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Abstract. Automatic Lip-Reading (ALR), also known as Visual Speech
Recognition (VSR), is the technological process to extract and recognize
speech content, based solely on the visual recognition of the speaker’s
lip movements. Besides hearing-impaired people, regular hearing people
also resort to visual cues for word disambiguation, every time one is
in a noisy environment. Due to the increasingly interest in developing
ALR systems, a considerable number of research articles are being pub-
lished. This article selects, analyses, and summarizes the main papers
from 2018 to early 2022, from traditional methods with handcrafted fea-
ture extraction algorithms to end-to-end deep learning based ALR which
fully take advantage of learning the best features, and of the evergrow-
ing publicly available databases. By providing a recent state-of-the-art
overview, identifying trends, and presenting a conclusion on what is to be
expected in future work, this article becomes an efficient way to update
on the most relevant ALR techniques.

Keywords: Automatic Lip-reading · Deep Learning · Audio-visual
Automatic Speech Recognition

1 Introduction

Human speech is one of the most important forms of communication, through
which we rapidly convey information, concepts, and ideas, therefore being a
key driver of Human Evolution. It also allows to enhance the performance of
teaching/learning and, as we are social beings, gossip, which makes up a large
portion of our human-to-human interactions.
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Phoneticians call Phonemes the basic speech structures (or minimal units of
speech), that enable to distinguish one word from another (e.g.: the phoneme
/p/ is what distinguishes the word pat from bat) [1]. Visemes are a shortened
version of the phrase visual phonemes and refer to any individual and contrastive
visually perceived unit [2].

Lip reading or visual speech recognition is a procedure used to recognize
and interpret the speech by analyzing the lip’s movement. It is used to com-
plete relayed information by people with hearing difficulties, either by being
congenitally deaf or just by a significant decrease in speech-to-noise ratio, i.e.,
by augmenting the noise level and maintaining the speech level or by main-
taining the noise level but diminishing the speech level [1]. Bauman’s study
[3] reported that hearing-impaired people understood 21% of speech, just using
residual hearing, 64% if they combined residual hearing with either a hearing
aid or with speechreading, and 90% if they used their residual hearing, hearing
aids, and speechreading.

Video Speech Recognition, may be considered lip-reading based on artificial
intelligence techniques, and also contributes to: speech synthesizing; multi-view
mouth rendering; silent passwords; audio-less videos transcriber; speech recog-
nition under noisy conditions; isolation of individual speakers; forensic study on
surveillance videos; and face liveness detection.

Within approximately a single human generation, lip-reading evolved from a
4-grey layered template recognition model as the first Audio-Visual Automatic
Speech Recognition (AV-ASR) [4], to recent, powerful, and more complex end-to-
end deep neural network models [5–9], where linear considerations try to answer
a non-linear question. ALR techniques vary in ways to find Regions of Interest
(RoI) from frames, extract features, transform them, and to classifying in simple
utterances up to full sentences, in real-time or for forensic analysis. In this time
span, research on ALR has evolved from a limited number of researchers, to
multinational, multicultural, ever-growing, and diversifying teams of researchers,
producing an equally growing number of papers [10–14].

As a survey on the specific field of ALR, this document mainly aims and
contributes to: (1) select a considerable number of recent relevant literature, as
state-of-the-art; (2) summarize the selected literature; (3) identify patterns and
tendencies; (4) establish a review that serves as a critical basis for the most recent
methods, strategies and results that allow the development of works related to
this area of knowledge.

Section 2 of this paper presents the criteria and methods used to select the
reviewed works, Section 3 presents the state of the art in automatic lip-reading,
along with a brief author’s discussion, and Section 4 presents the conclusions
and what can be done in terms of improvements in future works.
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2 Materials and Methods

2.1 Research Questions

The systematic review that follows is based on a set of research questions: RQ1
- Which methods are more suitable for visual clues only automatic lip-reading?;
RQ2 - Which methods are mainly used to support the analysis of lip-reading
data? RQ3 - Which methods are specifically studied with the available datasets?;
RQ4 - What challenges are still open for lip-reading solutions?

