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This PhD thesis deals with the automatic continuous Cued Speech (CS) recognition in French based on the images of subjects without using any artificial landmark. In order to realize this objective, we extract high-level features of three information flows (lips, hand positions and shapes), and find an optimal approach to merge them for a robust CS recognition system. We first introduce a novel and powerful deep learning method based on the Convolutional Neural Network (CNN) for extracting the lips and hand shape features from raw images. The adaptive background mixture models (ABMMs) are applied to obtain the hand position features for the first time. Meanwhile, based on an advanced machine learning method Constrained Local Neural Fields (CLNF), we propose the Modified CLNF to extract the inner lips parameters (lips width A and lips height B ), as well as another method named adaptive ellipse model. All these methods make significant contributions to the feature extraction in CS. Then, due to the asynchrony problem of three feature flows (i.e., lips, hand shapes and hand positions) in CS, the fusion of them is a challenging issue. In order to resolve it, firstly, a new resynchronization procedure is proposed to align hand and lips features based on the study of the temporal hand movement in CS. Then, we propose several approaches including feature-level and model-level fusion strategies combined with the context-dependent HMM. To achieve the CS recognition, we propose three tandem CNN-HMMs architectures. All these architectures are evaluated on the corpus without any artifice, and the CS recognition performance confirms the efficiency of our proposed methods. The result of 72.67% continuous phoneme recognition is comparable to the state of the art, which used the corpus with artifices and was for the isolated CS recognition case. In parallel, we investigate a specific study about the temporal organization of hand movements in CS, especially about its temporal segmentation, and the evaluations confirm the superior performance of our methods. In summary, this PhD thesis applies the advanced machine learning (especially the deep learning) methods to CS recognition work, which makes a significant step to the general automatic conversion problem of CS to audio speech.
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General Introduction

Motivation

It was reported by World Health Organization (WHO)1 that over 5% of the world's population (about 432 million adults and 34 million children) have a disabling hearing loss nowadays, and it is estimated that this number will rise over 900 million by 2050. Therefore, there will be a serious demand of automatic methods to help these people communicate easier and better.

In fact, in the community of orally educated deaf people, lip reading [1]- [3] is still one of the main modalities of perceiving speech, and its benefits have been widely admitted in the world for a long time. However, the speech cannot be easily perceived thoroughly if the lip reader has no knowledge about the semantic context due to the ambiguity of the visual patterns in lip reading. In fact, many phonemes which look identical on lips (e.g., [p], [b] and [m]) cannot be well perceived only by the lips information. For example, for the moment, one of the best automatic lip readers Watch, Listen, Attend and Spell (WLAS) network [4] still obtains a 23.8% word error rate on the Lip Reading in the Wild (LRW) dataset.

To overcome the low performance of lip reading and improve the reading ability of deaf children, in 1967, Cornett [5] developed the Cued Speech (CS) system [5]- [9] which uses the hand gestures to complement the lips information to make all the phonemes of spoken languages clearly visible. Therefore, the similar lips shapes can be distinguished by adding the hand information, which allows the deaf people to completely understand spoken languages using the lips and hand information. This cuing system allows the people who are deaf, hard of hearing to access the basic, fundamental properties of spoken languages by the vision.

To improve the communications between the hearing impaired people and normal hearing people, it will be meaningful to realize an automatic conversion from visual modality to audio modality and inversely from audio modality to visual modality. This PhD thesis focuses on the automatic continuous recognition of CS in French in the conversion from visual modality to the text2 (phonemes). Its framework lies in the multi-modal (audio-visual) speech processing, and intersects with the human machine communication, Artificial Intelligence and computer vision.

Challenges

A CS recognition system requires an automatic recognition to decode not only the lips of the speakers but also the movements of their hand. In this thesis, the CS recognition contains three main procedures: feature extraction, multi-stream (lips and hand) fusion and continuous CS recognition, which can be seen in Fig. 1. In the process of realizing the automatic CS recognition in Fig. 1, there are three main challenges, which can be summarized as follows.

(1) The first challenge is the feature extraction without using any artificial landmark. In fact, in the state of the art [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], the corpus was recorded with artifices for the convenience of the lips and hand feature extraction. To the best of our knowledge, no work has been dedicated to extracting the lips and hand features based on the raw images in CS. Therefore, to get rid of these artifices in the feature extraction step is our first challenge.

(2) The second one is the temporal segmentation of the hand movements in CS. Assuming that lips movement is synchronized with the audio sound [START_REF] Rybach | Audio segmentation for speech recognition using segment features[END_REF]- [14], we can obtain the temporal segmentation of lips by temporally aligning the audio sound. However, since lips, hand position and hand shape are asynchronous in CS, hand can not share the same temporal segmentation with the lips movement. In the state of the art [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], the temporal segmentation of the lips, hand position and shape streams was all directly realized by the audio signal. Thus, in this thesis, our second challenge is to take into account this asynchrony issue among these three streams, and propose methods to automatically segment the hand position and hand shape movement temporally.

(3) The third one is the continuous CS recognition system which takes into account the fusion of the asynchronous feature streams. In this thesis, the continuous CS recognition follows two conditions: the data is composed of continuous sentences3 ; and the temporal boundary is not given(i.e., every image frame is fed to the recognizer) in the test step. In the state of the art [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], either the isolated CS recognition was studied in a continuous sentence corpus, or the continuous CS recognition was studied in an isolated word corpus, and the context information of CS was not modeled. In this thesis, we deal with the continuous CS recognition based on a continuous sentence corpus, and thus it is much more difficult.

On the other hand, the multi-modalities in CS lead to another problem of how to merge the features from different streams. Therefore, how to realize the CS recognition taking into account the fusion of different modalities, as well as the context information of feature flows, is our third challenge.

Methodologies

To realize the automatic continuous recognition of French CS in the conversion from visual modality to phonemes, based on the corpora of five speakers, we develop several approaches and algorithms in this thesis. Corresponding to the above three challenges, these approaches and algorithms can be summarized as follows.

(1) For the first challenge, we propose two novel methods named Modified Constrained Local Neural Fields (Modified CLNF) [START_REF] Liu | Extraction automatique de contour de lèvre à partir du modèle clnf[END_REF], [START_REF]Automatic tracking of inner lips based on clnf[END_REF] and adaptive ellipse model [START_REF]Inner lips parameter estimation based on adaptive ellipse model[END_REF] to extract the inner lips parameters. Meanwhile, Convolutional Neural Network (CNN) [START_REF] Krizhevsky | Imagenet classification with deep convolutional neural networks[END_REF], [START_REF] Lawrence | Face recognition: A convolutional neural-network approach[END_REF] is applied on the raw lips Region of Interest (ROI) to extract the high-level pixel based lips features. For hand position features, we propose to use the Adaptive Background Mixture Model (ABMM) [START_REF] Kim | Real-time foregroundbackground segmentation using codebook model[END_REF]- [START_REF] Magee | Tracking multiple vehicles using foreground, background and motion models[END_REF] to extract the hand position, which is taken as the center of the hand ROI. After the hand ROI is tracked, CNNs are then applied to extract hand shape features from ROI of the raw images.

(2) For the second challenge, we propose a hand preceding model to automatically predict the temporal segmentation of hand position movement by exploring the relationship between hand preceding time (i.e., the time that hand precedes lips movements) and the vowel positions in sentences. To evaluate the performance of the proposed method, hand position recognition is realized with the multi-Gaussian and Long Short-Term Memory (LSTM) [START_REF] Gers | Learning to forget: Continual prediction with lstm[END_REF] using different temporal segmentations of hand position. The results show that using the temporal segmentation predicted by the proposed method significantly improves the recognition performance compared with that using the audio based segmentation. For the hand shape stream, we propose the optimal temporal segmentation for hand shape realization based on the hand preceding model of the hand position.

(3) For the third challenge, the asynchronous multi-modal fusion and the continuous CS recognition are realized thanks to several new tandem architectures which combine the CNNs, Hidden Markov Model (HMM) [START_REF] Eddy | Hidden markov models[END_REF], [START_REF] Bishop | Pattern recognition and machine learning[END_REF], different fusion strategies and contextdependent modeling. A new resynchronization procedure aligned concatenation (AC) is proposed to pre-process the multi-modal features in order to reduce the effect of the asynchrony and guarantee the quality of fusion. Without exploiting any dictionary or language model, the best proposed tandem CNN-HMM architecture can correctly identify about 72.7% of the continuous phonemes using the hand position given by ABMMs and 76.6% using the ground truth hand position. Notably, this result is comparable to the state of the art [10], which was for isolated CS recognition and used the corpus with artifices. In fact, this thesis is the first work to deal with the continuous CS recognition based on a sentence corpus without using any artifice.

Organization

This PhD thesis is organized as follows.

In Part I, we present the background of CS and the state of the art of the automatic CS recognition, as well as CS materials which will be used in this thesis. The methods of deep learning and multi-modal fusion are also introduced. In Chapter 1, we first introduce the history and development of CS, as well as the principles of its construction. Some other studies like CS perception, production and the automatic CS processing are also reported. Then, we report some previous work about the automatic lip reading, hand feature extraction, automatic CS recognition system and some other related topics. In Chapter 2, the experimental setup and the corpus are introduced, as well as the phonetic transcription, automatic alignment, the definition of the lips and hand parameters, and the classical pixel based feature extraction methods. In Chapter 3, we focus on the deep learning methods. A general framework of the artificial intelligence, machine learning and deep learning related with this thesis is presented, and the standard Multi-Layer Perceptron (MLP), CNN, Recurrent Neural Network (RNN) [START_REF] Lecun | Deep learning[END_REF] and related deep learning methods are presented. In Chapter 4, we introduce the Hidden Markov Model (HMM) and the classical multi-modal fusion strategies as well as deep learning based fusion methods in Audio Visual Speech Recognition (AVSR). Then context-dependent modeling is presented. The ideas about the application of these methods in the CS recognition are also discussed.

In Part II, we first propose the methods for extracting the lips and hand features in CS. The temporal segmentation of the hand movements in CS is then studied, as well as the automatic continuous CS recognition. In Chapter 5, we present two studies for estimating the inner lips parameters. One is the Modified CLNF [START_REF] Liu | Extraction automatique de contour de lèvre à partir du modèle clnf[END_REF], [START_REF]Automatic tracking of inner lips based on clnf[END_REF] which effectively estimates the inner lips parameters even in different contexts, e.g., with hand occlusion or different lighting conditions. The other is the adaptive ellipse model [START_REF]Inner lips parameter estimation based on adaptive ellipse model[END_REF] which is able to extract the inner lips parameters for any lips shape. In Chapter 6, We focus on the extraction of the hand position and hand ROI in CS. The hand position is tracked by the ABMMs [START_REF] Kim | Real-time foregroundbackground segmentation using codebook model[END_REF], [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF], [START_REF] Kemouche | A gaussian mixture based optical flow modeling for object detection[END_REF], which model the background of the image by Gaussian Mixture Model (GMM), and the hand ROI is then determined based on the hand position. In Chapter 7, an automatic method is developed to segment the hand movements temporally. For the hand position movements, a hand preceding model which investigates the relationship between the vowel position in sentences and the hand preceding time is proposed. Based on the hand position result, the hand preceding model for hand shape is built. In Chapter 8, we propose several tandem CNN-HMM architectures for the CS recognition. The Artificial Neural Network (ANN) is applied for processing the hand position features, and CNNs are used for extracting the features of hand shapes and lips. A resynchronization procedure combined with the feature-level and model-level fusion methods [START_REF] Potamianos | Recent advances in the automatic recognition of audiovisual speech[END_REF] are used to merge the lips and hand streams within a context-dependent HMM-GMM decoder. Then the viseme, vowel, consonant and phoneme recognitions are conducted to evaluate these CNN-HMM architectures.

Finally, we summarize the main contributions and results of this thesis and give some suggestions for the future work. 

Part I

Introduction to Cued Speech

Cued Speech (CS) is a system 1 using the hand codes as a complement to the natural lip reading, invented by Cornett [5] in 1967, to make the hearing impaired people access spoken language easier (see Fig. 1.1). In this system, as a combination of different hand shapes and positions near the face, the hand coding complements the lip reading to enhance the speech perception. More precisely, the hand shapes are used to code the consonants, while the hand positions on one side of the face or the neck are used to code the vowels.

CS is now becoming more and more attended by the world and has been adapted to over 60 languages for the moment. The National Cued Speech Association (NCSA) 2 for American English CS and Cued Speech Association UK (CSAUK) 3 for British English CS have been established to generalize this system. For the French CS, which is named Langue française Parlée Complétée (LPC) [7], the Association Nationale de la Langue Française Parlée Complétée (ALPC) 4 has been established as well. These associations have been trying their best to improve the communications between the deaf or hearing impaired children and the normal hearing family members through the CS system.

In this chapter, we first present the CS system with a brief history of its background and construction. Then, other studies of CS such as the speech perception and automatic CS processing are reported. Finally, we explore the state of the art of CS recognition as well as the lips and hand feature extraction.

The motivation of Cued Speech

CS is invented to augment lip reading to improve the communication abilities of the hearing impaired people. Now we first briefly introduce the lip reading, also known as the speech reading, which is a way of perceiving speech by interpreting the movements of the mouth, lips and tongue visually when there is no available sound. A more common way of understanding the lip reading is to interpret the movements of only lips, which is adopted in this thesis. One of the most important applications of lip reading is to help the deaf or hearing impaired people access the spoken speech, which has undoubtedly improved the communication of these people a lot. However, there still exists a problem in this approach, which can only provide insufficient information sometimes. More precisely, it does not allow to recover some contrasts, for example [p] vs. [m], which is caused by the similarity of labial shapes. As a result, this problem makes it difficult for deaf or hearing impaired people to access speech only by the traditional oral education. Many methods have been proposed to overcome this problem up to now, and most of them use hand codings to provide additional information. Now we present a more detailed description of how CS overcomes the limit of lip reading. As we know, spoken English has more than 40 phonemes, and spoken French has 36 phonemes. The normal hearing people can distinguish these different phonemes from auditory speech. However, some of them may look similar on the mouth, and thus it is difficult to distinguish them visually. As a result, a skilled lip reader cannot discern all the information during a conversational discourse without the help of the semantic and syntax context. The amount of information, which can be perceived, ranges from only about 20% to 60% [START_REF] Jeffers | Speechreading (lipreading)[END_REF]. For example, the phonemes [m, b], and [p] look very similar on the mouth. If one says the following two sentences (in French) without voice or in a high-noise environment, it would be almost impossible for the lip readers to distinguish them: Il mange des frites; Il marche très vite. It is possible that the logic based on the context information may help an adult to figure out such pair of sentences. Take the following two sentences for example:

Il marche très vite; Il marche des frites. It is easy to see that the first one is the sentence we are listening to, while the second one is impossible. However, it is difficult for a child, who is two, three or four years old, to perceive higher-level context and logic thinking. Even for the adult people, if some of the details are missing or uncertain in the process of discourse, it will be difficult for them to keep on track. This is the reason why the CS system is introduced. A cue-reader in this system has access to all of the information through visual information. For the above problem (e.g., the confusion among [m], [b] and [p]), different hand shapes are used to distinguish these phonemes which look very similar on the lips shape.

