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Abstract: Understanding others correctly is of great importance for maintaining effective
communication. Factors such as hearing difficulties or environmental noise can disrupt
this process. Lip reading offers an effective solution to these challenges. With the growing
success of deep learning architectures, research on lip reading has gained momentum.
The aim of this study is to create a lip reading dataset for Turkish digit recognition and
to conduct predictive analyses. The dataset has divided into two subsets: the face region
and the lip region. CNN, LSTM, and 3DCNN-based models, including C3D, 13D, and
3DCNN+BiLSTM, were used. While LSTM models are effective in processing temporal
data, 3DCNN-based models, which can process both spatial and temporal information,
achieved higher accuracy in this study. Experimental results showed that the dataset
containing only the lip region performed better; accuracy rates for CNN, LSTM, C3D,
and I3D on the lip region were 67.12%, 75.53%, 86.32%, and 93.24%, respectively. The
3DCNN-based models achieved higher accuracy due to their ability to process spatio-
temporal data. Furthermore, an additional 1.23% improvement was achieved through
ensemble learning, with the best result reaching 94.53% accuracy. Ensemble learning,
by combining the strengths of different models, provided a meaningful improvement in
overall performance. These results demonstrate that 3DCNN architectures and ensemble
learning methods yield high success in addressing the problem of lip reading in the Turkish
language. While our study focuses on Turkish digit recognition, the proposed methods
have the potential to be successful in other languages or broader lip reading applications.

Keywords: lip-reading; ensemble learning; 3SDCNN

1. Introduction

Lip reading, also known as visual speech recognition, is the ability to understand a
word or phrase in one’s lip movements [1]. With the lip-reading method, individuals with
hearing difficulties can better understand the other side. Lip reading is one of the elements
that strengthen communication not only for individuals with hearing impairment, but also
for individuals without hearing impairment [2]. Individuals unconsciously approve of
the correctness of the word heard from the lip movements of people, especially in noisy
environments. In this context, lip reading is important for the continuity of communication
for both hearing impaired and normal hearing people. At the same time, lip reading
is one of the human-computer interaction tools [3]. The realization of language-specific
lip-reading studies emerges as a necessary element in the communication phase with the
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machines with the advancement of technology. It can be seen as a necessary element for
the processes of communication in human computer interaction.

People unconsciously tend to extract words from the movements of the lips. This
approach is purely due to a visual implication. It is seen in the studies that this process,
which is dependent on visual extraction, can be analyzed with image processing techniques.
In the analysis phase, more and more successful results are obtained with deep learning
methods [4]. When lip-reading studies using deep learning methods are examined, it is
seen that the studies focus mainly on the English language [5-8]. At the same time, it is
seen that there are many data sets for lip reading in English in order to be able to do these
studies. A review of the literature reveals that while there are numerous datasets available
in English, the number of datasets in Turkish is significantly lower. This highlights the need
for a dataset specifically designed for Turkish lip-reading studies.

Lip-reading, or visual speech recognition, is crucial for individuals with hearing
impairments and in noisy environments where auditory information is insufficient. Despite
advancements in deep learning, there is a significant gap in lip-reading research for non-
English languages, particularly Turkish. This study aims to address this gap by creating a
novel dataset for Turkish digit recognition and utilizing various deep learning architectures
as benchmarks for evaluation.

In this study, first of all, we present a novel dataset specifically designed for lip-reading
in Turkish, a language with unique phonetic characteristics. This dataset, focusing on digit
recognition, fills a significant gap in the current literature which predominantly concentrates
on English. The different structures of languages make it difficult for a model that achieves
good in one language to achieve similar results when applied to another language. The
unique phonetic characteristics of the Turkish language pose additional challenges, making
this study particularly significant. Turkish, on the other hand, is even more different from
commonly used languages such as English as an agglutinative language. In this context,
deep learning models, which have achieved successful results in the literature in recent
years, have been experimentally studied on the Turkish data set created in this study. The
successes of the 2DCNN, LSTM and 3DCNN models, which are widely used in other
languages, for the Turkish language were analyzed comparatively. Additionally, one of
the novelties of the article is the use of ensemble learning, aiming to enhance performance
by combining various models. In this study, the models were combined using a majority
voting method, implementing an ensemble learning approach that has not been explored
in previous literature. This innovation represents a significant step in Turkish lip reading
and serves as a potential guide for future studies on different languages and datasets. By
evaluating various deep learning architectures, we aim to establish a benchmark for future
research in Turkish lip-reading. In the next part of this study, lip reading studies in the
literature are included, and in the third part, the stages of creating a data set consisting of
numbers for Turkish, the preprocessing stage of the data set and its training are explained.
In the Section 4, the results are discussed.

2. Related Works

With technological advances, cameras have become smaller and have been integrated
into even mobile phones. This integration allows us to record whenever we want. In line
with these developments, more and more data are obtained day by day. In this way, the
ever-increasing volume of visual data drives more research in image processing and better
results are obtained. In the field of image processing, these studies drive advancements
in areas such as autonomous vehicles and robotic systems. At the same time, with the
emergence of deep learning architectures in the field of image processing, especially in
recent years, the successes in these areas are increasing exponentially.
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The studies on image processing not only pioneer new technologies but also serve the
purpose of improving human life, which is the fundamental meaning of technology. In this
context, studies such as sign language recognition [9] and lip reading [10,11] aim to enhance
the lives of individuals with disabilities. Lip-reading studies, which aim to enhance human
life, have emerged as a crucial area of research in image processing, especially since hearing
aids are less effective in noisy environments. Although a large number of data sets have
been created in lip reading studies that have been studied for many years, it is seen that
more studies have been done on certain data sets. The data sets created for lip reading can
have different contents. It is seen that the content of the datasets is structured as letters,
words, numbers, sentences or a mixture of these.

The OuluVs2 dataset, contains 10 digit sequences repeated 3 times by 52 speakers [12].
The dataset has only mouth regions. GRID, one of the most commonly used datasets,
consists of sentences. The sentences in the GRID dataset are formed according to a certain
structure. This sentence structure, in which 34 speakers repeat 1000 times, consists of
command, color, letter, number and adverb. One of the example sentences is ‘lay green
by A 4 now’ [13]. Table 1 shows the content, class numbers, sample numbers, resolutions,
shooting angle and language details of the datasets, which are seen to be created in different
structures. Fields marked with + in the table represent the content of the relevant column
in the content of that dataset, while fields marked with - indicate that the content of the
relevant column is not represented in the content of that dataset. For example, for the
AvLetters dataset created in 2002, the Alphabet was used, but word and sentence structures
were not used in the dataset.

