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Abstract: Lipreading involves recognizing spoken words by analyzing the movements of
the lips and surrounding area using visual data. It is an emerging research topic with many
potential applications, such as human–machine interaction and enhancing audio-based
speech recognition. Recent deep learning approaches integrate visual features from the
mouth region and lip contours. However, simple methods such as concatenation may
not effectively optimize the feature vector. In this article, we propose extracting optimal
visual features using 3D convolution blocks followed by a ResNet-18, while employing a
graph neural network to extract geometric features from tracked lip landmarks. To fuse
these complementary features, we introduce a cross-attention mechanism that combines
visual and geometric information to obtain an optimal representation of lip movements
for lipreading tasks. To validate our approach for Arabic, we introduce the first large-scale
Lipreading in the Wild for Arabic (LRW-AR) dataset, consisting of 20,000 videos across
100 word classes, spoken by 36 speakers. Experimental results on both the LRW-AR and
LRW datasets demonstrate the effectiveness of our approach, achieving accuracies of 85.85%
and 89.41%, respectively.

Keywords: lipreading; deep learning; LRW-AR; graph neural networks; Transformer;
Arabic language

1. Introduction
Lipreading is the technique of recognizing spoken words by analyzing the move-

ments of the lips and surrounding area of a speaking person in a video. Its applica-
tions span across different domains such as assisting deaf people [1], analysis of criminal
conversations [2], speaker identification [3], and human–machine interaction systems such
as dictating instructions [4–6]. This technique proves especially valuable in challenging
environments with noise or multiple speakers, where hearing is challenging, yet compre-
hension is essential [7]. Additionally, when combined with audio, lipreading can offer
supplementary information that enhances the speech recognition system’s performances,
especially in noisy conditions [8].

Learning to read lips is challenging due to various factors. One main challenge is the
similarity in lip movements for certain distinct characters in a language, such as ‘p’ and ‘b’
in English. Furthermore, lipreading encounters additional challenges, such as variations
in facial appearance, accents, speaking speed and manner, as well as variations in facial
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pose [9]. These factors further contribute to the complexity of lipreading and require robust
training and advanced architectures to account for individual differences and enhance
accuracy in lipreading systems.

In recent years, there has been growing interest in the research field of lipreading,
mainly driven by the advancements in deep learning techniques and the availability of
parallel computation acceleration hardware. Deep learning-based lipreading systems have
demonstrated superior performance compared to earlier approaches based on handcrafted
image descriptors for many applications [10].

Deep learning-based lipreading systems encounter several challenges. It is a fact
that the availability of learning datasets significantly influences the development of
deep learning network architectures and language-specific lipreading systems, consid-
ering the substantial variations in pronunciation, phonemes, and lip movements between
languages [11]. In this sense, several lipreading datasets have been created in different lan-
guages to fulfill this requirement. For instance, an English lipreading dataset [12] comprises
500,000 instances of spoken words, while a Mandarin dataset [13] contains 286 Chinese
syllables represented by more than 1 million character occurrences. More recently, a Rus-
sian dataset [14] was introduced, consisting of over 117,500 samples of 235 words. In
this work, we specifically focus on the Arabic language. Despite efforts made in this
field, it is worth noting that Arabic, spoken by over 274 million people worldwide (https:
//www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/, accessed
on 10 September 2024), lacks an existing large-scale lipreading dataset or a dedicated system
designed to this language.

Moreover, using only visual features computed on the cropped mouth region for
lipreading has big challenges. These features include a lack of contextual information,
inherent ambiguity and variability in lip patterns, limited discriminative power, and sensi-
tivity to environmental factors. However, these limitations can be effectively mitigated by
incorporating facial landmarks associated with video frames. By explicitly incorporating
facial landmarks, lipreading systems gain access to additional precise geometric informa-
tion regarding fine-grained lip movements and shape variations, which enables better
differentiation of visually similar phonemes. While some existing methods use both video
frames and landmarks for lipreading (e.g., [15,16]), they often rely on basic combination
methods such as feature concatenation that may limit their ability to effectively capture
essential mutual information. In this work, we focus specifically on the fusion aspect and
introduce a sophisticated cross-attention mechanism for optimally combining visual and
landmark features in our lipreading system.

To summarize, our main contributions are as follows:

• We introduce an efficient cross-attention fusion mechanism that merges image and
facial landmarks for lipreading. Our fusion strategy aims to capture a larger visual
context and improve the combination of mouth appearance and landmark features.

• We present the first large-scale Arabic dataset for word-level lipreading, containing
20,000 videos for 100 different word classes.

All resources and additional details related to this work are available on the project
page: https://crns-smartvision.github.io/lrwar (accessed on 27 December 2024).

The remainder of this paper is organized as follows: First, we provide an overview of
related works. Afterward, we outline the architecture of our lipreading system, followed
by a presentation of the proposed dataset, including details on data collection, annotation,
and preprocessing methods. We then report the obtained experimental results. Finally, we
conclude this paper by summarizing our findings and highlighting areas for future work.

https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/
https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/
https://crns-smartvision.github.io/lrwar
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2. Related Work
In this section, we start with an overview of publicly available lipreading datasets in

multiple languages, with a specific focus on the Arabic language. Then, we review the
most relevant deep learning-based lipreading approaches closely related to our work.

2.1. Lipreading Datasets
2.1.1. Large-Scale Lipreading Datasets

Despite many efforts to improve classification performance, lipreading networks are
known for requiring extensive training data. Consequently, early attempts at deep learning-
based methods faced a data shortage, leading to the increased popularity of databases with
more samples per class. Table 1 summarizes the most popular publicly available datasets.

Table 1. Most well known large-vocabulary lipreading datasets.

