
Computer Modeling in
Engineering & Sciences

echT PressScience

Doi:10.32604/cmes.2025.063186

ARTICLE

Deep Learning-Based Lip-Reading for Vocal Impaired Patient Rehabilitation

Chiara Innocente1,*, Matteo Boemio2 , Gianmarco Lorenzetti2 , Ilaria Pulito2 , Diego Romagnoli2 ,
Valeria Saponaro2 , Giorgia Marullo1 , Luca Ulrich1 and Enrico Vezzetti1

1Management and Production Engineering, Polytechnic University of Turin, C.so Duca degli Abruzzi 24, Torino, 10129, Italy
2Biomedical Engineering, Polytechnic University of Turin, C.so Duca degli Abruzzi 24, Torino, 10129, Italy
*Corresponding Author: Chiara Innocente. Email: chiara.innocente@polito.it
Received: 07 January 2025; Accepted: 28 March 2025; Published: 30 May 2025

ABSTRACT: Lip-reading technology, based on visual speech decoding and automatic speech recognition, offers a
promising solution to overcoming communication barriers, particularly for individuals with temporary or permanent
speech impairments. However, most Visual Speech Recognition (VSR) research has primarily focused on the English
language and general-purpose applications, limiting its practical applicability in medical and rehabilitative settings.
This study introduces the first Deep Learning (DL) based lip-reading system for the Italian language designed to
assist individuals with vocal cord pathologies in daily interactions, facilitating communication for patients recovering
from vocal cord surgeries, whether temporarily or permanently impaired. To ensure relevance and effectiveness in
real-world scenarios, a carefully curated vocabulary of twenty-five Italian words was selected, encompassing critical
semantic fields such as Needs, Questions, Answers, Emergencies, Greetings, Requests, and Body Parts. These words were
chosen to address both essential daily communication and urgent medical assistance requests. Our approach combines
a spatiotemporal Convolutional Neural Network (CNN) with a bidirectional Long Short-Term Memory (BiLSTM)
recurrent network, and a Connectionist Temporal Classification (CTC) loss function to recognize individual words,
without requiring predefined words boundaries. The experimental results demonstrate the system’s robust performance
in recognizing target words, reaching an average accuracy of 96.4% in individual word recognition, suggesting that
the system is particularly well-suited for offering support in constrained clinical and caregiving environments, where
quick and reliable communication is critical. In conclusion, the study highlights the importance of developing language-
specific, application-driven VSR solutions, particularly for non-English languages with limited linguistic resources.
By bridging the gap between deep learning-based lip-reading and real-world clinical needs, this research advances
assistive communication technologies, paving the way for more inclusive and medically relevant applications of VSR in
rehabilitation and healthcare.

KEYWORDS: Lip-reading; deep learning; automatic speech recognition; visual speech decoding; 3D convolutional
neural network

1 Introduction
Vocal cord paralysis and related conditions, such as paresis or trauma-induced impairments, can

severely affect a person’s ability to communicate effectively [1]. These impairments can result from various
causes, including surgical interventions, neurological disorders, trauma, or infections, that interfere with
the vocal cords’ ability to vibrate properly, making it challenging for affected individuals to produce clear
speech sounds [2]. Particularly, individuals recovering from surgeries, such as thyroidectomy, cardiac
surgeries, or cancer-related procedures affecting the vocal cords, often face temporary or permanent speech
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impairments [3]. For those patients, this medical condition can lead to difficulties in expressing urgent
needs, engaging in everyday conversations, and establishing social relationships. Such communication
barriers often lead to social isolation, and emotional distress, thereby negatively affecting their quality of life,
particularly in environments like caregiving or clinical settings where quick and efficient interactions are
required [4].

The rehabilitation process for those patients typically involves both medical and communicative
therapies. Traditional methods to support these individuals often rely on gestures or written communication,
which can be slow and cumbersome [5]. Lip reading, the ability to interpret spoken words through the visual
observation of lip movements, has gained significant interest in this field due to its potential applications [6].
Leveraging this capability, advancements in Visual Speech Recognition (VSR) systems now enable automated
interpretation of lip movements, as these tools offer alternative communication channels, providing vital
assistance in situations where vocal communication is limited or absent. Specifically, VSR systems enhance
accessibility for those dealing with vocal impairments, offering a scalable solution to assist them by providing
reliable, real-time communication support, bridging the gap between traditional therapeutic approaches
and modern technological solutions [7]. Moreover, VSR, which is inherently challenging due to the visual
similarity of different phonemes (homophenes), can also be employed to develop systems that assist in
noisy environments [8], improve automatic VSR [9], and provide accessibility solutions for hearing-impaired
patients, particularly in emergencies [10]. Furthermore, VSR applications extend to biological authentication,
where lip-reading is used as an effective authentication method because of its uniqueness from person to
person [11,12].

1.1 Related Works
The development of lip-reading technologies has seen a significant shift towards the use of Artifi-

cial Intelligence (AI) [13]. Machine Learning (ML) and Deep Learning (DL) techniques, in particular,
have paved the way for breakthroughs in tasks traditionally reliant on human perception, such as image
classification [14], gesture recognition [15], emotion analysis [16], and speech processing [17].

Historically, lip reading relied on traditional ML approaches and feature engineering to extract relevant
visual features from video frames showing mouth movements [18]. These methods, however, are often limited
by the complexity of human lip movements and the availability of labeled data. To overcome this issue
Yeo et al. [19] developed a novel method for enhancing VSR performance by using automated labeling
techniques to generate large-scale labeled datasets for languages with limited resources, such as French,
Spanish, and Portuguese. By comparing models trained on automatically generated labels with those trained
on human-annotated labels, the study achieves comparable VSR performance without relying on manual
annotations. The integration of large-scale datasets with AI algorithms has been a driving force behind this
progress, enabling systems to learn complex patterns and make predictions with remarkable accuracy [20].
In the realm of speech and visual recognition, AI has enhanced the performance of applications like
automated transcription and lip-reading systems [21], by extracting significant features from lip movements
and categorizing them into textual content.

Modern lip-reading and VSR systems now extensively rely on DL. Methodologies derived from object
detection have been progressively adopted in the lip-reading domain, particularly for accurately localizing
and extracting the mouth region as the primary Region of Interest (ROI). Efficient and precise ROI extraction
is crucial in VSR, as irrelevant facial regions or background noise can introduce variability that negatively
affects recognition accuracy.

Architectures such as YOLOv3-Tiny [22], originally designed for real-time object detection tasks
involving multiple object categories in complex scenes, have been successfully repurposed to detect and
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track lip movements frame by frame. This allows the system to dynamically adapt to variations in head
pose, scale, and position, ensuring that the most informative features are consistently captured during speech
articulation. The transfer of object detection strategies to VSR tasks is particularly advantageous due to
the inherent requirements of real-time processing and low-latency inference in practical applications, such
as assistive communication devices or mobile healthcare solutions. Beyond localization, object detection
techniques also contribute to temporal consistency across video frames by stabilizing the ROI and enhancing
the continuity of feature extraction, which is essential for capturing the nuanced dynamics of lip movements
over time.

