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Abstract— Lip reading, also known as speech reading, is a
technique for understanding spoken words by interpreting
the speaker's facial expressions and lip movements. It is a
helpful tool for those who are deaf or hard of hearing and
can also be utilised in noisy settings where it is challenging
to understand auditory communication. The development
of automatic lip-reading algorithms employing computer
vision and machine learning methods has advanced
significantly in recent years. We will discuss about some of
the most popular lip-reading techniques in this review.
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I INTRODUCTION

Communication between individuals frequently involves the
use of vocal and visual messages. Visual speech recognition
can identify the substance of speech from the movement of the
lips of the speaker. In recent years, advances in computer
vision and machine learning have enabled the development of
automated lip reading systems. These systems use video data
of the speaker's face to recognize the spoken words.
Automated lip reading systems have the potential to be more
accurate and efficient than human lip readers, and can be used
in various applications such as speech recognition, speech
therapy, and security. Lip reading has potential applications in
various fields such as speech recognition, speech therapy, and
security. In speech recognition, lip reading can be used as a
complementary source of information to improve the accuracy
of speech recognition systems in noisy environments or when
the audio signal is corrupted. In speech therapy, lip reading
can be used to improve the communication skills of
individuals with speech disorders and a help people with
hearing impairments. In security, lip reading can used in
detecting speech n silent cctv footages and can be used in
various biometric password systems also. To understand the
history of lip reading, we must go back to 1954, the year
sumby [1] submitted his first piece that was related to lip
reading. A new lip contour reading technology was later
produced by petajan [2] and became well-liked in the 1980s.
Many studies in the area of lip-reading have already been
conducted. An artificial neural network (ann) and pixel-based
approach was suggested in a recognition model [3] in 1989.
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Because audio signals are sensitive to environmental noise. A
phrase identification rate of 25% was attained by goldschen
[4] and colleagues in 1993 using hidden markov models
(hmms) in their lipreading systems. Chiou [5] demonstrated a
colour motion-video lip-reading system that included the
snake model, hmm, and principal component analysis (pca) to
attain an accuracy of roughly 94% for 10 words. Using several
layers for visual entities, a context-based deep neural networks
(dnn) system was developed to improve continuous lip-
reading performance. This system achieved word accuracy of
roughly 84.7%, a significant 33% improvement over baseline
hmm. The focus of lip reading has shifted over the past several
years as deep learning technology has achieved spectacular
results in numerous domains. Researchers exploited the deep
network's[6] potent representation learning capability to
automatically learn good features in accordance with the task
objectives rather than attempting to create some feature
extraction algorithms to extract features. These traits
frequently exhibit high generalization properties and work
well in a number of contexts.

However, lip reading is a challenging task due to factors such
as lighting, occlusion, and variability in lip movements. In
recent years, researchers have developed various lip reading
methods that aim to improve the accuracy of speech
recognition from lip movements. In this paper, we review the
existing techniques used for lip reading and the challenges
faced in this field. We also highlight the recent trends and
future directions in this area.

. LIP READING AND RECOGNITION

A. Background

Representation learning for VSR had been studied for a very
long time prior to the advent of deep learning. Traditional
feature extraction techniques can be divided into three groups
from the viewpoint of feature engineering: pixel-based, shape-
based, and mixed extraction [7-31]. Traditional representation
learning techniques, while straightforward and
comprehensible, typically do not perform well, especially in
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uncontrolled circumstances. TABLE 1 gives an outline of
various feature extraction techniques. The main goal of this
study is to summarize and analyses representation learning
techniques supported by deep learning technologies.

Many issues arise as the database gets bigger and more
complicated, including an increase in the number of speakers,

TABLE I. Traditional feature extraction techniques
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a wide range of postures, and shifting lighting and backdrop
environments. The standard manual features are not available
everywhere. The Deep Neural Network (DNN) technique,
which has strong robustness in the context of massive data,
may learn deeper features from the experimental data,
according to the researchers.

Method Algorithm

Advantage

Disadvantage

Linear transformation

1) All pixels of the image are used to represent

1) High feature dimension;

2) Sensitive to image rotation, scale,

Pixel-based method

Optical flow

Local pixel feature

the visual features, with less information loss;
2) No complex manual modeling is required.

illumination, and skin color;
3) The generality of different speakers is poor.