The CS solves some concrete problems which are confronted by a large number of hearing impaired children. These problems5 are summarized by Dr. Cornett as follows.

(1) "The limited communication in the early years, resulting in retarded personality development and delayed social maturation.

(2) The delayed and limited acquisition of verbal language, including its vocabulary, syntax, and common idioms. Rapid early verbal language rarely occurs in the very young child through only traditional methods, e.g., Sign Language (SL) and oral education.

(3) Failure to acquire an accurate and extensive model of the phonological details of the spoken language. Such a model is indispensable for accurate speech patterns and maximum development of speech reading ability. The needed base for reading is constituted by the needed linguistic competence in vocabulary, syntax, and idioms, together with the phonological model. The six years old child needs this base to learn to read easily and enjoyably.

(4) The lack of a convenient method of clear communication in the classroom, at home, and elsewhere, for use in interaction, for instruction, for clearing up the disagreement, for making clear pronunciation, and for increased awareness of and involvement in whatever is going on."

The construction of Cued Speech

In this subsection, we will introduce the criteria of the CS construction, especially about the American English CS and LPC.

The criteria of Cued Speech

The first CS system was built for the American English by Cornett [5] based on four hand positions and eight hand shapes (see Fig. 1.2), in which two major criteria were set: the minimum effort for encoding, and the maximum visual contrast. The number of hand shapes and hand positions is limited in order to save the energy for encoding CS. In CS, the basic unit is CV (consonant-vowel) syllable. Hand shape codes consonants and position codes vowels of syllables. To optimize the CS system, consonants with similar lips shapes should be grouped into different hand shape groups. The same principle is used for the vowel case. The other point is to maximize the visual contrast for each group. In American English CS system, Dr. Cornett used the frequency tables in [START_REF] Denes | On the statistics of spoken english[END_REF] to group all the phonemes. The aim is to make the coding spend minimum energy and facilitate the hand movement in CS coding. As special cases, the isolated consonants and vowels are coded by the corresponding shape and the neutral shape (No. 5), respectively, at the side position (see Fig. 

LPC: The French version of Cued Speech

The French CS was called Langage Codé Cornett when it was first introduced in 1977. Then, it evolved into Langage Parlé Complété, and was finally changed to Langue française Parlée Complétée (LPC) [7] (see Fig. 1.1) to show that it is completely based on the French language. LPC possess the two criteria as American English CS, as well as the functioning principle and the coding unit (see Fig. 1.3). However, there are still some difference between LPC and American English CS. LPC uses five hand positions to code French vowels instead of four. Besides, French language does not have diphthongs. Therefore, there is not rules for coding diphthongs by sliding the hand position movements. In order to make an easier adaptation of LPC, the hand shape codings are similar to the American English CS. 

Other studies of Cued Speech

Concerning other studies of CS, one frequent question is what is the difference between CS and Sign Language (SL). In this subsection, we will first introduce the SL and then show the main difference between CS and SL. Moreover, the studies of CS in speech perception and automatic CS processing will be introduced.

Comparisons between Cued Speech and Sign Language

We first briefly introduce Sign Language (SL), which is a widely used communication method for deaf people. SL is a language that uses manual communication to convey a speaker's ideas.

The manual communication may include the hand gestures, movement, the orientation of the fingers, arms or body, and facial expressions simultaneously. An example signing "Hello" in SL can be seen in Fig. 1.4. SL should not be confused with the "body language", since SL is a full language as other spoken languages and has its specific grammar rule. However, body language is not a language like SL, and it is a non-verbal communication system which expresses or conveys the information by physical behaviors, including the facial expression, body posture, gesture, eye movement and touch. Now we show the differences between these two approaches. Firstly, SL was developed in the early 18th century while CS was invented in 1967. This may be the main reason why CS is not so popular as SL. Secondly, SL is a language with its own grammar and syntax, while CS is a visual representation of the spoken languages. SL is developed to show a language by signs with a word as the unit, instead of a phonetic unit in the CS system. For example, the signs for "dog" do not show the phonetic properties of the word as [dog]. The signs for "cat" do not indicate the phonemes [cat]. However, CS codes in phonetic level. Thirdly, to become fluent, any new language including SL often needs to take several years, while CS can be learned in a fast 20 hours training. It was reported in [START_REF] Singleton | Deaf parents and their hearing children[END_REF] that parents worry about that if there is no available SL model, their child may have some delay of the first-language.

Dr. Cornett pointed out that SL would always be a part of the deaf community and the CS is not going to replace the SL. However, the deaf children are able to master and learn native language easily by using CS.

The studies of Cued Speech in speech perception

Improving the speech perception efficiently is an important point of CS [6], [10], [START_REF] Clarke | The effects of using cued speech: A follow-up study[END_REF]- [START_REF] Alegria | The role of lip-reading and cued speech in the processing of phonological information in french-educated deaf children[END_REF]. In practice, CS has shown good performance for normal hearing parents communicating with 6 https://www.babysignlanguage.com/dictionary/first-signs/?v=11aedd0e4327.

their hearing impaired children, as well as the communication between teachers and hearing impaired children in the class. Now we briefly introduce two well-known studies on CS perception. Nicholls et al. [6] carried an experiment to test if it is workable for hearing impaired children to perceive English words only based on visual information without any audio sound. The result gave a positive answer and confirmed the effectiveness of CS to improve the speech perception for hearing impaired children. In [START_REF] Alegria | The role of lip-reading and cued speech in the processing of phonological information in french-educated deaf children[END_REF], thirty-one French deaf children were asked to perceive the French words and pseudo-words. The result confirmed that LPC can reduce the ambiguities of lip reading, and deaf children can understand the words and pseudo-words easier and faster using LPC (with very similar performance compared with the normal hearing people). A more detailed review of the effectiveness of LPC for the development of French language perception can be referred to [START_REF] Leybaert | Phonology acquired through the eyes and spelling in deaf children[END_REF].

The studies of Cued Speech production

The CS production mainly focuses on the temporal organization of lips and hand movements. In 1967, Cornett [5] emphasized that audio speech should leave some time for hand realization. In 1988, Cornett [START_REF] Cornett | Cued speech, manual complement to lipreading, for visual reception of spoken language. principles, practice and prospects for automation[END_REF] proposed the Autocuer system, in which the LED lighting was derived from a phoneme recognition of the audio speech signal. The result showed that hand precedes the sound production about 150 to 200 ms. The first systematic study on the CS production was [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF], where Attina et al. found that the hand reaches its target roughly between 171 to 256 ms before the phoneme being visible at lips. Their corpus is constituted by nonsense French syllabic sequences decomposed as C1V1C1V1C2V2C1V1 (such as "mamabuma" logatome). Besides, in [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF], Aboutabit et al. found that the hand precedes lips movement about 144.17 ± 80.68ms based on the syllables extracted from continuous sentences, which is coherent with [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF].

Temporal segmentation of hand movement in Cued Speech

As we know, lips and hand are asynchronous in CS. Therefore, the temporal segmentations of them should be different. There are some automatic methods to obtain the audio based segmentation [START_REF] Rybach | Audio segmentation for speech recognition using segment features[END_REF], [START_REF] Tranter | Generating and evaluating segmentations for automatic speech recognition of conversational telephone speech[END_REF], [START_REF] Young | The htk book[END_REF], which can be used for lips. For the hand position movement, the prior work [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF], [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF], [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF] proposed an automatic method to temporally segment the hand movement based on the corpus with color marks. As hand positions can be extracted by tracking the blue color on subject's hand, the temporal segmentation of hand movement can be obtained based on Gaussian modeling of the hand positions and a minimum of the velocity. More precisely, as shown in Fig. 1.5, by plotting the smoothed x and y coordinates of the hand position, some local plateau defined by a set of successive identical position numbers will be obtained.

Firstly, five trained Gaussian classifiers corresponding to five positions are used to classify the hand positions in each frame. Sequential frames with a sequence number (1-5) are ob-tained. Then a threshold is applied to the velocity to specify the boundaries of the target. The position where velocity is higher than the threshold is considered as a transition. Otherwise, it is the target hand position. By the above two criteria, the beginning and the end of each hand position interval can be determined. The automatic method to temporally segment the hand movement based on artificial blue marks. Two curves are the smoothed x and y coordinates of hand positions with plateaus, respectively. The black points are the classified hand positions obtained by Gaussian classifier (from [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF]).

However, this method needs both spatial positions of the hand back and target finger, and thus it is not possible to directly apply this method to the database without painting any artificial mark.

The studies of automatic Cued Speech processing

The automatic processing of CS is located in the domains of synthesis and recognition. For the synthesis domain, it started with the AutoCuer system [START_REF] Cornett | Automatic cued speech[END_REF] in the field of assistive technology. Then, Duchnowski et al. [START_REF] Duchnowski | Development of speechreading supplements based on automatic speech recognition[END_REF] continued the idea of using audio recognition for American English, and developed a video system that displays a synthesis hand in superimposition to the image of the speaker's face. To improve their system for better use of CS deaf lip readers, the authors empirically advanced the hand with 100ms before the temporal segmentation was given by the recognition system. In 2004, at the Institut de la Communication Parlée (ICP) in Grenoble, Attina et al. [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF] completed the pioneer work on CS production that pointed out an advance of the hand cues to the lips (between 171 to 256ms). They presented the first text to visual speech synthesizer including rules for the hand advance. In 2005, Gibert et al. [START_REF] Gibert | Analysis and synthesis of the three-dimensional movements of the head, face, and hand of a speaker using cued speech[END_REF] realized an articulatory 3D synthesizer from the analysis of a VICON recording 7 . Finally, Ming. et al. [START_REF] Ming | Spectral parameters to cued speech parameters mapping: Multi-linear and gmm approaches (applied to french vowels)[END_REF] built a mapping of CS hand positions from audio speech spectral parameters using the Gaussian Mixture Model (GMM).

The work on automatic processing of CS was extended to the recognition field with the first result on vowel recognition from image videos in [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF], which was conducted in the context of French ANR TELMA project [START_REF] Beautemps | Telma: Telephony for the hearing-impaired people. from models to user tests[END_REF]. Then, the isolated CS phoneme recognition was realized in [10]. After, the continuous CS speech based on an isolated word corpus was conducted in [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF]. In all the previous work on CS recognition, the video images were recorded with artifices applied to the CS speaker before the recording (blue sticks on the lips, blue marks on the hand and forehead) in order to mark the pertinent information and make their further extraction easier.

The state of the art of Cued Speech Recognition

CS recognition aims to develop an automatic system to enable or enhance the communication between the deaf and hearing people. This automatic system has to recognize lips shapes and hand gestures (hand positions and hand shapes) to recognize CS. As in Section 1.1.3.5, researchers have been trying to explore the CS recognition which consists of lips, hand feature extraction and recognition. In this section, we present the state of the art of them.

The state of the art of lips feature extraction

Lips feature extraction is one of the most active and challenging research areas in speech processing and computer vision, and it is certainly an important task for CS recognition as well. We now introduce the lips feature extraction in CS case, and the general methods in some other fields.

In the literature, a common way [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] to extract lips feature was realized by tracking the color landmarks on speaker's lips (see Fig. 1.6). A threshold was applied to this gray level image to segment the blue lips. In [10], they obtained 68% accuracy for vowel recognition and 52.1% accuracy for consonant recognition using only lips features. However, the disadvantage of this approach is that the threshold for detecting the blue color is difficult to satisfy in some cases such as when the hand overlaps lips area or the lighting condition changes slightly.

The machine learning methods have also been used for lips feature extraction in CS. Stillitano et al. [START_REF] Stillittano | Lip contour segmentation and tracking compliant with lip-reading application constraints[END_REF] used active contours combined with parametric models to extract the lips contour in CS. Their algorithm could get an accurate segmentation of the lips contour. However, this algorithm sets many thresholds for the lips parameter model, and is not robust for unstable experimental conditions.

The lips feature detection is also an essential problem in some other areas. Given the lips ROI, several algorithms such as snakes model [START_REF] Kass | Snakes: Active contour models[END_REF], templates based methods [START_REF] Yuille | Feature extraction from faces using deformable templates[END_REF], and active shape and appearance models [START_REF] Cootes | Active shape models-their training and application[END_REF]- [START_REF] Cootes | Active appearance models[END_REF] can be used to obtain the lips contour. In order to extract the nonlinear properties of the lips image, several deep learning approaches for visual speech recognition have been presented recently. Hlavac [START_REF] Hlaváč | Lips landmark detection using cnn[END_REF] applied the Convolutional Neural Network (CNN) [START_REF] Lecun | Deep learning[END_REF] to the lips landmark detection. The error is 0.97 pixels per point on the test data. Most errors come from the chin area, since no robust feature could lock the exact positions of the landmarks. Noda et al. [START_REF] Noda | Audio-visual speech recognition using deep learning[END_REF] extracted the visual features using CNN for each frame from raw images. Using only the visual features, the accuracy of their method is about 20% for recognition of Japanese phonemes. Using only the lips features, Li et al. [START_REF] Li | Lip reading using a dynamic feature of lip images and convolutional neural networks[END_REF] proposed a lip reading approach to the isolated word recognition based on a dynamic feature and CNN, and 71.76% accuracy was obtained.

Hand feature extraction

Let's us recall that hand coding is used to complement the lip reading to make the phonemes visible in CS, and thus it carries a lot of significant information. Moreover, it is also an essential topic in other research fields like motion capture system, SL recognition. Now we present the hand tracking in CS and some other fields.

In CS, hand feature includes the hand position and shape. The correct hand shape feature is required for consonant recognition, and the correct hand position is required for vowel recognition. In the literature, the classical methods to extract the hand features were based on the artifices on subject's hand. Heracleous et al. [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] proposed a method based on the x and y coordinates of the color landmarks placed on the fingers (see Fig. 1.7). The coordinates of the color landmarks on the finger are used as features for the hand shape and hand position modeling. Except for the above method which uses colored marks on the speaker's hand, in [START_REF] Burger | Cued speech hand gestures recognition tool[END_REF], speaker wore a one-colored glove in order to make the hand segmentation (see Fig. Meanwhile, hand feature extraction is also very active in some other fields, such as SL and gesture recognition. Lots of studies have also been dedicated to the hand tracking of some other fields in the literature. For the hand shape feature extraction in SL, Gonzalez et al. [START_REF] Gonzalez | Head tracking and hand segmentation during hand over face occlusion in sign language[END_REF] presented a method based on the combination of pixel color and edge orientation to segment the hand over the face accurately. Experiments using the Dicta-Sign corpus8 indicate that this method can extract the hand effectively based on their own SL corpus. In [START_REF] Zaki | Sign language recognition using a combination of new vision based features[END_REF], an American Language recognition system was presented with a vocabulary of 30 words. An appearance based representation was constructed and a hand classification was realized by a Hidden Markov Model (HMM) [START_REF] Eddy | Hidden markov models[END_REF], [START_REF] Bishop | Pattern recognition and machine learning[END_REF]. An error rate of 10.91% was achieved on the RWTH-BOSTON-50 database. The approach in [START_REF] Cooper | Sign language recognition using sub-units[END_REF] used the Microsoft Kinect to extract the appearance based hand features and track the 2D and 3D positions. The classification results were obtained by comparing an HMM approach with the sequential pattern boosting (SP-boosting). This resulted in an accuracy of 85.1% with 40 gestures. An Artificial Neural Network (ANN) [START_REF] Schalkoff | Artificial neural networks[END_REF] was used for the classification. This method is able to recognize 20 Italian gestures with a cross-validation accuracy of 91.7%. On the other hand, in recent years, some related work on SL recognition (hand shape recognition) based on deep learning has been explored [START_REF] Cooper | Sign language recognition using sub-units[END_REF], [START_REF] Camgöz | Sign language recognition for assisting the deaf in hospitals[END_REF]- [START_REF] Wang | Isolated sign language recognition with grassmann covariance matrices[END_REF]. Due to the availablity of large datasets like RWTHPHOENIX-Weather-2014 [START_REF] Koller | Continuous sign language recognition: Towards large vocabulary statistical recognition systems handling multiple signers[END_REF], researchers paid more attention to the continuous hand shape recognition using Deep Neural Network (DNN) in SL. CNNs were widely used in image processing and with good performance. Pigou et al. [START_REF] Pigou | Sign language recognition using convolutional neural networks[END_REF] considered a hand recognition system using the Microsoft Kinect (see Fig. 1.9), CNNs and Graphics Processing Unit (GPU) acceleration. The DNN was combined with HMM-based temporal modeling in [START_REF] Koller | Deep hand: How to train a cnn on 1 million hand images when your data is continuous and weakly labelled[END_REF]. In 2017, Camgoz et al. [START_REF] Camgöz | Subunets: End-to-end hand shape and continuous sign language recognition[END_REF] proposed the deep learning architecture SubUNets for SL recognition. The result showed this architecture achieved more than 30% improvements compared with the state of the art.