The frequent use of DL architectures, such as Generative Adversarial Networks (GANs), Long
Short-Term Memory (LSTM) networks, and Convolutional Neural Networks (CNNs), often in hybrid
configurations to increase feature extraction and classification accuracy, is recurrent in the literature as
these models work especially well in multimodal fusion, which combines visual and audio information to
improve recognition, especially in difficult acoustic settings. A notable example of this is the LipNet [23],
which uses a combination of 3D convolutions followed by bidirectional Gated Recurrent Unit (GRU)
layers to achieve end-to-end sentence-level lip reading, significantly improving over previous methods that
focused on word-level or phoneme-level recognition. Among researchers that used this approach, Prashanth
et al. [24] also decoded spoken text from video sequences of lip movements using 3D CNNs and bidirectional
LSTMs, achieving a character error rate of 1.54% and a word error rate of 7.96%. Similarly, Jeon et al. [25]
introduced a cloud-based open speech architecture that incorporates lip-reading for noise-robust automatic
speech recognition. Their end-to-end lip-reading model integrated several CNN architectures, including
3D CNNs and multilayer 3D CNNs, to enhance the recognition accuracy of open cloud-based Application
Programming Interfaces (APIs) like Google, Microsoft, and Amazon, thus highlighting the potential for
improving cloud-based speech recognition systems in environments with varying levels of noise. Matsui
et al. [26] also use a LipNet-based lip-reading system for speech enhancement in laryngectomees, using
Variational Autoencoders (VAE) and CNNs to recognize a small vocabulary of words. This approach, though
limited in vocabulary, demonstrates the viability of DL models in highly specialized applications, such as
providing speech enhancement for individuals who have lost their ability to speak due to surgery.

Recent advancements in the field of VSR have increasingly focused on improving the extraction of
spatiotemporal features through the integration of lightweight architectures and novel optimization tech-
niques. For instance, Wang et al. [27] introduced Mini-3DCvT, a compact model combining 3D convolutions
with visual transformers to efficiently capture local and global features from continuous video frames while
reducing computational complexity through weight sharing and knowledge distillation strategies. Similarly,
Ryumin et al. [28] proposed an audio-visual speech and gesture recognition framework using mobile device
sensors, introducing fine-tuning strategies for multi-modal fusion at feature and model levels to enhance
speech recognition in noisy environments, highlighting the growing synergy between lip-reading and gesture
recognition in human-computer interaction contexts. Further innovations in speaker adaptation have been
presented by Kim et al. [29], who developed prompt-tuning techniques for adapting pre-trained VSR models
to unseen speakers with minimal data, using learnable prompts applied across CNN and Transformer layers,
thereby improving generalization while preserving model parameters.

The integration of both auditory and visual modalities to enhance recognition performance in noisy
environments has been a major focus in the audiovisual speech recognition (AVSR) literature, and several
papers explore this approach using multimodal fusion techniques to improve robustness and accuracy in
adverse conditions [30]. A Multi-Head Visual-Audio Memory model is presented by Kim et al. [31] in order
to overcome the problems associated with homophones. By using audio-visual datasets to supplement visual
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information, the system improves lip-reading accuracy by enhancing its recognition of ambiguous lip move-
ments and homophone differentiation. He et al. [32] proposed a GAN-based multimodal AVSR architecture,
combining two-stream networks for audio and visual data. This architecture improves both energy efficiency
and classification accuracy, making it suitable for Internet of Things applications, for example in augmented
reality environments, demonstrating how lip-reading and visual cues can be combined to improve speech
recognition in immersive settings. Li et al. [33] also emphasized the integration of DL for VSR in the
metaverse, a virtual, interconnected digital space where users can interact, work, play, and socialize in real-
time, often through immersive technologies like virtual and augmented reality. In order to recognize speech
from lip movements, the authors employ Densely Connected Temporal Convolutional Networks (DC-TCN),
ShuffleNet, and 3D CNNs to record both visual and temporal features. Their research, which was based on the
GRID and Wild datasets, produced remarkable results, with accuracy rates of 98.8% and 99.5%, respectively.
This demonstrates how deep learning can facilitate immersive, real-time communication in virtual settings.
Differently, Gao et al. [34] explore acoustic-based silent speech interfaces, with their EchoWhisper system
using the micro-Doppler effect to capture mouth and tongue movements. By processing beamformed echoes
through dual microphones on a smartphone, EchoWhisper enables speech recognition without requiring
vocalization, achieving a word error rate of 8.33%.

In recent years, research on automatic lip reading has made significant progress with the development
of benchmark datasets that provide standardized references for training and model evaluation. Among the
most widely used, Lip Reading in the Wild (LRW) is one of the first large-scale datasets for lip reading
based on isolated words. Presented by Chung et al. [35], LRW includes over 500,000 video samples extracted
from television broadcasts, covering 500 English words spoken by different speakers under uncontrolled
conditions. In addition to LRW, later datasets, such as LRS2 [36] and LRS3 [37] have expanded the scope of
research to include full sentences and continuous speech, enabling the development of more sophisticated
models. LRS2, for example, includes about 140,000 sentences from television content and is an intermediate
step between isolated word recognition and full sentence recognition, while LRS3, on the other hand, is
an even larger dataset containing 150,000 video segments from Technology, Entertainment, Design (TED)
Talks, allowing the problem of lip recognition to be addressed in more realistic and variable contexts.
Different model architectures have been proposed and tested on these databases, further improving lip
reading performance. For example, the SyncVSR model [38] introduced an end-to-end learning framework
that uses quantized audio for crossmodal supervision at the frame level, synchronizing visual representation
with acoustic data. Wand et al. [39] suggested a deep model technique in which they directly extracted
features from the ROI pixels using fully connected layers and modeled the sequence temporal dynamics
using the architecture of LSTM. Other approaches use a different architecture, combining DResNet-18 with
a bidirectional Long Short-Term Memory network (BiLSTM) with integration of Vosk and MediaPipe to
emphasize preprocessing and data augmentation techniques to improve model robustness [40] or a 3D
convolutional network with ResNet-18 in the initial stage and a temporal model in the subsequent stage, using
the mouth region of interest as input [41]. Recent advancements also include the work of Ogri et al. [42],
who proposed a novel lip-reading classification approach based on DL, integrating optimized quaternion
Meixner moments through the Grey Wolf Optimization (GWO) algorithm, achieving improved feature
extraction and classification accuracy for VSR tasks. This method demonstrates the potential of optimization
algorithms in enhancing feature representations for lip-reading, complementing traditional DL architec-
tures. Additionally, techniques such as data augmentation, self-distillation, and word boundary indicators are
applied to enhance recognition accuracy. Another significant approach is DC-TCN, which integrates dense
connections into temporal convolutional networks to capture more robust temporal features, improving
recognition accuracy on datasets such as LRW and LRW-1000 [43]. In addition, techniques such as visual
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attention and the use of phonetic subunits have been explored to address the inherent ambiguities of lip-
reading. For example, the use of attention mechanisms to aggregate visual representations of speech and
the adoption of phonetic sub-units allowed better modeling of task ambiguities, improving performance on
benchmarks such as LRS2 and LRS3 [44].