2.2 Inclusion Criteria

The research included only studies that fitted the following cumulative criteria:
(1) ALR, VSR or AV-ASR related; (2) published from 2018 onwards; (3) tra-
ditional or end-to-end methods applied to ALR or VSR; (4) presented original
research; (5) documents written in English; (6) publicly available; (7) for corpora
in the English language; (8) for single view video corpora. Few exceptions were
made, to include either historic articles, eminent authors, or articles referenced
by previous or posterior readings that did not appear in the search results. The
only exclusion criteria were applications and devices-oriented research, for being
outside of the scope of this paper.

2.3 Search Strategy

The data used for this study were collected between 14 and 18 May 2022, using
Science Direct and Scopus search engines, enabling easy access to abstract read-
ing for exclusion purposes, classifying papers in subject areas, and showing a
relevant bulk of papers. Google Scholar and IEEE were also firstly included,
however, these comparably underperformed. The terms used in the research
were “lip-reading” and “audiovisual automatic speech recognition”. There was a
total of 43 screened studies and after more meticulous selection, 23 studies were
selected for the final analysis.

3 Results

Figure 1 summarizes as a flow diagram the steps for the gathering and analysis
of the source papers for the review. Initially, were Identified 49 studies from the
selected sources, and 8 of these papers were duplicated. Two additional records
were added to the results, gathered from different queries to the databases. After
analyzing each research article’s metadata, namely the title, the keywords, and
the abstract, 9 of such studies were eliminated from the analysis due to the
lack of relation to computer-based lip-reading. The full text of the remaining
34 articles was evaluated considering the aforementioned inclusion criteria, and
therefore, 13 articles were also dismissed. The remaining 21 papers were fully
assessed.
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Fig. 1. Flow diagram depicting the selection of the papers.

Nowadays, with the deep learning techniques and the vast databases publicly
available, some works are showing promising results. This section presents the
current state of the art from the most recent studies and methods on ALR. As a
criteria for the presentation of the studies, these were grouped in terms of focus
of the methods, that is, these were grouped considering the characteristics that
are intended to be obtained with each specific method (lip detection, features,
homophemes, visemes), followed by which the specific objective (extraction of
words, words and sentences, characters and sentences, speech).

Also, each of the following papers will have a description of their relevant
characteristics, followed by a critical analysis/discussion from the authors.

Lopez et al. [15] aimed to study the upper bound of visual-only speech recog-
nition in controlled conditions. Since the literature is not clear on who are the
better lip-readers, the authors compared the lip-reading abilities of 15 normal-
hearing and 9 hearing-impaired people. A database was constructed, and the
speakers were instructed to facilitate lip-reading. Another study was to compare
the performances of human and VSR systems, under optimal and directly compa-
rable conditions. In the authors’ tests, hearing-impaired participants just nearly
outperformed normal-hearing participants. When comparing humans’ perfor-
mance to visual-only automatic systems, a 44% to 20% spoken message decod-
ing decrease gap was observed. However, similar performances were obtained
in terms of phonemes, suggesting that the difference between automatic and
human speech-reading could be more influenced by the context than the ability
to interpret mouth appearance.
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Rethinking the RoI for ALR is the aim of Zhang et al. [16]. This paper ques-
tions the standard RoI for ALR papers, as human lip-readers do not just look at
the lips, during a conversation. [15] states that facial expressions help to decode
the spoken message, and context framing the speech (e.g.: a sad expression
augments the probability of sad-related words/sentences). Using state-of-the-
art VSR models at word level and sentence level, a thorough study is presented
assessing the effects of extraoral information, including the upper part and the
entire face, the cheeks, and the mouth. The author’s proposed model [16] was
trained on large-scale “in-the-wild” VSR datasets, depicting many real-world
variables, such as variable lighting conditions, cluttering backgrounds, differ-
ent human poses, expressions, accents, speaking manners, etc. According to the
study, using crop augmentation (similar to drop pixels) with face-aligned inputs
can produce stronger features, improving recognition by also making the model
learn fewer evident extraoral cues from the data.