Dataset Language Speakers Task Classes Utterances Duration Year

GRID [17] English 34 Sentences 51 34,000 ∼ 27 h 2006
LRW [12] English 1000+ Words 500 400,000 ∼111 h 2016
VoxCeleb [18] English 2000+ Sentences 1000 - - 2017
LRS [19] English 1000+ Sentences 17,428 118,116 ∼ 33 h 2017
MV-LRS [20] English 1000+ Sentences 14,960 74,564 ∼ 20 h 2017
LRS2-BBC [21] English 1000+ Sentences - 8 M - 2017
LRS3-TED [22] English 5000+ Sentences - 1,2 M ∼ 400 h 2018
VoxCeleb2 [23] English 6000 Sentences - 1 M - 2018
LRW-1000 [13] Mandarin 2000+ Words 1000 - - 2018
VoxSRC [24] English 1000+ Sentences - 19,154 - 2019
LRWR [14] Russian 135 Words 235 - - 2021

The GRID dataset, introduced in 2006 [17], was a pioneering attempt to construct a
large-scale English lipreading dataset in terms of the number of samples per class but had
limited vocabulary.

To address this limitation, new databases have been created more recently to provide
a more extensive vocabulary and a larger number of samples. The most relevant among
them are the LRW [12], LRS [19], and MV-LRS [20] databases.

The LRW and LRS databases are derived from BBC program recordings between 2010
and 2016.

The LRW dataset [12] contains sentences from more than 1,000 speakers and a vocabu-
lary of 500 words that appear at least 800 times each (400,000 in total). Therefore, the large
number of speakers helps to generalize to unseen speakers. The LRS dataset [19] consists of
17,428 distinct words combined in 118,116 statements, as well as the corresponding facial
track. Also, the MV-LRS database [20] has been recorded from BBC programs; in contrast
to LRW and LRS which only include front views, MV-LRS contains images from multiple
viewing angles, ranging from 0 to 90 degrees. In addition, the LRS2-BBC [21] dataset is like
an extension to LRS that consists of more than 8 million utterances. The LRS3-TED [22]
dataset includes more than 400 h of video, taken from 5594 TED and TEDx talks in English.

LRW-1000 [13] is a naturally distributed lipreading dataset that contains 1000 classes
with approximately 1.14 million Chinese character instances and spans 286 Chinese syl-
lables. This database is the largest and the only publicly available Mandarin lipreading
dataset at the moment. The LRWR dataset [14] is the largest available dataset in the Rus-
sian language for visual speech recognition and contains 235 classes and 135 speakers.
While, VoxCeleb [18], VoxCeleb2 [23], and VoxSRC [24] are publicly available datasets, they
consist of short clips of videos taken from unconstrained YouTube videos of thousands of
celebrities talking in the wild.
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2.1.2. Lipreading Datasets for Arabic Language

Compared to other languages, the unavailability of large-scale datasets for Arabic has
been a barrier to developing efficient lipreading systems for the Arabic language.

The AVAS dataset [25] was introduced in 2013 as the first Arabic dataset in the field.
It includes recordings of 50 speakers uttering digits, words, and phrases. However, this
dataset lacks information on the number of classes or utterances included, limiting its
utility for researchers.

In 2022, the RML dataset [26] was recorded with 73 speakers and included 10 classes.
However, the exact number of utterances in the dataset is not specified. More recently,
the ArabicVisual dataset [27] was released, involving 24 speakers and 14 words, for
a total of 2400 utterances. Despite representing a significant improvement, both the
RML and ArabicVisual datasets, like AVAS, remain limited in terms of the number of
words and speakers.

Table 2 summarizes the aforementioned works that attempt to construct lipreading
datasets for Arabic.

Table 2. List of available lipreading datasets for Arabic.

Name Year Speakers Task Classes Utterances Availability

AVAS [25] 2013 50 Digits, words, phrases 48 - ✗
RML [26] 2022 73 Words 10 - ✗
ArabicVisual [27] 2022 22 Digits, phrases 14 2400 ✓

2.2. Lipreading Methods

The number of works addressing the lipreading task has increased significantly over
the last decade, thanks to the availability of large-scale datasets and developments in deep
learning techniques [28]. In the following sections, we begin by highlighting key works
dedicated to the Arabic language, followed by an overview of lipreading methods designed
for other languages.

2.2.1. Lipreading Methods for Arabic Language

Recent works on lipreading for the Arabic language have mainly focused on word
recognition. One such system is the system proposed by Dweik et al. [26], which is
a lipreading system employing deep learning techniques such as convolutional neural
networks (CNNs), time-delayed CNN with long short-term memory (TD-CNN-LSTM),
and time-delayed CNN with bidirectional LSTM (TD-CNN-BiLSTM). When tested on the
RML dataset, it achieved an overall prediction accuracy of 82.84% on test data using the
CNN model with RGB dataset. However, its applicability to larger vocabularies or more
complex real-world scenarios is limited by the relatively small dataset size and lexicon.
Additionally, while the use of CNN and LSTM architectures has proven effective, it does
not leverage more recent advancements in deep learning, such as attention mechanisms
and graph neural networks, which could potentially enhance performance further.

Additionally, Alsulami et al. [27] proposed their Arabic lipreading approach based
on VGG-19 as a backbone model to extract visual features. The proposed approach
achieved an accuracy of 94% for digit recognition, 97% for sentence recognition, and
93% for digit and sentence recognition on the ArabicVisual dataset. Similar to the approach
by Dweik et al. [26], their method achieves prominent results on the ArabicVisual dataset.
However, the dataset’s limited scope, centered primarily on digits and a restricted range of
sentence types, significantly reduces its applicability to broader, large-vocabulary lipread-
ing tasks. Additionally, while VGG-19 has historically demonstrated effectiveness in visual
feature extraction, its static architecture lacks the ability to model temporal dynamics inher-
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ent in sequential data. This limitation poses a challenge for tasks that require detailed and
continuous analysis of lip movements, such as large-scale speech recognition or complex
sentence decoding.

2.2.2. Lipreading Methods for Other Languages

Several studies have explored different approaches for visual speech recognition,
mainly focusing on the English language.