Shape-based method

Geometric features

1) Low feature dimension;
2) Good interpretability.

1) High requirements for image quality;
2) Information on lip movement is incomplete;

ACM

3) Accurate manual marking is required.

Mixed feature

3 AAM
extraction

1) Strong ability of feature expression;
2) Different speakers have good generalization

1) High algorithm complexity;
2) Accurate manual marking is required.

Figure 1 illustrates the deep learning-based lip reading flow
framework, which differs from the conventional lip reading
method. End-to-end methodologies are used in the deep neural
network-based lip reading method, which automatically learns
the properties of lip movement data from the video to achieve
categorization. The first step involves finding and extracting
the lip region from the source video. The processed data is
then processed by the deep neural network.

The module can be split into the following two components
based on its functional characteristics:

Lip detection and
extraction

Video

1) Front-end: It primarily uses various types of deep
neural networks to extract aspects of lip movement from lip
photos. The front-end network's feature extraction heavily
influences the classification effect. Boltzmann Machines (BM)
[36], Auto-encoder[35], Deep Belief Network (DBN) , Feed
forward Neural Network (FNN) [33-34], and Convolutional
Neural Network[37] are all components of the front-end
model.

=l
=

=

Front-end
Back-end
2D CNN
- RNN
3D CNN
- TCN = Output
3D + 2D CNN
Transformer
Other

=

Fig 1: Deep learning-based lip reading flow framework.
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Back-end: It basically models the features taken from the
front-end network over time. Recurrent Neural Networks
(RNN), Temporal Convolutional Networks (TCN), and
Transformers are the principal models.

B. Lip Detection and Extraction

Deep learning-based lip reading also requires lip ROI
extraction, just like conventional lip reading techniques do.
Yet many pre-trained models can now be used because facial
detection technology has matured. As seen in Figure 2, the
Dlib library [32] is used as an example to identify 68 facial
landmarks. Only the area comprising these 20 lip landmarks is
used as the input of the front-end network.

Fig 2: 68 landmarks of the face, among them, 49-68 are lip
points.

C. Front-End

The front-end network is used to learn representations of the
lip picture and extract features from them. Although many
additional deep neural network topologies, including
Boltzmann Machine [36], Auto encoder [35], Feed forward
Neural Network [33-34] are initially applied to the front-end
network. To extract features, Convolutional Neural Networks
(CNN) [37] have long been the most popular and efficient
network architecture. CNN is a particular type of feed forward
neural network that uses convolutional computation and deep
structure. It is one of the deep learning methods that best
exemplifies the field.

The neurons in a convolution neural network only need to
perceive their immediate surroundings before synthesizing the
local data at a higher level to obtain global data. In order to
extract and combine the collected information, the convolution
layer overlay over the structure is helpful for picture
recognition. Later, 3D CNN [38] was suggested to handle the
information of the time dimension in video. For the purpose of
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separating visual features from the face landmark points,
researchers suggested using Graph Convolution Networks
(GCNs) [39]. CNN's 2D, 3D,GCN and 3D + 2D networks
make up the bulk of the front-end network. An end-to-end
visual transformer-based pooling mechanism created by
Afouras et al. [40] learns to track and aggregate the lip
movement representations. By reducing the requirement for
intricate preprocessing, the suggested visual backbone
network can increase the visual representation's robustness.
The ablation investigation unequivocally demonstrates that the
performance of Visual Speech Recognition is greatly
improved by the visual transformer-based pooling technique.

D. Back-End

Since lip movement is a process of movement, the features
that were taken from the front-end network in time are
primarily modelled in the back-end network. Back end learns
the long-term reliance and predict. This section's primary
structural component is the recurrent neural network
(RNN).The RNN [41] is primarily used to address the time
issue. The prior state or the first n time steps mostly determine
the current information. The common RNN, however,
struggles to learn the long-term reliance problem, which
frequently results in the issue that the gradient fades and
leaves the RNN with only a short-term memory. Based on
RNN, the Long Short-Term Memory (LSTM) [42] is
improved. The input gate, forgetting gate, and output gate are
the three "gates" that are used to control the state and output at
various stages in the LSTM. By combining long-term memory
and short-term memory, the "gate™ structure helps to solve the
gradient disappearance issue. The LSTM's structure is
strengthened by the Gate Control Unit (GRU) [43]. The GRU
reduces the LSTM's three gates to just two: the update gate
and reset gate.