Several studies have also contributed non-English datasets and methodologies to expand lip-reading
capabilities beyond the English language, addressing a significant gap in the field by exploring linguistic
diversity and developing systems adaptable to various cultural and linguistic contexts. For example, a mobile
device-based lip-reading system to identify Japanese vowel sequences created especially for laryngectomees
is proposed by Nakahara et al. [22], showing how flexible lip-reading models like YOLOv3-Tiny can be to meet
the needs of different users even with small datasets. In order to train with little data, the system incorporates
Variational Autoencoders (VAE), achieving a recognition accuracy of 65% for word recognition, with room
for improvement through user-specific customization. Instead, Arakane et al. [45] concentrate on Japanese
sentence-level lip-reading and introduce a Conformer-based model, challenging the dominance of English-
based datasets and highlighting the importance of adapting lip-reading systems to different languages and
sentence structures. A similar procedure has also been followed by Pourmousa et al. [46] to overcome the
absence of Turkish lip-reading datasets. Their model’s respectable recognition accuracy for adjectives, nouns,
and verbs, despite its small size, highlights, again, the importance of creating non-English datasets to enhance
lip-reading abilities for a variety of languages. In a different way, Yu et al. [47] emphasize the importance
of using AVSR to preserve endangered languages like Tujia. Their work demonstrates the value of audio-
visual integration in enhancing language recognition, which is crucial for both cultural preservation and the
development of robust speech recognition systems in underrepresented languages.

Despite the advances, several challenges remain. As documented in recent literature, the performances
of automatic lip-reading systems show significant variation depending on the datasets used and the architec-
tures of the implemented models [48]. Across various databases such as AVLetters, CUAVE, GRID, OuluVS2,
LRW, and BBC-LRS2, reported accuracies range from relatively modest values to very high results, indicative
of substantial progress achieved by Deep Neural Networks (DNNs). The results indicate that DNN-based
architectures have significantly improved lip-reading performance compared to traditional methods, with
accuracy gains that can exceed 20% compared to more conventional systems [21]. One significant issue is the
inherent ambiguity in lip movements for different phonemes, which can impact accuracy [49]. Additionally,
while many models show promise in controlled environments, their performance can degrade in more varied
real-world settings, such as in clinical or caregiving contexts [50]. Effective communication is crucial in
healthcare settings, particularly for patients recovering from surgical interventions affecting speech, who
often encounter significant challenges in expressing basic needs, discomfort, or urgent medical concerns. The
inability to communicate efficiently can result in heightened frustration, delayed medical responses, and a
negative impact on overall well-being, underscoring the urgent need for alternative assistive communication
technologies. Addressing these limitations is essential to developing usable and responsive VSR systems
tailored to real-world medical needs. Another crucial challenge is the language dependency of visual speech
recognition systems. The diversity of languages and accents poses a significant hurdle for these technologies.
Different languages have unique phonetic structures and lip movements, making it difficult to create a
universal lip-reading system. Moreover, even within the same language, variations in accents and dialects
can impact the accuracy of recognition. This challenge necessitates the development of language-specific
models and diverse training datasets to improve system generalizability and performance across different
linguistic contexts.
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Most recent studies remain focused on large-scale, language-specific datasets (primarily in English)
and often rely on high-performance computing resources, limiting their applicability in real-time, resource-
constrained environments such as clinical settings. Additionally, while multimodal fusion has enhanced
recognition in noisy contexts, limited attention has been given to supporting patients with speech impair-
ments in emergency scenarios, particularly in underrepresented languages like Italian. In contrast to
prior work, our study addresses these gaps by introducing a custom Italian-language dataset tailored for
medical communication, employing a lightweight model architecture optimized for deployment on low-
cost hardware. Furthermore, we prioritize the system’s robustness in real-world healthcare environments,
where articulation variability and device constraints present unique challenges not fully explored in
existing literature.

1.2 Aim of the Study
This study aims to address these challenges by bridging the gap between DL-based VSR and its

practical application in clinical rehabilitation, focusing on the recognition of a set of common Italian
words essential for basic communication, explicitly designed for individuals recovering vocal abilities after
surgical interventions, whether the vocal impairment is temporary or permanent. Unlike general-purpose
VSR systems, which often prioritize sentence-level recognition, this study focuses on the recognition of
individual words. This choice enhances efficiency, accessibility, and real-time usability, acknowledging the
significant communication barriers patients face during recovery. The need to accelerate interaction and
reduce cognitive load–especially for individuals already experiencing emotional or physical distress–is a
key motivation behind this approach. The carefully curated vocabulary consists of twenty-five Italian terms
drawn from semantic fields such as Needs, Questions, Answers, Emergencies, Greetings, Requests, and
Body Parts. These terms were selected as high-frequency, contextually relevant words, to address immediate
and essential communication needs, enabling recovering patients to quickly convey critical information
or requests in caregiving and clinical settings. This capability is crucial in medical emergencies where a
patient may need to quickly communicate acute pain (e.g., “pain”), call for assistance (e.g., “help”), or
specify affected body parts (e.g., “head”, “chest”) to healthcare providers. Additionally, the ability to ask
for information (e.g., “how”, “why”) or respond to medical staff with simple answers (e.g., “yes”, “no”,
“bad”, “good”) is essential for effective cooperation and timely care. This focus not only accelerates the
communication process, and ensures that patients can quickly convey essential information, facilitating
timely and effective caregiving in urgent medical scenarios but also empowers users by providing them
with a practical tool tailored to their specific circumstances, enhancing patient autonomy, and fostering a
more responsive interaction between patients and healthcare providers. By leveraging state-of-the-art DL
techniques, including spatiotemporal convolutional networks and bidirectional recurrent neural networks,
the study explores the potential of lip-reading systems to improve patient outcomes. The main objective was
to develop and evaluate a functional system specifically designed for medical emergency communication
scenarios, supporting individuals during the recovery process by offering an accessible and efficient solution
for overcoming temporary communication barriers in urgent and critical situations. To the best of our
knowledge, only a few applications explicitly target the usage of lip-reading technologies in post-surgical
recovery contexts, emphasizing individual word recognition to facilitate rapid communication in real-
world caregiving and clinical environments. Moreover, this is the first study specifically targeting the
Italian language, emphasizing the unique challenges and opportunities in adapting lip-reading technologies
for non-English languages, particularly those with fewer resources and linguistic tools available. This
research highlights the importance of tailoring VSR systems to specific real-world contexts, bridging the gap
between experimental advancements and practical applications. In addition to setting a standard for creating
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accessible and efficient VSR solutions for underserved languages, this study advances the development of
VSR technologies by addressing the specific needs of people with vocal impairments and highlighting the
potential of VSR to enhance communication, support recovery, and improve the overall quality of life for
those affected.