Gutierrez et al. [29] presented some word prediction models based on the MIRACL-
VC1 dataset [30]. The data were processed by detecting and extracting the subject’s face
area in each video frame before entering the entire video sequence into the model. Their
proposed architecture is based on deep multi-layer CNN models and LSTM networks,
taking inspiration from LipNet [31]. The extensive experimental results demonstrated the
importance of dropout, data augmentation, hyperparameter tuning, including visible and
invisible validation splits, and batch normalization for the regularization of these models.

Petridis et al. [32] utilized a 3D convolutional neural network combined with ResNet-
34 as the frontend to extract spatial and temporal features. This was followed by a bidi-
rectional gated recurrent unit (Bi-GRU) network as the backend to capture the temporal
dependencies across frames. On the English LRW dataset, it achieved 82% accuracy.

The lipreading approach proposed by Stafylakis et al. [33] consists of a 3D convolu-
tional neural network and a residual network designed to capture relevant visual data
from the input sequence for each timestamp. These representations are then passed into a
bidirectional LSTM. The network was trained and tested on the LRW dataset using various
configurations, with the best configuration achieving an accuracy of 83.0%, outperforming
previous works presented in [12,20].

Zhao et al. [34] proposed a method that uses a 3D convolutional network combined
with ResNet-18 as the frontend. Similar to [32], the backend comprises a Bi-GRU network.
By introducing a mutual information-based loss function to enhance the backend, their
method achieved an accuracy of 84.41% on the LRW dataset.

Ma et al. [35] have proposed a lipreading model that is specifically designed for
recognizing isolated words. Their model is composed of a 3D convolutional network,
18 layers of residual networks, and a temporal convolutional network (TCN). The proposed
model has achieved prominent results on the LRW and LRW-1000 datasets. In addition, they
proposed a more resource-efficient approach by incorporating 3D convolution combined
with Shufflenetv2 for efficient feature extraction in the frontend. And for the backend,
they utilized a depthwise separable temporal convolutional network (TCN), achieving an
accuracy of 88.5% on the LRW dataset.

Recently, the same authors introduced a new depth temporal convolutional layer
head in [36], which improves the performance of the model with a significant reduction in
computational cost. With this updated architecture, they achieved state-of-the-art results,
with an accuracy of 88.6% and 46.6% on the LRW and LRW-1000 datasets, respectively.

Koumparoulis et al. [37] further advanced the field by integrating the EfficientNetV2-
L network with a TCN and Transformer, achieving 89.52% on LRW while significantly
reducing computational complexity. This demonstrated the potential of Transformer-based
models in lipreading tasks.

In their method, Miled et al. [38] introduced a 2D CNN-based frontend paired with
Bi-GRU, obtaining 90.38% accuracy on LRW. The standout feature of their work was the
integration of a segmentation mechanism that plays a crucial role in improving performance.
Without segmentation, the performance dropped significantly, achieving 85%.

The existing deep learning techniques for lipreading primarily focus on exploiting
appearance and optical flow features from videos. However, these methods do not fully
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utilize the potential of lip motion characteristics. In addition to appearance and optical flow,
the dynamic mouth contour conveys valuable complementary information. Unfortunately,
the modeling of dynamic mouth contours has not received sufficient attention compared to
appearance and optical flow.

To bridge this gap, Sheng et al. [15] proposed an Adaptive Semantic-Spatio-Temporal
Graph Convolution Network (ASST-GCN). By leveraging the architecture of graph convo-
lutional networks, ASST-GCN captures the inherent relationships between the points of the
mouth contour and their temporal dynamics. To combine the complementary information
from appearance and mouth contours, they introduce a two-stream visual front-end net-
work that simultaneously processes both types of data to extract distinctive features. And
lately, Daou et al. [16] proposed a two-stream deep learning architecture. This architecture
aims to integrate visual and geometric features extracted from the lips and surrounding
area. However, while the fusion of information from the two previous works [15,16] is
straightforward and relies on basic concatenation, it may limit the architecture’s efficiency
in capturing mutual information between the merged streams.

2.2.3. Attention Mechanisms for Lipreading

Recently, attention mechanisms have gained significant attraction in different
domains [39] due to their ability to focus on informative parts of the input data. In the
context of lipreading, self-attention mechanism has been explored for modeling temporal
relationships within an input video sequence. For instance, Lohrenz et al. [40] propose a
self-attention based architecture for lipreading, enabling the model to focus on relevant
features extracted across the video sequence. Differently, cross-attention mechanisms have
shown promising results in different applications and domains, especially for leveraging
complementary additional modalities.

Nagrani et al. [41] applied cross-attention mechanisms in their multi-modal speech
recognition system. Their approach showed significant improvements in recognizing
speech under challenging conditions by effectively combining audio and visual signals,
highlighting the power of cross-attention in enhancing speech recognition.

In natural language processing, Tsai et al. [42] proposed a multi-modal Transformer
network that employs cross-attention to fuse audio, visual, and textual information. Their
model achieved state-of-the-art results on several multi-modal benchmarks, showcasing
the effectiveness of cross-attention in handling diverse data sources.

Furthermore, in their work, Rajan et al. [43] investigated the use of cross-attention
for multi-modal emotion recognition. They found that cross-attention mechanisms can
outperform self-attention by better capturing the interactions between visual and auditory
features. This results in an improvement of the accuracy of emotion recognition systems,
underscoring the potential of cross-attention in effectively merging different types of data.

2.3. Our Method’s Positioning

To define lip movement, we propose a model that takes advantage of cross-modal prop-
erties. It employs a cross-attention mechanism to effectively align visual data with facial
landmarks. This alignment enhances the fusion of diverse features, resulting in improving
the model’s performance. This approach contrasts with single attention fusion, which may
not fully capture the complex dependencies and interactions between modalities. Although
previous works using single attention mechanisms, such as [39], have shown potential, our
results reveal that the cross-attention offers a significant performance enhancement.

To deliver high performance, we propose employing convolutional neural networks,
including 3D and 2D convolutional models for extracting visual features and graph neural
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networks to extract geometric features, along with temporal convolutional networks that
have been highly effective in recent deep learning-based lipreading systems.