Using only the mouth entrances makes VSR an isolated problem, as the
process will not consider other parts of the human face. Therefore, there has
been no consensus on choosing RoIs, and intuition still plays a large role in RoI
cropping.

Lu et al. [17] also propose a lip-segmentation method, but now in the frame-
work of the maximum a posteriori Markov random field (MAP-MRF), a statis-
tical segmentation method that considers the spatial relations between image
pixels into account. The proposed method sets up a multi-layer hierarchical
model, in which each pixel of each layer corresponds to the four nodes in a
quad-tree structure (QTS). The probability of a branch node can be derived
from the probability of the previous one, throughout the tree structure. Then a
Markov random field derived from the model is obtained, so the unsupervised
segmentation is formulated as a labeling optimization problem. The method also
proposes a variable weight segmentation approach, to improve the robustness of
over-segmentation.

Results show that the proposed method has better performance than the
related methods, however, it runs between 3 and 4 s, therefore it is not suitable
for real-time applications. Lip segmentation accuracy plays an important role in
automatic lip-reading and can directly affect the recognition rate.

Lu and Liu [18] propose a localized active contour model-based method, using
two initial contours in combined color space: a rhombus as the initial contour of
a closed mouth; a combined semi-ellipse as the initial contours of both outer and
inner lip boundaries for an open mouth. The method first applies illumination
equalization to RGB images to reduce interference of uneven illumination, then
adopts a combined color space, which involves the U component in the CIE-LUV
color space and the sum components of the Discrete Hartley Transform (DHT).
Finally, the shape of initial contours is determined, due to the positions of four
key points in the combined color space.

The method improves segmentation results and gets more similar to the true
lip boundary, compared with using a circle as the initial contour to segment grey
images and images in combined color space.
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Das et al. [2] show a refinement in automatic lip contour extraction, using
pixel-based segmentation. This embodies an alternative to pixels classification of
different color planes, a potential difficulty to lip contours detection in adverse
conditions like variations in illumination and clothing. The mouth region is
extracted, by k-means clustering binary classification based on Red/Green ratio
thresholding. To avoid false detection, a big connected region around the center
of the cropped image is considered to be the RoI. Next, the upper and lower
lip areas are detected by k-means clustering algorithm binary classification, of
Green plane and to weighted RGB plane respectively. The combined lip area
is further processed to detect the centrally located big connected region. By
finding the centrally located big connected region, rather than the biggest con-
nected region in the whole binary classified image, variations in illumination and
clothing effects are overcome and RoI is restricted around the mouth region. For
smooth edges, piece-wise polynomial fitting is employed with a higher degree for
the upper lip and a lower degree for the lower lip.

The proposed method works well, even for images with varying illumination
and clothing effects. A future aim is to use this algorithm to obtain the best
possible lip contour.

Visual Speech Recognition (VSR) is highly influenced by the selection of
visual features, which can be categorized into static (geometrically based) and
dynamic (motion-based). Radha et al. [19] propose a three-viseme model study,
one as the control group and two considering both categories, one fused at the
features level and the other fused at the model level. For dynamic-motion fea-
tures extraction, Motion History Image (MHI) is calculated from all the visemes,
from which Discrete Cosine Transform (DCT), Wavelet, and Zernike coefficients
are extracted. For static-geometric features extraction, an Active Shape Model
(ASM) is used. Fusion models are individually built by Gaussian Mixture Model
Left-to-Right Hidden Markov Model (GMM L-R HMM).

The results show an improvement in performance due to the fusion, and
the presence of complementary cues in the motion-based and geometric-based
features, and that geometric cues provide better discrimination of visemes.