The next sections of this article are organized as follows. In Section 2, the dataset creation and processing
are described, along with the proposed lip reading model architectures, the training procedures, and the
metrics used to assess performances. Section 3 presents the obtained results and the proposed model’s
performance and provides a detailed analysis of the findings, discussing the implications and the limitations
of our study and potential areas for future research. Finally, Section 4 draws conclusions, highlighting our
contributions and proposing directions for future research.

2 Materials and Methods
In this study, a DL-based automatic lip-reading system tailored to recognize Italian words is proposed.

The selected words are essential for basic communication and urgent assistance targeting individuals with
temporary or permanent vocal cord impairments while recovering from surgery. This section describes
the methodologies employed to perform the proposed task, outlining the dataset construction and the DL
model’s architecture, along with the experimental setup and evaluation protocols employed to validate our
approach. Specifically, we provide the rationale for vocabulary selection, a detailed description of the data
collection protocol and the defined controlled conditions, an overview of pre-processing steps, the design
and training of the deep learning model, and the metrics and evaluation procedures used to assess the
performance of the model.

2.1 Dataset Construction and Preparation
The following subsections describe the data acquisition protocol, the frame processing, and the

employed data augmentation techniques, respectively.

2.1.1 Dataset Acquisition
The first step in this study involved constructing a database specifically tailored for Italian language

VSR. A vocabulary of twenty-five Italian terms was carefully selected, focusing on words essential for
everyday communication and urgent assistance. These terms were drawn from seven semantic fields: Needs,
Questions, Answers, Emergencies, Greetings, Requests, and Body Parts. This curated approach was designed
to prioritize high-frequency, contextually relevant words that are critical for facilitating communication, par-
ticularly for individuals recovering from vocal cord impairments, either temporarily or permanently. Table 1
shows the composition of the vocabulary, outlining the selected words and the semantic fields they belong to.

Table 1: Composition of the vocabulary for the study. The selected Italian words are divided according to the semantic
fields to which they belong. For the sake of clarity, their English translations have been provided

Semantic field Selected words
Needs Hunger, thirst, toilet, help

Questions How much, why, how
Answers Yes, no, thanks, please, bad, good

Emergencies Pain, urgent
Greetings Hello

(Continued)
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Table 1 (continued)

Semantic field Selected words
Requests Friend, family

Body parts Harms, legs, stomach, chest, head, feet, hands

The database aimed to capture diverse variations in lip movements and ensure its applicability in real-
world caregiving and clinical settings. To do so, five subjects (three males and two females) were recorded
using a system specifically developed for the automatic acquisition of RGB and depth videos.

The recordings were conducted with the Intel RealSense SR305 RGB-D camera, a device that employs
structured light techniques for depth calculation via spatial multiplexing, ensuring precise depth measure-
ment [51]. To ensure precise temporal and spatial alignment, the system features built-in synchronization
between RGB and depth streams, which is critical for maintaining data consistency during subsequent
preprocessing. The Intel RealSense pipeline was configured to capture RGB and depth video streams simulta-
neously at a resolution of 640 × 480 pixels and a frame rate of 30 frames per second (FPS), ensuring sufficient
temporal resolution for lip-reading tasks. To ensure consistent mapping between depth and RGB frames, an
alignment object (rs.align) was employed, aligning depth data directly with the corresponding RGB frames.
Moreover, to enhance the clarity and visualization of depth images, the contrast-limited adaptive histogram
equalization (CLAHE) technique was applied in order to enhance the contrast of the images while preserving
essential details. The depth images were then converted to grayscale and subsequently transformed into 8-
bit images for efficient processing. To further enhance visualization, a Jet color map was applied, adding a
heatmap-like effect that aids in distinguishing depth variations more effectively.

For each video acquisition, an interface displays the real-time depth maps processed and aligned with
the corresponding RGB frames, alongside two randomly selected words from the chosen vocabulary (Fig. 1).
We have anonymized the image in question as far as possible considering that the image itself is representative
of the data being acquired and processed. Nonetheless, we confirm that we conducted the study according
to GDPR rules and that informed consents are available from all participants.

Figure 1: Data acquisition example, respectively showing a) depth video frame, b) corresponding RGB video frame,
and c) the two randomly selected words from the vocabulary (translated from Italian)
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Simultaneously, if the recording process was active, synchronized RGB and depth frames were saved
into their respective video files, along with annotation files in the “.align” format to ensure proper labeling
and association with the captured data. Each recording session was limited to a duration of 3 s per video. This
duration was selected as an optimal balance between minimizing memory overhead during neural network
training and providing sufficient time for the subjects to articulate the two randomly chosen words that
appeared on the user interface. Throughout the data collection process, a total of 2664 videos were recorded,
providing a robust dataset for subsequent analysis and model training. A summary of the custom dataset
created for this study is reported in Table 2.

Table 2: Summary of the custom dataset created for the study

Metric Subjects Words per
video

Video
length

Modalities Device Resolution Frame
rate

Total
videos

Value 5 2 3 s RGB +
Depth

RealSense
SR305

640 × 480
pixels

30 FPS 2664

2.1.2 Frame Processing for Mouth Recognition
The acquired videos from the dataset were preprocessed to isolate the Region of Interest (ROI)

corresponding to the subject’s mouth, significantly reducing the data volume processed by the model. This
optimization not only improves computational efficiency by limiting unnecessary computations but also
enhances recognition accuracy by eliminating irrelevant background features that could introduce noise.

The processing pipeline, illustrated in Fig. 2, outlines the systematic approach undertaken to refine the
depth data.

The initial steps in the processing pipeline were designed to isolate the facial area while effectively
removing extraneous elements, such as shoulders or inaccuracies in the depth map. These operations focused
on enhancing the relevance of the depth data while retaining the largest connected region in the depth map
corresponding to the subject’s face. First, a thresholding operation was applied to the depth pixel intensities
to suppress the background and partially or fully eliminate shoulder regions inadvertently captured by the
camera. Subsequently, a secondary filtering operation was implemented to remove pixel islands containing
irrelevant information. This size-based criterion ensured that any residual shoulder sections not eliminated
in the first step were completely removed while still preserving the largest connected region in the depth
map, which always corresponded to the subject’s face in the chosen acquisition setup. Interpolation using the
OpenCV inpaint function fills any missing data in the depth map, producing a continuous representation of
the subject’s facial features.