Motivated by this success in many languages, we propose the integration of these
techniques into Arabic lipreading systems and study its potential. This adaptation could
considerably improve the performance of computer-assisted communication applications
in this language.

3. Proposed Approach
As depicted in Figure 1, our approach consists of five key steps. The first step involves

video preprocessing, wherein we crop the mouth region of T frames from the input video
sequence and acquire corresponding facial landmarks. This step yields both visual and
geometric data streams. Afterward, a visual-feature network is employed to extract a
sequence of T feature vectors for the visual data stream, and a geometric-feature network
to encode the variation in lips contour delivered by facial landmarks. Moving forward, a
FusionNet network is used to combine these two sequences into a single sequence of T
feature vectors. The final step outputs the predicted speech by applying a sequence decoder
network. Detailed descriptions of each module involved in these steps are provided below.
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Figure 1. Outline of the proposed approach. Video preprocessing: crops the mouth region from
the input video sequence and obtain the corresponding facial landmarks. Visual-feature network:
extracts relevant information from the preprocessed data. Geometric-feature network: encodes lip
contour variation delivered by facial landmarks. FusionNet network: fuses the encoded features.
Sequence backend network: based on a multi-scale temporal convolutional network (MS-TCN) to
encode temporal variation and classify the input video sequence.

3.1. Input Data Preprocessing

Assuming that a face detector is first applied to the input video to broadly localize
the talking face in all input frames, we applied a generic facial landmark detector [44] to
identify 68 standard landmarks on every input frame. Other landmark detection methods
could also be considered for this study, as long as they cover landmarks on the lips. We use
these landmarks to align and resize the frames, resulting in a mouth region of 96× 96 pixels
to ensure its position is nearly centered in the extracted images. Additionally, these cropped
patches are converted to grayscale and normalized by subtracting the mean and dividing by
the standard deviation values. As a data augmentation process during the training phase,
an additional cropping is applied to obtain 88× 88-size patches at random positions. For the
validation and testing phases, a central cropping of 88 × 88-size patches is applied instead.
On the other hand, the extracted landmarks undergo the same affine transformations used
for frame preprocessing to ensure they are represented in the same coordinate system as the
extracted image patches, thereby geometrically aligning the patches and landmarks. This
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preprocessing step yields two streams of data: the extracted images of the mouth region,
and the sequence of extracted facial landmarks.

3.2. Visual-Feature Network

The visual-feature network encodes the appearance and movement of the lips over
the extracted image sequence. It consists of a single 3D convolutional block followed by
a modified 2D ResNet-18 architecture [45]. The 3D convolutional layer takes as input a
sequence of T consecutive grayscale images of size 96 × 96. It is a sequence of 64 kernels
of size 5 × 7 × 7, followed by batch normalization, ReLU activation, and max pooling
with a kernel size of 1 × 3 × 3. This initial network outputs spatio-temporal features with
dimensions of T × 64× 24× 24. These spatio-temporal features are then fed into the ResNet-
18 architecture, which consists of four stages of convolutional blocks. Each stage contains
several residual blocks, with the number of feature channels progressively increasing from
64 in the first stage, to 128 in the second, 256 in the third, and finally 512 in the fourth stage.
This hierarchical feature extraction process enables the network to capture increasingly
complex patterns and representations of the lip movements. After passing through the
ResNet-18 blocks, the features undergo adaptive average pooling, which reduces each
feature map to a single value, resulting in a feature vector. The final output of the visual-
feature network are the visual features Xv ∈ RT×d, where d = 512. These features serve as
a compact and informative representation of the visual input, capturing both spatial and
temporal dynamics crucial for the subsequent stages of lipreading.

3.3. Geometric-Feature Network

Similar to the visual-feature network, the geometric-feature network encodes the
appearance and movement of the lips. However, the geometric features are extracted based
on an explicit representation of the mouth region using the sequence of extracted landmarks.
Let us define N as the number of used landmarks per frame in this network. The input
size of the geometric-feature network is T × N × 2, as each landmark is represented by its
2D coordinates.

To encode the spatial arrangement between the facial landmarks, each frame represents
a graph, and each landmark is a node within the graph. We apply the K-nearest neighbors
algorithm to create the edges between the nodes, with k set to 5. The network includes two
graph attention network (GAT) [46] layers: the first layer transforms input graphs from 2 to
16 channels per node; and the second layer further expands them to 64 channels, followed
by a fully connected layer to output a feature vector of 512 per graph. Moreover, to encode
the temporal variation in landmarks over the frames, we consider a positional encoding
of size 512 to be added to the T vectors and fed into the sequence T × 512, which is then
processed by a Transformer encoder block of a single layer with 8 heads and 1024 as the
dimensions of the feed-forward network model, leading to the geometric feature tensor
Xg ∈ RT×d of the same size as the visual features.

3.4. FusionNet Network

The proposed FusionNet is based on a multi-head attention mechanism to aggregate
the fused features from both the visual and geometric features extracted from their cor-
responding networks. We keep the original notation as in the original description of the
Transformer architecture [47]. As illustrated in Figure 2, it consists of two multi-head
attention modules that exchange their K (key) features. The idea behind this design is
to integrate features from both modalities. After applying the multi-head attention unit
involving h heads, we concatenate the obtained features into one single feature map, de-
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noted by X f ∈ RT×d f with d f = 1024. The multi-modal fusion process is mathematically
represented in Equation (1):

X f = Concatenation
(
AttendV(XV, XG), AttendG(XG, XV)

)
(1)

where X f represents the enriched feature representation resulting from the fusion pro-
cess, incorporating two distinct multi-head attention mechanisms dedicated to cross-
modal interactions:

• AttendV(XV, XG) represents the attention mechanism applied to the “Vision” input
(Xv) attending to the “Landmark” input (XG), capturing the interplay of information
between modalities.