Weng and Kitani [20] experiment on word-level visual lipreading from video
input with no audio, by replacing shallow 3DCNN + a deep 2DCNN with deep
3DCNN two-stream Inflated Convolution Networks (I3D), and evaluating differ-
ent combinations of front-end and back-end modules, with the greyscale video
and optical flow inputs on the LRW dataset, as presented in Fig. 2. 3D con-
volution networks can capture the short-term dynamics and be advantageous
in visual lipreading, even when RNNs are deployed for the back-end. However,
due to the huge number of parameters introduced by the 3D kernels, state-of-
the-art methods in lipreading have only explored the shallow (under 3 layers)
3DCNNs. To explore these networks to their maximum, the authors present the
first word-level lipreading pipeline using deep (over 3 layers) 3DCNNs.

The experiments show that: compared to the shallow 3D CNNs + deep 2D
CNNs front-end, the deep 3D CNNs front-end with two-round pre-training on
the large-scale image and video datasets can improve the classification accuracy;
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using the optical flow input alone can achieve comparable performance as using
the greyscale video as input; the two-stream network using both the greyscale
video and optical flow inputs can further improve the performance.

Fig. 2. The architecture of the framework proposed by [20].

Lu and Yan [21] propose a CNN and bidirectional LSTM (BLSTM) that
uses hybrid neural network architecture for an automatic lip-reading system.
The method first extracts key frames from each isolated video clip, uses five key
points to locate the mouth region, extracts features from raw mouth images using
an eight-layered CNN, and uses BLSTM to capture the correlation of sequential
information among frame features in both directions in time, and uses the soft-
max layer to predict final recognition result. The limited number of key points
reduces redundant information in consecutive frames, therefore the complexity
of computation and processing. The CNN copes with image deformation, by
translation, rotation, and distortion, hence strengthening the robustness and
fault-tolerant capability, and a fully connected layer is used to get static fea-
tures of a single mouth image. BLSTM improves both finding and exploiting
long-time dependencies, from sequential data, so the relationship of the features
among frames is built and strengthened.

The results show that the proposed DNN can effectively predict words from
the mouth area, on a self-made database (6 speakers, 9 digits), compared to
traditional algorithms that combine handcrafted features with a classification
model.

Mesbah et al. [22] aimed to the development of a visual-only speech recog-
nition system, proposing Hahn Convolutional Neural Network (HCNN), seizing
their ability to represent images with less redundancy, and to be parameterized
to retain the global or local characteristics of the image in the lowest orders. The
proposed architecture consists of Hahn moments as a filter in the first layer, with
its ability to hold and extract the most useful information in images effectively,
and the performance of the CNNs in learning patterns and image classification.
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The results show a reduction in processing time, normal to spatio-temporal
modeling features, and visual features extraction with 3D CNN, ResNet, and
Bidirectional LSTM.

Ma et al. [23] focus specifically on lip feature extraction under variant lighting
conditions, since research has been mainly conducted for ideal conditions, there-
fore ideal lighting. The method consists of a pre-processing chain of illumination
normalization and also improved local binary patterns (LBP) features. The first
is applied to remove the influence of external illumination noise before the lip
feature extraction in four steps: median filtering, gamma correction, multi-scale
Retinex filtering, and contrast equalization. LBP is an illumination invariant
descriptor of edges, which improves the recognition rate of lip-reading under
variant lighting conditions.

Experiments show that the proposed algorithm has a lower recognition rate
in natural than traditional pixel-based feature extraction method, but higher
under variant lighting conditions.

Jeon et al. [24] address the homophemes as word ambiguity enablers, and
words under 0,02s as “a”, “an”, “eight”, and “bin”, as they do not provide
sufficient visual information to learn from. A novel lipreading architecture is
presented, combining three different CNNs: 3D CNN, to efficiently extract fea-
tures from consecutive frames; densely connected 3D CNN - to fully utilize the
features; and multi-layer feature fusion 3D CNN with a pixel dropout layer and
spatial dropout layer - to avoid overfitting and to extract shapes with strong spa-
tial correlations with fine movements, while exploring the context information
both in temporal and spatial domains. Then follows a two-layer bi-directional
gated recurrent unit (GRU). The network was trained using connectionist tem-
poral classification (CTC).

