An Al Lip-reading System Based on Deep Learning
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There are already well-developed speech recognition systems used in smartphones and smart assistants. While convenient for most
normal people, they are not helpful for hearing- or speech-impaired individuals. In recent years, artificial intelligence (Al) based
systems have explored alternative input methods for the people with hearing or speech disabilities, such as sign language and lip-
reading. Lip-reading allows silent communication by analyzing visual lip movements. This study presents an artificial intelligence-
based lip-reading system designed to recognize both static and dynamic lip motions. It was implemented using Python and PyTorch,
with facial landmarks extracted via MediaPipe Face Mesh and RGB lip images as input|[1]. The model includes a 50-layer residual
network (ResNet-50) for spatial feature extraction|[2-3], followed by bidirectional and unidirectional Long Short-Term Memory
networks for temporal modeling. Connectionist temporal classification loss (CTC Loss) was adopted to train the Al model for lip-
reading recognition without requiring (LSTM) sequence alignment. The Al Lip-reading system achieved a recognition accuracy of
approximately 74.7% and identified 20 lip movement categories successfully , including both isolated words and short visual
sentences during preliminary tests.

METHODS & MATERIALS

The Al lip-reading system was developed by using Python, with
PyTorch as the deep learning framework and MediaPipe Face
Mesh for facial landmark extraction. In the data preprocessing
stage, a large number of lip movement videos were collected,
Including both RGB facial images and 3D landmark data. These
seqguences, performed by different speakers, included both static
and dynamic lip motions. Data augmentation such as horizontal
flipping and noise Injection was applied to enhance model
generalization. The architecture includes three main components:
first, ResNet-50 Is used for extracting spatial features from static
lip Images; second, a combination of Bi-LSTM and Uni-LSTM
layers Is used for temporal modeling to capture contextual
dependencies from both directions, with Dropout added to
prevent overfitting; finally, CTC Loss Is used to train the model
without requiring aligned input-output sequences, which is ideal
for lip-reading tasks of which word boundaries are ambiguous.
The main advantage of this system Is its dual-input design—
combining Images and landmarks—along with its multilayered
temporal modeling, allowing 1t to retain both spatial and
sequential features across static and dynamic inputs. The use of
CTC Loss also reduces the complexity of annotation and enables
sentence-level decoding. The complete system architecture and
flow chart are illustrated in Fig. 1.

This Indicates that the model effectively learned lip features and
maintained stable performance throughout training. The close
trend between accuracy and F1-score suggests balanced
predictions across all categories, with no significant skew toward
precision or recall. The confusion matrix (Figure 3) shows evenly
distributed errors, with no dominant misclassification patterns.
This 1mplies consistent classification logic and good
generalization ability. Overall, the model demonstrates fast
convergence, balanced prediction, and stable outcomes,
validating its architectural effectiveness and potential for further
Improvement.
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Figure 3. Confusion matrix of the lip-reading model.

CONCLUSIONS

This study developed an Al-based lip-reading system that
combines image and landmark inputs. The model applies ResNet-
50 for feature extraction, Bidirectional and Unidirectional Long
Short-Term  Memory networks for temporal modeling, and
Connectionist Temporal Classification Loss for sequence output.
Training curves and the confusion matrix Indicate stable
convergence, balanced classification, and good generalization,
validating its effectiveness for static and dynamic lip-reading.
Although real-time recognition Is not yet achieved and the dataset
IS limited, the preliminary experimental results are promising.
Future work may focus on dataset expansion and model
compression to enhance performance and broaden applications.
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Figure 1. Architecture of the proposed Al-based lip-reading system with multi-source
Input and temporal modeling structure.

RESULTS AND DISCUSSION

As shown In Figures 2, both accuracy and F1-score Increased
rapidly during early training and stabilized after epoch 10,
reaching approximately 74.7% and 0.72.
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Figure 2. Training curves of the lip-reading model. The left graph shows the accuracy
trend, while the right graph presents the F1-score progression across epochs.



