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Abstract—Visual speech recognition or automated lip-

reading is a field of growing attention. Video data proved its 

usefulness in multimodal speech recognition, especially when 

acoustic data is heavily noised or even inaccessible. In this 

paper, we present a novel method for visual speech recognition. 

We benchmark it on the famous LRW lip-reading dataset by 

outperforming the existing approaches. After a comprehensive 

evaluation, we adapt the developed method and test it on the 

collected RUSAVIC corpus we recorded in-the-wild for vehicle 

driver. The results obtained demonstrate not only the high 

performance of the proposed method, but also the fundamental 

possibility of recognizing speech only by using video modality, 

even in such difficult natural conditions as driving. 

Keywords—visual speech recognition, automated lip-reading, 

end-to-end, speech recognition, computer vision  

I. INTRODUCTION  

Multi-modal human-machine spoken language 

communication gained increasing attention in recent years. 

Due to the prosperous growth of artificial intelligence and 

deep neural networks automated lip-reading become an 

appealing tool for intelligent human-machine interaction. 

Visual information is beneficial to the automatic speech 

recognition systems, especially when the audio itself is noisy 

or even inaccessible. Benefiting from the emergence of 

several large-scale datasets, such as GRID [1], LRW [2], LRS 

[3], etc. visual speech recognition has made great progress 

over the last five years. However, despite significant 

successes achieved by researchers, there is still a lot of place 

for improvement. Especially for visual speech recognition in 

natural conditions of use, e.g. driving a car. Speech 

recognition accuracy in these cases remains terribly low and 

often not suitable for practical applications. 

To further push the boundary of this research area, in this 

work we focus on improving the performance of the state-of-

the-art lip-reading models. We propose a method to solve the 

problem of robust visual speech recognition. On the one 

hand, we perform a comprehensive comparative analysis of 

the proposed method with the existing state-of-the-art, 

benchmarking on the well-known LRW dataset. We achieved 

better results than the current state-of-the-art on the largest 

publicly available word-level dataset. On the other hand, we 

demonstrate the efficiency of the proposed method and model 

architecture by testing it on the collected RUSAVIC corpus 

we recorded in-the-wild for the vehicle driver assistance 

system. Thus, we demonstrated that modern lip-reading 

systems can provide reasonable speech recognition accuracy 

based purely on video data even in acoustically and visually 

noisy conditions, such as driving. 

The structure of the paper is as follows. Section II 

consider related work in the topic of visual speech 

recognition. In Section III we present datasets we used. 

Section IV considers the proposed methodology and 

benchmarking results. Section V discusses experimental 

results for the driver assistance system. Conclusion 

summarize the paper. 

II. RELATED WORKS 

Research on visual speech recognition has a long history. 
A comprehensive study of earlier approaches can be found in 
the work [4]. In the recent years, with the rapid developments 
of machine learning approaches and artificial intelligence, 
deep neural networks were introduced to this area. The first 
breakthrough on large scale lip-reading datasets was achieved 
in [5] by introducing multi-layer CNN architecture based on 
VGG-M. Soon after, deep Residual networks were proposed 
by [6, 7] as the front-end of the visual speech recognition 
model. The current state-of-the-art, temporal convolutional 
neural networks were proposed for lip-reading by researchers 
in [8, 9]. The first end-to-end sentence lip-reading model 
LipNet was proposed by researchers in [10]. 

According to the design of the front end network, the 
modern lip-reading methods can be divided into three 
categories: 2-dimensional (2D) convolutional neural networks 
(CNN), such in [11], 3-dimensional convolutional neural 
networks (3D CNNs), such in [12], or a combination of 2D 
and 3D convolutions, which inherit the advantages of both 
[13]. Recently, the method of the third type has become 
widely used in visual speech recognition due to its ability to 
simultaneously capture temporal dynamics of lips movements 
and extract discriminative features. For sequence modeling 
LSTMs or its variations are often used [14]. When temporal 
modeling is required, LSTMs usually lead to better 
performance and are commonly used in NLP, video 
prediction, automated lip-reading, etc. [15, 16]. 

With these impressive methods, state-of-the-art visual 
speech recognition accuracy has been raised from 61.1% [2] 
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to 88.5% [9] on the largest English dataset LRW during the 
last five years. 