• AttendG(XV, XG) signifies the attention mechanism applied to the “Landmark” in-
put (XG) attending to the “Vision” input (XV), facilitating knowledge exchange
across modalities.
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Figure 2. Architecture of FusionNet, consisting of two cross multi-head attention units with the same
number of heads (h). The first unit processes visual features Xv, while the second handles geometric
features Xg. Each unit takes as input a query (Q) and a value (V) derived from its respective modality
features, while exchanging the input key (K) with the alternate modality.

3.5. Sequence Decoder Network

This sequence decoder network is based on the temporal convolution network (TCN)
since it has been shown to significantly improve performance on word-level lipreading
tasks [35]. Figure 3 presents a detailed representation of the proposed architecture. It
contains multi-scale dilated TCN (MS-TCN) layers, where each layer comprises multiple
TCN branches, which are 1D convolutions designed for the temporal domain, with different
kernel sizes capturing information across various temporal scales. Our sequence decoder
network consists of four layers of MS-TCN with dilation values of 1, 2, 4, and 8, respectively.
Each layer is composed of three TCN units using kernel sizes of 3, 5, and 7. The outputs
from these branches are concatenated and followed by a fully connected layer and a
SoftMax layer, allowing the network to integrate information across multiple temporal
scales for an improved spoken word prediction.
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Figure 3. Sequence decoder network with four layers of multi-scale expanded TCNs with 1, 2,
4, and 8 dilation values, respectively. Each layer is composed of three TCN units with 3, 5, and
7 kernel values.

4. LRW-AR Dataset
In this section, we present an overview of the procedures followed to collect and

prepare our large-scale dataset for Arabic lipreading. The fundamental concept was to
gather videos of individuals speaking in Arabic in front of cameras from the YouTube
platform, which is a rich source of diverse and natural language data. The process involved
several stages, including video scrapping, shot boundary detection, face detection and
tracking, data cleaning, annotation, video split, and data cropping, as illustrated in Figure 4.
A diverse set of Arabic videos was collected and preprocessed to extract the frames of
interest for lipreading. The frames were then annotated with the corresponding spoken
words to create a ground truth for training and evaluation purposes. Finally, the annotations
were visually validated to ensure their accuracy and consistency. Each of these steps will
be described in detail in the following sections. The LRW-AR dataset is released under
a BY-NC-ND license, and is accessible through the following link: https://osf.io/rz49x
(accessed on 27 December 2024).

Video sequences
collection

Face detection
and tracking

Shot boundary
detection

Data cleaning

Annotation
Word statistics

calculation
Video splitData resizing

Training video
samples Text

Pre-processed data

Figure 4. Pipeline to generate the LRW-AR dataset.

4.1. Data Collection and Preprocessing
4.1.1. Video Scraping

All videos were scraped from YouTube by selecting TV channel playlists that contained
Arabic-language TV shows, news programs, and interviews. The playlists were chosen to
cover a variety of speakers, genders, and accents.

4.1.2. Shot Boundary Detection

In this stage, we used a HOG-based scene detection algorithm [48] to detect scene
changes in the collected videos, and they were split into shorter segments based on scene
transitions. This allowed us to focus on the segments where the speaker was present
and speaking.

https://osf.io/rz49x
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4.1.3. Face Detection and Tracking

To ensure that our dataset only includes video sequences with a single speaker, the
HOG-based face detection method [48] was applied to each raw video frame. Then, all
face detections belonging to the same person were grouped across frames using a KLT
tracker [49]. This filtering process helps to eliminate any potential confusion that may arise
from having multiple speakers in a single video sequence. After filtering, we sampled all
collected video segments into fixed-length sequences of 1.2 s each.

4.1.4. Data Cleaning

To ensure the dataset’s quality, a manual inspection and cleaning process was carried
out, ensuring that only videos featuring a single speaker speaking directly in front of the
camera were included.

4.1.5. Annotation

For dataset annotation, we utilized the Vosk speech recognition system (https://
alphacephei.com/vosk/, accessed on 10 September 2024) to automatically transcribe the
spoken words in the video sequences into Arabic text. The use of Vosk not only facilitated
transcriptions but also established boundaries, indicating the start and end of each spoken
word within the text. While we anticipated a perfect alignment between text and audio
data, there were some instances where the transcription was incorrect. To rectify this,
manual correction of these errors was performed during the final phase of visual validation
and dataset quality control.

4.1.6. Video Split

To generate a varied collection of Arabic words, statistical analysis was conducted
on the transcriptions to identify the most frequently occurring words. This approach
allowed us to focus on the prevalent words in Arabic speech. Subsequently, each video
segment was divided into shorter clips, with each clip representing a single word. This
procedure facilitated the development of an extensive dataset encompassing a wide array
of Arabic words.

4.1.7. Data Cropping

In this step, we standardized all videos to a consistent size of 256 × 256 pixels. This
uniformity enhances overall consistency and simplifies comparisons across different video
segments. We cropped each video to focus solely on the speaker’s face, minimizing
any extraneous information and highlighting the lip movements of the speaker (see
Figure 5). This enables us to achieve a more precise and comprehensive understanding of
visual characteristics.

Frame
Extraction

Face
Alignment

Downloaded
Video

Extracted
Frames from Video 

Cleaned Frames

Figure 5. Frame extraction and face alignment process.

The resulting dataset contains a diverse set of Arabic words spoken by various speak-
ers in different contexts, which can be used for lipreading research and the development
of Arabic speech recognition systems. By sharing the methodology, the purpose is to

https://alphacephei.com/vosk/
https://alphacephei.com/vosk/
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facilitate the creation of similar datasets for other languages and cultures and promote the
development of more inclusive visual speech recognition systems.

4.2. Dataset Statistics

The proposed dataset consists of audio-visual data collected from YouTube videos
from 2008 until 2022. The dataset contains 100 classes, each associated with a distinct word,
and involves a total of 36 speakers (see Figure 6). Notably, the speakers are talking spon-
taneously, presenting additional challenges for lipreading systems, including differences
in pronunciation, intonation, variations in face pose, and background noise. Each word is
uttered 200 times, resulting in a total of 20,000 video samples in the dataset.

Figure 6. A sample of speakers in LRW-AR dataset.