The results of the proposed architecture show character (5,681%) and word
(11,282%) error rate reductions, for the unseen-speaker dataset, even when visual
ambiguity arises.

Wang [25] also addresses the homophemes question, accumulating diverse lip
appearances and motion patterns among the speakers, by capturing the nuances
between words and different speakers’ different styles respectively. As for the
front-end, the method utilizes 2D (spatial only) and 3D (spatio-temporal) Con-
vNets to extract both frame-wise spatial fine-grained and short-term medium-
grained spatio-temporal features, to capture both grained patterns of each word
and various conditions in speaker identity, lighting conditions, and so on. Then
fuses the different granularity features with an adaptive mask (bidirectional Con-
vLSTM, augmented with temporal attention, which aggregates spatio-temporal
information in the entire input sequence), to obtain discriminative representa-
tions for words with similar phonemes, as a multi-grained spatio-temporal novel
modeling of the speaking process, as depicted in Fig. 3.

The proposed model demonstrates state-of-the-art performance on two chal-
lenging lip-reading datasets. In future work, the authors propose to simplify the
front-end and extract multi-grained features with a more lightweight structure.
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Fig. 3. The architecture of the framework proposed by [25].

Viseme-based lip-reading systems do not require pre-trained lexicons and can
be used to classify both unknown words and different languages. Fenghour et
al. [26] explore this fact to classify visemes in continuous speech, uses visemes
as a classification schema for reading sentences, and use perplexity analysis for
visemes to word conversion, stating that all contributions improve sentence-level
lip reading. The proposed method uses visemes as a very limited number of
classes, a unique deep learning model for classification, and perplexity analysis
for recognized visemes to possible word conversion, resorting to purely visual
cues from the LRS2 dataset and being robust to varying levels of lighting.

Results demonstrate a significant improvement in the classification accuracy
of words compared to state-of-the-art works. For future research, the authors
hint towards a more suitable architecture to further enhance the generalization
capability and a higher training/test number of samples ratio.

Fenghour et al. [27] focus on viseme-based lipreading systems has been well
suited to decoding videos of people uttering entire sentences. As the paper points
out, the high classification accuracy of visemes (e.g., over 90%) contrasts with
a comparatively low classification accuracy of words (e.g., just over 60%), due
to the homovisemes phenomenon which leads to a one-to-many problem (e.g.,
“I Love You” = “Olive Juice” = “Elephant Shoes”). Aiming for a more efficient
viseme-to-word conversion method to tackle this accuracy decline, the authors
developed a DNN model with an Attention-based Gated Recurrent Unit and
compared it against three other approaches (Perplexity-Iterator, Feed-Forward
Neural Network, and Hidden Markov Model) through the LRS2 and LRS3 cor-
pora.

Results show that the proposed model is effective at discriminating between
words sharing visemes that are either semantically or syntactically different,
and at modeling long and short-term dependencies, therefore being robust to
incorrectly classified visemes.

Intending to learn strong models that recognize speech in silent videos, Pra-
jwal et al. [9] focus on challenges in lip reading and propose tailored solutions,
contributing to lip movement representations aggregation, robustness improve-
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ment to ambiguity by sub-word units based modeling, and to a Visual Speech
Detection (VSD) model proposal. The paper proposes an end-to-end trainable
attention-based pooling mechanism that learns to track and aggregate the lip
movement representations, a sub-word (word-pieces) tokenization that not only
matches with multiple adjacent frames but also with those which are semanti-
cally meaningful for learning a language easily, therefore greatly reducing the
run-time and memory requirements, and a model for VSD trained on top of the
lip-reading network since there is no automated procedure for cropping out the
clips where the person is speaking.

The results show state-of-the-art Word Error Rate (WER), outperforming
work trained on public data, even industrial models trained on orders of mag-
nitude more data. Also, the designed Visual Speech Detection obtains state-of-
the-art results, on this task and even outperforms audio-visual baselines.