Table 1. Data Sets [14].

Year Dataset Alphabet Word Sentence Class Resolution Angle Language
2002 AvLetters + - - 26 376 x 288 Front English
2004 CUAVE + - - 10 720 x 480 Front + Side English
2004 AVICAR + - + 720 x 480 Front + Side English
2006 Grid - - + 51 720 x 576 Front English
2009 OuluVs - - + 10 720 x 576 Front English
2015 OuluVs2 - + + 540 1920 x 1080  Front English
2016 LRW - + - 500 256 x 256 Front + Side English
2018 LRS2-BBC - - + 224 x 224 Front + Side English
2019 LRW-100 - - - 1000 256 x 256 Front + Side English

When the data sets in Table 1 are examined, it is seen that the data sets are generally
in English. Although most of the studies are on English, it is seen that there are studies
in other languages. Fu et al. [15] created their own dataset on Chinese and worked with
ShuffleNet and CBAM. In another lip-reading study on Chinese Mandarin, ref. [16] used
a data set called CMLR collected on Chinese television. Ma et al. [17], on the other hand,
reached state of the art on the Chinese Mandarin dialect with a Transformer-based model.
Shin et al. [18] achieved a success rate of 92.67% with a system they proposed with machine
learning algorithms on the Korean language. Data sets in other languages such as Spanish
have also been created [19,20] and related lip-reading studies have been conducted.

When lip-reading studies are examined, it is seen that many studies have been carried
out on the OuluVs2 data set consisting of numbers [21,22]. Petridis et al. [22] used OuluVs2
and different datasets and achieved very high performance using Bidirectional LSTM.
Mesbah et al. [21] achieved 93.72% classification success in the OuluVs2 dataset. When
Assael et al. [23] worked on the GRID dataset, it was seen that they reached 95.2% accuracy.

It is seen that more than one convolutional neural network is used in the models
in lip reading studies [24]. Spatio-temporal data between video frames with multiple
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uses of convolutional neural networks can also be included in the evaluation. One of the
spatio-temporal evaluation methods is the application of the 3D convolution operation. In
the 3D convolution operation, each frame can be evaluated with the frame in front of it.

A review of lip-reading studies using 3DCNN models in the literature reveals high
success rates [25,26]. It is seen that [27] achieved state-of-the-art in their proposed model
by combining the Transformer model and the 3DCNN structure. At the same time, it is
seen that 3DCNN’s used extensively in hybrid models in lip reading studies [25].

3. Material and Method
3.1. Dataset

In this study, we developed a dataset specifically for Turkish digit recognition through
lip reading. The dataset consists of videos where participants spoke digits from 0 to 9, with
each digit repeated five times. This structure results in a dataset containing 10 distinct
classes. Additionally, the dataset includes an extended subset featuring words beyond
digits, enabling broader experimentation. The data was collected from 78 participants,
representing a diverse set of individuals. The data collection procedures were carried
out with the approval of the Usak University Social and Humanities Scientific Research
and Publication Ethics Committee with the approval number 2024-208. Signed informed
consent was obtained from all participants during the data collection phase.

Participants ranged in age from 20 to 55 years, and each participant repeated each
digit five times, yielding a total of 3900 video clips. The videos were recorded using an
iPhone at a resolution of 1080 x 1920 and a frame rate of 30 frames per second (fps). The
videos were saved in MOV format. Preprocessing steps included frame extraction and
isolating the lip regions using the RetinaFace [28] method.

In this study, rotation was applied as a data augmentation technique to increase the
diversity and robustness of the dataset. The video frames were rotated 10 degrees to the left
and 10 degrees to the right to increase the robustness of the dataset by preserving the natural
and unique features of the lip movements. Data augmentation was performed before
splitting the dataset. However, since the dataset was grouped according to participants, the
order of data splitting has no significance for the risk of data leakage. This preserves the
integrity and reliability of the experimental process and supports the validity of the results.

Figure 1 presents demographic details, including the age and gender distribution of
the participants. The data set consists of 57 male and 21 female participants. All participants
are of Turkish origin, and the dataset comprises a total of 3900 video files, representing the
78 participants each reciting 10 digits five times.

As can be seen in Figure 1, while selecting the sample, on the one hand, generalization
was considered, but in order for the system to achieve high performance of the model,
we aimed to distribute the age limit between 20 and 55. In the study of Wong et al. it
was stated that lip movements weaken with advancing age [29]. For this reason, the data
were obtained in a right-skewed distribution. This situation creates a difference in age
distribution in sample selection. Similarly, Schotz et al. examined the effect of variability in
lip movements on motor control skills and found a negative correlation between age and
these skills, which is in parallel with our sample selection [30].

Figure 2 illustrates sample frames from the videos, demonstrating of participants’ lip
movements during the pronunciation of the digits. The videos were recorded from the
front angle, ensuring a consistent view of the participants’ faces.
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Figure 2. Frames of people at the top, middle and bottom saying the numbers 1 (bir), 7 (yedi),
3 (lig) respectively.

The dataset was further processed by cutting 420 pixels from the top and bottom of
each frame to focus specifically on the facial and lip regions. The final frame resolution for
each video was standardized at 1080 x 1080 pixels.

Table 2 provides detailed specifications of the dataset, including participant demo-
graphics, video resolution, and frame rate.

Table 2. Dataset Information.

Feature Details
Dataset Type Front face and lip region
Number of Participants 78
Age Range of Participants 20-55 years
Spoken Digits Digits (0-9)
Repetitions per Digit 5
Total Video Clips 3900
Recording Device iPhone
Resolution 1080 x 1920
Frame Rate 30 fps
Top and Bottom Cut (pixels) 420 pixels
Final Frame Resolution 1080 x 1080

This dataset provides a valuable resource for the development of deep learning models
focused on lip reading for Turkish, filling a gap in the current literature that is heavily
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dominated by English-language datasets. The use of data augmentation and preprocessing
ensures variability and enhances the dataset’s applicability for advanced experimentation.

3.2. Dataset Preprocessing

Preprocessing involves preparing data for use in a machine learning method. This
stage includes cleaning and editing the data and formatting the data for the model. Prepro-
cessing is a part of machine learning that is usually performed before the data is analyzed,
and includes the preparation of the data.