Furthermore, each video sequence in the dataset corresponds to a 1.2 s audio clip
captured at a frame rate of 25 frames per second with a video resolution of 256 × 256. In
these sequences, the ground truth word is spoken in the middle, often surrounded by
other words or sub-words. This characteristic adds complexity to the lipreading task by
simulating more natural speaking conditions. Each video also comes with an annotation file
that specifies the start and end times of the spoken words, ensuring precise alignment for
training and evaluation purposes. The dataset was partitioned into training, validation, and
testing sets. Specifically, 80% of the samples were designated for training, 10% for testing,
and another 10% for validation. To provide a clearer understanding, Figure 7 showcases
samples from the LRW-AR dataset. This figure displays three videos from three different
classes, spoken by different speakers, with clear indications of where each corresponding
word starts and ends.

Label class: " بونج "
Start frame 0.44s

End frame 0.75s

Label class: " ةنيدم "
Start frame 0.33s

End frame 0.78s

Figure 7. Cont.
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Label class: " قافتا "
Start frame 0.32s

End frame 0.81s

Figure 7. Three different samples from the LRW-AR dataset. The starting and ending frames for each
uttered word are precisely indicated in every sample in the dataset.

5. Experiments and Results
In this section, we present various experiments conducted to assess the performance

of the proposed lipreading system and its parameters. First, we provide details about
our implementation and the datasets used in our experiments. Then, we conduct various
experiments as part of our evaluation to demonstrate the precision and efficacy of our
system, with a particular focus on lipreading for the Arabic language.

To ensure a more comprehensive comparison, we extended our evaluation to include
the English LRW dataset. This allowed us to benchmark our method against other state-of-
the-art lipreading techniques. This also enabled further validation of the LRW-AR dataset.
While our focus remained on the Arabic language system, we conducted experiments exam-
ining the impact of different feature configurations, varying numbers of facial landmarks,
and cross-attention heads on system accuracy. Finally, we present a comprehensive analysis
outlining the strengths and weaknesses of our lipreading system, along with identified
areas for potential improvement.

5.1. Implementation Details

Our implementation is based on the PyTorch library [50]. In all forthcoming experi-
ments discussed in the remaining section, we trained all architecture configurations using
an NVIDIA Titan V GPU with 12 GB of RAM. The training process was carried out with a
mini-batch size of 32 for a total of 2000 epochs. The AdamW optimizer [51] was employed
with an initial learning rate of 3 × 10−4. We used a cosine annealing approach to reduce the
learning rate without requiring a warm-up phase. Additionally, for all trials, we incorpo-
rated variable-length augmentation [36]. The code source is available through the following
link: https://github.com/crns-smartvision/lrwar (accessed on 27 December 2024).

5.2. Datasets

In addition to our Arabic LRW-AR dataset, we conducted experiments using the
LRW [12] and the ArabicVisual [27] datasets, commonly used benchmark datasets for
lipreading. It is worth mentioning that ArabicVisual is currently the only lipreading dataset
available for the Arabic language, whereas other datasets, such as the AVAS and RML
datasets are not publicly available. To assess the performance of our lipreading model
on the ArabicVisual dataset, we employed a random split of 75% for training, 15% for
validation, and 10% for testing, as outlined in [27]. Accuracy was utilized as the evaluation
metric, representing the percentage of correctly classified videos.

5.3. Arabic Lipreading Performance Evaluation

To evaluate the effectiveness of the proposed method, we conducted experiments
using the LRW-AR dataset, comparing our method with state-of-the-art techniques. These
experiments aim to demonstrate our model’s performance in word-level lipreading tasks
relative to these methods. We have selected the most relevant methods:

https://github.com/crns-smartvision/lrwar
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• Petridis et al. [32] utilized a 3D convolutional neural network (3D Conv) combined
with ResNet-34 as the frontend to extract spatial and temporal features. This was
followed by a bidirectional gated recurrent unit (Bi-GRU) network as the backend to
capture the temporal dependencies across frames.

• Zhao et al. [34] proposed a method that employs a 3D Conv network along with
ResNet-18 as the frontend. Similar to [32], the backend consisted of a Bi-GRU network.

• Ma et al. [35] introduced a method that uses 3D convolution combined with Shuf-
flenetv2 for efficient feature extraction in the frontend. For the backend, a Depthwise
Separable Temporal Convolutional Network (TCN) was used.

• Koumparoulis et al. [37] further advanced the field by integrating EfficientNetV2-L
with a Transformer encoder (TCN + Tx).

• Miled et al. [38] introduced a 2D CNN-based frontend paired with Bi-GRU with the
addition of a segmentation mechanism.

Table 3 summarizes the obtained results for the evaluated methods. The final row
presents the results of our method, which integrates 3D Conv + ResNet-18 with GAT and
Transformer (Tx) in the frontend, and employs MS-TCN + FusionNet in the backend. As
shown, our method outperforms other state-of-the-art lipreading techniques, achieving the
highest accuracy of 85.85% on the LRW-AR dataset compared to the accuracies of 78.60%,
79.85% , 83.23%, 83.94%, and 84.05% reported in [32,34,35,37,38] respectively.

Table 3. Accuracy performance of our method compared to state-of-the-art techniques on the LRW
and LRW-AR datasets.

Method Frontend Backend LRW LRW-AR

[32] 3D Conv+ResNet-34 Bi-GRU 82% 78.60%
[34] 3D Conv+ResNet-18 Bi-GRU 84.41% 79.85%
[35] 3D Conv+Shufflenetv2 DepthwiseSeparableTCN 88.5% 83.23%
[37] 3D Conv+EfficientNetV2-L TCN + Tx 89.52% 83.94%
[38] 2D CNN Bi-GRU 90.38 % 84.05%
Ours 3D Conv+ResNet-18+GAT+Tx MS-TCN+FusionNet 89.41% 85.85%

Additionally, the table reports the performance of our approach on the LRW dataset,
where our method demonstrates competitive results, with an accuracy of 89.41%. Although
this is slightly below the 89.52% achieved in [37] and the 90.38% in [38], it still outperforms
other prominent works like [32] at 82%, [34] at 84.41%, and [35] at 88.5%.