Martinez et al. [28] address the limitations of the Bidirectional Gated Recur-
rent Unit (BGRU) and propose corresponding improvement proposals. First, the
mouth region was extracted, and DCT was used to feature transform and then
fed to HMM for modeling of the temporal dynamics. To address the limitations of
the model and the authors proposed: that to improve the overall performance,
BGRU layers are replaced with Temporal Convolutional Networks (TCN); to
reduce training time (from 3 to 1-week GPU-time), and avoid relying on a cum-
bersome 3-stage sequential training, a cosine scheduler was adopted; to improve
the generalization capabilities, variable-length augmentation was proposed. As
each TCN receptive field is defined by kernel and stride sizes, several tempo-
ral convolutional blocks are achieved and stacked sequentially to act as a deep
feature sequence encoder. Next, a dense layer is applied to each time-indexed
feature vector, and a simple averaging consensus function is used. With different-
sized kernels and multiple temporal scales, long and short-term information can
be mixed up during the feature encoding.

Results on the largest publicly available datasets for isolated word recognition
in English and Mandarin, LRW and LRW1000, show that a new state-of-the-art
performance was achieved.

Huang et al. [5] propose a novel lip reading model using a transformer net-
work, to achieve higher accuracy. The method makes use of the pre-trained neural
network VGG16 to extract the lip features from the GRID corpus, adopts dimen-
sionality reduction towards the originally high dimensions extracted features,
and processes the features through the author’s proposed Transformer network
for training. The transformer adopts a self-attention mechanism instead of CNN
and RNN, as is commonly used in deep learning. RNN tends to be slow in some
sequential processing tasks. On the other hand, transformers’ parallel processing
greatly improves training speed.

The experiment shows a significant reduction in training costs, without com-
promising the enhancement of the lip-reading accuracy of the model.

In [29], the authors tackle the difficulty of meeting the requirements of prac-
tical applications for ALR, due to the complexity of image processing, hard-to-
train classification, and long-term recognition processes, in three steps. Firstly
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they extract keyframes from their own established independent database. Sec-
ondly, they use the Visual Geometry Group of Oxford University and the
Google DeepMind (VGG) network to extract the lip image features. Then, as
an attention-based RNN, they compare two lip-reading models: a fusion model
with an attention mechanism; and a fusion model of two networks.

The results of the proposed hybrid neural network architecture of CNN and
attention-based LSTM, show an increase of 3.3% to the general CNN-RNN.
The authors manifested the future intention to train the model on datasets of
real-time broadcast videos.

“No Data, no Deep Learning”, is a common hearing among AI researchers.
Petridis et al. [7], focus on lip-reading for isolated word recognition training on
small-scale datasets. The proposed method consists of two streams (each consist-
ing of an encoder and a BLSTM): one stream encodes static information, using
raw mouth RoIs as input; the other stream encodes local temporal dynamics,
taking as input the difference between two consecutive frames. Each stream’s
temporal dynamics are modeled by a BLSTM, and stream fusion is done by
another BLSTM. Four benchmark datasets were used, before the usage of very
large lip-reading datasets.

The proposed method learns simultaneously to extract features and per-
form classification using LSTM networks. Results demonstrate that the proposed
model achieves state-of-the-art performance, outperforming all other approaches
reported in the literature, on all datasets.

Afouras et al. [30] aim to boost lip reading performance, by training strong
models learning from ASR strong models, and not requiring human-annotated
ground truth data. The proposed method distills (transfers knowledge/weights
from a large model to a smaller one) from an ASR model, trained on a large-scale
audio-only unlabelled corpus, with a teacher-student approach (the teacher’s pre-
diction is used to train the student). The cross-modal distillation combines CTC
with a frame-wise cross-entropy loss, minimizing the KL-divergence between
the student and teacher posterior distributions. The method and paper’s con-
tributions show that: ground truth transcriptions are not essential to train a
lip-reading system; arbitrary amounts of unlabelled video data can be leveraged
to improve performance; distillation significantly speeds up training; state-of-
the-art results on (publicly available) LRS2 and LRS3 datasets can be obtained.