In this study, two subsets was created, consisting of the front face and the lip region.
The dataset was collected by recording 78 participants, aged between 20 and 55, speaking
digits from 0 to 9 in Turkish. Each participant repeated each digit five times, resulting in a
total of 3900 video clips. The recordings were made using an iPhone with a resolution of
1080 x 1920 and a frame rate of 30 fps.

During the preprocessing phase of Dataset] preparation, the videos were converted to
frame format for convolution by making top and bottom cuts. Specifically, 420 pixels were
cut from the top and bottom of the videos to create frames with a resolution of 1080 x 1080.
The cutting area is shown in Figure 3.

1080

J'F_F

420

1920

1080

420

Figure 3. Trimming during data preprocessing.

As shown in Figure 3, after cropping, the videos were resized to a frame format of
1080 x 1080. After this stage, the data was resized to 224 x 224 to reduce training time and
computational costs associated with training of models. During this sampling process, the
total number of frames of the video was sampled at equal intervals. By preserving the
temporal context, multiple video data can be extracted by taking certain segments from
long videos in a sequential order. However, this was not done for the digit dataset. This is
due to the fact that the average length of each video for spoken digits is typically less than
1 s and the pronunciation of digits in Turkish is naturally short.

In deep learning studies, data augmentation techniques are employed to increase the
amount of data. One of the data augmentation methods for two-dimensional images is
affine transformation methods, which include operations such as rotation, scaling, flipping,
and transformation [31]. However, for video data, sampling methods from video frames
are used instead. In this study, specific frames were sampled from each video file. The
frames in the videos were rotated 10 degrees to the right and 10 degrees to the left as part
of the data augmentation process, resulting in a threefold increase in the total amount of
data. The number of data after data augmentation is shown in Table 3.
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Table 3. Number of videos in original and augmented datasets.

Phase Video Count
Original Dataset 3900
After Data Augmentation (Training) 11,700

Detection and Extraction of Lip Regions

In the data set created for DataSet2, the lip region was extracted. The dataset was
then extracted with RetinaFace [28] to focus only on the lip area. RetinaFace is a deep
learning-based object detection algorithm for face detection and landmarks identification.
Beyond verifying the existence of a face, the method is capable of detecting critical regions
on the face (e.g., eyes, nose, mouth and lips) with high accuracy. RetinaFace provides a
powerful solution for the precise detection of lip regions in particular.

Using a ResNet-50 based architecture, RetinaFace is able to perform both face detection
and detection of key points on the face at the same time. In this study, the center coordinates
of the lips are determined using keypoints generated by RetinaFace to extract lip regions
during the face detection process. During this process, the central coordinates of the lips
of the face are taken as the basis and a square area is extracted around this central point,
112 pixels in both directions horizontally and 112 pixels in both directions vertically. Isola-
tion of the lip region was performed by standardizing the frame sizes to 224 x 224 pixels,
so that the original size of 1080 x 1080 pixels was reduced to 224 x 224 pixels. This dimen-
sioning reduces the computational burden of the model while at the same time ensuring
that the details of the lip movements are not lost. Figure 4 shows the extraction process
from the lip region.

Figure 4. Extracting the lip area during data preprocessing.

After extracting data from the videos, data augmentation was performed by rotating
the data 10 degrees to the left and 10 degrees to the right. In this study, data augmentation
was applied using rotation only to increase the variability and robustness of the dataset.
Rotation was chosen as the augmentation technique because it effectively increases the
variability of the dataset without compromising the natural features of lip movements.
With these operations, Dataset] and Dataset2 were ready for deep learning models before
the training, testing and validation of the data.

Grouped 5-fold cross-validation was used to divide the data into training, validation
and test sets. Grouped 5-fold cross-validation ensures a fair evaluation for problems such
as lip reading by preventing the same data from being present in both training and test
sets. The dataset is divided into five groups according to their folder structure and in each
iteration, one folder is assigned as the test set, while the remaining folders are used for
training and validation. The dataset is first divided into a training set of 80% and a test set
of 20%. A validation set of 20% was separated from the training set to be used in processes
such as hyperparameter optimization and early stopping of the model. As a result of this
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splitting strategy, the total data set is organized as 64% training, 16% validation and 20%
test set. The validation set was used only in the training process to evaluate and optimize
the hyperparameter settings. The test set is reserved to measure the final performance of
the model, completely independent of the validation process.

3.3. Deep Learning Architectures

The subject of lip reading, which has been studied for many years in the field of
image processing, was initially tried to be realized with machine learning algorithms, but
today it is tried to be realized with deep learning architectures [32]. When we look at
the deep learning architectures used in lip reading studies, it is seen that convolutional
neural networks are used extensively. In lip-reading studies, it is seen that both 2DCNN-
based methods, 3DCNN-based methods, and 2DCNN and 3DCNN-based models are
used together [33]. Models based on 3DCNN seem to handle spatio-temporal problems
in a more qualified manner. On the other hand, 2DCNN models are seen to be better
in fine-grained operations in feature extraction. In the use of 2DCNN models for video
data, concatenating the frames into a single frame is one of the methods applied in order
not to lose the time context.The choice of models (CNN, LSTM, 3DCNN) was based on
their proven effectiveness in previous lip-reading studies [4,32]. While CNNs are effective
for spatial feature extraction and LSTMs handle temporal dependencies well, 3DCNNs
capture spatio-temporal features better which makes them suitable for lip reading task. The
selection of models was based on successful examples in the literature, with consideration
given to the suitability of each model (CNN, LSTM, C3D, I3D) for the data type.

3.3.1. Convolutional Neural Networks

CNNss are generally used in computer vision applications and are widely used in deep
learning studies such as face recognition and image recognition. Especially in the field
of image processing, the most used model is CNN models. CNN outperforms previous
models in image processing tasks through its effective image inference capabilities [34].
CNNs use more than one convolutional layer for feature extraction and use a combined
set of operations such as pooling layer and activation layer for inference [35]. Convolution
layer is the main feature of CNNs. The advantage of CNN-based architectures is that it
does not require manual feature extraction [36].

3.3.2. Long Short Term Memory

Long-Short term memory is seen as an advanced model of recurrent neural networks.
Recurrent neural networks process the incoming data at once and remember the previous
step [37]. RNNs are also an effective model for sequential tasks, and can give good results
even in non-linear structures thanks to remembering previous information [38]. However,
Hochreiter and Schmidhuber [39] suggested LSTM to eliminate the existing Vanishing
Gradient problem and deficiencies in RNNs. Thus, the existing problems in RNNs were
resolved with LSTM.