The researchers in the work [17] provide analysis on 
existing audio-visual and visual-only speech databases. The 
most well-known of them are: LRW dataset [2], LRS2-BBC 
[18], LRS3-TED [19], VGG-SOUND [20], Modality corpus 
[21]. A survey [22] regarding this topic provides essential 
knowledge of the current state-of-the-art situation. 

Driver assistance systems have gained remarkable 
progress recently. It allows drivers to use short commands to 
handle complex operations, which is a current industry 
demand [23]. In the past several years, many multimodal and 
visual speech datasets have been released to facilitate the 
research of in-vehicle speech recognition [24]. However, none 
of the previous works focuses on in-vehicle command 
recognition, especially, for languages other than English. The 
lack of data is one of the largest issues in building such 
systems. To the best of our knowledge, RUSAVIC corpus [25] 
is one of its kind for the Russian language.  

The combination of state-of-the-art deep learning 
approaches and large-scale audio-visual datasets has been 
highly successful, achieving significant recognition accuracy 
results and even surpassing human performance [26]. 
However, there is still a long journey for practical visual 
speech recognition applications to meet the performance 
requirements of real-life scenarios and deal with various road 
environments and noise conditions for various driver 
languages and abilities. 

III. DATA 

Two different visual speech datasets were used in the 
current research. For benchmarking, we test our methodology 
on a well-known Lip-Reading in the Wild (LRW) dataset [2], 
collected in 2016 based on BBC TV shows. The second 
dataset was collected specifically for use in drivers’ assistive 
systems and is called RUSAVIC: Russian Audio-Visual 
Speech in Cars.  

A. LRW dataset 

Lip-Reading in the Wild dataset combines the recordings 

of hundreds of English language speakers. Dataset dictionary 

includes 500 words, forming up to 1000 difference 

utterances. All videos have the same frame rate. The LRW 

dataset parameters are presented in Table I. 

Some snapshots of the speakers of the LRW dataset are 

given in Figure 1. Since the data in LRW are taken in natural 

conditions co-articulation of the lips from adjacent words is 

present. 

B. RUSAVIC dataset 

Russian Audio-Visual Speech in cars (RUSAVIC) is a 
multi-speaker and multi-modal corpus created based on the 
methodology proposed in the work [24] and described in 
detail in our recent paper [25].  

TABLE I.  LRW DATASET PARAMETERS 

Dataset Classes Samples for each 

class 

Number of 

frames 

Train 

500 (words) 

800-1000 

29 Valid 50 

Test 50 

 
 

RUSAVIC is designed specifically to tackle the speech 
recognition of the most frequent driver’s requests and is meant 
to be used in the creation of driver’s assistive systems. The 
main parametric characteristics of the RUSAVIC corpus 
regarding automated lip-reading tasks are shown in Table II. 
Each of the 20 speakers uttered 62 most frequent requests at 
least 10 times during several recording sessions (including 
actual driving conditions and a vehicle parked near a busy 
intersection). The video resolution is FullHD 1920×1080 with 
60 frames per second frame rate. Some snapshots of the 
speakers of RUSAVIC are shown in Figure 2. 

IV. PROPOSED METHODOLOGY AND BENCHMARKING 

RESULTS 

In this section, we describe the proposed methodology to 
automated visual speech recognition and present the 
benchmarking results on the LRW dataset. According to our 
evaluation, the present approach clearly outperforms the 
existing methods known in the scientific literature to date.  

A. Proposed Methodology 

The functional diagram of the proposed visual speech 
recognition method consists of two stages and is shown in 
Figure 3. 

TABLE II.  RUSAVIC DATASET CHARACTERISTICS 

Parameter Value 

Number of speakers 20 

Video Resolution 1920 × 1080 

Frame Rate 60 

Classes 62 

Samples for each class >400 

 

 

 

 

Fig. 1. Snapshots of speakers of LRW dataset 

 

Fig. 2. Snapshots of speakers of RUSAVIC dataset 
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The first stage involves sequential execution of the several 
steps with the main idea to extract the voiced part of the speech 
and get rid of the silence (on video data). To achieve this goal, 
we use the Vosk voice activity detection model 
(https://github.com/alphacep/vosk-api), which is able to 
confidently detect speech regions even in heavy acoustically 
noisy conditions. Thus, after applying this simple 
preprocessing step we get proper video files, without 
redundant data. 