Transformers [44] provide substantial advantages over RNN-
based systems in terms of long-term reliance and parallel
computing. Transformers typically have some shortcomings,
though. First, in small-scale datasets, transformers are more
prone to over fitting than RNNs and TCNs [45]. Second, there
are some specific tasks (such word-level tasks with short-term
context) where transformers are restricted. Transformers are
therefore better suited for sentence-level tasks as opposed to
word-level tasks.

RNNs and Transformers require a lot of memory and
processing power when used with deep sequence models.
Another class of deep sequence model called a Temporal
Convolutional Network (TCN), with several modifications
have been used to make it more suitable for Visual Speech
Recognition.
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TABLE:2 Comparison of front-end and back-end networks
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Network Model Advantage Disadvantage
4 It can extract fine-grained spatial features with fewer It cannot extract the spatial information between frames in
2D CNN g P . P
parameters. the video.
It can extract the short-term temporal information . <
M ’ aian It has a large number of parameters and cannot extract fine-
Front-end 3D CNN between video frames and extract the spatial features ; TS ;
i'the frames grained spatial features.
It can simultaneously extract fine-grained spatial L .
3D+ 2D CNN features and short-term temporal information 1]“:"1;‘1‘:5 oy Gricat e dhort thiie dnformation betwed
between frames with fewer parameters. ¢
LSTM/GRU i GdeL A o tins uhideatal Aeiisnte: I'he transmission of its state is unidirectional from front to
back. The sequence must be processed one by one.
Back-end Bi-LSTM/Bi-GRU It can model a long-time unidirectional sequence. ThecinTrntitate 18 PIeChCted by e before And alex shites.

The sequence must be processed one by one.

Transformer A :
that is, parallel processing.

It processes sequences in a non-sequential manner,

It can extract short-term time information on the video.

I1. PERFORMANCE EVALUATION

The most often used corpus for alphabet recognition is the
AV Letters database. Zhao et al. [46] achieved a 62.80% word
accuracy rate using LBP-TOP for feature extraction and a
Support Vector Machine (SVM) for classification (WAR).
The highest WAR, 69.60%, was recorded by Pei et al. [47]
using a lip-reading system based on RFMA. Petridis and
Pantic [48] employed an LSTM for the backend and a
frontend that integrated Deep Belief Network features and
DCT features to achieve a classification accuracy of
58.10%.Recurrent ~ Temporal Multimodal Restricted
Boltzmann Machines, a system Hu et al. [49] designed based
on multimodal RBMs, achieved a WAR of 64.63%.

The most used database for recognizing digits is CUAVE.
Using an AAM for feature extraction and an HMM for
classification, Papandreou et al. [50] achieved a word
recognition rate of 83.00% while performing digit recognition.
Using an RBM-Auto encoder, Ngiam et al. [51] achieved a
word recognition rate of 68.70%. To reach a WAR of 63.40%,
Rahmani and Almasganj [53] retrieved deep bottleneck
features and subsequently used a GMM-HMM for the
language model. Petridis et al[52] .'s use of the dual flow
approach led to a WAR of 78.60%.

One of the first and most popular phrase prediction
databases is GRID. For their backend, Wand et al. [54]
experimented with Eigenlips, HOG, and feed forward neural
networks, three different feature extraction algorithms.
Whereas the lip-reading system with the feed forward network
in the frontend utilized an LSTM for the backend, the lip-
reading systems using Eigenlips and HOG for their respective
frontends employed an SVM. Performance findings show that
the feed forward network and LSTM combo was the most
effective model. Spatiotemporal convolutional networks and
Bidirectional RNNs were used by Assael et al. [55], Xu et al.
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[57], and Margam et al. [58] to achieve word accuracies of
95.20, 97.10, and 98.70%, respectively. The most used multi-
view database is OuluVS2. A frontend that incorporated DCT
and PCA features, an HMM, and other techniques were
employed by Lee et al. [59] to achieve a 63.00% word accuracy
rate for phrase prediction. Also, they developed a lip-reading
system that employed an LSTM for classification and a CNN
for feature extraction, yielding a word accuracy rate of 83.80%.
Wu et al[60] .'s method of combining STLP and SDF
characteristics with an SVM for classification led to an
accuracy of 87.55%. Based on the three-stream technique,
Petridis et al. [61] attained a 96.90% word recognition rate.