Moreover, we compared our lipreading system with Asulami et al.’s work [27] on
the ArabicVisual dataset based on the accuracy metric (percentage of correctly classified
videos). Table 4 shows the obtained results for phrase classes only, digit classes only, and
both digit and phrase classes.

Table 4. Comparative results of our lipreading system and the system developed by
Alsulami et al. [27] on ArabicVisual dataset.

Method Digits Phrases Digits and Phrases

Alsulami et al. [27] 94% 97% 93%
Ours 93.75% 100% 97.77%

Based on the obtained results, our approach appears to have achieved better accuracy
than the Asulami et al. approach [27]. As outlined in Table 4, our approach achieved
100% accuracy for the ’phrases’ and 97.77% for the ’digits and phrases’ classes. However,
Alsulami et al. reported accuracy rates of 97% and 93%, respectively, for the same classes.
Nevertheless, our approach demonstrates competitive performance, with the Alsulami et
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al. approach only marginally surpassing ours by 0.25% in digit recognition. These results
highlight the limitations of the ArabicVisual dataset [27] due to its small scale in both size
and vocabulary, emphasizing the need for a larger dataset that includes more challenging
and representative data.

5.4. Ablation Study
5.4.1. Facial Landmark Selection

In this section, we conducted experiments to assess how the landmark subset selection
affects the performance of our system. We evaluated the accuracy of our approach using
the standard set of 68 face landmarks, encompassing all facial landmarks, and two subsets
of landmarks: 33 points (covering the lower part of the face) and 20 points (covering the
lips only). Figure 8 illustrates these three configurations. The obtained results for these
three subsets of landmarks are presented in Table 5. As indicated in Table 5, employing only
20 landmark points yields the lowest accuracy, with 83.8%. Conversely, utilizing 68 land-
mark points resulted in improvement, with an accuracy of 84%. Furthermore, by employing
33 landmarks, we attained the highest accuracy of 85.85%.

N = 33

N = 20

N = 68

Figure 8. The process involves choosing N facial landmark points, which are points used to identify
and analyze facial features. The total number of facial landmarks is 68, of which 33 are situated in the
lower half of the face (marked by a blue box), and 20 are concentrated in the mouth region (marked
by an orange box).

Table 5. Our proposed architecture’s performance for the three subsets of selected landmarks.

Visual Landmarks

20 Points 33 Points 68 Points

Accuracy 83.8% 85.85 % 84%

Figure 9 illustrates the curves for validation and training accuracy (a) and losses
(b) across the varying numbers of employed landmarks. Notably, the optimal accu-
racy is attained when utilizing 33 landmarks. Moreover, the loss curves associated with
33 landmarks exhibit superior convergence speed and overall performance. These results
highlight the effectiveness of FusionNet in leveraging landmarks to improve lipreading
accuracy, where the 33-landmark configuration represents the optimal choice for our
lipreading systems.
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Figure 9. Accuracy and loss curves: (a) validation and training accuracy curves, (b) validation and
training loss curves.

5.4.2. Selection of Number of Heads in FusionNet

To enhance the performance of our lipreading system, we evaluated the number of
heads (h) in the cross-attention fusion mechanism. Our goal was to investigate the influence
of this parameter on our system’s ability to recognize spoken words. We conducted
evaluations with various values of h: 1, 2, 4, 8, and 16. Table 6 summarizes the performance
metrics for different values of h.

Table 6. Performance metrics for various h values in cross-attention fusion.

Number of Heads

h = 1 h = 2 h = 4 h = 8 h = 16

Accuracy 83.2% 83.85% 84.60% 85.85% 82.25%

Starting with a single head h = 1, our system achieved an accuracy of 83.2%, indicating
an acceptable baseline performance. As we raised the number of heads to h = 2, the
accuracy increased a bit to 83.85%. This shows that a dual-headed approach slightly
enhanced our system’s performance. However, the most improvement in performance was
achieved when h = 4, resulting in an accuracy of 84.60%. This indicates that a moderate
level of parallelism and attention capacity is beneficial in decoding spoken words. On
the other hand, the performance of our system improved, reaching an accuracy of 85,85%
with h = 8. This configuration outperformed all other settings in capturing the complex
dynamics of cross-modal interactions. However, increasing the number of heads to h = 16
led to a slight drop in accuracy to 82.25%, demonstrating that an excessive number of heads
may add needless complexity. In summary, our thorough investigation demonstrates the
critical role of the number of heads in the cross-attention fusion mechanism. The findings
show that, among the evaluated configurations, h = 8 heads represents the best option,
offering the highest level of precision in decoding both visual and geometric features.

5.4.3. Modality Fusion Comparison

In this experiment, our objective was to evaluate the performance of our lipreading
system in the Arabic language using five distinct configurations: visual only (VO), land-
marks only (LO), concatenated visual and landmark features (VL[concat]), fused features
using single-modality attention (VL[SingleAtt]), and our full system configuration using
FusionNet (VL[FusionNet]).

For the LO configuration, extracted landmarks were forwarded to the geometric-
feature network. In the VO configuration, preprocessed data were input into the visual-
feature network. In the combined configuration, we utilized three distinct architectures: the
concatenated architecture VL[concat]; the VL[SingleAtt] architecture, where we used a sepa-
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rate attention mechanism for each modality; and the FusionNet architecture VL[FusionNet],
leveraging the synergy between visual and geometric features.

Table 7 presents a comparison of various network architectures and their performance
on the LRW-AR dataset, demonstrating the effectiveness of different combinations of visual
data and landmark configurations. The LO configuration with 68 landmarks achieved an
accuracy of 65.45%, showing the value of detailed geometric features. The VO configuration
performed significantly better with an accuracy of 83.45%, highlighting the importance of
visual features. When combining visual data with landmarks, the VL[concat] approach
saw the highest accuracy of 84.25% with 68 landmarks. The VL[SingleAtt] method, in-
tegrating visual data with 33 landmarks using a single attention mechanism, achieved a
notable accuracy of 85.4%. However, the VL[FusionNet] method outperformed all other
configurations, reaching the highest accuracy of 85.85% with 33 landmarks, showcasing
the superior capability of FusionNet in effectively fusing visual and geometric features for
enhanced lipreading accuracy.