At the second processing stage, we detect the mouth region 
on each frame using the MediaPipe FaceMesh algorithm [27]. 
The region-of-interest (mouth region) detection process is 
described in detail in our previous work [28]. After cropping 
region-of-interest several procedures are applied, namely: (1) 
grayscaling, (2) image normalization (in case of LRW dataset 
to 88 × 88 pixels), and (3) histogram alignment. This followed 
by the MixUp augmentation technique in order to reduce 
overfitting while training the neural network model. 

The proposed end-to-end neural network architecture used 
for visual speech recognition on the LRW dataset is shown in 
Figure 4. As already mentioned, during the training procedure 
MixUp data augmentation technique was applied to images 
with a probability of 40% to reduce overfitting. The merging 
ratio of the two images varied from 30 to 70% so that the sum 
was always 100% (zero transparency). During this process, 
two samples 𝐴: (𝑥𝐴, 𝑦𝐴)  and 𝐵: (𝑥𝐵 , 𝑦𝐵)  are selected to 
generate a new sample (�̂�, �̂�)  by a weighted linear 
interpolation as:  

    �̂� =  𝜆𝑥𝐴 + (1 −  𝜆)𝑥𝐵 , �̂� =  𝜆𝑦𝐴 + (1 −  𝜆)𝑦𝐵          (1) 

where 𝑥𝑖 , 𝑦𝑖  denotes the training sample and the word label of 
data 𝑖 ∈  {𝐴, 𝐵} respectively. 

Label Smoothing (LS) was applied to the labels of those 
frames that did not have MixUp. The resulting images were 
formed into batches and fed into convolutional layers for 
visual features extraction. Given an input sample belonging to 
word class 𝑖, we denote 𝑝𝑖  as the prediction logits and 𝑦 as the 
annotated word label, as was done in [29]. Let 𝑁  be the 
number of classes. Then the cross-entropy loss is computed as 
follows: 

                𝐿 =  ∑ 𝑞𝑖
𝑁
𝑖=1 log(𝑝𝑖) {

𝑞𝑖 = 0, 𝑦 ≠ 𝑖
𝑞𝑖 = 1, 𝑦 = 𝑖

              (2) 

When applying LS 𝑞𝑖 is changed (𝜖 is a small constant) to: 

                      𝑞𝑖 = {
𝜖 / 𝑁, 𝑦 ≠ 𝑖  

1 −
𝑁−1

𝑁
𝜖 , 𝑦 ≠ 𝑖

                           (3)  

A modified 3DResNet-18 neural network [30] was used in 
order to extract informative features. Useful representation for 
semantic segmentation appears at both global and local levels 
of each frame. At the pixel level, convolution layers generate 
feature maps conditional on local information, as convolution 
is computed locally around each pixel. At the global image 
level, context can be exploited to determine which parts of 
feature maps are activated, because the contextual features 
indicate which classes are likely to appear together in the 
image. To get the advantage of both, local and global 
information we use a squeeze-and-attention (SA) module. 

 

 

 

Fig. 3. Functional diagram of the proposed visual speech recognition method 

 

Fig. 4. Proposed NN model architecture for visual speech recognition 
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TABLE III.  RECOGNITION RESULTS ON LRW DATASET 

No. Method 
Recognition 

accuracy 
Paper 

1 

3D Conv + ResNet-34 + Bi-
LSTM 

83.0 % [6] 

2 Multi-grained + Bi-ConvLSTM 83.34 % [37] 

3 3D Conv + ResNet-34 + Bi-GRU 83.39 % [36] 

4 PCPG 83.5 % [35] 

5 DFTN 84.13 % [34] 

6 
SpotFast + Transformer + 
Product-Key memory 

84.4 % [33] 

7 3D Conv + ResNet-18 + Bi-GRU 84.41 % [32] 

8 
3D Conv + P3D-ResNet50 + 

TCN 
84.8 % [31] 

9 
3D Conv + ResNet-18 + Bi-GRU 

(Face Cutout) 
85.02 % [25] 

10 
3D Conv + ResNet-18 + MS-

TCN 
85.3 % [8] 

11 
3D Conv + ResNet-18 + Bi-GRU 

+ Visual-Audio Memory 
85.4 % [30] 

12 
3D-ResNet + Bi-GRU + MixUp 

+ Label Smoothing + Cosine LR 
85.5 % [29] 

13 

3D-ResNet + Bi-GRU + MixUp 

+ Label Smoothing + Cosine LR 

(Word Boundary) 

88.4 % [29] 

14 
3D Conv + ResNet-18 + MS-
TCN + KD (Ensemble) 

88.5% [9] 

15 Proposed Method 88.7 %  

 

B. Benchmarking Results on LRW dataset 

The back-end of the model is a Bidirectional Long-Short 
Term Memory (LSTM) network. The extracted features were 
fed to 2 layers of BiLSTM. The output of the first BiLSTM 
layer is sequence-to-sequence. The output of the second 
BiLSTM layer is sequence-to-one. The last fully-connected 
layer determines the most probable recognition result from 
500 classes. 