In the field of people's affective and cognitive mental state recognition, it is also important to analyze facial expressions and hand gestures. Mahmoud et al. [START_REF] Mahmoud | Automatic analysis of naturalistic hand-over-face gestures[END_REF] presented an automatic detection for the hand-over-face gestures based on multi-modal Support Vector Machine (SVM) with the feature of Histogram of Oriented Gradients (HOG) and Space-Time Interest Point (STIP). Experiments showed that the method recognizes the hand shape (fingers, open hand, closed hand, two hands) with an accuracy of 36%, and the hand action (static and dynamic) with an accuracy of 76%. Hand gesture recognition is also important for designing touch-less interfaces in cars. Such interfaces are very friendly and allow drivers to concentrate on driving while intercommunicating with other things, e.g., audio and air conditioning, and thus improve drivers' comfort and safety. More importantly, it is worthy to mention the recent popular gesture pose tracking system open-pose [71]- [START_REF] Wei | Convolutional pose machines[END_REF], which is very robust even with the occlusion (see Fig. 1.11). This approach learns the body guesteures by a non-parametric representation which called Part Affinity Field (PAF). Motivated by its attractive advantages, we test it in our CS case for hand tracking, and the experimental results will be presented in Section 2.3.4. 

Cued Speech recognition

Audio Visual Speech Recognition (AVSR) is a way which uses the information of lips to help audio speech recognition, while Visual Speech Recognition (VSR) only considers the information of video image such as lips and tongue. CS is located in VSR and can be considered as a visual supplement component to augment lip reading. Automatic CS recognition shares some issues with some other fields of multi-modal speech processing, such as AVSR9 [START_REF] Potamianos | Recent advances in the automatic recognition of audiovisual speech[END_REF], VSR (i.e., automatic lip reading) [START_REF] Wand | Lipreading with long short-term memory[END_REF], silent speech interfaces [START_REF] Hueber | Statistical conversion of silent articulation into audible speech using full-covariance hmm[END_REF], [START_REF] Tatulli | Feature extraction using multimodal convolutional neural networks for visual speech recognition[END_REF], and gesture recognition, which includes the SL recognition introduced in Section 1.2.2. Now we present the state of the art of the automatic lip reading and the CS recognition, and the fusion methodologies will be introduced in Chapter 4.

Automatic lip reading

Automatic lip reading plays an important part in CS recognition. In the literature, many studies [START_REF] Matthews | Extraction of visual features for lipreading[END_REF]- [START_REF] Lucey | Patch-based representation of visual speech[END_REF] have been dedicated to this field. An extensive review of the automatic lip reading can be referred to [START_REF] Zhou | A review of recent advances in visual speech decoding[END_REF]. For the traditional methods, two steps are included generally. The first is the visual feature extraction and the second is the classification. Besides, deep learning is becoming very popular in automatic lip reading. The general framework includes a CNN to extract the lips features and a Recurrent Neural Network (RNN) to construct the model temporally. For example, the LipNet was proposed in [START_REF] Assael | Lipnet: End-to-end sentence-level lipreading[END_REF] as the first end-toend sentence-level lip reading model. It achieved 95.2% accuracy on the GRID corpus [START_REF] Cooke | An audio-visual corpus for speech perception and automatic speech recognition[END_REF], outperforming the state of the art [START_REF] Gergen | Dynamic stream weighting for turbo-decoding-based audiovisual asr[END_REF]. Chung et al. [START_REF] Chung | Out of time: Automated lip sync in the wild[END_REF] developed the Watch, Listen, Attend and Spell (WLAS) model based on Long Short-Term Memory (LSTM). This model used an attention mechanism to operate the visual and audio data, and the evaluation on the BBC television database confirmed the good performance.

Automatic Cued Speech recognition

For the automatic phoneme CS recognition, the fusion of three modalities (i.e., lips, hand position and hand shape) is required. For vowel recognition, lips and hand position features are merged. For consonant recognition, lips and hand shape features are merged. Now we present the state of the art of automatic CS recognition including the isolated and continuous cases, while a summary can be seen in Table 1.1.

Vowel recognition (lips + hand positions)

Features Fusion strategy Results

Aboutabit et al. [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF] Corpus with artifices decision-level 77.6% For the isolated CS recognition, Aboutabit et al. [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF] focused on the identification of vowels by merging CS hand positions and lips information of SC corpus. Hand position was conducted using the Gaussian classifier which took the 2D hand positions as input. The vowel recognition used the merged features of the lips and hand position, and obtained 77.6% identification correctness.

In [10], Heracleous et al. used the context-independent HMM-GMMs to decode a set of isolated phonemes extracted from CS sentences, i.e., the temporal boundaries of each phoneme to be recognized in the video was given at the test stage. In fact, the audio based temporal segmentation was used for the temporal alignments of the lips, hand position and shape. The corpus was derived from a video recording of the CS speaker with blue colors on lips and hand pronouncing and coding a set of 262 French sentences. The experiments concerning the vowel, consonant and phoneme recognitions were presented.

For vowel and consonant recognitions, lips and hand features are merged using one stream HMM and multi-stream HMMs. The results are shown in Fig. 1.12, we see that using GMMs (with 32 components) and the model-level fusion, vowel recognition obtains 87.6% accuracy (see Fig. 1.12(a)), and consonant recognition 78.9% (see Fig. 1.12(b)). We can observe that the vowel and consonant recognition accuracy increased with the the increasing number of Gaussian mixture components. Besides, the case combining lips and hand information clearly outperformed the case using lips information only.

For the phoneme recognition, Heracleous et al. [10] proposed three approaches for the feature fusion. The first method is simply concatenating lips, hand position and shape features, while the second and third one are the one pass scheme and two-pass scheme, respectively. More precisely, for the first pass, the input data are fed to GMMs. The input is considered as a vowel or a consonant based on the likelihood of GMMs. When the likelihood of the vowel-GMM is higher than that of the consonant-GMM, the decision is made for a vowel. For the second pass, vowel and consonant recognitions are realized by HMMs. The second and third methods have different numbers of GMMs and training units. Two GMMs are used for training vowels and consonants in the second method, while eight GMMs are used for training 3 vowel visemes and 5 consonant visemes in the third method. It is shown that the third method gives the best phoneme recognition (74.4%). Besides, isolated word recognition experiments based on the word corpus introduced in Section 2.2.1 were conducted [10]. The normal hearing subject obtained a higher accuracy (94.9%) than the hearing impaired subject (89%).

For the continuous CS recognition, the prior work [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] explored it based on contextindependent HMM-GMMs. However, the dataset in [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] is composed only of isolated words repeated several times (not continuous sentences). Fig. 1.13(a) shows the phoneme correctness using the information of lips only, hand shape only and merged feature in case of the normal hearing speaker. We can observe that the correctness increase significantly when merging the hand features and lips information. More precisely, it achieves correctness: vowel 88.9%, consonant 86%, and phoneme 82.9%. Compared with the consonant recognition, vowel recognition achieved a higher recognition performance. It may be due to the limited visual information of lips (e.g., [k], [g]), which causes more confusions between different consonants. Indeed, the lips contrast for vowel may be more evident than the consonant case.

The CS recognition results for deaf speakers are shown in Fig. 1.13(b). We can also see that the recognition performance increases significantly when merging the lips and hand shape information. The results of normal hearing and deaf speakers can be seen in Fig. 1.14, where very slight difference is shown. Notably, we observe that deaf speaker shows better ability in lip reading than the normal hearing subject. It is reasonable because they are used to the lip reading in daily communication and have nice perception and production of lip reading. Finally, the results of the intra-speakers experiment confirm that the normal hearing and deaf speakers have very similar performance in CS recognition. 

Chapter 2

Cued Speech Materials

Introduction

In current big data times, the database is very critical to any statistical analysis. In this thesis, since there is no existing CS database without using any artificial mark, we employ CS teachers and speakers to utter French words and sentences used in the LPC to record our own database. In this chapter, we will introduce these databases. An organization of this chapter is shown in Fig. 2.1. Firstly, the data preparation and recording setup will be presented in Section 2.2. Then, in Section 2.3, we will focus on the data processing, which includes the processing of texts (sentences or words), audio speech signals and CS videos.

Database preparation and recording

The data recording contains the speaker's upper body (face and neck) and the audio sound. It is carried out in a sound-proof room in Gipsa-lab, France. The CS speakers are professional French CS translators. The speaker is seated in front of a computer screen which shows the French words or sentences to be coded. A microphone and a camera are set up for the recording. The RGB images are saved in BMP or PNG format with size 720×576 at the rate of 50 Hz. The recorded audio sound signal is digitalized at 22,050 kHz, which is to help the temporal segmentation of words and sentences. In this thesis, we work on five subjects named as MD, DB, ChS, SC and LM (see Fig. 2.3). With audio speech sound, three of them (MD, DB and ChS ) utter French words and others (SC and LM ) utter French sentences. The audio sound is synchronized with the CS video to help us align the articulatory data. A summary of these five corpora is shown in Table 2.2.

Five corpora in this thesis

The word corpora contain a CS interpreter and two normal speakers. The corpus MD was previously recorded, and was exploited by Ming et al. [START_REF] Ming | Spectral parameters to cued speech parameters mapping: Multi-linear and gmm approaches (applied to french vowels)[END_REF] for audio to lips and hand ges- tures mapping in CS. The speaker MD is a female native speaker of French. In this corpus, she pronounced and coded 50 isolated French words (see Appendix A.2). These words are constituted by the digits from 0 to 31, twelve months, and six ordinary French words such as Bonjour, and they were repeated ten times. For this speaker, one blue landmark was glued on the forehead, and five blue landmarks were glued on the extremity of the right hand's finger.

A pre-prepared grid paper was used in the recording in order to transfer the pixel unit to centimeter (see Fig. 2.2). The two normal speakers (DB and ChS ) are male French, and they uttered the same French words as MD. Other recording setups are also the same as MD. The main difference is that they speak normally instead of CS. The sentence corpora without using any artifice are collected from one female normal hearing CS speaker named LM. The experimental setup is the same as MD. The speaker LM pronounced and coded a set of 238 French sentences derived from a corpus in [START_REF] Gibert | Analysis and synthesis of the three-dimensional movements of the head, face, and hand of a speaker using cued speech[END_REF], [START_REF] Gibert | Conception et évaluation d'un système de synthèse 3d de langue française parlée complétée (lpc) à partir du texte[END_REF]. Each sentence was repeated twice by the speaker resulting in a set of 476 sentences (totally 11772 phonemes). One example is Ma chemise est roussie. The sentence corpus named SC with color marks was recorded for the previous study [10], [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF]. The speaker's lips and hand were painted by blue color landmarks. She coded 262 French sentences which are also derived from the corpus in [START_REF] Gibert | Analysis and synthesis of the three-dimensional movements of the head, face, and hand of a speaker using cued speech[END_REF], [START_REF] Gibert | Conception et évaluation d'un système de synthèse 3d de langue française parlée complétée (lpc) à partir du texte[END_REF]. The sentences uttered by these two subjects are not the same but with a large part of sentences in common.

To validate our proposed algorithms for other languages, we also recorded the first British English CS corpus. It was coded by a CS expert from the CSAUK. The videos with 720x1280 RGB images (50 fps) were recorded. Until now, we have recorded 100 English sentences, and the recording processing is still ongoing.

In order to see the balance status of phonemes in each corpus, we calculate the number of vowels, consonants, and phonemes in the corpora MD, SC and LM (see Table 2.2). The word corpora DB and ChS have the same amount of vowels, consonants and phonemes as MD. It can be seen from Fig. 2.4 that the phonemes are not well balanced for all these three corpora. Notably, the word corpus has a different distribution with the sentence corpus concerning the phoneme amount. Note that there are some unbalance of the corpus MD since the selected 50 isolated French words are often made by some common phonemes such as vingt-et-un and trente-et-un. 

Definition of the lips viseme

We now introduce some prerequisites in this thesis. Firstly, a term named viseme will be introduced. As we know, in French, there are 36 phonemes including 17 consonants, 16 vowels, and 3 semi-vowels. Some consonants and vowels have very similar lips shapes. We call these consonants and vowels with very similar lips shapes as a viseme. The phoneme to viseme mapping [START_REF] Benoit | A set of french visemes for visual speech synthesis[END_REF] in the French language is shown in Table 2.3, where we can see that there are five consonant visemes and three vowel visemes.

Secondly, in this thesis, we use some simple labels to mark some French phonemes (see Table 2.4). For example, [S] for 's^' and [Z] for 'z^'. The reason is that, in the programming of Matlab and Python, the simple labels can be directly used as the "char" variable, while the standard French phonetic type needs extra controls.

Data processing

As shown in Fig. 2.1, after the recording and preprocessing steps, we go to the data processing which contains the processing of texts, audio speech signals and videos. The text processing concerns the acquisition of the phonetic transcription. The audio speech signal is used to obtain the alignment of each phoneme. In the video processing step, we will present the definitions of lips and hand features, as well as some basic methods for the feature extraction. It should be noted that our proposed methods for lips and hand feature extractions will be introduced in Chapter 5 and Chapter 6, respectively.

Text data processing: phonetic transcription

The phonetic transcription is to translate the raw text characters (see Appendix A.1 and Appendix A.2) into phonetic sequences without using any audio signal. More precisely, the raw French sentences or words of the audio signals is first done manually in naturally written text, and then translated into phone sequences using Lliaphon phonetizer1 [START_REF] Béchet | Lia phon: Un systeme complet de phonétisation de textes[END_REF], which is a text-to-speech application and translates the texts into phonetic descriptions. Lliaphon is designed for French texts and it is free to use for non-commercial and non-military applications. However, when directly applying it to our case, some errors appear. In fact, the errors in the phonetic decoding are because of that the real audio sound or hand coding may not always correspond to the phonetic pronunciation. In summary, in the phonetic transcription, there are two types of errors. Now we illustrate these two aspects by two typical examples.