One of the most difficult datasets for word categorization,
according to Chung and Zisserman [62], is LRW, utilised for
validation and training. They employed a spatiotemporal CNN
to get a word accuracy rate (WR) of 61.10%, whereas Torfi et
al. [63] used a linked 3D CNN to achieve a WAR of 98.50%
for their lip-reading system. The systems proposed by
Martinez et al. [64] and Ma et el. [65], [66] that all used a 3D
CNN and ResNet for the frontend with a TCN for the backend
and they consequently attained WARs of 85.30%, 88.36%,
and 88.50%, produced the best results for the validation on the
LRW set. TCNs have advantages over RNNSs, as was covered
in Section V, and they are expected to take the place of RNNs
for many tasks involving sequence processing. A system
designed by Fenghour et al. [67] decoded videos in two stages,
with the first stage predicting visemes using a 3D-CNN plus
ResNet with a Linear Decoder Transformer, and the second
stage predicting words using a converter that calculated
perplexity scores using the pre-trained GPT transformer. A
64.0% WAR was obtained by Fenghour et al..
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V. DIFFICULTIES AND CHALLENGES OF
LIP READING

Lip reading is difficult primarily because the input is a video,
often known as an image sequence, and the majority of the
visual content is unchanging. The alteration in lip movement
is the primary distinction. Action recognition, however, can be
categorized using just one image and is a part of video
categorization. While lip reading frequently requires that the
elements associated with the speech content be extracted from
a single image and the timing relationship between the entire
sequence of images be examined in order to infer the content.
These are the primary challenges with lip reading:

A. External Influencing Elements

The variety of external factors, such as lighting, skin tone,
and facial hair can affect lip reading. Because different
speakers have varying skin tones, wrinkles, beards or no,
variations in background and external light, lip reading will be
hampered. It greatly affects feature extraction.

B. Variations in Speech

Different people speak differently, and their lip movements
and facial expressions may vary. Some people may speak
rapidly, mumble or have accents, making it difficult to
understand what they are saying. It difficult to develop a
single, universal lip reading system that works for everyone.

C. Context Dependence

Lip reading is heavily dependent on context, as the same lip
movements can be used to produce different sounds depending
on the surrounding words and sentence structure. This makes
it challenging to develop lip reading systems that are accurate
and reliable across different contexts.

D. Limited Training Data

Training lip reading systems requires large amounts of data,
but high-quality datasets that accurately capture lip
movements can be difficult to obtain. A large-scale database
with multiple speakers and diverse postural backgrounds plays
a major role in the development of lip reading technology.

V. CONCLUSION

This survey reviews automated lip-reading systems running
from 2007 to 2021. One can see a progressions of visual
speech recognition systems moving from the use of
traditional algorithms for letter and digit classification to the
use of deep neural networks for predicting words and
sentences. Greater sophistication corpuses such BBC-LRS2,
LRS3-TED, LSVSR, and LRW-1000 not only contain greater
vocabulary sets with thousands of words spoken by thousands
of people, but also talk in a variety of positions, lighting, and
resolutions. Systems for lip reading include feature extraction
and classification components. Despite the fact that Auto
encoders do have the advantage of being able to map visual
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feature data from higher dimensional space into lower
dimensional space without the need for any labelled
classification, 2D+3D CNNs are the most frequently used
network for frontends due to theircapacity to learn spatial and
temporal features.

The vast majority of classification networks are RNNs in the
form of LSTMs and GRUs. Transformers and TCNs, however,
have begun to displace RNNs in recent years because of their
improved parallel processing, capacity to recognize long-term
dependencies, and speed at which they can be trained. The
usage of phonemes and visemes could theoretically allow lip-
reading algorithms to be lexicon-free, predicting words spoken
by a person that did not appear in the training phase.

There are still other issues preventing automatic lip-reading
from progressing. They include the necessity to predict unseen
words—spoken words that did not exist during training and
are not included in the lexicon—as well as visual ambiguities,
in which the semantic and syntactic characteristics of words
can be learnt for words that sound the same when spoken.
There are still difficulties from a visual standpoint, such as
speaker dependency, especially when trying to generalize to
speakers who did not appear in the training data; the need to
generalize to videos with different spatial resolutions; and the
need to generalize to videos with different frame rates while
consisting of different quantities of temporal data.
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