3.3.3. 3 Dimensional Convolutional Neural Networks

3DCNN stands for 3D Convolutional Neural Network. It is a deep learning structure
created using layers of neurons and used to recognize patterns from data. Although CNNs
are successful in image processing, it is seen that 3DCNN models are more successful for
spatio-temporal data. The main function of the 3DCNN architecture is to extract deep-level
features from the given data [40]. 3DCNN exhibits higher performance than classical
convolutional neural network models [41,42], evaluates spatio-temporal data [43], and has
better performance compared to long-short-term memory architectures. It is seen that it is
especially useful for video data in terms of low processing and memory requirements.
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In the 3DCNN architecture, another dimension is added to the filters and step values
such as 3 x 3 x 3 or other variations are applied as 1 x 1 x 1 or different variations [43].
3DCNNSs also receive spatio-temporal information in time-dependent images [27]. Thus,
3DCNN s can also deal with temporal data on video data [33,44]. Tran et al. [45] showed
that spatio-temporal information in video data can be extracted using 3DCNN architectures
more successfully than 2DCNN architectures. In this study, models containing both 2DCNN
and 3DCNN were used. One of the 3DCNN models used is the C3D [45] model. The C3D
model can obtain more successful results in video analysis, as it can extract spatio-temporal
information better.

Another 3DCNN-containing model used in this study is the Two-Stream Inflated 3D
ConvNet (I3D) model.The I3D model is presented by researchers from DeepMind and
Oxford University in a paper entitled “Quo Vadis, Action Recognition? A New Model and
the Kinetics Dataset” [46].

3.3.4. Ensemble Learning

One of the most widely used machine learning methods in recent years is ensem-
ble learning. The idea of ensemble methodology, which is a predictive model created
by integrating multiple models, is known as a method used to improve prediction per-
formance [47]. Commonly used ensemble learning methods are bagging, boosting and
stacking [48]. In bagging, the predictions of different trained models are processed using
different methods such as averaging the predictions if it is classification, or averaging the
predictions if it is majority voting or regression. In the boosting method, the models focus
on making up for each other’s shortcomings. In this way, a strong model can be created
and difficult problems can be focused on. In the stacking method, the prediction of each
trained model is used to train the meta-model. Since the basic models of machine learning
are also involved in the stacking method, it can achieve better performance by combining
the strengths of these models.

The basic philosophy underlying the methods used in ensemble learning is to use
more models. As the variety of models trained from ensemble learning increases, the
classification performance of the system also increases. This study aims to improve the
performance of the system by using ensemble learning methodology.

4. Results and Discussion

In this study, CNN, LSTM, C3D, I3D, 3DCNN + BiLSTM models were used in the
training phase of the data set. The performance of these models in the Turkish numeral
dataset was compared. Experiments were performed on DataSetl and DataSet2 separately.
Experiments were performed on NVidia RTX 3060 graphics card using Pytorch deep
learning library.

While we can evaluate the time dimension for 3DCNN models during the training
phase, the frames are concatenated into a single frame in order to evaluate the time dimen-
sion using 2DCNN models. Figure 5 shows the diagram in which the frames are given as
input to the model.

In this study, since lip reading involves both spatial (lip positions) and temporal
(movement flow) information, 3DCNN architectures (C3D, I3D) were preferred. 3DCNN
provides stronger spatio-temporal analysis by preserving connections between frames.
This capability is crucial for accurately modeling lip movements.The input of the data and
the schematization of the model in 3DCNN models are shown in Figure 6.
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During the training phase of the models, we employed the grouped 5-fold cross-
validation method. This approach entails dividing the dataset into five subsets, with
training performed on four subsets and validation on the remaining one, rotating through
all subsets to ensure a thorough evaluation. The data obtained in the study were collected
from 78 people and subjected to training and testing using grouped 5-fold cross-validation.
5-fold cross-validation is a widely used technique in machine learning for evaluating model
performance. This method typically involves dividing the dataset into five equal parts
(folds), where each fold is successively used as the test set, while the remaining folds are
used for training the model. After randomly splitting the dataset, one fold is used as the
test set in each iteration, and the other four folds are used for training. This process is
repeated five times, with each fold serving as the test set once. The results of each iteration
are recorded, and the average performance score is calculated to evaluate the model’s
overall effectiveness. 5-fold cross-validation helps reduce the risk of overfitting by ensuring
that each part of the dataset is used for both training and testing, allowing the model’s
consistency across different data subsets to be measured. However, this method can become
computationally expensive for large datasets due to the need for retraining the model in
each iteration.

Although 5-fold cross-validation provides a balanced approach to evaluating a dataset,
it may have limitations depending on the structure of the dataset. Specifically, in this study,
the use of videos from different individuals may make random splitting less effective for
proper evaluation. If the same individual’s videos are present in both the training and test
sets, the model may learn person-specific information (data leakage), leading to an unfairly
inflated performance. To avoid this, the grouped 5-fold cross-validation method should be
employed. In this approach, the videos of each individual are grouped within the same
fold, ensuring that each iteration uses a different group of individuals for the training and
test sets. This guarantees that videos from the same individual do not appear in both the
training and test sets, allowing the model to be tested on completely unseen individuals,
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thus providing a more accurate measure of generalization. Grouped 5-fold cross-validation
is particularly beneficial for datasets like lip-reading, where person-specific data could skew
the model’s performance. Compared to standard 5-fold cross-validation, this method offers
more reliable results. If grouped 5-fold cross-validation is not applied, there is a higher risk
of over-fitting due to the potential overlap of individual-specific data across the sets, which
may result in a misestimation of the model’s generalization performance. Consequently,
constructing validation and test sets with data from individuals not previously seen by the
model is crucial for an accurate evaluation of model performance.

The impact of hyperparameter values, including the number of epochs, batch size,
learning rate, and chosen optimizer, on model performance is well-established during
training. The hyperparameters employed in the training of the models, as determined
through experimental studies, are presented in Table 4.

Table 4. Model Architecture and Parameters.

Model Name Epoch Optimizer LR Batch S. Act. Func.
CNN 50 Adam 0.001 4 ReLU
LSTM 50 Adam 0.001 4 Tanh
C3D 50 SGD 0.01 4 ReLU
13D 50 Adam 0.001 4 ReLU
3DCNN + BiLSTM 50 Adam 0.001 4 ReLU

The performance of each model was evaluated across DataSetl and DataSet2, as
summarized in Table 5. Notably, the 3D convolution-based models (C3D, I3D, 3DCNN +
BiLSTM) consistently outperformed their 2D counterparts (CNN, LSTM), underscoring the
importance of preserving temporal information in video data processing.

