3 0.528 0.528 0.528
V4 0.557 0.403 0.468
A 0.42 0.236 0.302
B 0.625 0.461 0.53
C 0.5 0.436 0.466
D 0.667 0.667 0.667
E 0.589 0.793 0.676
F 0.6 0.273 0.375
G 0.617 0.75 0.677
H 0.3 0.13 0.182

5.3 Utilizing PGGAN for Data Augmentation

Once again, all the experiments that were conducted using the DCGAN gener-
ated images were done using the PGGAN generated images. A sample of the
images generated by the different PGGANs is shown in Figure 5.13:

Figure 5.13: Images of 01M Generated by the PGGANs

Again, to understand how well the PGGAN had captured the features of
each class, classification was done only on these generated images, the results
for which are displayed in Table 5.18.
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Table 5.18: Viseme classification of PGGAN Generated Images using VGG16

Speaker Test Accuracy(%)

01M 100.00
11F 100.00

The confusion matrices for these models are presented in Figures 5.14 and
5.15. Clearly, the PGGAN does an even better job than the DCGAN as it
captures features with 100% accuracy.

Figure 5.14: 01M PGGAN Generated Images - Visemes Confusion Matrix

Table 5.19: 01M Generated Images PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 1.0 1.0 1.0
V2 1.0 1.0 1.0
V3 1.0 1.0 1.0
V4 1.0 1.0 1.0
A 1.0 1.0 1.0
B 1.0 1.0 1.0
C 1.0 1.0 1.0
D 1.0 1.0 1.0
E 1.0 1.0 1.0
F 1.0 1.0 1.0
G 1.0 1.0 1.0
H 1.0 1.0 1.0
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Figure 5.15: 11F PGGAN Generated Images - Visemes Confusion Matrix

Table 5.20: 11F Generated Images PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 1.0 1.0 1.0
V2 1.0 1.0 1.0
V3 1.0 1.0 1.0
V4 1.0 1.0 1.0
A 1.0 1.0 1.0
B 1.0 1.0 1.0
C 1.0 1.0 1.0
D 1.0 1.0 1.0
E 1.0 1.0 1.0
F 1.0 1.0 1.0
G 1.0 1.0 1.0
H 1.0 1.0 1.0
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The experiments conducted using the images generated by the DCGAN was
again implemented using the PGGAN.

1. The Type 1 approach showed even higher accuracies as shown in Table
5.21.

Table 5.21: Type 1 PGGAN - Viseme classification of Combined Images using
VGG16

Speaker Test Accuracy(%)

01M 62.63
11F 60.52

The confusion matrices for these models are presented in Figures 5.16 and
5.17.

Figure 5.16: 01M Type 1 Approach PGGAN - Visemes Confusion Matrix
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Table 5.22: 01M Type 1 Approach PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 0.577 0.587 0.582
V2 0.8 0.522 0.632
V3 0.61 0.726 0.663
V4 0.467 0.667 0.549
A 0.568 0.387 0.46
B 0.754 0.852 0.8
C 0.441 0.578 0.5
D 0.881 0.712 0.787
E 0.75 0.842 0.793
F 0.9 0.667 0.766
G 0.843 0.827 0.835
H 0.672 0.406 0.506

Figure 5.17: 11F Type 1 Approach PGGAN - Visemes Confusion Matrix
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Table 5.23: 11F Type 1 Approach PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 0.497 0.429 0.461
V2 0.611 0.721 0.662
V3 0.564 0.76 0.648
V4 0.525 0.633 0.574
A 0.566 0.326 0.414
B 0.657 0.755 0.703
C 0.551 0.541 0.546
D 0.746 0.863 0.8
E 0.667 0.789 0.723
F 0.931 0.964 0.947
G 0.829 0.756 0.791
H 0.736 0.433 0.545

2. The Type 2 approach using PGGAN images also showed a marked increase
in accuracy compared to the same that used DCGAN images as shown in
table 5.24.