Results demonstrate effectiveness in training strong models for VSR by dis-
tilling knowledge from a pre-trained ASR model, and more generally from any
available video of talking heads, e.g. from YouTube, therefore from any arbitrar-
ily large amount of data.

Deep Learning methods have been used for developing ALR systems. As DL
is vulnerable to adversarial attacks, so will ALR DL-based systems. Gupta et al.
[31] proposed Fooling AuTomAtic Lip Reading (FATALRead), a method to per-
form adversarial attacks on state-of-the-art word-level ALR systems, conducted
on a publicly available dataset, in view of making model design more robust and
resilient against engineered attacks. Adversarial attacks toward video classifica-
tion consist of adding a well-crafted minimal and imperceptible perturbation to
the input, such that its classification is incorrect. The proposed model aims to
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replace the target output for another, by adding perturbations that alter the
classification prediction.

FATALRead attacked successfully fools state-of-the-art ALR systems based
on sequential and temporal convolutional architectures. The results show the
vulnerability of the sequential and temporal convolutional network (TCN) archi-
tectures, to an adversarial attack in the domain of ALR.

Table 1 presents a resumed overview of the previously mentioned methods.

Table 1. Summary of the study analysis for Automatic Lipreading.

Study Year of

publica-

tion

Location Focus Method

Lopez et al.

[15]

2017 Pompeu

University,

Barcelona, Spain

Study upper limit

in Speech

Recognition

Constructed database, compared

hearing-impaired and

non-hearing-impaired performances.

Zhang et al.

[16]

2020 UCAS, Beijing,

China

Rethinking the

RoI - extraoral

relevance

Study done with word-level and

sentence-level VSR models, including

extraoral parts, trained on

in-the-wild dataset.

Lu et al. [17] 2019 NCUT, Beijing,

China

Lip segmentation

improvement

Each pixel of each layer is QTS

structured, the probability of a

branch is derived, a MAP-MRF is

obtained, then the unsupervised

segmentation turns in labelling

optimization.

Lu and Liu

[18]

2018 NCUT, Beijing,

China

Lip segmentation

improvement

Active contour model based, with a

rhombus and a semi-ellipse as initial

contours. Illumination equalization

to RGB images, then combination of

U (CIE-LUV) and DHT, resulting on

4 key points to adjust initial shape.

Das et al. [2] 2017 NIT, Nagaland,

India

Lip contour

extraction

refinement

Pixel-based segmentation, mouth

region k-means extracted on R/G

ratio threshold, and refinement by

binary classification of G and RGB

planes, and by processing of

combined lip partial areas.

Radha et al.

[19]

2020 Chennai, India Static and

dynamic (s&d)

visual features

selection

Three viseme models comparison:

one as control; one fusing s&d at

features level; one fusing s&d at

model level. MHI with DCT,

Wavelet, and Zernike. Fusion models

built by GMM L-R HMM.

Weng and

Kitani [20]

2019 Carnegie Mellon,

Pittsburgh, USA

Visual clues only

word-level

lip-reading

Deep 3DCNN two-stream I3D,

instead of a shallow 3DCNN and a

deep 2DCNN. Different combinations

of front-end and back-end, greyscale,

optical flow on LRW dataset.

Lu and Yan

[21]

2020 NCUT, Beijing,

China

Comparing DNN

with traditional

algorithms

Extraction of 5 key frames, then 5

key points of mouth region, CNN to

extract features and BLSTM to

extract both directions correlations.

Mesbah et al.

[22]

2019 USMBA, Fez,

Morocco

Visual-only speech

recognition system

Hahn moments as a filter, and CNN

as classifier.

Ma et al. [23] 2017 HIT, Shenzhen,

China

Feature extraction

under variant

lighting

Pre-processing chain of illumination

normalization, and improved LBP

features.