Table 5. Performance Metrics for Dataset]l and Dataset2.

Model Datasetl Accuracy (%) Dataset2 Accuracy (%)
CNN 52.37 67.12
LSTM 66.51 74.53
C3D 78.82 86.32
I3D 87.17 93.24
3DCNN + BiLSTM 87.72 93.30
C3D + 13D + (3DCNN + BiLSTM) 89.92 94.53

When the data in Table 5 are examined, it is seen that the results for DataSet2 obtained
from the lip region are high. Resnet152 weights were used as pre-trained in the training
phase of DataSet1 obtained from the face region with CNN. Batch size 4 was selected
with a training period of 50 epochs. As a result of the training, 52.37% success was
achieved. The training was then carried out within the LSTM and 66.51% success was found.
Afterwards, DataSetl and DataSet2 were trained with C3D and I3D models. Although
LSTM architectures are effective in capturing dependencies in time-series data, they lack the
capability to jointly process spatial and temporal features in video data. The effects of hyper
parameter values such as epoch number, batch size, learning rate and selected optimizer on
the performance of the model are known during the training of the model. In experimental
studies, a training of 50 epochs was carried out for the training of the C3D model. In
the training, a batch size of 4 and a learning rate of 0.01 were used. Stochastic Gradient
Descent(SGD) was chosen as the optimizer. As a result of this training, an accuracy rate
of 78.82% was found for DataSetl. As a result of training the C3D model with DataSet2,
86.32% accuracy rates were found. A training of 50 epochs was carried out for the training
of the I3D model. In the training, a batch size of 4 and a learning rate of 0.001 were used.
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Adam was chosen as the optimizer. As a result of this training, accuracy rates of 87.17% for
DataSet1 and 93.24% for DataSet2 were found.

Upon analyzing the obtained results, it is observed that the 3DCNN + BiLSTM model
achieved the highest performance among the I3D, C3D, and 3DCNN + BiLSTM models.
The 3DCNN + BiLSTM model reached an accuracy rate of 87.72% for Datasetl and 93.30%
for Dataset2.

The success rates of the C3D, I3D, and 3DCNN + BiLSTM models can be attributed
to their superiority in spatio-temporal inference. When the results obtained from both
datasets are examined, it is evident that lip reading studies should focus on analyzing the
lip region in the dataset.

When the results of comparisons of all models are examined in Table 5, it is seen that
higher accuracy rates can be achieved with the use of models that perform 3D convolution
for time-dependent studies such as lip reading. The results obtained in both datasets
may indicate the superiority of the 3DCNN + BiLSTM model in integrating spatial and
temporal features. For models with 2DCNN, even concataneting frames to avoid losing
time-dependent context does not achieve the success of 3SDCNN models.

Moreover, the significant improvement in accuracy from CNN to LSTM models under-
scores the importance of considering temporal dynamics in video analysis tasks. However,
the transition from LSTM to C3D and I3D models suggests that incorporating these dy-
namics through 3D convolutions directly within the network architecture is even more
beneficial. This is particularly evident in the substantial leap in performance between C3D
and I3D models, implying that I3D’s approach to simultaneously modeling motion and
appearance features is highly effective for complex, time-sensitive tasks.

After reviewing the results of individual models, it becomes evident that 3D
convolution-based models (C3D, I3D, 3DCNN + BiLSTM) demonstrate clear superiority in
integrating temporal information with spatial features. In particular, the I3D and 3DCNN +
BiLSTM models achieve higher accuracy in tasks requiring temporal dependencies, such as
lip reading. This performance advantage stems from their ability to simultaneously model
both motion and spatial characteristics. However, each model exhibits varying levels of
success across different classes, highlighting that while some models perform exception-
ally well for certain classes, they may fall short for others. To leverage the strengths of
each model, ensemble learning techniques were employed, aiming to combine the diverse
classification capabilities of these models. By incorporating ensemble methods, the goal is
to enhance overall performance through the aggregation of predictions from models that
individually excel in different aspects of the task.

We extend our experimental work with ensemble learning. In this context, we use the
3DCNN + BiLSTM model in addition to C3D and I3D, the two models with the highest rates.
We vote on the prediction results from the models using majority learning. In ensemble
learning studies, different methods such as averaging and majority voting can be adopted
at this stage. At the same time, the weights assigned to the models can be used to change
their impact value in voting. In this phase of the study, the weights of the models are taken
as equal in the voting method we applied. Figure 7 shows the schematic of the ensemble
learning method used.

In this study, majority voting was chosen as the ensemble method due to its simplic-
ity and effectiveness in combining the strengths of different models. Majority voting is
particularly advantageous when individual models perform well in different areas, as it
allows for a more balanced decision-making process by giving equal weight to each model’s
prediction. This method helps mitigate the risk of overfitting to any particular model’s
biases, as it relies on the consensus of multiple models rather than the dominance of a single
one. Additionally, compared to more complex ensemble methods, such as weighted voting
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or stacking, majority voting is computationally less intensive and easier to implement.
Since the performance of the individual models in this study (C3D, I3D, 3DCNN + BiLSTM)
is relatively close, giving each model equal importance ensures that the ensemble benefits
from their combined strengths without the need for fine-tuning weight parameters, making
it an efficient and robust choice for this specific application.

Predictions
. g Final
DataSet Predictions = . ..
(E Prediction
3DCNN + BiLSTM Predictions

Figure 7. Ensemble learning scheme.

The performance of the models was assessed using key metrics such as accuracy,
precision, recall, and F1 score, allowing for a comprehensive and detailed evaluation of the
models’ effectiveness.The results of the evaluations obtained are given in Table 6.

Table 6. Performance Metrics for Dataset2 Precision, Recall, F1-Score, Accuracy.

Model Precision Recall F1-Score  Accuracy
CNN 55.47 60.13 57.48 63.12
LSTM 70.71 71.18 70.82 74.53
C3D 83.91 85.16 84.78 86.32
I3D 91.77 90.12 89.23 93.24
3DCNN + BiLSTM 91.34 91.92 90.32 93.30
C3D + 13D + (3DCNN + BiLSTM) 92.93 90.63 91.66 94.53

It is known that different techniques are used with ensemble learning. The ensemble
learning technique used in this study is majority voting. After the experimental runs, 2.20%
improvement was achieved in DataSet1 and 1.23% improvement was achieved in DataSet2.