The first error is the phonetic transcription error when Lliaphon processes the raw text. The following three main problems are shown in Fig. 2

.5. (1)

There should be a 'z', while no '_' (silence) is inserted. (2) Lliaphon usually makes some confusions between 'q' and 'x'.

(3) A '_' should be added between two successive vowels ('o^' and 'o~' in this sentence). Besides, in most cases, when the syllable is ended by a consonant, one [@] should be added in the acoustic speech, while it will not be added in the raw transcription. Given these errors, some problems will appear in the automatic alignment. The above errors will influence the performance not only on the temporal alignment but also on the final automatic CS recognition. As a consequence, it is necessary to have a post check for phonetic transcriptions.

Acoustic data alignment

In Section 2.3.1, we have converted the text of sentences into a sequence of phonemes including the silence. Note that the speech signal is recorded synchronously with the CS data. Phoneme sequences are then automatically aligned on audio signals using a standard speech recognition system (based on a set of tied-state context-dependent phonetic HMM trained using the HTK toolkit2 and a forced alignment procedure). The forced alignment is a technique to take an orthographic transcription of an audio file and generate a time-aligned version using a pronunciation dictionary to look up phones for words. Also, depending on prior knowledge, we define an initial transition probability between different phonemes. The feature will be fed to a pre-trained acoustic model to obtain the likelihood score of the phoneme recognition using the Viterbi algorithm. The phoneme with the maximum likelihood score will be the right candidate of the current temporal boundary. We remark that different acoustic models may produce slightly different forced alignment results.

However, even with a manual temporal segmentation, it is sometimes hard to determine a correct temporal boundary of each phoneme. Thus, it is natural that the forced alignment cannot obtain a perfect alignment. Now we give some examples showing the errors of automatic alignment and the results of the post check alignment (see Fig. 2.6 and Fig. 2

.7).

As in Fig. 2.6(a), the automatic alignment for the long sentence Annie s'ennuie loin de mes parents is bad (especially in the middle of the sentence). The corrected alignment is shown in Fig. 2.6(b). We observe that errors appear more evidently when there is a sequence of voiced phonemes.

It is shown in Fig. 2.7 that if there is no silence between two successive vowels in the phonetic transcription, the automatic alignment will perform badly as in the example 'o~' and 'o^'.

Video data processing

In CS recognition, one essential step is the video image processing which contains the lips, hand position and hand shape feature extraction. Now we briefly introduce the definitions of parametric feature and some common basic pixel based feature extraction methods. 

Lips features

The lips feature extraction is indispensable in CS recognition. In general, there are three levels of lips feature: geometric parameter level, contour level and pixel level (based on image) feature. In this thesis, we explore the lips feature in geometric parameter and pixel levels. In terms of the geometric parameter, the lips opening height, width [START_REF]Hmm-based vowel and consonant automatic recognition in cued speech for french[END_REF], [START_REF] Adjoudani | On the integration of auditory and visual parameters in an hmm-based asr[END_REF]- [START_REF] Zhang | Speaker independent audio-visual speech recognition[END_REF] are considered as lips features. Now we introduce the measures of geometric parameters of lips, as well as the common pixel based methods, which includes Principal Component Analysis (PCA) [START_REF] Dupont | Audio-visual speech modeling for continuous speech recognition[END_REF], [START_REF] Hazen | A segment-based audio-visual speech recognizer: Data collection, development, and initial experiments[END_REF] and Discrete Cosine Transform (DCT) [START_REF] Potamianos | Discriminative training of HMM stream exponents for audio-visual speech recognition[END_REF]- [START_REF] Barker | Energetic and informational masking effects in an audiovisual speech recognition system[END_REF].

Geometric parameters of lips

It was reported in [START_REF] Gibbon | Audio-visual and multimodal speech-based systems[END_REF] that the lips parameters such as the horizontal width, vertical height and the area of inner and outer lips are used to describe the lips shape. One example of the application is the AVSR task [START_REF] Chen | Audio-visual integration in multimodal communication[END_REF], [START_REF] Liew | Lip contour extraction from color images using a deformable model[END_REF]. In this thesis, we use the inner lips width A and inner lips height B as the lips features. We observe that the inner lips area has a correlation with the value A×B, and the calculations of A and B can be referred to [3]. As introduced in Section 1.2.1, the traditional methods used the artificial landmarks to extract the lips contour to calculate these parameters. In Chapter 5, we will propose two methods to calculate them without using any artificial landmark.

Pixel based lips features

Now we introduce two pixel based feature extraction methods (PCA and DCT), which are both applied to the raw images and able to reduce the high dimension of features.

(1) PCA based lips features Principal Component Analysis (PCA) is widely used for the dimension reduction and feature orthogonalization [START_REF] Dupont | Audio-visual speech modeling for continuous speech recognition[END_REF], [START_REF] Potamianos | Discriminative training of HMM stream exponents for audio-visual speech recognition[END_REF], [START_REF] Bregler | Improving connected letter recognition by lipreading[END_REF]- [START_REF] Turk | Eigenfaces for recognition[END_REF]. It is an unsupervised and linear technique which aims at finding a decomposition basis that best explains the variation of pixel intensity in a set of training frames. In this thesis, the PCA is performed on a set of N training frames (normalized by its mean value in the pixel intensity domain at the training stage). The resulting basis vectors are often called eigenlips [START_REF] Bregler | Eigenlips for robust speech recognition[END_REF] when applying this technique to the lips images. At the feature extraction stage, each new frame is projected onto the set of these basis vectors. Visual features are defined as the D first coordinates in that decomposition basis. When applying PCA to the lips ROI in our case, in order to keep the eigenvectors that carry 85% of the variance, we set D = 22 (see Fig. 2.9). All the parameters of PCA are calculated based on 1000 images which are randomly extracted from the whole database (for example, corpus LM ). The reconstruction of the lips based on different numbers of PCA components is shown in Fig. 2.10. We can see that the image with 40 components (see Fig. 2.10(d)) is better than the one with 22 components (see Fig. 2.10(c)). In this thesis, PCA will be used several times as a baseline to be compared with our proposed methods. (2) DCT based lips feature Apart from PCA, there are still some other popular linear image transforms [START_REF] Gonzalez | Digital image processing[END_REF] to obtain the lip reading features, such as DCT [100]- [START_REF] Nefian | Dynamic bayesian networks for audio-visual speech recognition[END_REF], [START_REF] Duchnowski | See me, hear me: Integrating automatic speech recognition and lip-reading[END_REF], [START_REF] Nakamura | Stream weight optimization of speech and lip image sequence for audio-visual speech recognition[END_REF], [START_REF] Scanlon | Feature analysis for automatic speechreading[END_REF], Discrete Wavelet Transform (DWT) [START_REF] Daubechies | Ten lectures on wavelets[END_REF], and the Hadamard and Haar transforms [START_REF] Scanlon | Feature analysis for automatic speechreading[END_REF].

The energy located in the low frequency domain is packed by DCT. Therefore, we can ignore the high frequency energy in order to reduce the dimension of the DCT feature.

(a) (b) (c) (d)
In [START_REF] Ming | Spectral parameters to cued speech parameters mapping: Multi-linear and gmm approaches (applied to french vowels)[END_REF], a mask is used to select the most significant coefficients located in the top left of the DCT matrix in order to reduce the dimension. We can see that the reconstructed images (see Fig. In our experiment, we found that the DCT based feature extraction method is sensitive to the environment noise such as rotations and lighting conditions, thus we do not use DCT lips features for CS recognition. However, it will be used for building a closed and round lips detector in Section 5.2.2.6.

Hand position and hand shape features

Recall that the hand shape codes the consonant, and the hand position codes the vowel in CS. The extracted features of hand shape and position are very essential in CS recognition. Now we introduce the characteristics of the hand shape and position features.

Hand position features

Coordinates in the spatial space normally represent the hand position. However, there is no unique point which permits to define the hand position. We present three possible points to describe the hand position.

(1) The first point is on the hand back (see the blue point in Fig. 2.12), and we can track this point without any interruption since it is always visible. This point could give a good description of the whole hand movement. However, it is still difficult to automatically extract this point without using any artifice. Therefore, the extraction of this point is carried out manually, and this point is assumed to be a reference in this thesis.

(2) The second one is the target finger (see the green point in Fig. 2.12) which points to the vowel position allowing CS readers to understand what the CS coders want to express. Evidently, this is the best choice for the hand position recognition. However, the target position is not always realized by the same finger since the hand shape is variable during the coding process. The automatic CS hand finger tracking in 2D is still an unsolved problem. Therefore, we manually extract the target finger in the following way: the 2D position of the index finger is used if no middle finger appears.

(3) The third one is the gravity center of the hand, which will be introduced in Chapter 6.

The classical method in [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF], [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF] is to mark the information with the landmarks placed on the subject's hand back and finger's extremity. Then a color detection algorithm is applied to track the hand position. In Chapter 6, an automatic method will be presented to track the gravity of the hand in case of no artificial color landmark.

Hand shape features

For the hand shape, there are two levels of descriptions: parameter and pixel. In the state of the art [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], different colors were painted on the finger's extremity to define the hand shape feature. To get rid of the artifices, we think about other approaches. One possible way is to extract the hand contour to describe the hand shape, which is difficult due to the dynamical changes of hand on both position and shape. The other way is to extract the pixel based hand features. In order to reach this goal, we need to determine a hand ROI (see Fig. 2.13), which will be introduced in Chapter 6. Then, we apply PCA on the hand ROI to extract the hand shape features. Other techniques for hand shape feature extraction will be presented in Chapter 8. Applying PCA to the hand shape ROI, we can obtain the PCA components and variance of the hand shape (see Fig. 

Other methods in Cued Speech feature extraction

Except for the above classical statistical methods, some other approaches in computer vision fields were also tried for the CS feature extraction. Now, we briefly introduce the Kanade-Lucas-Tomasi (KLT) feature tracker [START_REF] Tomasi | Detection and tracking of point features[END_REF], [START_REF] Shi | Good features to track[END_REF] and open-pose system [71]- [START_REF] Wei | Convolutional pose machines[END_REF].

KLT feature tracker

In computer vision, Kanade-Lucas-Tomasi (KLT) [START_REF] Tomasi | Detection and tracking of point features[END_REF], [START_REF] Shi | Good features to track[END_REF] feature tracker is an approach to feature extraction. It is very effective for tracking the objects without changing the shape. Note that the hand moves with shape changes in CS. KLT is not suitable for the hand shape detection. However, we can use it for lips tracking since lips have less changes. The applications of KLT to hand and lips ROI are shown in Fig. 2.16. The green points are the "good" target feature points detected by KLT. In Fig. 2.17, we present different cases when applying KLT to the real-time tracking of lips and hand in corpus LM. We found that most of the time, the performance of lips tracking is better than the hand. In Fig. 2.17(c), the good feature of hand even disappears. It may be due to the large variabilities of the hand shape and less changes of the lips.

Open-pose system for human pose estimation

The open pose system is robust for the human pose estimation [START_REF] Cao | Realtime multi-person 2d pose estimation using part affinity fields[END_REF], [START_REF] Wei | Convolutional pose machines[END_REF], even with the occlusion (see Fig. from Fig. 2.18(c) and Fig. 2. 18(d), the open-pose system works well for the facial features but not for the hand and body gestures estimation. The reason is that our corpus does not record the whole upper body of the speaker in Fig. 2.18(c) and Fig. 2.18(d), and thus it does not have enough good initial features. In order to use the open-pose system directly, speakers need to expose their whole body in the recording, instead of only the body above neck in our case. Therefore, it is not enough to validate this method. We may suggest to record the whole body of CS speaker so that this method can be used in the future work. 

Introduction

Artificial Intelligence (AI) is a powerful tool that can make a machine act like a human. As a significant step for AI, machine learning provides the machine with the necessary data to learn how to do something without being explicitly programmed. Algorithms such as decision tree learning, inductive logic programming, clustering or reinforcement learning help them make sense of the input data. Furthermore, deep learning is a form of advanced machine learning that enables computers to learn from experience and understand the world concerning a hierarchy of concepts. If machine learning is a subset of the AI, then deep learning can be called a subset of the machine learning (see Fig. 3.1).

In 1986, Rina Dechter firstly introduced the term deep learning to the machine learning field. It aims at automatically learning the data representations, which can be supervised, partially supervised or unsupervised [START_REF] Lecun | Deep learning[END_REF], [START_REF] Bengio | Representation learning: A review and new perspectives[END_REF], [START_REF] Schmidhuber | Deep learning in neural networks: An overview[END_REF]. Deep learning architectures [START_REF] Lecun | Deep learning[END_REF], e.g., Convolutional Neural Network (CNN) and Recurrent Neural Network (RNN), have been widely applied to many fields including computer vision [START_REF] Krizhevsky | Imagenet classification with deep convolutional neural networks[END_REF], speech recognition [START_REF] Zhang | Towards end-to-end speech recognition with deep convolutional neural networks[END_REF], natural language processing [START_REF] Collobert | A unified architecture for natural language processing: Deep neural networks with multitask learning[END_REF] and audio recognition [START_REF] Kumar | Deep cnn framework for audio event recognition using weakly labeled web data[END_REF], where the results are very nice [START_REF] Ciregan | Multi-column deep neural networks for image classification[END_REF] and even sometimes outperform human experts [START_REF] Krizhevsky | Imagenet classification with deep convolutional neural networks[END_REF]. As the two most popular ones, CNNs are located at the heart of the image processing, while RNNs are very powerful in the continuous sequence modeling. Because of the powerful capability of CNN for image feature extraction, in this thesis, we propose to use CNNs for the lips and hand feature extraction without using any artificial mark. On the other hand, it was shown in [START_REF] Graves | Speech recognition with deep recurrent neural networks[END_REF], [START_REF] Soltau | Neural speech recognizer: Acoustic-to-word lstm model for large vocabulary speech recognition[END_REF] that the RNN based speech recognition outperforms the state of the art. Note that CS is a kind of visual speech in which the temporal context information is essential. We use the RNN based method for temporal information acquisition in the CS recognition. Since the CS data is limited for phoneme recognition, we will adapt the Long Short-Term Memory (LSTM) for CS hand position recognition in Chapter 6.

In Section 3.2, we will first introduce the Multi-Layer Perceptron (MLP), as well as some basic conceptions and properties in deep learning methods. Then, in Section 3.3 and Section 3.4, we will introduce the CNNs and RNNs, respectively.