After isolating the face region, additional steps were taken to extract the mouth region accurately, which
is essential for the visual speech recognition task. To achieve this, the cropped depth map, now containing
only the facial area, underwent further refinement to localize the ROI corresponding to the mouth. First,
the largest inscribable rectangle on this depth map is identified, and the vertices of this rectangle provide the
coordinates used to crop only the central portion of the face. The process focuses the analysis on a region rich
in meaningful gradients, avoiding disruptions caused by background discontinuities. The use of a Gaussian
filter smooths out noise and abrupt variations in the depth map, creating a more consistent representation
of facial structures. Following this, the Sobel gradient was applied to enhance discontinuities and detect key
facial features such as the forehead, eyes, nose, and lips.
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Figure 2: Frame processing pipeline to extract a ROI containing the mouth from the whole image

Then, the cropped depth map was analyzed to identify and exclude non-relevant portions of the face
by leveraging the geometric and spatial properties of facial features. First, a horizontal summation of the
intensity values within the processed depth map was computed, resulting in a profile of discontinuities across
the vertical axis. From this profile, peaks exceeding 60% of the mean prominence, which correspond to areas
of significant depth variation, such as the contours of the lips, were identified. The final two peaks in the
profile were determined to represent the upper and lower lip positions. The midpoint between these peaks
was calculated to provide the vertical coordinate for the center of the mouth. For the horizontal coordinate,
the midpoint of the previously identified inscribable rectangle enclosing the face was used. This approach,
depicted in Fig. 3, ensured accurate localization of the mouth region, setting the stage for subsequent visual
speech recognition tasks.

Since the video recordings show dynamic speech patterns, the vertical coordinates of the mouth change
from frame to frame. To capture these variations more smoothly and accurately, a fifth-order Butterworth
low-pass filter with a cutoff frequency of 2 Hz was applied to eliminate high-frequency noise and ensure
that the mouth’s coordinates were stable and representative of the subject’s movements during speech. With
these filtered coordinates, a ROI can be extracted for each frame. Since the RGB and depth videos were
synchronized, extracting the corresponding ROI from the RGB frames became straightforward.
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Figure 3: Discontinuities profile calculated across the vertical axis on the cropped depth map. The last two peaks
represent the upper and lower lips’ positions (red line), while the center of the mouth is the midpoint between these
two peaks (green line)

2.1.3 Data Augmentation
In order to enhance the quality and variability of the acquired recordings necessary for training, a

pipeline (Fig. 4) was designed to process input videos using data augmentation techniques.
This approach aligns with common practices in computer vision, where data augmentation is crucial

for improving model generalization, as demonstrated in different studies [52–54]. The first step of the
pipeline is contrast enhancement, where the contrast of the video frames is increased by a factor of 2.5.
This contrast boost is essential for improving the visibility of the mouth, making it easier for the model
to focus on the relevant features for lip reading. The frames with enhanced contrast are then saved in
a dedicated directory and included in the dataset for further use. Following the contrast enhancement,
horizontal flipping is applied to the videos to help the model become more robust by exposing it to variations
that reflect real-world conditions. In addition, a portion of the videos is randomly selected to undergo
brightness adjustment. This simulates varying lighting conditions, further enhancing the model’s ability to
handle different real-world environments.

The resulting augmented dataset consists of 6394 videos, including 2664 enhanced contrast videos, 2664
horizontally flipped videos, and 1066 videos with casual brightness modifications.

2.2 Automatic Visual Speech Recognition
The following subsections describe the employed architecture and the metrics adopted for the

evaluation.

2.2.1 Deep Neural Network Architecture
The proposed lip-reading model leverages a hybrid architecture combining 3D convolutional networks

(Conv3D) and bidirectional Long Short-Term Memory networks (BiLSTM), as it provides an optimal balance
between accuracy and computational efficiency. The model architecture, as shown in Fig. 5 has a series of 3D
convolutional layers to extract temporal and spatial features from the input videos passed into the model as
a batch of 2.
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Figure 4: Data augmentation steps followed for database construction

The input data size, corresponding to the ROI containing the mouth, is 46 × 140 for each frame for a
total of 75 frames per video. The first convolutional layer applies 128 3D filters with a kernel size of 3 × 3 × 3,
followed by a ReLU activation and 3D max-pooling with a size of 1 × 2 × 2 to reduce spatial dimensionality.
The kernel size will remain the same for all the convolutional steps. The second convolutional layer applies
256 3D filters, followed by another ReLU activation and 3D max-pooling. A third convolutional layer with
75 3D filters continues feature extraction and is also followed by ReLU activation and 3D max-pooling.
The extracted features are then processed through a Time Distributed Flatten layer, which flattens spatial
dimensions while preserving the temporal dimension. Subsequently, the model utilizes two BiLSTM layers,
each with 128 units and an orthogonal kernel, to capture bidirectional temporal dependencies in the video
signal. Lip-reading is inherently sequential and context-dependent, where each frame is influenced by the
preceding and following frames. BiLSTMs are particularly effective in capturing long-range dependencies
in sequential data while maintaining relatively low computational complexity compared to transformers,
naturally preserving sequential order and dependencies through their recurrent nature, making them
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particularly well-suited for speech-related tasks such as lip-reading. Each BiLSTM layer is followed by 50%
dropout to prevent overfitting. The final layer of the model is a dense layer using Softmax activation to
produce probabilities over a vocabulary size equivalent to the number of characters plus one for the blank
token. The output is a raw textual string containing blank tokens and repeated characters, which is then
aggregated, producing a string consistent with the words enunciated in the video.

Figure 5: Overview of the model architecture which combines a Conv3D and a BiLSTM

2.2.2 Training and Metrics Evaluation
Following the preprocessing procedures detailed in Sections 2.1.2 and 2.1.3, the training of the lip

reading model was carried out on the obtained dataset consisting of RGB-D videos with their corresponding
transcriptions, randomly split into training and test sets, respectively 90% and 10% of the total videos.
The training set was further split, allocating 90% of the training data for actual training and 10% for
validation purposes.

The model ran for a total of 51 epochs using a batch size of 16, with each epoch contributing to refining
the temporal and spatial feature extraction capabilities of the network. The training was executed locally on
a system equipped with a NVIDIA GTX 1660 Super GPU, featuring 6 GB of VRAM. This setup provided the
necessary computational power to handle the high-dimensional data involved in processing video frames,
with each frame containing detailed spatial and temporal information. For the training procedure, the
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model was optimized using the Adam optimizer, which is widely known for its efficiency in handling
sparse gradients and ensuring stable convergence during training [55]. The initial learning rate of 0.001 was
adjusted dynamically using a scheduler, which reduced the learning rate after 45 epochs to further fine-tune
the model and prevent overfitting. This setup allowed the model to progressively learn from the dataset,
improving its accuracy and generalizability in lip-reading tasks. The model also employs the Connectionist
Temporal Classification (CTC) loss function for handling variable-length input sequences, such as videos
of different durations, where there is no predefined alignment between input video frames and output text
transcriptions. Fig. 6 shows the trend of the loss function throughout the entire training process.