Figure 8 shows the accuracy values graphs of the Ensemble model during training
for DataSet2.

- — training — training
AN —— validation —— validation

loss
accuracy

04

02

30 20
epoch epoch

Figure 8. Accuracy and loss plots for DataSet2.

When examining the graphs in Figure 8, it is evident that the ensemble model’s
training and validation losses, as well as accuracy rates on DataSet2, change significantly
over time. The training loss drops rapidly within the first 10 epochs and stabilizes, while
the validation loss decreases more slowly and shows some fluctuations after the 20th epoch,
indicating an improvement in the model’s generalization ability. The training accuracy
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steadily increases, while the validation accuracy rises more gradually and starts to converge
after the 40th epoch. These trends suggest that the model is learning effectively without
signs of overfitting. Furthermore, through the use of majority voting in the ensemble
learning process, a performance improvement of 2.17% was achieved for DataSet1 and
1.23% for DataSet2.

The evaluation metrics provide crucial insights into the model’s classification effec-
tiveness. By analyzing these metrics, we can determine how well the model distinguishes
between different classes. In Table 7, the precision, recall, and F1 score values are provided.

Table 7. Model performance for Ensemble Learning.

Numbers Precision Recall F1 Score
0 0.8830 0.9651 0.9222
1 0.9004 0.9457 0.9225
2 0.9179 0.8120 0.8617
3 0.8986 0.8333 0.8647
4 0.8767 0.8205 0.8477
5 0.8995 0.8034 0.8488
6 0.8996 0.9188 0.9091
7 0.9291 0.9651 0.9468
8 0.8971 0.9457 0.9208
9 0.8913 0.9535 0.9213

The results presented in Table 7 evaluate the performance of the Ensemble Learning
method. The metrics of Precision, Recall, and F1-Score indicate the accuracy of classifying
Turkish numerals (0-9).The model demonstrates notable performance across most digits,
with Precision values ranging from 0.8767 for digit 4 to 0.9291 for digit 7. Recall scores
highlight the model’s strong ability to correctly predict digits 0, 1, 7, 8, and 9, with values
exceeding 0.94 for these digits. The F1-Scores, which provide a balanced measure of
precision and recall, show the highest performance for digit 7 (0.9468), closely followed by
digits 1 and 0, which yield F1-Scores of 0.9225 and 0.9222, respectively.

The model encounters some challenges with digits 2, 3, 4, and 5, where the Recall scores
are relatively lower (ranging from 0.8034 to 0.8333), leading to slightly lower F1-Scores,
indicating room for improvement in detecting these specific digits. The lower recognition
accuracy of the digits 2, 3, 4 and 5 can be attributed to the phonetic and linguistic features
of the Turkish language. In Turkish, the number “2” (iki) is a two-syllable word, while the
numbers “3” (iig), “4” (dort) and “5” (bes) are monosyllabic words. Monosyllabic words
often contain more subtle and less pronounced lip movements, making them less visually
distinct and difficult for lip-reading models to distinguish. The difficulty of discriminating
words with few syllables is seen in English [49] as well as in Turkish. Also, the transition to
the second syllable in the word “two” does not require a significant lip movement, which
may reduce the model’s ability to capture the distinctive features of this word. These
observations underscore the impact of language-specific phonetic and grammatical features
on the performance of lipreading models and highlight the need for further adaptation and
refinement to address these nuances in Turkish.

Overall, the ensemble model exhibits consistent high performance, particularly for
digits 0, 1, 7, 8, and 9. Notably, digit 6 achieves a strong F1-Score of 0.9091, suggesting a
balanced performance across both precision and recall, even though the precision and recall
do not peak compared to other digits.These results highlight the effectiveness of the model
across different classes. The consistency in performance metrics indicates that the model is
reliable and performs well in distinguishing between all numeral categories. Confusion
matrix of the results is given in Figure 9.
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Figure 9. Confusion matrix of the proposed ensemble model.

The confusion matrix depicted in Figure 9 illustrates the ensemble learning model’s
performance in classifying the digits 0 through 9. The diagonal elements, representing the
correct predictions for each class, are relatively high, indicating strong overall accuracy.
Notably, class 0 and class 7 exhibit the highest accuracy, with 225 correctly predicted
samples. Class 9 also performs well with 222 correctly classified instances.

Some misclassifications can be observed off the diagonal. For example, class 2 shows
misclassifications across several neighboring classes, including 5, 6, and 3, with a noticeable
number of samples being incorrectly classified as these digits. Similarly, class 5 demon-
strates some difficulty, with multiple samples being misclassified as class 1 and class 6.
This suggests that there may be a higher level of ambiguity or feature overlap among these
classes, potentially making them harder for the model to distinguish. To address this issue
and reduce the misclassification rate between these classes, a more comprehensive dataset
could be created. In particular, the learning capacity of the model on these classes can be
increased by including more examples of these classes. In addition, data obtained from
different angles and under varying lighting conditions can be added to help the model
learn wider variations. Another method is to use more sophisticated architectures such as
attention mechanisms or feature extraction layers to help the model better discriminate
overlapping features between classes. In particular, solutions such as language model inte-
gration for monosyllabic digits with similar lip movements can reduce ambiguity between
classes by providing context information. These approaches can be effective for improving
the performance of the model and minimizing the misclassification rate between the classes
in question.

The confusion matrix highlights that while the ensemble learning model performs well
overall, further refinement may be necessary to improve performance on classes with higher
misclassification rates. Addressing these areas of confusion, particularly between digits like
2,5, and 6, could further enhance the model’s robustness and accuracy in distinguishing
among all digit classes. When evaluating the digits with high accuracy rates, it can be
observed that digits with multiple syllables are more easily detected.

Word Dataset

In order to evaluate the performance of the ensemble learning model on a different
dataset, a new dataset composed of Turkish words was prepared, and experimental studies
were conducted. During the creation of this dataset, existing datasets in the literature were
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reviewed, and the process of obtaining the dataset was initiated. When examining datasets
such as GRID, OuluVs, and AvLetter, it was observed that the number of repetitions ranged
between 3 and 5 on average. The number of repetitions in the datasets is shown in Table 8.

Table 8. Number of repetitions of data sets.

