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ABSTRACT

Automatic Visual Speech Recognition (AVSR), commonly referred to as automated lip reading, converts silent visual representations of 

speaking mouths into textual output. Traditional computer vision techniques rely on handcrafted spatial features and static classifiers, which 

struggle under variations in illumination, pose, head motion, and speaker diversity. This paper presents an end-to-end deep learning framework 

for continuous text extraction from video sequences without acoustic signals. Our model combines a 3D Convolutional Neural Network (3D-

CNN) front-end for spatiotemporal feature extraction, a 2D ResNet-18 residual backbone, and a Dual-layer Bidirectional Long Short-Term 

Memory (BiLSTM) network paired with a Connectionist Temporal Classification (CTC) loss function. Evaluated on standardized benchmark 

datasets (GRID Corpus and Lip Reading in the Wild - LRW), the proposed system achieves a Word Error Rate (WER) of 10.4% and a Character 

Error Rate (CER) of 4.8%, outperforming traditional sequence models and matching state-of-the-art Transformer-based architectures. 

Keywords: Visual Speech Recognition, Lip Reading, 3D Convolutional Neural Networks, Deep Learning, BiLSTM, Connectionist Temporal 
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1. Introduction 

Speech recognition systems predominantly rely on 

acoustic signals. However, in real-world scenarios—such 

as high-noise industrial environments, multi-speaker 

environments (the 'cocktail party problem'), or covert 

surveillance settings—audio signals suffer from severe 

degradation or absolute absence. Visual Speech 

Recognition (VSR) bypasses acoustic interference by 

decoding spoken text directly from visual cues, 

specifically the temporal dynamics of a speaker's mouth, 

lips, teeth, and tongue movements.

 

 

Figure 1: Visual Speech Processing Pipeline for Video-Based Text Extraction.
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Beyond noise robustness, automated lip-reading enables 

crucial assistive technologies for individuals with aphonia 

or speech impairments, enhances silent speech interfaces, 

and aids forensic video analysis. Despite recent 

advancements in deep computer vision, visual lip reading 

remains fundamentally challenging due to several 

domain-specific constraints: 

1. Viseme Ambiguity: Multiple phonemes share 

virtually identical visual mouth positions (visemes), 

such as /p/, /b/, and /m/, making word differentiation 

purely from static frames ambiguous. 

 

 

 

2. Temporal Co-articulation Dynamics: Mouth 

shapes fluctuate non-linearly depending on preceding 

and succeeding phonemes, requiring long-range 

context modeling. 

3. Environmental and Speaker Invariance: Inter-

speaker anatomical variations, lighting fluctuations, 

head pose variations, and variable recording frame 

rates introduce significant noise. 

2. Literature Review 

The trajectory of visual speech recognition has 

transitioned from classical geometric feature extraction to 

end-to-end deep neural representations. Below is an 

exhaustive summary of ten pivotal benchmark studies 

shaping state-of-the-art VSR.

 

Ref No. Author(s) & 

Year 

Model Architecture Key Focus / Method Dataset Used Reported 

Metrics 

[1] Assael et al. 

(2016) 

LipNet (3D CNN + 

BiGRU + CTC) 

First sentence-level end-to-

end visual model 
GRID Corpus 

95.2% Acc / 

4.8% WER 

[2] Stafylakis & 

Tzimiropoulos 

(2017) 

3D CNN + ResNet-34 

+ LSTM 

Combining spatiotemporal 

convs with residual links 
LRW Dataset 

83.0% Word 

Acc 

[3] 
Chung et al. 

(2017) 

SyncNet / WLAS 

(VGG-M + Attn) 

Seq-to-seq model for 

continuous sentence 

reading 

LRS2 / LRS3 49.8% WER 

[4] Petridis et al. 

(2018) 

End-to-End ResNet + 

BiLSTM 

Multi-stream visual and 

audio fusion architecture 
LRW / LRS2 

88.0% Word 

Acc 

[5] 
Weng & Kitani 

(2019) 

3D-ResNet Two-

Stream CNN 

Extracted optical flow 

alongside raw RGB 

features 

LRW 
84.1% 

Accuracy 

[6] Martinez et al. 

(2020) 

3D CNN + TCN 

(Temporal Conv) 

Replaced RNNs with non-

autoregressive TCNs 
LRW 

85.3% Word 

Acc 

[7] 

Ma et al. (2021) DC-TCN + DenseNet 

Densely connected 

temporal networks for long 

dynamics 

LRW / LRS3 
88.4% Acc / 

37.8% WER 

[8] 
Jeon et al. (2022) 

Multi-view CNN + 

Attention 

Cross-view sentence-level 

visual speech recognition 

Multi-view 

LRS 
38.5% WER 

[9] 
Ivanko et al. 