Table 5.24: Type 2 PGGAN - Viseme classification of Combined Images using
VGG16

Speaker Test Accuracy(%)

01M 53.24
11F 51.61

Figure 5.18: 01M Type 2 Approach PGGAN - Visemes Confusion Matrix
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Table 5.25: 01M Type 2 Approach PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 0.466 0.503 0.484
V2 0.417 0.37 0.392
V3 0.51 0.441 0.473
V4 0.515 0.466 0.489
A 0.472 0.442 0.456
B 0.696 0.842 0.762
C 0.463 0.362 0.406
D 0.75 0.5 0.6
E 0.573 0.915 0.705
F 0.5 0.667 0.571
G 0.564 0.759 0.647
H 0.426 0.299 0.351

Figure 5.19: 11F Type 2 Approach PGGAN - Visemes Confusion Matrix
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Table 5.26: 11F Type 2 Approach PGGAN - Visemes Scores

Class Precision Recall F1 Score

V1 0.497 0.429 0.461
V2 0.611 0.721 0.662
V3 0.564 0.76 0.648
V4 0.525 0.633 0.574
A 0.566 0.326 0.414
B 0.657 0.755 0.703
C 0.551 0.541 0.546
D 0.746 0.863 0.8
E 0.667 0.789 0.723
F 0.931 0.964 0.947
G 0.829 0.756 0.791
H 0.736 0.433 0.545

5.4 Classification Using AlexNet

For classification using AlexNet, stochastic gradient descent was used as the
optimiser. A total of 121,041 images from 15 different speakers was used for
the speaker independent phoneme classification scenario, which did not include
the phoneme -/sil/ (silence) and out of these 121,041 images, 90% of images
were used for training and the remaining 10% for validation and testing. The
maximum testing accuracy achieved was 37.92% and the corresponding base
learning rate was 0.0001.

Phoneme classification was also done on two different speakers individually,
namely the male speaker 01M and the female speaker 11F. While 11F had 8,710
images, speaker 01M had 7,845 images. Here as well, 90% of the images was
used for training and 10% for validation and testing.The testing accuracies for
speaker 01M and 11F were 35.78% and 24.13% respectively. Below is Table 5.27
that summarizes this:

Table 5.27: Phoneme-wise classification using AlexNet

Speaker Test Accuracy(%)

Independent 37.92
01M 35.78
11F 24.13
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The confusion matrices for these models that classified between phonemes is
given in Figures 5.20 and 5.21. It is clearly seen that for both speakers, many
images belonging to phoneme /z/ is being misclassified as phoneme /s/. This
was anticipated as both these phonemes have the same viseme.

Figure 5.20: 01M Phoneme Confusion Matrix

Figure 5.21: 11F Phoneme Confusion Matrix
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Table 5.28: 01M Original Images AlexNet - Phonemes Scores

Class Precision Recall F1 Score

z 0.073 0.333 0.12
y 0.111 0.5 0.182
w 0.75 0.3 0.429
v 0.0 0.0 0

uw 0.5 0.833 0.625
uh 0.0 0 0
th 0.0 0 0
t 0.298 0.189 0.231

sh 0.824 0.264 0.4
s 0.712 0.42 0.528
r 0.282 0.186 0.224
p 0.071 0.333 0.118
oy 0.0 0 0
ow 0.0 0.0 0
ng 0.0 0 0
n 0.091 0.2 0.125
m 0.913 0.3 0.452
l 0.422 0.613 0.5
k 0.067 0.182 0.098
jh 0.0 0 0
iy 0.41 0.281 0.333
ih 0.0 0 0
hh 0.0 0 0
g 0.0 0 0
f 1.0 0.38 0.551

ey 0.467 0.241 0.318
er 0.2 0.375 0.261
eh 0.067 0.143 0.091
dh 0.0 0.0 0
d 0.0 0.0 0
ch 0.0 0 0
b 0.0 0 0
ay 0.263 0.208 0.233
aw 0.125 1.0 0.222
ah 0.0 0.0 0
ae 0.688 0.268 0.386
aa 0.459 0.321 0.378
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Table 5.29: 11F Original Images Alexnet - Phonemes Scores