Dataset Repetitions
AvlLetters 3
AvLetters2 3-7
OuluVs 5
OuluVvs2 3
M2VTS [50] 5

In this context, the dataset was created with 4 repetitions for each sample. A total of
18 speakers participated in the process of creating the dataset, which consists of 150 words.
By multiplying the number of speakers (18) with the number of repetitions (4) and the total
number of words (150), a total of 10,800 videos were collected.

During the selection of the words, a process was carried out to identify the most
frequently used words on news websites. This process was designed for the purpose of
word recognition, and the categories of news articles used in the dataset were used only as
a reference to identify frequent words. This approach to word selection aims to contribute
to making lip-reading systems more practical and useful, especially for hearing impaired
individuals. In the process of identifying the most frequently occurring words in news
websites, a dataset of 41,992 news articles in 13 categories published by the Kemik Natural
Language Processing Group was utilized. Table 9 shows the categories in the dataset.

Table 9. Distribution of News Articles Across Various Categories.

Class Name Number of Articles Class Name Number of Articles
World 3724 Health 1383
Economy 3265 Politics 1849
General 6673 Sports 9997
Current Affairs 5847 Technology 771
Culture & Arts 1155 Turkey 1939
Entertainment 2792 Life 644

The Natural Language Toolkit (NLTK), a natural language processing library, was
used to determine the words to be included in the dataset. During the preprocessing stage,
tokenization, removal of punctuation and numbers, normalization, and the elimination
of stopwords were performed. Through tokenization, the text was split into words and
stored as an array. As a result of this process, the total word count was calculated as
9,855,099. Subsequently, punctuation marks and numbers were removed, allowing for
more accurate word matching. In the normalization step, the distinction between uppercase
and lowercase letters was eliminated to ensure correct matching of the words. The removal
of stopwords refers to the process of eliminating words in the text that do not affect its
meaning. During preprocessing, stopwords were removed. NLTK is an open-source natural
language processing library developed for the Python programming language. Some of the
Turkish stopwords included in the NLTK library are as follows: bu (this), gibi (like), daha
(more). After the words were determined, the video recording process began. A studio
environment was set up for the video recordings using a Canon 6D Mark II camera. Once
the environment was prepared, the recording process commenced, and data collection
started. Figure 10 shows the video recording environment.
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Figure 10. Video shooting environment.

The data was collected by having 18 individuals repeat 150 words 4 times. The dataset
was recorded at a resolution of 1920 x 1080 and a frame rate of 50 frames per second (fps).

Following these processes, the lip region was detected during the preprocessing stage,
and frames were extracted from the videos by centering on the lip regions. The central
point used during the data augmentation process was determined by considering the center
of the lip region. While generating the frames, the right and left coordinates of the lip
region as well as the nose region coordinates were identified. Based on these coordinates,
frames were cropped from the videos by centering the lip region. This approach enabled
more focused and clearer analysis of lip movements during the data augmentation phase.
In videos where lip movements are critical, this method aimed to enhance spatial accuracy.

During data augmentation, each image was rotated 10 degrees to the right and 10 de-
grees to the left, using the central point as a reference. This process aims to enhance the
model’s spatial generalization ability by allowing objects in the images to be viewed from
different angles. It is particularly beneficial in situations where objects are observed from
various perspectives, helping the model make accurate predictions. The tilting process
was implemented to diversify the dataset and improve the model’s generalization capacity.
Additionally, data augmentation helps prevent the model from overfitting during the
training phase, enabling more accurate predictions.

As an additional data augmentation method, a multi-step preprocessing and aug-
mentation strategy was implemented to standardize input dimensions and enhance the
dataset for robust training. In this method, for videos with fewer than 16 frames, missing
frames are replaced with a video by iteratively repeating the first and last frames until the
required number of frames is reached. This approach minimizes the disruption of temporal
flow as the first and last frames often contain critical spatial and temporal information.
By using these key frames, the method ensures that the model receives a sequence that
remains consistent with the structure of the original video. For videos with between 16
and 32 frames, the number of frames was reduced to 16. The frames were sampled at
equal intervals throughout the video duration, ensuring that all temporal segments of the
video contribute equally to the reduced sequence. This method avoids over-representation
of certain segments, such as the beginning or end of the video, and ensures that salient
features spanning the entire temporal range are preserved. For videos with more than
32 frames, a segmentation strategy was applied. To maximize the variability of the dataset
while maintaining temporal coherence, the videos were divided into multiple segments
of 16 frames each. Specifically, odd-numbered frames were assigned to the first segment
and even-numbered frames to the second segment. In cases where the number of frames
was large, equal intervals were set and the odd and even numbered frames were split into
separate videos, resulting in two videos. For videos with more than 48 frames, the same
process was performed to obtain 3 videos. This method effectively utilizes the full temporal
resolution of the original video while capturing the dynamics of continuous lip movement
and ensures that the temporal sequence in each segment remains intact.
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Combining these approaches, the preprocessing pipeline addresses the challenges of
variable frame counts, ensuring that the input data fed into the model is both standardized
and representative. After the data augmentation process was completed, the data was
stored in AVI format. The number of videos created using the data augmentation methods,
such as removing specific regions from the videos and rotating them, is presented in
Table 10.

Table 10. Number of videos in original and augmented for word dataset.

Phase Video Count
Original Dataset 10,800
After Data Augmentation (Training) 34,713

After the data presented in Table 11 was obtained, the data preprocessing phase was
completed, and the training phase began. The results obtained when the dataset was
trained with the same architectures as the numerical dataset are presented in Table 11.

Table 11. Performance metrics of different models for word data set.

Model Precision Recall F1-Score Accuracy
CNN 63.15 55.09 58.88 65.35
LSTM 65.45 61.09 63.20 66.42
C3D 65.81 72.55 69.03 66.78
I3D 70.77 67.92 69.31 68.13
3DCNN + BiLSTM 75.12 73.21 74.15 77.69
C3D +I3D + (3DCNN + BiLSTM) 7791 76.43 77.16 78.63

In the experiments conducted, the ensemble learning method achieved results that
significantly outperformed the performance of individual models. The implementation of
the ensemble learning strategy combined the strengths of different deep learning models,
producing more consistent and accurate results. This approach balanced the weaknesses of
each model, especially in complex datasets where video and natural language data were
used together, enhancing the model’s generalization ability.