Figure 6: Loss function trend during training

Table 3 summarizes the training configurations and hyperparameters used to train and validate
the model.

Table 3: Summary of the training configuration and hyperparameters used for the lip-reading model

Parameter Dataset split Batch
size

# of
epochs

Optimizer Initial
learning

rate

Learning
rate

scheduler

Loss function

Value 90%
Training–10%

Test

16 51 Adam 0.001 Reduction
after 45
epochs

Connectionist
temporal

classification

To evaluate the effectiveness of the neural network in recognizing spoken words from the acquired
videos, accuracy was chosen as the primary evaluation metric. Per-class accuracy was calculated by deter-
mining the ratio of correct predictions to the total number of predictions made for each class (i.e., individual
words). These metrics allow for evaluating the identification of each specific word in the target set, providing
insight into the performance of the network on individual vocabulary items.
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For each word in the target set, the number of correct recognitions was compared to the total
occurrences of that word in the videos, reflecting the model’s ability to accurately recognize each word under
real-world conditions. The overall accuracy of the neural network was then summarized by calculating the
average accuracy across all target words in the dataset to give a comprehensive measure of the model’s
performance in word-recognition tasks.

Following inference, a verification technique was implemented to assess the words predicted by the
neural network, aiming to correct erroneous predictions that do not correspond to meaningful words. To
this aim, the Levenshtein distance metric was employed, quantifying the minimum number of operations–
insertions, deletions, or substitutions–required to transform one string into another, thus refining predictions
without introducing semantic biases. The rationale behind choosing Levenshtein distance lies in its suitability
for character-level error correction. Since the model predicts words as sequences of individual characters,
recognition errors typically manifest as minor discrepancies within a word rather than as complete misclas-
sifications of one word for another semantically distant word. The correction process involved comparing
each predicted word against the twenty-five words in the predefined vocabulary. The algorithm computed
the Levenshtein distance between the predicted output and each word in the dataset. If the predicted word
was not present in the vocabulary, the word with the smallest distance was selected as the most probable
replacement. In cases where multiple words had the same minimum distance, the algorithm prioritized
correction based on network confidence, selecting the word associated with the lowest prediction accuracy to
optimize overall system performance. This approach is particularly effective in mitigating recognition errors,
especially when words are phonetically similar or affected by noise and visual distortions. Furthermore, an
accuracy metric was introduced to evaluate the system’s ability to recognize sequences of two consecutive
words. The Levenshtein distance was used to compare the predicted sequence with the ground-truth
sequence, and the computed distance was normalized by the total length of the string. The resulting value was
then subtracted from 1, yielding the final sequence accuracy score. This score was expressed as a percentage
by multiplying the result by 100, providing a quantitative assessment of the model’s performance in word
sequence recognition.

3 Results and Discussion
The following section reports the results obtained regarding the neural network model’s ability to

recognize single words and strings from the provided videos and discusses the potential and limitations of
the study in the current research landscape.

Table 4 presents the string mean accuracy, which evaluates the correct recognition of the two-word
sequences, and the word mean accuracy, which assesses the precision of individual word recognition,
calculated across all the videos in both the training and test sets.

Table 4: String mean accuracy and word mean accuracy calculated on the training set and on the test set

String mean accuracy (%) Word mean accuracy (%)
Training set 99.37 98.09

Test set 97.02 92.92

Accuracy was chosen as the primary performance metric as it effectively reflects the percentage of
correctly predicted words in the data set. Unlike traditional classification tasks, our model operates at the
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character level, generating sequences of individual letters for each input video. These sequences are subse-
quently processed to reconstruct the corresponding word. Due to this character-based sequence prediction
approach, traditional classification metrics such as precision, recall, and F1-score, which typically rely on
discrete class assignments and confusion matrices, are less suitable. In our case, misclassifications occur at
the letter level rather than at the word level, meaning the system does not directly confuse one complete
word with another but may instead produce minor errors in individual letter predictions. Considering
these characteristics, accuracy provides a meaningful and interpretable measure of the system’s effectiveness
in correctly reconstructing entire words, which is particularly relevant for the clinical emergency context
targeted by this study.

The model shows strong performances on both the training and test sets, with only a slight decrease in
accuracy when moving from the training to the test data. The decrease in accuracy between the training and
test sets, both in string and mean accuracy, is typical in AI tasks and reflects the challenges of generalizing to
unseen data, especially in dynamic and complex tasks like lip-reading, where factors like lighting variations,
mouth shape, and articulation might affect performance in real-world scenarios. Notably, the higher String
Mean Accuracy compared to Word Mean Accuracy in both sets suggests that while the model may introduce
minor errors at the word level, it still maintains a high ability to correctly classify word sequences.

Table 5 shows the average accuracy values and the corresponding standard deviations (std) calculated
by considering all the target words present in the videos of the test set, both before and after the application
of the Levenshtein distance correction.

Table 5: Word mean accuracy and standard deviation (Std) before and after the Levenshtein distance correction on the
test set

Word mean accuracy (%) Std (%)
Before correction 92.92 7.66
After correction 96.4 5.42

The mean accuracy metrics before and after the application of the Levenshtein distance correction on
the test set highlight the effectiveness of the developed method in enhancing recognition performance: after
word correction using the Levenshtein distance to refine predictions, the average accuracy increased from
92.92% to 96.4%, while reducing the standard deviation from 7.66% to 5.42%. Moreover, Fig. 7 provides
an indication of the mean accuracy values for each individual word before and after the application of the
Levenshtein distance correction on the test set.

Specifically, Fig. 7 provides a comparison between the baseline of accuracy values (before the application
of the Levenshtein distance correction), showing the accuracy of the neural network in recognizing each
word without any correction and the improvement in accuracy after applying the implemented correction
technique, where predicted words were adjusted based on their proximity to the correct words in the selected
vocabulary, calculated using the Levenshtein distance. This comparison further justifies the implementation
of this correction technique for the purpose of our study.
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Figure 7: Individual accuracy of each word before and after the application of the Levenshtein distance correction

The results obtained from this study demonstrate promising performance in lip-reading for recognizing
common words that are essential for basic communication. Moreover, to the best of our knowledge, this is
the only study that involves an Italian term vocabulary for lip-reading purposes, addressing a critical gap in
VSR research, which has predominantly focused on English-based datasets.

The use of Conv3D and BiLSTM architectures plays a crucial role in the model’s effectiveness: Conv3D
networks are well-established for their ability to capture both spatial and temporal features from video
data, which is essential for tasks like lip-reading, where the movement of the lips over time is integral
to understanding the words being spoken, while BiLSTM networks are particularly effective for sequence
modeling tasks because they capture dependencies in both forward and backward directions, allowing the
model to understand the context in a temporal sequence. This bidirectional approach has been shown to
significantly improve performance in lip-reading tasks [24], as the combination of these architectures allows
the model to better capture the dynamics of lip movements, leading to enhanced word recognition accuracy.