(continued)
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Table 1. (continued)

Study Year of

publica-

tion

Location Focus Method

Jeon et al. [24] 2021 GIST, Korea Homophemes

disambiguation;

Character and

word recognition

New architecture combining 3DCNN,

densely connected 3DCNN,

multilayer feature fusion 3DCNN,

then GRU and CTC. Pixel dropout

layer and spatial dropout layer.

Wang [25] 2019 UCAS, Beijing,

China

Homophemes

disambiguation

capturing

multi-grained

spatiotemporal

features

2D and 3D CNNs as front-end, for

frame-wise fine spatial and

short-term medium spatio-temporal

features. Then fuses by

Bi-ConvLSTM, with temporal

attention.

Fenghour et

al. [26]

2020 LSBU, London,

UK

Visemes for

unknown words in

speech

Lexicon-free visemes as a

very-limited classification schema

and perplexity analysis for word

conversion, using LSR2 and visual

clues only.

Fenghour et

al. [27]

2021 LSBU, London,

UK

Viseme-to-word

conversion

DNN with Attention-based GRU,

compared to Perplexity-iterator,

FFN and HMM, using LSR2 and

LSR3.

Prajwal et al.

[9]

2021 Oxford, UK Learn strong

models of ALR in

silent videos

End-to-end trainable attention-based

pooling mechanism, sub-word

tokenization, and propose a visual

speech detection mechanism.

Martinez et al.

[27]

2020 SAIRS,

Cambridge, UK

Limitations of

BGRU

BGRU layers are replaced with

multi-scale TCN, reducing 3weeks to

1week GPU-time, on LRW and

LRW1000 datasets.

Huang et al.

[28]

2022 SWUN, Chengdu,

China

End-to-end model Transformer network adopting a

self-attention mechanism instead of

CNN and RNN, on GRID corpora.

Lu and Li [29] 2019 NCUT, Beijing,

China

Requirements of

practical ALR

applications

Extract key frames, use VGG for

features extraction and compare a

fusion model with attention

mechanism to a fusion model of two

networks. Apply in own independent

database.

Petridis et al.

[7]

2019 Imperial College

London, UK

Isolated word

recognition, with

small-scale

datasets

Two streams consisting of an encoder

and a BLSTM, one encoding static

information, the other local temporal

dynamics. Four datasets are used.

Afouras et al.

[30]

2020 Oxford, UK Dismissing

human-labelled

data

Transfer of knowledge (weights) from

large model to a smaller one,

teacher-student approach.

Cross-modal distillation, combining

CTC with a frame-wise cross-entropy

loss function.

Gupta et al.

[31]

2021 IIT Indore, India Robustness to

adversarial

attacks

Adversarial attacks on sequential

and temporal convolutional

architectures based ALR systems,

and on publicly available datasets.

4 Conclusions

In many of the referenced papers, statements reinforce the idea of a lack of con-
sensus, which only acts as a catalyst for more research and more work. The evo-
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lution has been so swift that decade-old methods are most likely to be obsolete,
and derivations are so diversified that it is as unpredictable what will happen in
the next decade as the movement of a simple magnetic pendulum subjected just
to 3 magnetic fields beside the gravitational one.

Although uncertain, in the author’s point of view the future will be based
on: continuing the application of newer methods, followed by the simplification
of the same; simplifying parts of the process, as attention narrows inputs’ pro-
cessing target; complicating parts of the process, weighing other data as visual
or emotional contextualization.

Answering the Research Questions: RQ1 - End-to-end deep learning, resort-
ing to Attention-based LSTM or Transformers appear to be more suitable for
visual clues for automatic lip-reading.; RQ2 - The same answer as in RQ1.; RQ3
- No specific methods are studied with the available datasets; Although some
datasets are more commonly explored in the presented papers, namely LRS2;
RQ4 - As mentioned, many challenges are still open, e.g., how effective is recur-
rent training, resorting to parallel and in-series training?
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