Class Precision Recall F1 Score

z 0.036 1.0 0.069
y 0.0 0 0
w 0.875 0.636 0.737
v 0.0 0.0 0

uw 0.0 0 0
uh 0.0 0.0 0
th 0.0 0 0
t 0.359 0.258 0.301

sh 0.25 0.107 0.15
s 0.592 0.248 0.349
r 0.429 0.286 0.343
p 0.444 0.151 0.225
oy 0 0 0
ow 0.048 0.167 0.074
ng 0.0 0 0
n 0.0 0.0 0
m 0.158 0.115 0.133
l 0.1 0.333 0.154
k 0.0 0 0
jh 0.111 0.091 0.1
iy 0.439 0.207 0.281
ih 0.053 0.077 0.062
hh 0.0 0.0 0
g 0.0 0 0
f 0.85 0.436 0.576

ey 0.5 0.283 0.361
er 0.172 0.455 0.25
eh 0.05 0.067 0.057
dh 0.0 0 0
d 0.0 0 0
ch 0.0 0.0 0
b 0.2 0.167 0.182
ay 0.167 0.267 0.205
aw 0.0 0 0
ah 0.088 0.143 0.109
ae 0.355 0.268 0.306
aa 0.627 0.372 0.467
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Then, AlexNet was trained again on the contour images with the same base
learning rate of 0.0001. Testing accuracy was found to be 37.82% for 01M and
36.45% for speaker 11F respectively. Below is Table 5.30 that summarizes this:

Table 5.30: Phoneme-wise classification with Contours using AlexNet

Speaker Test Accuracy(%)

01M 37.82
11F 36.45

Next, AlexNet was trained for viseme classification. The optimiser used
was the Adam optimizer while the base learning rate was 0.001. Here again,
90% of the images was used for training while the rest was used for validation
and testing.The test accuracy was found to be 43.12% for speaker independent
classification. For the speaker specific scenario, the base learning rate used was
0.0001. Similar to speaker independent training, 90% of the dataset was used
for training with the remaining 10% used for validation and testing. The testing
accuracies for 01M and 11F were found to be 47.04% and 45.55% respectively.
Below is Table 5.31 that summarizes this:

Table 5.31: Viseme-wise classification using AlexNet

Speaker Test Accuracy(%)

Independent 43.12
01M 47.04
11F 45.55

Figure 5.22: 01M Viseme Confusion Matrix
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Table 5.32: 01M CNN - Visemes Scores

Class Precision Recall F1 Score

V1 0.761 0.673 0.714
V2 0.333 0.3 0.316
V3 0.63 0.68 0.654
V4 0.369 0.381 0.375
A 0.474 0.344 0.399
B 0.179 0.417 0.25
C 0.523 0.425 0.469
D 0.22 0.255 0.236
E 0.226 0.339 0.271
F 0.748 0.696 0.721
G 0.289 0.467 0.357
H 0.741 0.392 0.513

Figure 5.23: 11F Viseme Confusion Matrix

From the viseme confusion matrices shown in Figures 5.22 and 5.23, it is
seen that a lot of images of the viseme class ‘A’ are misclassified as viseme ‘V1’.
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Table 5.33: 11F CNN - Visemes Scores

Class Precision Recall F1 Score

V1 0.712 0.493 0.583
V2 0.714 0.625 0.667
V3 0.846 0.733 0.786
V4 0.227 0.536 0.319
A 0.452 0.5 0.475
B 0.588 0.833 0.69
C 0.704 0.551 0.618
D 0.506 0.488 0.497
E 0.304 0.348 0.324
F 0.688 0.515 0.589
G 0.324 0.397 0.357
H 0.704 0.475 0.567

Again, AlexNet was trained on contour images for viseme classification the
details of which is given below:

Table 5.34: Viseme-wise classification with Contours using AlexNet

Speaker Test Accuracy(%)

01M 45.95
11F 45.91

5.5 Classification using AlexNet CNN-LSTM Hy-
brid Model

The CNN-LSTM hybrid model was trained for phoneme as well as viseme clas-
sification with AlexNet used for feature extraction and LSTM for classification.
The hybrid model was trained on the speakers 01M and 11F. 01M had 3141
videos that were reconstructed as described in section 3.2 while speaker 11F
had 3263 videos. Similar to the classification process used for image frames,
90% of the videos was used for training and the rest for testing and valida-
tion. The number of nodes of LSTM layers and dropout was varied and the
best testing accuracy was found to be 38.41% for phoneme classification. Note
that generated images were not used for these models as we could not generate
images that were temporally related. The different configurations of the LSTM
network used in phoneme classification for speaker 01M is summarised in Table
5.35.
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Table 5.35: Phoneme-wise classification for 01M Using CNN-LSTM

Number of cells for
LSTM Layers 1, 2

Dropout after
LSTM Layers 1, 2

Test Accuracy(%)

516, 256 0.6, 0.4 38.41
1000, 500 0.75, 0.25 32.70
1024, 516 0.6, 0.4 33.65
1024, 2048 0.4, 0.6 37.46