A comparison of recognition results of several state-of-
the-art approaches with the proposed methodology is 
presented in Table III. As can be seen from the table, our 
model outperforms all recent state-of-the-art approaches up to 
5.7 % absolute (in comparison with the work [6]). The closest 
result was obtained by researchers in the work [9]. They rely 
on the same core idea of using 3D CNNs for features 
extraction, however, they used MS-TCN + KD for 
recognition, resulting in 0,2 % less accuracy than our 
approach. 

As we can see from Table III, all modern approaches (11 
out of 15) rely on the use of 3D Convolution Neural Networks 
for visual features extraction from the video. The same 
consent can be observed at the back-end of the model: all the 
researchers try to use some kind of Recurrent Neural Network, 
such as Bi-LSTM or Bi-GRU for the recognition part. The 
main advantages of our approach are: (1) better preprocessing 
by using Vosk to get rid of redundant silence on the video data, 
(2) applying MixUp augmentation technique to reduce 
overfitting, (3) using Squeeze-and-Attention module as heads 
to extract features and fully exploit their multi-scale. After a 
comprehensive comparative evaluation of the proposed 
method, we assert its full viability. In the following section, 
we implement it for the task of visual speech recognition in 
our driver assistance system based on the collected RUSAVIC 
dataset. 

TABLE IV.  RECOGNITION RESULTS ON RUSAVIC DATASET 

№ Neural network architecture 
Recognition 

accuracy 

1 3DResNet-18 + BiLSTM 46.45%  

2 
3DResNet-18 + BiLSTM + Cosine 

WR 
48.28%  

3 3DResNet-18 + MixUp + BiLSTM 49.14%  

4 LS + 3DResNet-18 + BiLSTM 49.57%  

5 SA + 3DResNet-18 + BiLSTM 55.59% 

6 

Vosk + MediaPipe + LS + MixUp + 

SA + 3DResNet-18 + BiLSTM + 

Cosine WR (Our Method) 

64.09%  

 

V. EXPERIMENTAL RESULTS FOR DRIVER ASSISTANCE 

SYSTEM 

The train and test sets of the RUSAVIC dataset were split 
from 80% to 20%. Since the video resolution of RUSAVIC 
differs from LRW the input of the NN model was sequences 
of mouth images every 32 frames long with a resolution of 
112×112 pixels. The rest of the end-to-end model architecture 
was the same as in Figure 4, except the final fully-connected 
layer (62 neurons with SoftMax activation in case of the 
RUSAVIC). 

A comparison of various visual speech recognition 
architectures on RUSAVIC dataset is shown in Table IV. We 
can see that the recognition accuracy of 62 visual speech 
commands of drivers increased from 46.45% to 64.09% (or by 
17.64%) by using our method in comparison with baseline, 
where 3D CNNs used for features extraction followed by Bi-
LSTM for recognition. 

The absolute recognition values on LRW and RUSAVIC 
datasets are differs by about 20%. However, it should be 
noted, that we cannot compare these results directly due to 
huge differences between datasets: amount of data (LRW 
dataset much bigger), language (English and Russian), 
recording conditions (much noisy environment in vehicles, a 
lot of head turns, etc.), etc. Thus, we can conclude with 
confidence that current state-of-the-art approaches and our 
method specifically can provide high speech recognition 
accuracy based purely on video data even in acoustically and 
visually noisy environments, such as driving conditions or TV 
shows. 

VI. CONCLUSION 

In this paper, we present state-of-the-art results on visual 
speech recognition. We propose a method for automated lip-
reading. We benchmark it on the well-known LRW lip-
reading dataset by outperforming the existing approaches. 
After a comprehensive evaluation, we adapt the developed 
method and test it on the collected RUSAVIC corpus we 
recorded in-the-wild for the vehicle driver assistance system. 
The results obtained demonstrate the high performance of the 
proposed method and the fundamental possibility of 
recognizing speech by using video modality only, even in such 
difficult natural conditions as driving. 
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