A key advantage of the proposed method is that it does not require explicit word boundaries or
manual segmentation, which is a common challenge in traditional lip-reading approaches. Unlike con-
ventional systems that rely on predefined time markers to segment words within a continuous speech
sequence [27,29,31,32], our model is designed to predict words as character sequences using a CTC loss
function. This approach eliminates the need for frame-level alignment, allowing the network to dynamically
learn the relationship between lip movements and the corresponding text output. Compared to existing
works that employ complex segmentation pipelines or require large-scale datasets for supervised frame-level
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annotation [28,36,38], our approach reduces preprocessing overhead and simplifies the training process.
The absence of word segmentation constraints makes the system more flexible and robust, particularly in
real-world medical communication scenarios, where patients may produce non-standardized, irregular, or
interrupted speech patterns due to their condition. Additionally, the Levenshtein-based post-processing
correction mechanism further enhances prediction reliability by refining outputs at the character level rather
than depending on strict word boundaries. This is particularly beneficial in low-resource environments,
where speech-impaired individuals may communicate with variable articulation speeds or pauses, making
rigid segmentation impractical. However, while this design increases generalizability, it may also lead to
challenges in recognizing words with highly similar viseme patterns, especially in cases of limited training
data, as minor differences in articulation can be difficult to capture without explicit temporal cues.

The employment of a low-cost 3D camera setup provides significant advantages over traditional 2D
cameras, particularly in capturing detailed three-dimensional facial features. The ability to detect the depth
and angles of lip movements allows the model to gain a more accurate understanding of lip dynamics,
which is critical for tasks like lip-reading. Moreover, the application of an efficient ROI selection procedure
allows the model to operate efficiently even with consumer-grade graphics hardware. By selecting a specific
ROI within the video frames, the network can focus on the most relevant part of the image, reducing the
computational load associated with processing the entire frame, not only boosting computational efficiency
but also enhancing the model’s ability to make accurate predictions in real-time, even under resource
constraints. This approach not only improves performance but also opens up the potential for real-world
applications in low-resource environments, where cost-effective solutions are essential. Beyond improving
local performance, this approach also facilitates scalability through cloud-based computing, leveraging
GPU-accelerated servers to process lip-reading inputs remotely. This would make it possible to transfer
computationally demanding tasks from edge devices to remote servers, guaranteeing real-time performance
even on low-power hardware like mobile devices or embedded systems. It would also maximize inference
efficiency by striking a balance between local processing and cloud support to guarantee low latency
while consuming the least amount of bandwidth. Cloud-based deployment could also facilitate centralized
model updates, enabling continuous improvements without requiring direct modifications to end-user
devices. By reducing hardware and computational requirements, this approach can provide a practical and
scalable solution, especially in resource-constrained situations, such as mobile or emergency settings where
traditional high-performance computing resources may not be available. Indeed, this study has demonstrated
exceptionally high performance in recognizing the target words, showing significant potential for lip-reading
technologies in real-world applications, especially in contexts where quick and accurate word recognition is
critical, such as in emergency settings.

Comparing the obtained results with other studies focusing on a similar approach, the proposed
approach achieves superior performance. In this sense, Prashanth et al. [24], employing similar network
architectures, reported a word accuracy of 92.04% on the GRID audiovisual sentence corpus, which is
commonly utilized in English language lip-reading projects. While their architecture shares similarities
with ours (such as the combination of CNN and LSTM modules), several distinctions must be highlighted.
While their results validate the strength of spatiotemporal feature extraction and recurrent processing, the
proposed approach achieves a higher accuracy of 96.4%, demonstrating its robustness in handling isolated
word recognition. The improved performance can be attributed to task-specific optimizations, such as
the integration of a depth-based input stream, which enriches visual feature representation, particularly
for subtle articulatory movements, and applies a carefully designed ROI selection focused on the mouth
area, reducing background noise and irrelevant facial movements. Moreover, our Levenshtein distance-
based post-processing refines the output by correcting minor character-level errors, ensuring more accurate
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word reconstruction. These task-specific optimizations contribute to our higher accuracy of 96.4%, despite
operating in a real-world, clinically oriented dataset rather than a controlled laboratory corpus. In contrast,
Matsui et al. [26], in their work using a mobile device-based speech enhancement system tailored for
laryngectomees rehabilitation, achieved a word recognition rate of 65% on a vocabulary of twenty Japanese
words on the first candidate for prediction, reaching 100% only considering up to the third candidate,
while Nakahara et al. [22] obtained 63% recognition accuracy with a single subject and a vocabulary size
of twenty words. While their approach highlights the potential of mobile-friendly lip-reading solutions, the
significantly lower accuracy in first-choice predictions suggests limitations in handling word differentiation
without additional context or ranking mechanisms. By comparison, our model consistently achieves high
accuracy on the first predicted word without the need for multiple candidate evaluations, which is critical for
real-time communication in medical and emergency settings where delays or ambiguities can compromise
patient interaction. These comparisons underline the robustness and effectiveness of the proposed method-
ology, particularly in scenarios involving limited vocabulary sizes, such as assistive communication for
speech-impaired individuals, demonstrating that language-specific adaptations, depth-enhanced processing,
and post-recognition refinement techniques contribute to achieving superior performance compared to
prior works.

However, challenges remain, particularly related to the inherent ambiguity in lip movements, which can
lead to confusion between visually similar words, especially in cases where the words share visual or phonetic
features, making them difficult to distinguish in a purely visual task [31]. Furthermore, the generalization of
the model to diverse real-world environments introduces additional difficulties, such as variations in lighting,
camera angles, and background noise, all of which can distort visual input and affect the model’s ability to
identify words accurately.

In terms of word accuracy, most words achieved recognition rates above 95%, with most words achieving
very high recognition rates. However, certain words, like “bad” and “hands” (in Italian “male” and “mani”)
showed lower accuracies of 78% and 86%, respectively, showing a discrepancy with respect to the other
selected words that can be attributed to multiple factors. Firstly, both words involve lip movements that
are less distinctive and more easily confusable with other words in the dataset due to similar viseme
patterns (for example, the bilabial consonant /m/ in “male” and “mani” appears in other words as well,
reducing discriminability). Visual ambiguity is a major challenge, as mentioned earlier, where similar
phonetic or lip movement patterns between words can hinder recognition. Additionally, pronunciation
differences across individuals can introduce variability in how words appear visually, further complicating
recognition. Slight variations in speed or style of articulation among different speakers may alter the way
lip movements are perceived, adding an additional level of difficulty for lip-reading patterns, so they may
have introduced inconsistencies during training, particularly for words of shorter duration or with faster
transitions between phonemes.