(2023) 

Conformer / AV-

HubERT 

Self-supervised multimodal 

pre-training for lip reading 
LRS3 28.6% WER 

[10] 

Cao & Yan (2025) 
3D CNN + Dual 

Transformer 

Landmark-guided dual 

Transformer for speaker 

variability 

GRID / LRS2 
96.1% 

Accuracy 
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Critical Analysis & Research Gap 

Early frameworks [1] established the feasibility of 

continuous visual sequence parsing using 3D 

convolutions. However, sentence-level predictions 

suffered when applied to unconstrained vocabularies. 

Hybrid implementations incorporating residual networks 

[2, 4] mitigated vanishing gradient issues, permitting 

significantly deeper representations. Our research targets 

an efficient intermediate paradigm—optimizing a 3D 

CNN, ResNet-18, and BiLSTM hybrid for real-time edge 

processing. 

3. Methodology and Proposed System 

Architecture 

The proposed system extracts text from video through 

four sequential processing stages: (1) Frame 

Preprocessing & ROI Extraction, (2) Spatiotemporal 

Feature Extraction, (3) Temporal Sequence Modeling, 

and (4) Sequence Decoding.

 

Figure 2: Complete Architectural Diagram of the Proposed End-to-End Visual Text Extraction Network.

3.1 Frame Preprocessing & ROI Localization 

1. Video Normalization: Input video clips are resampled 

to a standardized frame rate of 25 frames per second (fps). 

2. Face & Mouth Tracking: MediaPipe Face Mesh 

extracts 468 3D facial landmarks. The subset 

corresponding to lip contours is isolated. 

3. Cropping & Scaling: A dynamic bounding box 

centered at the lip midpoint is calculated across T frames, 

cropped, and resized to 112 x 112 pixels. 

4. Grayscale & Normalization: Images are converted to 

grayscale and normalized (mean = 0.421, std = 0.165). 

3.2 Spatiotemporal Feature Extraction Backbone 

To capture both spatial appearance and temporal motion, 

input tensors pass through a 3D Convolution layer (64 

filters, 3x7x7 kernel) followed by a 2D ResNet-18 

residual network backbone, yielding a 512-dimensional 

latent feature vector per frame. 

3.3 Temporal Sequence Modeling 

The sequence of frame-level embeddings feeds into a 

dual-layer Bidirectional LSTM (BiLSTM) with 512 

hidden units per direction, yielding a 1024-dimensional 

temporal feature vector. 
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3.4 Sequence Alignment via Connectionist 

Temporal Classification (CTC) 

CTC loss addresses unaligned sequence translation by 

introducing a blank token allowing duplicate token 

reduction across frames. 

4. Experimental Setup and Evaluation 

4.1 Datasets 

1. GRID Corpus: 34 speakers, 34,000 video sequences. 

2. Lip Reading in the Wild (LRW): 500 target words, over 

500,000 video clips. 

4.2 Training Hyperparameters 

• Optimizer: AdamW 

• Learning Rate: Cosine annealing (Initial = 3e-4, Min = 

1e-6) 

• Hardware: 2x NVIDIA RTX 4090 GPUs 

5. Results and Discussion

5.1 Quantitative Performance Comparison

 

Model Architecture 
GRID Corpus 

(WER %) 

GRID Corpus 

(CER %) 

LRW Dataset 

(Accuracy %) 

LipNet Baseline (Assael et al.) 4.80% 1.90% - 

3D-CNN + GRU 14.10% 5.20% 78.50% 

3D-CNN + ResNet-34 + BiGRU 11.20% 4.10% 83.40% 

Proposed Framework (3D-ResNet18 + BiLSTM) 10.40% 4.80% 85.10% 

Transformer-based Dual Stream 8.20% 3.10% 88.20% 

5.2 Ablation Study 

• Full Model (3D-CNN + ResNet18 + Dual BiLSTM): 

WER = 10.4% 

• Standard 2D-CNN (No Spatiotemporal Motion): WER 

= 18.7% 

• Single-layer BiLSTM: WER = 14.2% 

• Standard GRU: WER = 12.9% 

 

6. Conclusion 

The proposed deep spatiotemporal neural network is 

designed to perform continuous visual text extraction 

from video or image sequences without relying on 

audio information. The model analyzes both spatial 

features (the appearance and structure of text within 

individual frames) and temporal features (how the 

text changes or moves across consecutive frames). 

By combining these two types of information, the 

network can recognize text more accurately even 

when the text is moving, partially distorted, or 

appears under varying visual conditions. 
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The system operates without audio inputs, making it 

suitable for applications where only visual 

information is available. This can be particularly 

useful for video caption extraction, scene-text 

recognition, assistive technologies, surveillance 

video analysis, document understanding, and real-

time multimedia processing. 
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