Multi-Layer Perceptron

A Multi-Layer Perceptron (MLP) [START_REF] Gurney | An introduction to neural networks[END_REF] is a basic feed-forward ANN, which is composed of at least three layers of nodes (see Fig. 3.2). Except in the input layer, each node is a neuron with a nonlinear activation function, which distinguishes the MLP from a linear perceptron. Formally, a MLP with one hidden layer is a function f : R D → R L defined as

y = f (x) = G(b (2) + W (2) h(x)), (3.1) 
where D is the size of input vector x, L is the size of the output vector f (x) and

h(x) = s(b (1) + W (1) x) (3.2)
constitutes the hidden layer. In (3.1) and (3.2), b (1) , b (2) are the bias vectors, W (1) , W (2) are the weight matrices, and G and s are the activation functions. To learn the set of parameters θ = {W (2) , b (2) , W (1) , b (1) } in the training process, the MLP needs a supervised learning technique called the Back-Propagation (BP) [START_REF] Lecun | Deep learning[END_REF], which will be introduced in Section 3.2.1. Typical choices for the activation function are the sigmoid and Hyperbolic Tangent function (tanh), which will be introduced in Section 3.2.2. 

Back-Propagation algorithm

For learning the parameters of an ANN, the Back-Propagation (BP) algorithm is the workhorse of the gradient descent optimization algorithm2 [START_REF] Ruder | An overview of gradient descent optimization algorithms[END_REF], which aims to calculate the gradient of the loss function and then adjust the weights and biases. Now we first introduce the error function E(y, y ), which is used to measure the compatibility between the ground truth y and the output y. The standard choice is the Mean Squared Error (MSE), i.e., the square of the Euclidean distance. The error function over n training examples can be written as a sum:

E = 1 2 x y(x) -y (x) 2 . (3.3)
To train an ANN, an essential step is to optimize the parameters via minimizing (3.3), in which a complete iteration includes the feed-forward step, BP step and updating the parameters.

Nonlinear activation function

Nonlinearity is one of the most important properties in ANNs, which are considered as universal function approximators. In other words, they can compute and learn any functions, and any process can be represented as a functional computation. Hence, we need to apply a nonlinear activation function to make the network more powerful with the ability to represent nonlinear complex arbitrary functions between inputs and outputs. The other essential feature of the activation function is the differentiability, which is needed to perform the BP optimization strategy.

Three commonly used activation functions are (1) the sigmoid function in the form of σ(x) = 1/(1 + e -x ), which is a s-shaped curve (see Fig. 3.3) between 0 and 1; (2) Hyperbolic Tangent function (tanh) in the form of tanh(x) = (1 -e -2x )/(1 + e -2x ), whose output is zero centered (see Fig. 3.4), and (3) Rectified Linear units (ReLU) function with the form ReLU(x) = max(0, x) (see Fig. 3.5), which is proposed to deal with and rectify the gradient vanishing problem [START_REF] Hochreiter | Gradient flow in recurrent nets: The difficulty of learning long-term dependencies[END_REF], and has become very popular in the past few years. 

Convolutional Neural Networks

Convolutional Neural Network (CNN) [START_REF] Lecun | Deep learning[END_REF] is a special kind of feed-forward Deep Neural Network (DNN), and has been doing very nice work in image recognition tasks. It includes an input layer, output layer and multiple hidden layers (see Fig. 3.6), while a hidden layer typically includes convolutional layers and pooling layers. In this section, we give a brief description of the CNN, while more details can be referred to [START_REF] Lecun | Deep learning[END_REF].

We take the CNN architecture in Fig. 3.6 as an example. The input of this example is a RGB image of a bird. Firstly, several filters will be convoluted for this image with a nonlinear activation function (normally it is ReLU). The principle of 2D convolution calculation is shown in Fig. 3.7 and the feature map3 is generated by applying ReLU to the output of the convolutional layer. Then, one pooling process will be conducted on the current feature map, and two Fully Connected (FC) layers will be used to combine all the elements of the feature vector. After that, a softmax layer will be applied to compute the posterior probabilities of all the classes. In this example, the posterior probabilities of being a bird, cat, sunset, dog, flower and so on will be calculated by the softmax layer, and the class label corresponding to the highest posterior probability will be the result of this classification problem. The pooling process is used to reduce the dimensionality of each feature map while keeping the most important information. This process can be of various types, such as Average, Max and Sum. In the average pooling, a spatial window with a certain size (for example, 2 × 2) is defined, and then the average value of all the elements from the rectified feature map within that window will be calculated and used. Instead of the average element, we could also take the maximum (see Fig. 3.8) or the sum of all the elements in that window. For the training of CNNs, the BP algorithm is used based on the mini-batch gradient descent [START_REF] Ioffe | Batch normalization: Accelerating deep network training by reducing internal covariate shift[END_REF], which is a variation of the gradient descent algorithm and splits the training dataset into small batches for calculating the errors and updating the coefficients. Moreover, the dropout technique [START_REF] Srivastava | Dropout: A simple way to prevent neural networks from overfitting[END_REF] is often used to reduce the over-fitting [START_REF] Lecun | Deep learning[END_REF] in the training process.

Recurrent Neural Networks

Unlike to the standard DNNs focusing on the static data, the Recurrent Neural Network (RNN) [START_REF] Rumelhart | Learning representations by back-propagating errors[END_REF] was proposed to process the dynamic sequential data. It possess the connections between time steps (see Fig. 3.9), which allows to exhibit dynamical temporal behaviors. Some parameters are trained to save the internal memory of the temporal information. In particular, when coupled with a large dataset, RNN is very powerful. Recently, it has wide applications such as unsegmented, connected handwriting recognition [START_REF] Graves | A novel connectionist system for improved unconstrained handwriting[END_REF], and speech recognition [START_REF] Sak | Long short-term memory recurrent neural network architectures for large scale acoustic modeling[END_REF], [START_REF] Li | Constructing long short-term memory based deep recurrent neural networks for large vocabulary speech recognition[END_REF]. In this section, we will give a brief description of the RNN. More details can be referred to [START_REF] Rumelhart | Learning representations by back-propagating errors[END_REF], [START_REF] Hochreiter | Long short-term memory[END_REF].

Vanilla Recurrent Neural Networks

The Vanilla RNN was introduced in [START_REF] Pineda | Generalization of back-propagation to recurrent neural networks[END_REF], and can be described as:

s t = f (W s t-1 + U x t ), o t = softmax(V s t ),
at time t, where x t is the input, s t is the hidden state, o t is the output and U, V and W are the weight matrices (see Fig. 3.9). In this model, s t is the "memory" of the network, and can be calculated based on s t-1 and x t . The usual choice of activation function f is tanh or ReLU. Back-Propagation Through Time (BPTT) is a gradient-based technique for training the RNN with the goal to minimize the error of the network outputs as in BP. It is an application of the BP training algorithm to the sequential data. This technique works by unrolling all the input time steps, and each time step has one input time step, one output time step and one copy of the network (see Fig. 3.10). At each time step, the errors are calculated and accumulated, and then the network is rolled back to update the weights.

Long Short-Term Memory

In oder to solve the gradient vanishing / exploding problem [START_REF] Hochreiter | Gradient flow in recurrent nets: The difficulty of learning long-term dependencies[END_REF] in RNNs, the Long Short-Term Memory (LSTM) was proposed in [START_REF] Hochreiter | Long short-term memory[END_REF] and set accuracy records in multiple applications domains. Since 2007, LSTM has been applied in various speech recognition tasks [START_REF] Schmidhuber | Deep learning in neural networks: An overview[END_REF], [START_REF] Hochreiter | Long short-term memory[END_REF], [START_REF] Fernández | An application of recurrent neural networks to discriminative keyword spotting[END_REF]- [START_REF] Gillick | Multilingual language processing from bytes[END_REF] with good performance. A LSTM unit is composed of a cell, an input gate i t , an output gate o t and a forget gate f t (see Fig. 3.11), which are composited as follows:

  i f o ct   =   σ σ σ tanh   W h t-1 x t +   b i b f b o b c   , c t = f c t-1 + i g, h t = o tanh(c t ),
where i, f , o are gate variables, c t is a cell responsible for "remembering" the values over arbitrary time interval, h t is the hidden state and ct is a candidate variable that transfers the information of input to the current cell c t .

Chapter 4

Multi-modal Fusion in Cued Speech 

Introduction

In various domains, information about the same phenomenon can be acquired from different types of sensors at the same time. The term modality is often used to denote each signal source. In general, a system which is described by several modalities is called a multi-modal system. In a multi-modal recognition framework, the fusion problem (i.e., merging these multi-modalities to best represent this phenomenon) is very essential. Audio-visual multi-modality in speech is probably the most intuitive [START_REF] Lahat | Multimodal data fusion: An overview of methods, challenges, and prospects[END_REF], [START_REF] Jain | Statistical pattern recognition: A review[END_REF], since it uses two of our most informative senses (i.e., audio and vision). In this case, audio and visual modalities are available and provide information about the speech, such as phonetic units, or word sequences.

In a multi-modal system, each modality can be used alone to train a single classifier to recognize the speech classes. However, the single modality can only carry one part of the information. Thus, we expect that combining the multi-modalities will give rise to a multi-modal classifier with superior performance [START_REF] Potamianos | Audio-visual automatic speech recognition: An overview[END_REF]. The key point is how to merge these information from different modalities, especially when they are not synchronized. As we mentioned in Section 1.2.3, the automatic CS recognition is a typical multi-modal recognition problem which has the lips and hand modalities. Therefore, in this thesis, the multi-modal fusion problem is one of the most important challenges. In particular, the multi-modalities (i.e., lips, hand shapes and positions) in CS are asynchronous. This makes the fusion problem in CS recognition more complicated. In the state of the art [10], several fusion strategies are used (see Section 1.2.3) but without taking into account the asynchrony between the lips and hand modalities in CS.
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It was reported in [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF] that the contextual information, which enables some selective weighting of one or the other modality during the fusion process, is more and more used in AVSR systems and it turns out to be an essential ingredient for improving the robustness. In the speech recognition task, a context-dependent modeling [START_REF] Lee | Context-dependent phonetic hidden markov models for speaker-independent continuous speech recognition[END_REF]- [START_REF] Dahl | Context-dependent pre-trained deep neural networks for large-vocabulary speech recognition[END_REF] is advantageous to take into account the complexity of the co-articulations and variabilities in speech. This is because of that the dependent context1 can provide extra information related to the target. In the prior studies [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], context-independent modeling has been applied to the CS recognition 2 . In this thesis, we will incorporate the context-dependent modeling into our CS recognition framework. Besides, the language model [START_REF] Bengio | A neural probabilistic language model[END_REF] is also able to improve the robustness of the recognition system. The reason is that the ambiguities (e.g., semantic, syntactic or lexical errors) can be easier to resolve when the information from language model is incorporated.

Moreover, recently, with the popular trend of DNNs, an attention mechanism operating across different modalities combined with the encoder-decoder is proposed to deal with the multi-modal fusion issue. It uses the attention to fuse the modalities in a context-dependent way. Indeed, we have tried to investigate the LSTM with an attention mechanism to capture the context information and learn the relationship between lips and hand streams automatically. Due to the limited dataset, we finally did not obtain a satisfied phoneme recognition performance in the test set.

In this chapter, we will introduce the HMM, classical fusion methods, as well as the fusion methods in deep learning. Then, a triphone context-dependent modeling based on HMM will be presented. These methods will be applied to the CS recognition in Chapter 8.

Hidden Markov Model

Before further introduction, we present a brief description of HMM, which has been located in the core position of speech recognition [START_REF] Bishop | Pattern recognition and machine learning[END_REF]. More details about HMM can be referred to [14]. In this thesis, except that the context-dependent modeling (see in Section 4.4) is based on HMM, it will be also used as the phonetic decoder of CS recognition in Chapter 8.

A diagram of the Hidden Markov Model (HMM) is shown in Fig. 4.1, where we can see that each state has a transition probability to the next state, as well as an emission probability distribution of the possible observation. We now recall three fundamental problems [START_REF] Bishop | Pattern recognition and machine learning[END_REF] in HMM. (1) The first one is the evaluation problem, i.e., the way to compute the probability of observation given the model parameters. Using a traditional probability calculation based on the Bayesian formula, we have an exponential exploding computation complexity of this probability. Therefore, the forward and backward algorithms are used to reduce the computation complexity. (2) The second one is the state decoding issue, i.e., the way to choose a corresponding state sequence which best explains the observations. The solution is the well- 

Fusion techniques for multi-modal speech recognition

As introduced in Section 4.1, the fusion of different modalities is of great significance in the multi-modal recognition problem. In this section, we will introduce some well-known classical fusion strategies, as well as some novel fusion methods based on deep learning.

Classical fusion methods

A classification of the fusion models for AVSR can be seen in [START_REF] Schwartz | Ten years after summerfield: A taxonomy of models for audio-visual fusion in speech perception[END_REF], which offers an interesting framework to discuss the combination of the lips and hand movements in CS. In [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF], [START_REF] Schwartz | Ten years after summerfield: A taxonomy of models for audio-visual fusion in speech perception[END_REF], four methods are proposed by Schwartz et al. to solve the multi-modal fusion problem. (1) In the Direct Identification (DI) model, the components are concatenated in the same vector, which is then considered in an early classification phase. (2) In the Dominant Recoding (DR) model, one of the modalities is recoded in the dominant one, for instance, the audio modality in AVSR. (3) The transformation of the data flow of each modality into a third common space gives rise to the Motor Recoding (MR) model. (4) In the Separated Identification (SI) model, each modality is first processed with a decision, and the final decision is a combination of all the decisions in a later phase.

Potamianos et al. [START_REF] Potamianos | Audio-visual automatic speech recognition: An overview[END_REF] classified these four basic models into two categories: the fusion of features and fusion of decisions. In the first category, a classifier is applied to a vector that is a concatenation of the audio and visual data or their appropriate transformations. The DI, DR and MR models belong to this category. In the second category, the methods are based on the combination of decisions resulting from the processing of the audio and visual modalities. The SI model belongs to this category.

We now discuss the applications of these models to CS. The MR fusion model refers to a decoding process in the articulatory space. Let us take the vowel recognition in CS as an example. In the audio speech, vowels are identified by their vocal tract shapes, defined by the mandibular open-close, the opening at the lips and the position of tongue inside the vocal tract. In the audio-visual fusion of speech, the tongue which is not always completely visible can be directly derived from the two first formants when the oral vowels are considered. In CS, the hand defines several possibilities for the vocal tract shape. Only one of these possibilities is coherent with the lips. This final vocal tract can thus be submitted to a classification phase. However, this approach needs additional data in the articulatory domain as a dictionary of vocal tract shapes or an articulatory model, and thus it has not been tested. In the DR model, one of the modalities is dominant and the other predicts specific "cues" in the dominant space. In audio-visual speech, the audio is the dominant modality since it carries all the speech information. The lips shapes of the non-dominant modality can predict, for example, the specific spectra in the acoustic domain on the basis of existing correlations between lips and spectral parameters. In CS, neither of the components carry the complete information on speech without ambiguities. Thus, there is no evident dominant component. Moreover, the lips and hand components are complementary to allow complete perception of speech. Thus, no high correlation is expected. These two reasons make the DR model difficult to apply for a successful classification.