The ensemble model achieved significant improvements in both precision and overall
accuracy by combining the expertise of different models on spatial, temporal, and sequential
data. When the advantages of I3D and C3D models in processing spatial and temporal
information were combined with the BiLSTM model’s ability to process sequential data, the
Ensemble Learning method was observed to provide better results than other approaches.
This approach not only enhanced the model’s overall success but also allowed for more
stable results despite the diversity and complexity of the dataset. The results clearly
demonstrate that by integrating the strengths of individual models, Ensemble Learning
produces more reliable and high-performance solutions for such complex datasets.

The original contribution of this study lies in presenting an ensemble approach that
combines the strengths of different deep learning models, specifically increasing generaliza-
tion ability in video data. In this context, this study contributes to the literature by offering a
method that provides higher accuracy and generalization capacity using ensemble learning
on a dataset that integrates both spatial and temporal dimensions. The strong performance
of the model suggests that the use of Ensemble Learning methods will be beneficial in
future studies.

5. Conclusions

In this study, a data set was created to use in lip reading Turkish digit recognition
with deep learning architectures. The dataset is divided into two separate subsets in which
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both the facial region and the lip region are extracted. The created data set was trained
with incorporating both 2DCNN and 3DCNN architectures after data preprocessing. CNN,
LSTM and 3DCNN based C3D, I3D, 3DCNN + BiLSTM models were used in the trainings.
Optimal results were experimentally determined by tuning different hyperparameters. In
the 2DCNN models, a single frame is generated by combining picture frames, prioritizing
spatio-temporal information. As a result of the training, CNN and LSTM models achieved
lower accuracy in both the data set containing the face region and the data set containing
the lip region compared to C3D and I3D containing 3DCNN.

The C3D and I3D models were preferred for their superior ability to extract spatial
information. In our study, the I3D model achieved a high success rate with an accuracy
of 93.24%. In a study by Weng and Kitani [51] using I3D on English words, they found
84.07% success. Weng and Kitani used two-stream I3D and BiLSTM on the LRW dataset
in their study and the study provided 5.3% improvement compared to previous state-arts.
In this context, it is seen that I3D improves performance in lip reading studies. Similarly,
ref. [52] used the C3D model in the pre-training stage in a multilayer approach, considering
that it achieved higher performance than single layer in temporal tasks in their lip reading
studies on LRW dataset. In this context, it can be said that models based on the 3DCNN
architecture produce more accurate results in lip reading studies.

As a result of experimental studies, it is seen that 3SDCNN models are more success-
ful. In our study, the 3DCNN + BiLSTM model achieved the highest success rate with
an accuracy of 93.30%. The ability of 3DCNN models to process spatio-temporal data
is seen as the reason for this success. It is seen that 3DCNN models should be focused
on for time-dependent video data and lip reading studies. It is seen that high perfor-
mance can be achieved as a result of the correct selection of hyperparameters with good
optimization techniques.

When we extended our study with the ensemble learning technique, we used the
3DCNN + BiLSTM model in addition to the C3D and I3D models that we achieved the
highest successes. By using the majority voting method, which is one of the ensemble
learning methods with the predictions of all models, we improved our best result by 1.23%
to 94.53% and achieved a new state-of-the-art on our Dataset2 subset.

In addition to accuracy, we evaluated model performance using precision, recall, and
F1 score. Precision measures the proportion of true positive predictions among all positive
predictions, recall measures the proportion of true positives among all actual positives,
and F1 score provides a harmonic mean of precision and recall. These metrics offer a more
nuanced evaluation of the models’ performance.

When the experimental results obtained are examined, when DataSet2 containing the
lip region and DataSet1 containing the face region are compared, it is seen that the lip
region achieves higher success in all experiments. In this context, it can be said that the
extraction of the lip region is important in lip reading studies.

When the results obtained as a result of the training of the model are examined, it is
seen that the digits can be determined by the Turkish lip reading method. In particular,
it is seen that the accuracy of some figures is higher than others. It is thought that the
reason for the difference in accuracy rates in digits is that the number of syllables of the
numbers with high accuracy is higher than the number of syllables with low accuracy. For
some figures, it can be said that the lip area makes sharp movements that will enable more
specific inferences to be made.

While our study demonstrates promising results for Turkish digit recognition, the
applicability of our approach to broader lip-reading tasks and other languages remains
an open question. Future research should explore the scalability of our models by testing



Appl. Sci. 2025, 15, 563

20 of 23

them on more diverse datasets, including continuous speech and other languages with
different phonetic characteristics.

While our study focuses on Turkish digit recognition, the methods and findings have
potential applications in broader contexts. Future research could extend these techniques
to continuous speech recognition and other languages with different phonetic and mor-
phological structures. This would test the scalability and generalization capability of the
models, providing further insights into their robustness across diverse linguistic datasets.

Our findings suggest that 3DCNN architectures combined with ensemble learning
methods achieve higher accuracy in Turkish digit lip-reading. However, there is room for
improvement in model performance, particularly for digits with lower recognition rates.
Future work should focus on expanding the dataset, exploring other deep learning archi-
tectures, and applying our approach to continuous speech recognition tasks. Additionally,
investigating the model’s performance on other languages will provide valuable insights
into its generalization and robustness.

In this study, a new dataset containing not only numbers but also words has been
developed. This extended dataset allows the model’s performance to be tested on broader
lip-reading tasks. The experiments conducted on both numbers and words demonstrate
the model’s adaptability to different linguistic structures. By enabling training and testing
processes with diverse word groups, the new dataset ensures that the scope of the study
goes beyond digit recognition. Future studies can expand the scope by applying these
architectures to other languages or testing them on more complex sentence structures.

In this study, when the examples that the model mislabeled after the learning process
were examined, it was seen that the errors were caused by the sample. For further studies,
the success rate can be increased by increasing the number of frames used in each sample
during data augmentation and improving factors such as light and resolution during data
collection. A Turkish lip reading system can be created by working with parameters such
as different filter sizes and number of layers on different data.

One of the most significant contributions of this study to the literature is the introduc-
tion of a unique lip-reading dataset for Turkish. Furthermore, enhancing performance by
combining 3DCNN and I3D models with BiLSTM using the ensemble learning method
is a novel approach introduced for the first time in the literature. This study offers a
methodology that not only contributes to Turkish lip-reading research but also serves as a
reference for future lip-reading research in other languages.

Future research should aim to expand the dataset to include more diverse linguistic
contexts and continuous speech recognition. Additionally, exploring other deep learning
architectures and techniques, such as transformer models, may offer further improvements.
Investigating the application of these models in real-world scenarios, including different
languages and noisy conditions, will be crucial for practical deployment.
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