The different configurations of the LSTM network used in phoneme classifi-
cation for speaker 11F is summarised in Table 5.36.:

Table 5.36: Phoneme-wise classification for 11F Using CNN-LSTM

Number of cells for
LSTM Layers 1, 2

Dropout after
LSTM Layers 1, 2

Test Accuracy(%)

516, 256 0.6, 0.4 29.36
1000, 500 0.75, 0.25 33.64
1024, 516 0.6, 0.4 33.33
1024, 2048 0.75, 0.25 36.09

Similar to phoneme classification, viseme classification was done for dif-
ferent configurations of the LSTM layers and the maximum testing accuracy
for speaker 01M was found to be 57.14%. The maximum testing accuracy for
speaker 11F was 53.4%. The different configurations of the LSTM network used
in viseme classification for speaker 01M is summarised in Table 5.37 below.

Table 5.37: Viseme-wise classification for 01M Using CNN-LSTM

Number of cells for
LSTM Layers 1, 2

Dropout after
LSTM Layers 1, 2

Testing Accuracy(%)

1024, 516 0.75, 0.25 50.00
1024, 2048 0.75, 0.25 57.14
1024, 2048 0.4, 0.6 47.14
2048, 4096 0.75, 0.25 47.14

The confusion matrix for the best 01M model is given in Figure 5.24:
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Figure 5.24: 01M Best CNN-LSTM Model Viseme Confusion Matrix

Table 5.38: 01M CNN-LSTM - Visemes Scores

Class Precision Recall F1 Score

V1 0.875 0.545 0.672
V2 0.222 0.25 0.235
V3 0.429 0.6 0.5
V4 0.323 0.457 0.378
A 0.37 0.446 0.405
B 0.214 0.375 0.273
C 0.523 0.436 0.476
D 0.15 0.265 0.191
E 0.172 0.421 0.244
F 0.841 0.559 0.672
G 0.475 0.377 0.42
H 0.778 0.488 0.6

The different configurations of the LSTM network used in viseme classifica-

Session Jan – April 2020 58



Visual Speech Recognition

tion for speaker 11F is summarised in Table 5.39 below:

Table 5.39: Viseme-wise classification for 11F Using CNN-LSTM

Number of cells for
LSTM Layers 1, 2

Dropout after
LSTM Layers 1, 2

Test Accuracy(%)

1024, 516 0.75, 0.25 51.73
1024, 2048 0.75, 0.25 53.40
1024, 2048 0.4, 0.6 46.80
2048, 4096 0.75, 0.25 49.13

The confusion matrix for the best 11F model is given in Figure 5.25:

Figure 5.25: 11F Best CNN-LSTM Model Viseme Confusion Matrix

From the viseme confusion matrices of the CNN-LSTM models, it can be
observed that the mis-classification of viseme ‘A’ as ’V1’ is reduced but the
viseme ‘C’ being mis-classified as ‘B’ has increased for the both the speakers. .
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Table 5.40: 11F CNN-LSTM - Visemes Scores

Class Precision Recall F1 Score

V1 0.827 0.462 0.593
V2 0.714 0.714 0.714
V3 0.846 0.71 0.772
V4 0.167 0.478 0.247
A 0.428 0.49 0.457
B 0.412 0.933 0.571
C 0.602 0.533 0.565
D 0.506 0.412 0.455
E 0.253 0.351 0.294
F 0.727 0.381 0.5
G 0.216 0.364 0.271
H 0.741 0.455 0.563

5.6 Classification using VGG16 CNN-HMM Hy-
brid Model

The CNN-HMM model was trained on both phonemes as well as visemes with
VGG16 used for feature extraction and HMM for classification. The model was
trained on speakers 01M and 11F. The images were segregated into folders as
described in section 4.4. 90% of the dataset was used for training and the rest
for testing and validation. Note that generated images were not used for these
models as we could not generate images that were temporally related. A feature
vector is extracted from each image using VGG16. Feature vectors are taken
from all the images that form a phoneme and the vectors are appended to form a
linear array of dimension N×1. This linear sequence is fed into the HMM model
for training. The same procedure is followed for testing and log probability is
calculated for the predicted phoneme. The Baum-Welch algorithm is used for
training and the Viterbi algorithm is used for testing the HMM models. The
number of states(n components) of the HMM was varied and the best testing
accuracy for phoneme classification was found to be 32.41% for 01M and 30.043%
for 11F. This is summarized in Table 5.41 below:

Table 5.41: Phoneme-wise classification using CNN-HMM

Speaker
N Components(States)

at Max Accuracy
Test Accuracy(%)

01M 4 32.41
11F 5 30.043

The confusion matrices for these models are given below:
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Figure 5.26: 01M CNN-HMM Phoneme Confusion Matrix

Figure 5.27: 11F CNN-HMM Phoneme Confusion Matrix
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Table 5.42: 01M CNN-HMM - Phonemes Scores

Class Precision Recall F1 Score

z 0.42 0.58 0.487
y 0.32 0.26 0.286
w 0.27 0.19 0.23
v 0.0 0.0 0.0

uw 0.15 0.25 0.2
uh 0.0 0.0 0.0
th 0.28 0.33 0.3
t 0.043 0.04 0.08

sh 0.375 0.42 0.39
s 0.53 0.59 0.56
r 0.577 0.52 0.547
p 0.575 0.73 0.64
oy 0.142 0.1 0.12
ow 1.0 0.33 0.496
ng 0.75 0.5 0.60
n 0.594 0.57 0.58
m 0.457 0.38 0.41
l 0.5 0.33 0.0.375
k 0.434 0.28 0.34
jh 0.59 0.419 0.52
iy 0.434 0.5 0.46
ih 0.423 0.196 0.27
hh 1.0 0.714 0.83
g 0.23 0.142 0.175
f 1.0 1.0 1.0

ey 0.266 0.667 0.38
er 0.6 0.642 0.62
eh 0.538 0.714 0.613
dh 0.428 0.692 0.52
d 0.49 0.578 0.53
ch 0.0 0.0 0.0
b 0.0 0.0 0.0
ay 0.44 0.4 0.419
aw 0.33 0.428 0.37
ah 0.44 0.705 0.54
ae 0.33 0.428 0.372
aa 0.52 0.379 0.438
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Table 5.43: 11F CNN-HMM - Phonemes Scores

Class Precision Recall F1 Score

z 0.25 0.27 0.26
y 0.0 0.0 0.0
w 0.414 0.42 0.41
v 0.25 0.143 0.19

uw 0.166 0.125 0.143
uh 0.17 0.266 0.205
th 0.667 0.333 0.44
t 0.185 0.1667 0.175

sh 0.0 0.0 0.0
s 0.0 0.0 0.0
r 0.15 0.172 0.161
p 0.14 0.153 0.145
oy 0.103 0.15 0.122
ow 1.0 0.111 0.199
ng 0.33 0.167 0.222
n 0.281 0.236 0.26
m 0.295 0.309 0.31
l 0.0 0.0 0.0
k 0.27 0.14 0.19
jh 0.22 0.12 0.16
iy 0.12 0.15 0.133
ih 0.35 0.214 0.266
hh 0.0 0.0 0.0
g 0.36 0.381 0.372
f 0.0 0.0 0.0

ey 0.147 0.27 0.192
er 0.39 0.38 0.385
eh 0.42 0.653 0.512
dh 0.34 0.692 0.461
d 0.46 0.468 0.465
ch 0.0 0.0 0.0
b 0.0 0.0 0.0
ay 0.375 0.3 0.33
aw 0.14 0.142 0.14
ah 0.37 0.588 0.45
ae 0.2 0.29 0.235
aa 0.19 0.172 0.19

Similarly, viseme classification was also done and the results are displayed
in Table 5.44 below:
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Table 5.44: Viseme-wise classification using CNN-HMM

Speaker
N Components(States)

at Max Accuracy
Test Accuracy(%)

01M 7 51.09
11F 7 46.052

The confusion matrices for these models are given in Figures 5.28 and 5.29.