In the DI model, the features of all the modalities are concatenated in a vector or matrix, and a classifier is directly applied to these merged data or appropriate transformations. We could apply it to CS, but the resynchronization of lips and hand is necessary. For SI, the Master-Slave SI plays an important role. Heracleous et al. [10] implemented this fusion method in the way of lips first and then hand for CS phoneme recognition. A vowelindependent and a consonant-independent GMMs were first trained using lips shape parameters only. Then vowel or consonant recognition was realized using the feature vectors corresponding to the vowel or consonant modeling. However, since the hand precedes lips in CS coding, the hand first and then lips way [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF] give better performance than the lips first and then hand fusion. HMM based fusion techniques have been widely considered in the literature for automatic AVSR [START_REF] Adjoudani | On the integration of auditory and visual parameters in an hmm-based asr[END_REF], [START_REF] Dupont | Audio-visual speech modeling for continuous speech recognition[END_REF], [START_REF] Potamianos | Discriminative training of HMM stream exponents for audio-visual speech recognition[END_REF], [START_REF] Neti | Audio visual speech recognition[END_REF], [START_REF] Bregler | Improving connected letter recognition by lipreading[END_REF], [START_REF] Hennecke | Visionary speech: Looking ahead to practical speechreading systems[END_REF], [START_REF] Teissier | Comparing models for audiovisual fusion in a noisy-vowel recognition task[END_REF]. Apart from the above models, Potamianos et al. [START_REF] Potamianos | Audio-visual automatic speech recognition: An overview[END_REF] proposed several HMM based fusion techniques: early fusion (fusion of features), middle (intermediate) fusion and late (decision) fusion. In fact, the early and middle fusions can be seen as DI, and the late fusion is SI. In the early fusion, the audio and visual features are concatenated as one vector, and followed by a transformation to reduce the dimension of the obtained vector [START_REF] Neti | Audio visual speech recognition[END_REF]. The resulting feature vector is fed to a one stream HMM [START_REF] Rabiner | Fundamentals of speech recognition[END_REF]. In the middle fusion, multi-stream features are fed to a multi-stream HMM with certain weights, and the output observation likelihood is the product of these signal streams weighted by their proportions [START_REF] Luettin | Asynchronous stream modeling for large vocabulary audio-visual speech recognition[END_REF]. In the late fusion, the audio and visual features are modeled by two different HMMs, and one technique will then be used to combine the output likelihoods of them [START_REF] Neti | Audio visual speech recognition[END_REF].

In this thesis, we focus on the DI and DI-2 fusion methods in [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF], as well as the early and middle fusion methods in [START_REF] Potamianos | Audio-visual automatic speech recognition: An overview[END_REF]. Different from [START_REF] Potamianos | Audio-visual automatic speech recognition: An overview[END_REF], [START_REF] Schwartz | Ten years after summerfield: A taxonomy of models for audio-visual fusion in speech perception[END_REF], we use the terminologies of feature-level fusion, model-level fusion and decision-level fusion. In [10], the feature-level and model-level fusions combined with HMM-GMMs are used to deal with the multi-modal fusion in CS recognition. In this thesis, we implement the feature-level and model-level fusions in HMM-GMMs decoding frameworks. More precisely, in case of feature-level fusion, one stream HMM will be used and in case of the model-level fusion, multi-stream HMM will be used.

According to [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF], we could expect that the feature-level fusion yields better performance than other types, as only this model is able to exploit the joint time variations of the lips and hand streams. However, it still has two problems. The first one is how to weight the inputs in the case of context-dependent fusion. The second one, a major problem, comes from the natural asynchrony between the lips and hand streams. For the first problem, we use a cross-validation procedure to choose the best weights for lips and hand experimentally (see Section 8.3.1). For the second one, we propose a novel resynchronization procedure, which first pre-aligns the features from different streams and then merges them (see Section 8.2.3).

Fusion methods based on deep learning

Except for the classical fusion methods in Section 4.3.1, the deep learning based system for the multi-modal fusion becomes more and more popular. In general, it is an end-to-end DNN including the feature extraction, fusion and recognition. In this system, a popular approach to learn the relationships between different modalities is the attention mechanism, which has a long history in image recognition [START_REF] Larochelle | Learning to combine foveal glimpses with a third-order boltzmann machine[END_REF], [START_REF] Denil | Learning where to attend with deep architectures for image tracking[END_REF]. Recently, it has been widely used to improve the ability of neural networks to derive good features, with applications in speech recognition [START_REF] Bahdanau | End-to-end attentionbased large vocabulary speech recognition[END_REF], video description [START_REF] Yao | Describing videos by exploiting temporal structure[END_REF]- [START_REF] Yu | Video paragraph captioning using hierarchical recurrent neural networks[END_REF], image captioning [START_REF] Xu | Show, attend and tell: Neural image caption generation with visual attention[END_REF] and machine translation [START_REF] Bahdanau | Neural machine translation by jointly learning to align and translate[END_REF], [START_REF] Cho | Describing multimedia content using attentionbased encoder-decoder networks[END_REF]. Now we give a brief description of it, and more details can be referred to [START_REF] Cho | Describing multimedia content using attentionbased encoder-decoder networks[END_REF].

Attention mechanism is often incorporated in the encoder-decoder [START_REF] Cho | Describing multimedia content using attentionbased encoder-decoder networks[END_REF], which is a neural network based framework to handle the mapping between input and output data, and was recently realized for the machine translation task [START_REF] Cho | Learning phrase representations using rnn encoder-decoder for statistical machine translation[END_REF], [START_REF] Sutskever | Sequence to sequence learning with neural networks[END_REF]. The attention mechanism first uses an encoder to process the original sequential data and return a representation feature vector, which incorporates the context information of the sequential data. Then, it scores each context vector to the current hidden state of the decoder.

We could think about applying the encoder-decoder to CS recognition, as this problem can be seen as a multi-modal sequence-to-sequence learning problem. In this process, the CS image sequence is first encoded to a fixed-dimensional observation vector. Then the output sequence, i.e., phoneme or word sequence, is generated from the input vector. In CS recognition, each modality is modeled by an encoder-decoder with an attention, and the weights will be processed by a multi-modal fusion step. The encoder is modeled as a CNN for lips and hand shapes (ANN for hand positions), while the decoder is modeled as a LSTM network for each modality.

Another recent popular fusion method is the Deep Canonical Correlation Analysis (DCCA) [START_REF] Andrew | Deep canonical correlation analysis[END_REF], which is to learn the complex nonlinear transformations between two data streams such that the final representations are highly linearly correlated. The Canonical Correlation Analysis (CCA) [START_REF] Hotelling | Relations between two sets of variates[END_REF], [START_REF] Anderson | An introduction to multivariate statistical analysis[END_REF] and Kernel Canonical Correlation Analysis (KCCA) [START_REF] Hardoon | Canonical correlation analysis: An overview with application to learning methods[END_REF] have also been widely used for multi-modal fusion. In fact, the KCCA can be seen as an extension of the CCA since it is correlated with the nonlinear projections. Their other applications include the natural language processing [174]- [START_REF] Dhillon | Multi-view learning of word embeddings via cca[END_REF], speech processing [START_REF] Arora | Multi-view cca-based acoustic features for phonetic recognition across speakers and domains[END_REF], [START_REF] Rudzicz | Adaptive kernel canonical correlation analysis for estimation of task dynamics from acoustics[END_REF], computer vision [START_REF] Kim | Tensor canonical correlation analysis for action classification[END_REF] and multi-modal signal processing [START_REF] Sargin | Audiovisual synchronization and fusion using canonical correlation analysis[END_REF], [START_REF] Slaney | Facesync: A linear operator for measuring synchronization of video facial images and audio tracks[END_REF].

In [START_REF] Andrew | Deep canonical correlation analysis[END_REF], it was reported that CCA and KCCA have some problems when tackling with the multi-modal fusion, which is not linearly correlated, while the DCCA does not suffer from these drawbacks. In [START_REF] Takashima | Audio-visual speech recognition for a person with severe hearing loss using deep canonical correlation analysis[END_REF], based on DCCA, CNN-DCCA was proposed for the hearing loss people in AVSR. The audio signal was first converted to the mel-frequency cepstrum (Mel) Map, and then CNNs are applied to extract the features on the Mel map. Meanwhile, lips landmarks are detected by Constrained Local Model (CLM) [START_REF] Cristinacce | Facial feature detection and tracking with automatic template selection[END_REF], [START_REF]Feature detection and tracking with constrained local models[END_REF] and interpolated by a spline function to form a lips contour. CNNs are then applied to the image of lips contour for feature extraction. Finally, the DCCA is applied to the two streams feature fusion. It is shown that the DCCA can capture the time delay between two streams, and the evaluation confirms that using DCCA outperforms the conventional fusion methods. This study provides an approach to take the advantage of DCCA in our CS case, which will be the future work.

Context-dependent modeling

As introduced in Section 4.1, the features of lips and hand movements in CS are asynchronous. Since this phenomenon is often correlated with the phonetic context in the word or sentence, the context-dependent modeling could possibly help to make the recognition system more robust. This modeling has been widely used in the continuous Audio Speech Recognition (ASR) due to the co-articulation and anticipation problem in nature human speech. For example, in English words, the vowel [eh] has an evident feature difference in the frequency fields (see Fig. 4.2). It has been shown in [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF], [START_REF] Lee | On large-vocabulary speaker-independent continuous speech recognition[END_REF]- [START_REF] Hueber | Visuophonetic decoding using multi-stream and context-dependent models for an ultrasoundbased silent speech interface[END_REF] that the context-dependent modeling can improve the accuracy of ASR. Similarly, for the CS recognition, the articulatory features are also dependent on the context (e.g., hand rotation, anticipation or the asynchrony). For example, for a given hand position, the hand movement trajectory depends on the corresponding context information (i.e., hand position) of its neighbors, and three modalities may indicate different phonetic targets at the same instant. Therefore, we could expect that the contextdependent modeling could help the continuous CS recognition to have a better performance. It should be noted that the this modeling is not a fusion method but a processing to overcome the co-articulation and variabilities in CS by introducing the contextual information. In this thesis, we will train a triphone context-dependent modeling, which adds the left and right context information of each phoneme based on our CS data. We follow the steps as introduced in [START_REF] Young | Tree-based state tying for high accuracy acoustic modelling[END_REF]. The first step is to build a HMM system with the tied state to reduce the larger number of HMM parameters in the training. The second step is to build a decision binary tree to search the possible neighbor context (the left and right) for each state. It was reported in [START_REF] Young | Tree-based state tying for high accuracy acoustic modelling[END_REF] that the state tying HMM with decision tree clustering strategy is able to reduce about 10-20% of the state number in HMM without any decrease in the recognition performance. 

Part II

Introduction

Lips feature extraction is an active research topic since lips (especially inner lips) hold significant information on speech production, and plays an important role in AVSR. It is also vital in our CS recognition work, since lips information is an indispensable part in CS. We have reviewed the state of the art on the lips tracking in both CS and other fields in Section 1.2.1.

In particular, the method in [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] for lips feature extraction needs to paint colors on the speaker's lips. In this chapter, instead of using the artificial color marks, we propose two new approaches to extract the inner lips parameters (A and B ). In fact, these approaches are able to extract the inner lips contour not only in our CS case where the hands may occlude lips but also non-CS case such as lip reading.

The first approach is based on the Constrained Local Neural Fields (CLNF), which was introduced by Baltusaitis et al. [START_REF] Baltrusaitis | Constrained local neural fields for robust facial landmark detection in the wild[END_REF] in 2013. The experiments in [START_REF] Baltrusaitis | Constrained local neural fields for robust facial landmark detection in the wild[END_REF] showed that CLNF is more accurate than many previous models, including the Active Shape Model (ASM) [START_REF] Cootes | Active shape model search using local grey-level models: A quantitative evaluation[END_REF], Active Appearance Model (AAM) [START_REF] Cootes | Active appearance models[END_REF] and Constrained Local Model (CLM) [START_REF] Cristinacce | Facial feature detection and tracking with automatic template selection[END_REF], [START_REF]Feature detection and tracking with constrained local models[END_REF]. The reason is that CLNF is much more robust to occlusions, rotated faces and different lighting conditions. However, when directly applied to our CS data, CLNF failed in about 41.4% of all the cases. In fact, the lower inner lips landmarks given by CLNF are often placed much higher than the ground truth. Besides, the two endpoints of inner lips are far away from the ground truth, especially when the lips shape is round. To improve its performance, we propose a Hybrid Dynamic Correlation Template Method (HD-CTM) to correct the CLNF errors of B parameter in inner lips tracking [START_REF] Liu | Extraction automatique de contour de lèvre à partir du modèle clnf[END_REF] and develop a periodic spline interpolation method for A parameter correction. In this thesis, we call these two methods for B and A parameters both as Modified CLNF [START_REF]Automatic tracking of inner lips based on clnf[END_REF], [START_REF] Liu | Inner lips feature extraction based on clnf with hybrid dynamic template for cued speech[END_REF]. These methods were evaluated with three corpora: MD, DB and ChS. We remark that another possibility is to adjust CLNF by retraining only lips images. However, it needs a large training set, which is not available yet in our CS case.

The second approach is an adaptive ellipse model [START_REF]Inner lips parameter estimation based on adaptive ellipse model[END_REF], which does not depend on any additional lips landmark. It adopts an ellipse to approach the inner lips area until it finds its optimal position and shape. In this approach, the color based image processing is first applied to delimit preliminary inner lips area. A single discontinuity elimination combined with interrupted region filling is used to obtain a binary inner lips image as complete as possible. After the preprocessing steps, the optimal adaptive ellipse is determined to match the inner lips, finally giving A and B parameters.

In Section 5.2, we will detailedly introduce the first approach, CLNF [START_REF] Baltrusaitis | Constrained local neural fields for robust facial landmark detection in the wild[END_REF] based inner lips parameter extraction methods, as well as the evaluation results. Then, in Section 5.3, the second approach, adaptive ellipse model, and the evaluation will be presented. The advantages and disadvantages of these two approaches will be discussed in Section 5.4.

CLNF based inner lips parameter extraction

In this section, we will present our approach to extract the inner lips parameters. It is based on a recent new approach, CLNF, in computer vision, a very powerful tool in tracking the facial feature landmarks. However, a direct application of CLNF to our CS data gives some errors. Therefore, we propose an efficient post-processing method named Hybrid Dynamic Correlation Template Method (HD-CTM) which allows correcting the errors concerning B parameter. Also, we propose a periodical spline interpolation method to correct the errors concerning A parameter. After introducing the CLNF model in Section 5.2.1, we describe the HD-CTM for correcting B parameter in Section 5.2.2, and the periodical spline interpolation method for A parameter in Section 5.2.2.7. The evaluation results will be presented in Section 5.2.3.

Constrained Local Neural Fields

The Constrained Local Model (CLM) [START_REF] Cristinacce | Facial feature detection and tracking with automatic template selection[END_REF], [START_REF]Feature detection and tracking with constrained local models[END_REF] includes two processes: model-building process and CLM searching process, while the model-building process includes Point Distribution Model (PDM) and patch model. CLM uses patch expert which is fitted to the current feature points to generate a template. Then, a fitting approach is used in the searching process. More precisely, the feature templates are matched to the image using an efficient shape con-strained search of the template response surfaces. The most popular patch expert and fitting approach in CLM [START_REF]Feature detection and tracking with constrained local models[END_REF] are linear Support Vector Machine (SVM) and Regularized Landmark Mean-Shift (RLMS), respectively. In CLNF, 68 landmarks are placed on each face to describe the facial features, including eight landmarks to describe the inner lips features (see Fig. 5.1). The LNF patch expert is able to capture more complex information and incorporate spatial relationships between neighbor pixels. The Non-Uniform RLMS is the fitting approach which takes into account the reliabilities of the patches by adding weights. More details about CLNF can be referred to [START_REF] Baltrusaitis | Constrained local neural fields for robust facial landmark detection in the wild[END_REF].