To qualitatively evaluate our system’s performance, we present the confusion matrices
obtained by different configurations, underlined in Table 7. In Figure 10, the confusion
matrices present five different configurations: landmarks only (LO), visual only (VO),
concatenation architecture VL[concat], VL[SingleAtt], and VL[FusionNet] architecture,
respectively. We note that the classes in the confusion matrices are sorted by the number of
characters in the word, where all the words are arranged in ascending order based on their
length (number of characters), from the shortest to the longest.

Table 7. Performance comparison of different network configurations and modalities on the LRW-AR
dataset. The table presents the accuracy achieved with various combinations of visual data and the
three subsets of landmarks (i.e., 20, 33, and 68). Underlined values indicate the best performance
within a same network architecture across various modality combination settings, while bold values
represent the best overall performance.

Network
Architecture

Modality
Accuracy

Visual 20 Landmarks 33 Landmarks 68 Landmarks

N/A ✓ 59.75%
LO N/A ✓ 62.33%

N/A ✓ 65.45%

VO ✓ N/A N/A N/A 83.45%

✓ ✓ 82.05%
VL[concat] ✓ ✓ 83.75%

✓ ✓ 84.25%

✓ ✓ 84.20%
VL[SingleAtt] ✓ ✓ 85.4%

✓ ✓ 83.75%

✓ ✓ 83.8%
VL[FusionNet] ✓ ✓ 85.85%

✓ ✓ 84.0%

The obtained confusion matrices show that the VL[FusionNet] architecture consistently
outperforms the other architectures, achieving the highest accuracy across all classes with
different word lengths. Additionally, the VL[concat] and VL[SingleAtt] architectures
demonstrate their robustness, especially for shorter word classes, but to a lesser extent.
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Figure 10. Confusion matrices for different models. (a) LO; (b) VO; (c) VL[concat]; (d) VL[SingleAtt];
(e) VL[FusionNet].

In contrast, the LO architecture demonstrates reasonable performance, achieving high
accuracy for certain longer classes but struggling with shorter ones. Nevertheless, the VO
architecture, despite surpassing the LO configuration, encounters difficulties with certain
shorter classes but performs more effectively with longer ones.

In summary, the VL[FusionNet] architecture excels at recognizing both shorter and
longer classes, demonstrating its adaptability and efficiency in handling a large vocabu-
lary. These results highlight the importance of incorporating both visual and landmark
information into the system, with FusionNet emerging as the most robust and accurate
configuration for Arabic lipreading.

5.5. Discussion

Several key observations can be drawn from the experimental results. First, we
conducted a comprehensive set of experiments to benchmark our approach against state-
of-the-art methods in Arabic lipreading systems. Our proposed method demonstrated
competitive performance, achieving an accuracy of 85.85%, which surpasses the results
of existing methods, that reached 78.60%, 79.85%, and 83.23%, respectively. These re-
sults highlight the effectiveness of our approach in improving the accuracy of Arabic
lipreading tasks.

For the ablation study, we conducted several experiments to demonstrate the com-
plementarity between geometric features and visual cues, as well as the effectiveness of
the proposed cross-attention mechanism in leveraging both modalities for optimal per-
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formance. Specifically, we evaluated the impact of different subsets of landmarks (i.e.,
20, 33, and 68 landmarks) and the number of heads in the multi-head cross-attention
mechanism. Our experiments revealed that employing eight heads resulted in the highest
accuracy, reaching 85.85%, as previously discussed. These results showed the need for a
cross-attention mechanism, rather than straightforward feature concatenation and standard
attention mechanisms, to achieve the best fusion of geometric and visual features.

In addition to validating our lipreading method, the experiments also aimed to eval-
uate the constructed LRW-AR dataset. We selected state-of-the-art methods based on
the availability of their official implementations, even though these methods were not
originally designed for Arabic lipreading. We benchmarked these methods on LRW-AR,
and the consistent performance across various models highlights the dataset’s robustness
and demonstrates that it is not biased toward specific architectures. Moreover, when com-
paring the performance of the state-of-the-art methods on LRW-AR to those obtained on
the English LRW dataset, we observed comparable results, which further validates the
quality and design of our LRW-AR dataset. Furthermore, the uniqueness of LRW-AR lies in
being the first large-scale lipreading dataset specifically designed for the Arabic language,
marking a significant contribution to the field.

We also intentionally tested another available Arabic lipreading dataset,
ArabicVisual [27], to highlight the size limitations. Our method achieved 100% accuracy
in phrase recognition on this dataset, indicating that it no longer presents a significant
challenge. This underscores the need for larger datasets with more extensive vocabularies.
While lipreading datasets for English have received considerable attention, LRW-AR is
the first large-scale lipreading dataset specifically for Arabic. It represents a significant
advancement in the field and could be continuously expanded in future releases to further
bridge the gap with datasets for other languages.

6. Conclusions
In this paper, we introduce an Arabic lipreading system that uses a fusion method of

cross-attention mechanisms to decode spoken words from visual data. Our main contribu-
tion is to fuse facial landmark data with visual information, improve the accuracy of the
system, and effectively address the limitations of lipreading data. Additionally, we present
the larger-scale Arabic LRW-AR dataset to evaluate the system’s performance. Experi-
mental results demonstrate the effectiveness of our proposed system in predicting spoken
words, achieving the best accuracy result of 85.85%. The proposed system represents a
significant advancement in the field of visual Arabic speech recognition, highlighting the
need for language-specific solutions. In our future work, we aim to extend our system
to support sentence-level lipreading. These advancements will enable real-time applica-
tion development and further improve continuous speech recognition, especially for the
Arabic system.
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