Figure 5.28: 01M CNN-HMM Viseme Confusion Matrix

Table 5.45: 01M CNN-HMM - Visemes Scores

Class Precision Recall F1 Score

V1 0.49 0.503 0.495
V2 0.68 0.5 0.57
V3 0.57 0.62 0.59
V4 0.667 0.44 0.53
A 0.51 0.39 0.441
B 0.42 0.84 0.56
C 0.541 0.352 0.42
D 0.71 0.9 0.79
E 0.512 0.854 0.64
F 0.4 0.13 0.19
G 0.52 0.76 0.617
H 0.754 0.555 0.639
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Figure 5.29: 11F CNN-HMM Viseme Confusion Matrix

Table 5.46: 11F CNN-HMM - Visemes Scores

Class Precision Recall F1 Score

V1 0.41 0.368 0.387
V2 0.542 0.448 0.49
V3 0.4 0.567 0.469
V4 0.45 0.283 0.35
A 0.38 0.1489 0.21
B 0.58 0.777 0.664
C 0.35 0.236 0.281
D 0.50 0.89 0.65
E 0.49 0.85 0.626
F 0.33 0.27 0.3
G 0.413 0.85 0.558
H 0.375 0.31 0.341

A distinct difference is seen between the two models. The viseme V1 is
classified well for speaker 01M but it is mis-classified many times for 11F. Also,
note the difficulty in classifying the viseme F in both the matrices.
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5.7 Comparison of Results

A consolidated table that compares the results of VGG16 before and after data
augmentation is given below. It is clear that the PGGAN is a better architecture
as it performs better than the DCGAN on all accounts. Note that 01M had 7845
images while 11F had 8710 images before augmentation. Data augmentation
added 200 images to each viseme class, leading to a total of 2400 more images
for each speaker.

Table 5.47: Comparison of GAN Results - Type 1 Approach

Speaker Before Augmentation DCGAN PGGAN

01M 50.31 59.21 62.63
11F 49.42 55.48 60.52

Table 5.48: Comparison of GAN Results - Type 2 Approach

Speaker Before Augmentation DCGAN PGGAN

01M 50.31 51.33 53.24
11F 49.42 50.00 51.61

A summary of how well all the models perform on the original images in the
phoneme classes is given below:

Table 5.49: Comparison of Results across Models for Phoneme Classes

Speaker VGG16 AlexNet CNN-LSTM CNN-HMM

01M 37.57 35.78 38.41 32.41
11F 35.24 24.13 36.09 30.043

A summary of how well all the models perform on the original images in the
viseme classes is given below:

Table 5.50: Comparison of Results across Models for Viseme Classes

Speaker VGG16 AlexNet CNN-LSTM CNN-HMM

01M 50.31 47.04 57.14 51.09
11F 49.42 45.55 53.40 46.052
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Chapter 6

Conclusion and Future
Work

6.1 Conclusions

This project describes and implements various models that are currently being
used in the field of Visual Speech Recognition (VSR). Additionally, it incorpo-
rates the up-and-coming data augmentation technique of using GANs to gener-
ate new images that are similar to the ones in the original dataset, which can
then be added to the dataset to try and increase performance. Right from the
start, it was expected that viseme-wise accuracy would be much higher than
phoneme-wise accuracy due to the fact that many phonemes have the same
viseme (there is a many to one mapping between phonemes and visemes as seen
in Neti’s mapping in section 3.2) and this was as expected in the results.

The LSTM hybrid models outperform the base CNN ones on all accounts.
This is understandable as the LSTM network captures temporal information,
thus providing more information for proper classification. However, the HMM
model surprisingly fails to perform much better than the base classification done
using VGG16 even though it has the ability to capture temporal information.

Additionally, one of the two methods that incorporated data augmenta-
tion using images generated from the conditional DCGAN, namely, the type 1
method, led to a sizeable increase in testing accuracy but the other method,
type 2, led to a slight increase in accuracy. A similar trend was seen when data
augmentation was done using PGGAN images. This might be due to two major
reasons. Firstly, the generated images did not have enough variety, and sec-
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ondly, the generated images just weren’t as good as the original ones, so using
them for validation was not ideal. However, note that the experiments done
using the PGGAN images had better results across the board compared to the
ones done using the conditional DCGAN as expected, as the PGGAN is known
to generate images having better quality as well as diversity.

6.2 Future Work

For further research involving the use of GANs for data augmentation in lip
reading, different types of GAN architectures can be explored that can yield
more diversity and quality in the generated images. Also, another interesting
feature that can be included is to generate images that are related temporally,
that is, to use GANs to generate a sequence of images that make up a phoneme.
Another method that has scope for exploration is the use of contours as done
for phoneme classification using AlexNet. However, this might not be viable
for real-time recognition as making contours over each frame is infeasible. Fi-
nally, the major scope for this project is as a tool for creating word recognition
algorithms in VSR that uses visemes as the fundamental unit.
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