Methodology and Experiment details

In this section, we first introduce our database and present the performance of CLNF to extract the lips parameters on this database. The errors of CLNF when directly applied to our data will be analyzed. In order to correct these errors, we then develop the post-processing approach using HD-CTM for correcting B parameter, and propose the periodic spline interpolation for correcting A parameter. 

Database

The database contains videos of 50 French words made of digits and daily used words. Each word is uttered 10 times by 3 French subjects (MD, DB and ChS ): one female CS speaker and two male normal speakers. Words and vowels are annotated with Praat based on speech sound signal. We use the first repetition of three speakers containing 4800 images corresponding to all types of lips shape to evaluate the B parameter. In addition, 3184 images of vowels are extracted from the data of the female CS subject. To evaluate the performance of CLNF model and our proposed model, the ground truth inner lips contour is extracted manually by an expert placing several landmarks on lips. Three visemes (lips shape) are often considered which correspond to the 13 French vowels shown in Table 2.3. The first viseme corresponds to the open vowels, the second viseme corresponds to the open round vowels and the third viseme corresponds to the small-open round vowels.

Performance of CLNF for lips extraction on our data

The CLNF is first directly applied to all video of words in the database introduced in Section 5.2.2.1. Among the 68 facial landmarks given by CLNF (see Fig. 5.1), eight landmarks (six of them for inner lips and two for endpoints) are used to describe the inner lips contour (see Fig. 5.1). Based on eight landmarks given by CLNF, we generate the whole inner lips contour using the interpolation. A linear interpolation [START_REF] Bregler | Surface learning with applications to lipreading[END_REF] is used for upper inner lips contour and a spline interpolation [START_REF] Bregler | Surface learning with applications to lipreading[END_REF] is applied to lower inner lips, because the upper inner lips contour is less bending than the lower inner lips contour. The following experiment results show that it does not have much influence on the precision of the A and B parameters. One example of the excellent performance of CLNF is shown in Fig. 5.4(a), where the green curve shows an interpolated inner lips. The A and B parameters are then calculated from the inner lips contour using the classic method in [START_REF] Lallouache | Un poste "visage-parole". acquisition et traitement de contours labiaux[END_REF] (see Section 2.3.3.1).

The applications of CLNF to different CS subjects are shown in Fig. 5.3. Recall that the main advantage of CLNF is its robustness to the variable lighting conditions, presence of occlusion and head movements. We can see that in most of the cases, CLNF gives a correct estimation of the facial landmarks, but with some errors on the lips. The landmarks of the lower lips are often poorly placed in a much higher position while almost no error is presented for upper lips (see Fig. 5.4(b)). It causes wrong B parameter. This phenomenon can be explained by the fact that the CLNF is based on a dictionary of training images. If the lips shape and appearance are not properly taken into account during the training phase, it may lack the template during the optimization step. In fact, the lower inner lips detection is challenging since lips area is often very complex (tongue and teeth may be visible), and lighting condition is variable.

On the other hand, the two endpoints of inner lips may be poorly placed (see Fig. 5.4(c)). It causes mistaken A parameter. Indeed, from a "geometrical" perspective, two endpoints of inner lips are not false because in this case, the inner contour can be these two endpoints. However, in an articulatory-acoustic point of view, these two points do not define the proper A parameter of inner lips.

In order to evaluate the performance of CLNF, a comparison of B parameter between CLNF and the ground truth is carried out. A statistical distribution of these errors is given in Fig. 5.5, where the error E CLNF is defined as:

E CLNF = B CLNF -B ground truth .
We first observe that most of the errors (i.e., E CLNF > 2) appear negative. It means that the mistaken CLNF lower inner point is often placed above the ground truth points. Since there is a large proportion of B parameter errors and inner lips height plays a very crucial role in speech production, we have to pay particular attention to B parameter correction. It is shown in Fig. 5.5 that CLNF only obtains about 58.6% accuracy on average (75.2% for speaker MD, 52.2% for speaker DB and 48.5% for speaker ChS ).

To see the CLNF performance concerning A parameter, three visemes are plotted using the first repetition of the CS speaker MD in A and B parameters plane (see Fig. 5.6). The Gaussian ellipses present the distribution of each vowel. Fig. 5.6(a) corresponds to CLNF landmarks and Fig. 5.6(b) corresponds to the ground truth. Recall that the error of B parameter is also included in Fig. 5.6(a). Compared with the ground truth B parameter, the vertical direction is much dispersed when using the B parameters estimated by the CLNF (for example, the blue ellipse in these two figures). Due to the error of A parameter of CLNF, we observe that the third viseme is considerably shifted to the right compared with the ground truth distribution. 

Parameter B correction based on hybrid dynamic correlation template model

We now introduce the correction of B parameter in CLNF using our proposed HD-CTM. The principle of this method will be first presented.

This method is based on the luminance variation along the middle CLNF landmarks of lips. A suitable spline smoothing is first applied to this luminance variation as well as the first derivative curve. The smoothing degree is carefully controlled so that the noise can be removed without losing much useful information. A smoothing coefficient of p = 0.01 [START_REF] Feng | Data smoothing by cubic spline filters[END_REF] is used for a good compromise. We may expect to determine the inner lips position by searching the local limit point in the first derivative of the smoothed luminance variation curve. However, this is not always feasible since there are many local limit points (see Fig. 5.7) without a searching interval. Even with a searching interval, the local limit position may be fuzzy or uncertain. Moreover, it is sensitive to the noise and unable to guarantee coherent results for adjacent sequential images. To overcome these problems, we propose the HD-CTM method for the search of limit point .

Even using HD-CTM, inner lower lips detection may still remain challenging since this area may be fuzzy, and several different cases have to be considered. For example, the luminance variation from teeth to lower lips is not the same with that from tongue to lower lips. We call the straight line across the middle inner lips landmark as middle inner lips line (see the blue line in left figures of Fig. 5.7). It can be seen in Fig. 5.7(a) that the luminance decreasement from teeth to lower lips corresponds to a local minimum point. However, in Fig. 5.7(b) and Fig. 5.7(c), it becomes complicated to find one particular local minimal point corresponding to the lower inner lips boundary.

By contrast, in the region of outer lower lips, the luminance variation is less complicated than in inner lower lips region. In fact, the middle landmark (in the vertical sense) of the lower lips is more enlightened and corresponds to a high luminance variation. When the luminance goes down, it decreases rapidly as the color of the chin (the lower part of lower lips) is darker. The first derivative of the luminance curve consequently shows a significant 'V' shape corresponding to the luminance variation. Therefore, as a proposed solution, the HD-CTM is first applied to detect outer lower lips position. Then the inner lower lips position is estimated by subtracting outer lower lips position from the Validated Lower Lips Thickness (VLLT), which will be illustrated in Fig. 5.8. In all, the determination of the inner lower lips is achieved by the combination of HD-CTM to determine the outer lower lips position and the subtraction of VLLT from the outer lower lips.

Determination of the lower outer lips position

As discussed above, we first try to determine the lower outer lips position, which contains the following two steps.

(1) Definition of the template.

Instead of directly finding a minimal local value in the first derivative curve, which is often difficult due to its great sensitivity to noise, a hybrid dynamic template corresponding to a typical derivative variation in the region around outer lower lips position is first established. The template is obtained by training some derivative curves reflecting different lips shapes except for closed lips. Template length L M is a key parameter since a very small template length makes results sensitive to noise while a very large length reduces the detection precision. If it is badly chosen, it will not be sufficiently pertinent to indicate the 'V' shape of the derivative curve. This length is set to 20 pixels experimentally so that a sudden rapid change of outer lower lips position could be well considered. An example of the template is illustrated in Fig. 5.9 by a magenta curve with circle. The template is not necessarily symmetric in our case. In fact, a symmetric shape was tried, but it gave slightly larger errors. In order to increase the capacity of the template to follow the variation of the derivative curve, we use a hybrid dynamical template:

m(i) = αm 0 (i) + (1 -α)m v (i),
where m 0 (i) denotes the fixed part of the above template. We denote by v n-1 (i) the derivative curve of luminance variation for the previous lips image. The variable part of the template is defined as:

m v (i) = v n-1 (i) for i ∈ [k n-1 opt + 1, k n-1 opt + L M ],
where k n-1 opt is the optimal position of template for the previous lips image. α is the weight of the fixed part which is set to be 0.75 experimentally in our case. We find that the performance of the proposed method is not very sensitive to this value, and a range of α between 0.7 and 0.9 gives comparable results. (2) Determination of the optimal outer lower lips.

To determine the optimal position of outer lower lips, correlation values are calculated between the current derivative curve v i and the template m v (i) when the template scans through the searching interval. This method using the correlation with template reduces the influence of noise and gives a more consistent result for the adjacent image. The correlation is defined as:

c k = L M i=1 v(k + 1)m(i).
(5.1)

The optimal position of template, which will be considered as the optimal outer lower lips position, is determined as

k opt = argmax k (c k ), (5.2) 
where k

∈ [k 0 -δ 1 , k 0 + δ 2 ]
is the searching interval. k 0 is an initial searching position. δ 1 and δ 2 are two parameters determining the length of the searching interval. These parameters (k 0 , δ 1 and δ 2 ) are determined as follows.

• The searching region for the first image.

For non-open lips, k 0 is the CLNF outer lower middle lips position, while for open lips, k 0 is defined as:

k 0 = P inner_lower + VLLT, (5.3) 
where P inner_lower denotes the CLNF inner lower lips position, and V LLT will be detailedly explained in Section 5.2.2.5. In this case, we take δ 1 = 3 and δ 2 = 18 experimentally.

• The searching region for images after the first image.

The optimal initial search position is estimated from the previous image so that a continuous tracking can be achieved. k 0 is defined as:

k 0 = k n-1 opt + ∆k, (5.4) 
where k n-1 opt denotes the optimal outer lower position for the previous image, and ∆k is an estimated translation of the current outer lower lips position concerning the previous image. To calculate ∆k, we take the previous derivative curve v n-1 (i) in the interval [k n-1 opt -10, k n-1 opt + 10], as well as the current derivative curve v i in the same interval. After calculating the cross-correlation between these two derivative curves, a searching of its maximal value permits to determine ∆k. This interval length is reduced when using this automatic tracking method. In this case, we take δ 1 = 3 and δ 2 = 6 experimentally. The details of HD-CTM are shown by an example in Fig. 5.8.

Determination of the lower inner lips position

To estimate the inner lower lips based on the outer lower lips, which were determined in Section 5.2.2.4, we first study the distance between the ground truth inner lower lips position and the outer lower lips position obtained by the HD-CTM. It it found that this distance is almost a perfect uniform distribution (see Fig. 5.10) except some errors from the detection using HD-CTM. More importantly, the distance distribution is invariant no matter how the lips shape varies. This distance floats slightly around a constant for each speaker. The distance is 19.9±0.97 pixels for the speaker MD, and 19.7±0.89, 16.6±0.83 pixels for other two speakers DB and ChS. The mean value of this distribution can be regarded as a VLLT, which can be estimated by training their data for a given speaker. For our three subjects, VLLT is set to be 20, 20 and 17 pixels, respectively. The inner lower lips position can then be estimated by subtracting the outer lower inner lips position from the VLLT. Someone may think of using the "lower lips height" estimated by CLNF landmarks instead of the VLLT. In fact, by comparing them, we find that the "lower lips height" is poorly estimated especially when CLNF gives mistaken lips landmarks. Moreover, the evaluation performance shows that using "lower lips height" obtains a higher Root Mean Square Error (RMSE) (1.49) than the VLLT (1.0).

It should be mentioned that, if the inner lower lips middle position value obtained by Modified CLNF is less than that estimated by CLNF, the initial value is kept. A parallel translation with the same distance as the inner middle lips point is proposed to locate two neighbor inner lower points, which are the left and right points of the middle point (see Fig. 5.8).

Closed lips filter based on DCT analysis

If the upper and lower inner lips points given by the CLNF are close to each other, two cases are possible: (1) the lips are not closed, but they are badly placed; (2) these points correctly describe the closed lips (see Fig. 5.11). Therefore, it is not possible to distinguish them only from the CLNF landmarks. However, the real closed lips do not need to be corrected. To eliminate closed lips and remain good results of CLNF, a closed lips detector based on DCT coefficients is developed. The lips ROI is first determined by the 20 landmarks of CLNF which efficiently delimit the lips region and determine a precise center of this region. Then a suitable-sized ROI is determined according to this center (see Fig. 5.12), and the size is 110x75 pixels in our case. By a large number of observations, we find that our detected lips ROI is as precise as that determined by the blue marks on speaker's front in most of the cases. However, when speaker's head rotates or shifts, it is not accurate using the blue mark method, while our proposed method still gives an accurate result. It can be also seen in Fig. 5.12 that in the left one, the lip is not well centered in the ROI, while in the right case, the lip is centered inside ROI. In fact, the proposed method benefits from CLNF which is robust to the rotation or shift of speaker's head. The DCT coefficients are calculated from the lips ROI, and 10x10 coefficients in the lowfrequency region are retained. Ten images of closed lips are chosen to build a closed lips template (see Fig. 5.13). For closed lips detection, the euclidean distance is calculated between the DCT coefficients of the given lips ROI and the template. A threshold permits to distinguish the closed and open lips. The threshold is fixed as 80 experimentally for speaker MD. By applying this method to all the images, we can extract the closed lips, which are skipped by the HD-CTM.

Parameter A correction based on the periodical spline interpolation

Recall that for round lips, the two endpoints determined by CLNF are mistakenly placed from the acoustic point of view. It will cause the wrong parameter A. Therefore, it is necessary to correct these two endpoints. After a large number of observations, we consider that in case of the round lips, the six points from CLNF (three upper points and three lower points) are assumed to be correctly determined in a majority of cases (see Fig. 5.14(a)). We propose to estimate the inner lips contour using the periodical spline interpolation based on these six points. To realize this, these six points are firstly dilated in the vertical scale to form a square (see Fig. 5.14(b)) in order to obtain a regular repartition of these points in the polar coordinate. Cartesian coordinates of these points are then converted into polar coordinates. The center of the polar coordinates is situated in the middle of the two middle landmarks of CLNF inner lips. A spline interpolation is applied to the polar coordinates (see Fig. 5.14(c)). In order to take into account the initial condition of the endpoints, the six points are periodized three times to prepare for a periodical spline interpolation (see Fig. 5.14(d)). Finally, by returning to the original scale, a full contour interpolation can be obtained (see Fig. 5.14(e)).