Several strategies can be considered to improve the model’s performance and address these challenges.
Increasing the diversity of the training dataset is essential for improving the generalizability and robustness
of the model in real-world scenarios. This can be achieved by incorporating a broader range of subjects with
varying facial structures, ethnicities, ages, and speaking styles. In real-world applications, users may interact
with the system under uncontrolled settings, where factors like shadows, occlusions, varying speech speeds,
and facial accessories (such as masks, glasses, and facial hair) could impact recognition accuracy. By training
the model on a more diverse set of conditions, it will be better equipped to handle these variations, leading
to improved performance across different environments. Additionally, expanding the dataset to include
varied recording conditions, such as different lighting setups, camera angles, distances, and background
environments, will help mitigate the risk of the model overfitting to a specific set of conditions. Additionally,
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exploring more advanced model architectures, such as adding more convolutional layers or optimizing
training parameters, could enhance the model’s ability to detect subtle variations in lip movement, which are
crucial for distinguishing between similar words.

To better understand the contribution of each component of the model and optimize its design, future
work will include systematic ablation studies. These studies will involve selectively disabling or modifying
specific elements of the model architecture and training pipeline–such as data augmentation techniques,
the number of convolutional layers, dropout regularization, and feature extraction blocks–to assess their
individual impact on overall performance. By analyzing how the removal or alteration of these components
affects recognition accuracy, we aim to identify the most critical factors that contribute to the system’s
robustness and precision, providing valuable insights into optimizing the balance between model complexity
and computational efficiency, thus ensuring that the system remains both effective and lightweight for
deployment in real-time clinical scenarios.

The current system has been proposed employing a restricted vocabulary size, hence will require more
varied linguistic contexts for further validation. Future work will focus on expanding the dataset to include
a broader range of linguistic elements, incorporating more complex and diversified vocabulary beyond the
current set of essential words, which will further support the system’s application in diverse conversational
contexts. While the current system is primarily optimized for medical emergency scenarios, where rapid
and accurate recognition of a predefined vocabulary is essential, this expansion will contribute to enhancing
the system’s generalizability, handling a wider spectrum of communication needs and supporting real-world
interactions beyond the medical setting, such as natural daily conversations, dialectal variations, and out-
of-vocabulary situations. In particular, increasing the vocabulary size introduces greater variability in lip
movements, as more complex and diverse words often involve a wider range of phonemes and articulation
patterns. This will not only improve the flexibility and applicability of the model but also contribute to the
development of more adaptive and scalable lip-reading solutions.

Another important aspect to consider in future developments is the cross-dataset evaluation of the
proposed model. Cross-dataset evaluation involves training and testing the model on different datasets
to assess its ability to generalize across various recording conditions, linguistic contexts, and speaker
populations. While the current study is based on a custom dataset specifically designed to address the
needs of Italian-speaking individuals in medical emergency contexts, conducting a cross-dataset evaluation
of our system, once comparable resources become available, will be essential to validate its robustness
and adaptability. This type of evaluation will allow us to investigate how well the model can transfer
knowledge from controlled experimental settings to real-world scenarios, as well as identify potential biases
or limitations linked to dataset-specific features. Furthermore, cross-dataset experiments will support the
refinement of the system by exposing it to a wider range of visual and linguistic variations, ultimately
contributing to a more reliable and scalable solution for diverse healthcare and communication applications.

Moreover, to ensure the system’s practical viability in clinical applications, future validation will focus
on real-world testing with patients and healthcare professionals in hospital and rehabilitation center envi-
ronments. This will involve user-centered evaluations, where both patients and clinicians provide feedback
on aspects such as ease of use, comfort, and integration into existing therapeutic workflows. Additionally,
real-world validation will help identify potential challenges in deployment, including variability in patient
demographics, lighting conditions, and interaction styles, which could impact system performance. By
conducting iterative testing in clinical settings, we aim to refine the system to enhance accuracy, robustness,
and adaptability to different medical scenarios, ensuring its effectiveness beyond controlled laboratory
conditions. With this in mind, we aim to further optimize the system for real-world applications and expand
our experimental analysis by examining the impact of various factors on system performance. Specifically, we
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will investigate how vocabulary complexity, environmental conditions, and real-world variability affect the
system’s accuracy and robustness. This analysis will provide valuable insights into the system’s adaptability
and guide future improvements for deployment in clinical and everyday scenarios. Multimodal approaches
could be leveraged to broaden the system’s applicability and enhance its robustness in real-world scenarios.
For example, combining visual data with audio inputs, when available, or contextual understanding, could
be a promising avenue for improving word recognition accuracy, as the complementary nature of audio
and visual information can help reduce reliance on potentially ambiguous visual cues alone, which has
been suggested as a key enhancement for lip-reading systems. This multimodal fusion can help reduce
the system’s dependence on purely visual features, which is especially beneficial for distinguishing between
visually similar words that might be challenging to differentiate based on lip movements alone. Additionally,
using facial expressions, speaker identity, or situational awareness could further refine predictions, making
the system more adaptive and intuitive in real communication settings.

4 Conclusion
Lip-reading is an essential tool for facilitating communication, particularly for individuals with vocal or

hearing impairments and in environments where auditory cues are unreliable, such as noisy or emergency
settings. Despite significant advancements in the field, accurate word recognition remains a challenging task,
primarily due to visual ambiguities in lip movements and variations in pronunciation across individuals.

This study introduces a DL-based automatic lip-reading system specifically designed to aid individuals
with vocal cord pathologies in their daily interactions, addressing the challenges of post-surgical vocal
rehabilitation by focusing on the recognition of a targeted set of commonly used Italian words essential
for basic communication and urgent assistance. Recognizing the significant communication barriers that
patients face during recovery, this method creates an alternative communication tool that prioritizes
simplicity, efficiency, and accessibility by concentrating on word-level recognition rather than processing
entire sentences.

The combination of advanced neural architectures, such as Conv3D and BiLSTM, alongside effective pre-
processing and correction techniques, demonstrates the system’s capacity to achieve high word recognition
accuracy, underscoring its potential for real-world applications. Additionally, it highlights the potential for
leveraging advanced DL architectures in healthcare-focused applications, particularly for enhancing patient
autonomy and accessibility. Furthermore, to the best of our knowledge, this research represents the first
application of automatic lip-reading systems specifically tailored to the Italian language. While the majority
of state-of-the-art models and datasets have been developed for English, this study highlights the challenges
inherent in adapting lip-reading technologies to less-resourced languages, where phonetic-visual variability,
coarticulation effects, and dataset scarcity pose significant obstacles. Given that lip articulation patterns vary
across languages, in the absence of large-scale, high-quality datasets, models trained on English corpora often
struggle to generalize effectively to other languages, leading to reduced recognition accuracy. Although this
study focuses on the Italian language, the proposed approach is inherently generalizable to other languages
and underscores the necessity of expanding technological advancements beyond English-speaking contexts.
By pioneering Italian-language lip-reading, this research not only contributes to the advancement of VSR
applications but also lays the foundation for more globally inclusive and culturally relevant solutions in
speech recognition and assistive communication technologies.
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