To apply this method, an automatic round lips detector is necessary to select the round lips from the image sequence which contains all kinds of lips shapes. A similar method as the closed lips filter mentioned in Section 5.2.2.6 is applied to detect the round lips. Firstly, a round lips DCT template is trained from several round lips images. DCT coefficients are calculated from the lips ROI. Secondly, this template scans through all the images, and the distance between current image and template is computed. Lips are considered as round lips if its distance is less than a threshold which is determined experimentally. The performance of the automatic round lips detector is evaluated on 3184 lips images (10 repetitions of the speaker MD). Only 42 round lips are mistaken among 467 round lips images (about 9% error rate). We plot the distribution of 3184 lips parameters in the A-B plane. The distribution before correcting A parameter is shown in Fig. 5.15(a), while the one after correcting A parameter is shown in Fig. 5.15(b). After correcting A parameter, we can see that the third viseme (triangle) is shifted to the correct position corresponding to the small A parameter. We observe that some triangles indicating the round lips are not shifted to the correct positions.

Evaluation and Results

To evaluate the performance of the proposed method, the A and B parameters estimated by them are compared with the ground truth and CLNF.

Evaluation of B parameter

It is shown visually in Fig. 5.16 that the HD-CTM combined with the back-subtracting of VLLT efficiently corrects B errors of CLNF. Besides, from Fig. 5.17, we see that the estimated B parameters for the image sequence and the ground truth B parameters are very close to each other in most of the cases. By contrast, the CLNF B parameter has an evident difference with the ground truth, especially for the speakers DB and ChS. One can see that the errors are significantly reduced after using our proposed method.

The accuracy of the proposed method can be measured by the Root Mean Square Error (RMSE) as follows:

RMSE = 1 N N t=1 (y t -ŷt ) 2 ,
where t is the frame number, N is the total number of frames, y t is the real value of the target and ŷt is the estimated value of the target.

The RMSE of the estimated B parameter is shown in Table 5.1. Total RMSE of the errors is reduced to 1 pixel (0.5mm), instead of 4 pixels (2.0mm) when using CLNF. It outperforms the result in [START_REF] Revéret | A new 3d lip model for analysis and synthesis of lip motion in speech production[END_REF] which gave about 1.0mm RMSE.

Evaluation of A parameter

The periodical spline interpolation method efficiently corrects A parameter errors of CLNF, which is visually shown in Fig. 5.18. The evaluation of A parameter is based on the round lips images which are selected using the DCT filter (Section 5.2.2.6). A total 927 round lips images are selected (222 images for the speaker MD, 396 images for the speaker DB and 309 images for the speaker ChS ). In Fig. 5.19, the errors between the A parameter estimated by the adaptive ellipse model and the ground truth are shown. We can see that the error is much less than using the CLNF. To further measure the error, we calculate the statistic error (see Table 5.2). We observe that there is a huge bias regarding the mean value for CLNF error which is much greater than the standard deviation (see Fig. 5. [START_REF] Lawrence | Face recognition: A convolutional neural-network approach[END_REF]). Therefore, we calculate the RMSE to measure the precision of A parameter. It can be seen from Fig. 5.19 that the huge RMSE of CLNF is significantly reduced, and this is comparable to the state of the art [START_REF] Revéret | A new 3d lip model for analysis and synthesis of lip motion in speech production[END_REF].

We note that, concerning the error of A parameter, the precision is not as demanding as B parameter from speech production point of view, and the estimation of A parameter is less precise in practice. Meanwhile, comparing the error of B parameter with that of A parameter, we see that the error of B parameter is less than A parameter, which is coherent with the result in [START_REF] Revéret | A new 3d lip model for analysis and synthesis of lip motion in speech production[END_REF].

Finally, to evaluate the joint performance of A and B parameters, we study the distribution of three vowel visemes in A and B parameter plane. In Fig. 5.20, three visemes are plotted using the first repetition of the speaker MD. The distribution of each vowel is presented by a Gaussian ellipse. We see that three visemes of CLNF are mixed, especially for the third viseme (see Fig. 5.20(a)). After the B parameter is corrected by the HD-CTM, these visemes are well-distributed in the axis B (see Fig. 5.20(b)). After the A parameter is corrected by the periodical spline interpolation, the third viseme is correctly distributed corresponding to the axis A (see Fig. 5.20(c)). It can be seen that the distribution of three visemes corresponds coherently [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF] to the ground truth distribution in Fig. 5.20(d).

Adaptive Ellipse Model

In Section 5.2, we proposed a CLNF based model to estimate A and B parameters of inner lips. In this section, we will explore a new method based on an adaptive ellipse model to estimate A and B parameters without generating a whole inner lips contour. This model is motivated to overcome the following shortcomings of the CLNF based method. Firstly, the CLNF based method depends on the CLNF landmarks. Especially, in case of the round lips, the real inner lips contour is inside the six inner points. It is difficult to estimate a correct A parameter. Secondly, the CLNF based method needs a round lips detector introduced in Section 5.2.2.7. Thirdly, the A parameter given by the CLNF is not only incorrectly placed in the round lips shape case, but also in other cases. This method can be summarized as follows. An image processing is first realized to segment the inner lips as much as possible. To make the extracted inner lips more complete and connected, a single discontinuity smoothing and an interrupted region filling are applied. Then, an adaptive ellipse is used to match the inner lips and gives the best A and B parameters. An outline of this process is shown in Fig. 5.21. This section is organized as follows. Firstly, the experimental database is introduced in Section 5.3.1.1. Then, we will describe each step of the adaptive ellipse model in Section 5.3.1.4. Evaluation and results on the accuracy and robustness of the method are presented in Section 5.3.2. The final optimal ellipse determined after smoothing and scaling post-processing.

Methodology and experiment details

In this subsection, we will first give a brief introduction of the experimental database, and present the details of the adaptive ellipse model.

Database

We use the first repetition of the three speakers (MD, DB and ChS ) corresponding to all types of lips shapes to evaluate A and B parameters. The number of images in our database for three subjects is 1377, 1744 and 1572, respectively (totally 4693 images). To evaluate the performance of the proposed model, the ground truth inner lips contour is extracted manually by an expert placing several landmarks on lips. In the application of CS vowel recognition, the temporal boundaries of each phoneme are extracted from the audio signal using a conventional ASR system and a forced alignment procedure.

Image processing for segmenting inner lips area

In order to estimate the inner lips parameters, the most important thing is to determine the inner region of lips. More precisely, we propose to first extract the inner region of lips instead of directly finding the lips. As we can see, the teeth and darker area inside inner lips have different color properties from lips [START_REF] Stillittano | Lip contour segmentation and tracking compliant with lip-reading application constraints[END_REF], [START_REF] Shemshaki | Lip segmentation using geometrical model of color distribution[END_REF], [START_REF] Chiang | A novel method for detecting lips, eyes and faces in real time[END_REF] (see Fig. 5.24), and thus a color based method is proposed to delimit the inner lips and non-inner lips as much as possible. A lips ROI is determined using the landmarks given by CLNF (see Section 5.2.2.6).

We first present an image processing approach to detecting the dark area inside inner lips. In YCbCr space, the dark area has a lower luminance, and a threshold of Y value can be used to distinguish it. Now we take the speaker MD as an example. In our experiment, a threshold of 70 gives a satisfactory performance. The dark area extraction performances of different thresholds are shown in Fig. 5.22. The effects of using thresholds 40, 70 and 100 are shown in Fig. 5.22(b), (c) and (d), respectively. The best one is the threshold of 70. When the threshold is too small, some dark areas will be omitted, while some extra areas will be detected as dark area if the threshold is too large.

After detecting the dark areas inside inner lips, we now try to extract the teeth. In RGB color space, teeth have a much whiter color than other regions. In comparison, lips have a red-dominant color component. We thus consider the ratio R/G to efficiently distinguish the teeth region. In addition, the luminance of teeth is bright, and can be detected either by Y value or by G + B value. In this thesis, we consider the latter condition. After a large number of observations, we find that a ratio R/G < 1.25 (coupled with G+B > 160) permits to extract the teeth efficiently. The teeth extraction effects using different thresholds are shown in Fig. 5. [START_REF] Gers | Learning to forget: Continual prediction with lstm[END_REF]. In order to distinguish the detected teeth region from the dark area, we deliberately show the detected teeth region by different colors. It should be noted that the tongue has very similar color as lips and skin. It causes difficulties to segment tongue and extract a complete inner lips region only by the color based approach. After taking into account the dark area and teeth detection, the final effect of inner lips segmentation is shown in Fig. 5. [START_REF] Eddy | Hidden markov models[END_REF]. We can see that the inner lips area is well segmented except the tongue.

After this preliminary image processing procedure, the pixel value of the detected inner lips region is set to 255 (i.e., white pixel), and 0 (i.e., black pixel) for other regions inside lips ROI. We mention that the image processing is subject-dependent and sensible to the variable lighting conditions. For any speaker, the adjustable parameters are the thresholds for extraction of dark area and teeth, and they can can be determined experimentally.

Single discontinuity smoothing and interrupted region filling

The previous image processing allows extracting the teeth and dark areas inside inner lips. However, it is still not enough to form a whole inner contour since tongue and fuzzy invisible teeth are not able to be detected. Matlab function imfill can be used to reduce the discontinuity only when it is entirely surrounded by white pixels. But it is not suitable when the extracted region is not connected. In order to solve this problem, we propose two methods: the single discontinuity smoothing and interrupted region filling. The single discontinuity smoothing aims at eliminating the single pixel which is not detected inside inner lips. In the ten cases of Fig. 5.25, the central pixel (single rupture) will be set to be "white". This procedure is implemented from top to bottom and then from left to right of the inner lips area. The result of the single discontinuity smoothing is shown in Fig. 5.26.

However, in some cases, one or several blocks of the black pixel remain after the single discontinuity filling (see the bottom image of Fig. 5.26). The interrupted region filling is proposed to solve this problem. It includes the processing in the horizontal and vertical directions. We first examine each row in the lips rectangle ROI, moving from top to bottom. In a row, the orange line in Fig. 5.27 is divided by several black intervals separated by white intervals. Recall that the white part indicates the detected inner lips area, and the black part is the non-inner lips area. If a black interval length is less than the sum of two adjacent white intervals (i.e., b i ≤ l i + l i+1 ), the black interval will be filled as a white interval. The same procedure is then applied column by column from left to right. The result is shown in Fig. 5.28. When the center pixel is black and the surrounding pixels are like these ten configurations, the black center pixel will be changed to white.

The process of adaptive ellipse searching

After the above pre-processing steps, a relatively well filled inner lips region is obtained. It is a binary image where the detected inner lips region is white and other areas are black. However, uncontrolled lighting conditions (especially when the hand gets close to face), highly deformable of lips and the appearance of the tongue1 cause great difficulties to extract a complete inner lips region only by the color based approach. Our idea is to fit an adaptive ellipse which can match the detected white area as good as possible. The ellipse starts moving and growing up from the center of the image so that the influence of the noise mentioned above can be efficiently eliminated. It should be noted that we do not claim the inner lips shape is always an ellipse. We just try to find an equivalent ellipse which optimally matches the lips parameters.

The adaptive ellipse model contains the following steps.

(1) Initial ellipse center and radius determination. Firstly, in order to reduce the noise, a small rectangle with size 30 × 10 is established using the center of lips ROI. This size is then adjusted until the white area in this rectangle takes a significant percentage. More precisely, the small rectangle grows towards left and right by 3 pixels, and then towards up and down by 3 pixels. If the increased white pixels are more than 20% of the increased rectangle area, it continues expanding without exceeding the boundary of lips ROI. Otherwise, it stops. In the end, this rectangle contains the main part of inner lips region. Now we determine the center of lips region as:

x 0 = i iP x (i) i P x (i) , y 0 = j jP y (j) j P y (j) , (5.5) 
where i and j are the pixel index in the detected inner lips area, P x (i) is the sum of all the horizontal luminance along the ith row and P y (j) is the sum of all the vertical luminance along the jth column. (x 0 , y 0 ) will be the initial center of the adaptive ellipse. To determine the semi-major axis a and the semi-minor axis b of initial ellipse, we calculate the inertial moments about the two axes as:

σ 2 x = i (i -x 0 ) 2 P x (i) i P x (i) , σ 2 y = j (j -y 0 ) 2 P y (j) i P y (j) ,
and then take

a = σ x 2 , b = σ y 2 .
(5.6)

(2) Optimal ellipse searching. By using the center in (5.5) and the initial parameters in (5.6), the initial ellipse is very small compared with the lips region (see Fig. 5.29). This small ellipse starts to move and grow up successively in the four directions (up, right, down and left), one direction by a step. For each step, its radius and the center position (see Fig. 5.30(a)) will be updated using (5.7). They will converge to the optimal position and size which matches the inner lips best. This adaptation can be summarized as follows:

a n+1 = a n + ∆a, b n+1 = b n + ∆b, x n+1 0 = x n 0 + ∆x 0 , y n+1 0 = y n 0 + ∆y 0 , (5.7) 
where ∆a, ∆b, ∆x 0 and ∆y 0 are the strides of a, b, x 0 and y 0 , respectively.

In each iteration, only a and x 0 (or b and y 0 ) in one direction are updated at the same time. The signs of ∆x 0 and ∆y 0 are changed according to the moving direction (for example, ∆x 0 is positive if it moves to the right, negative if it moves to the left, etc.). In our experiment, ∆x 0 is fixed to 0.5 and ∆y 0 is fixed to 0.2. Moreover, ∆a is fixed to 0.5 and b = k∆a, where k = b n /a n . We denote by S w the area of the white region in the current ellipse, and by S e the current ellipse area (see Fig. 5.31). The ellipse expansion will stop if S w ≤ S e × 0.7, or the searching region exceeds the lips ROI. When the expansion of one direction stops, the expansion of other directions may continue. The optimal ellipse is obtained until it stops in all the four directions (see Fig. 5.30(b)).

The parameters of final ellipse are used to estimate A and B parameters as follows:

A = γ × 2a, B = γ × 2b,
where γ is logically equal to √ 0.7 = 0.84. However, experimentally, γ is set to be 0.87 to make the estimation results more accurate.

Evaluation and Results

In this subsection, we will evaluate the precision of the A and B parameters estimated by the proposed method. An RMSE is calculated between the predicted values and the ground truth, and a vowel recognition using only lips parameters is carried out.

Evaluation of the precision of A and B parameters

The adaptive ellipse model efficiently estimates A and B parameters for all kinds of lips shapes, and the performance for three subjects is shown in Fig. 5.32.

The proposed method is evaluated by comparing the estimated values with the ground truth. In Fig. 5.33, we can see that the estimated A and B parameter curves are quite close to the ground truth curves for all three speakers. In Fig. 5.34, estimation errors of A and B parameters for the CS speaker MD are shown. We can see that except few jumped singularities, a global uniform distribution is presented without any evident dependence on the lips shape.

We compare the proposed method with the CLNF approach. Mean values and RMSE of A and B parameters are calculated for these errors. Results are shown in Table 5.3 and Table 5.4. The total RMSE is about 3.37mm for A parameter. It shows a better performance than [START_REF] Revéret | A new 3d lip model for analysis and synthesis of lip motion in speech production[END_REF] with the RMSE of 4.5mm. Moreover, the proposed method significantly outperforms the estimation results of CLNF which obtains the RMSE 8.55mm. For B parameter, the RMSE for the adaptive ellipse model is only 0.84mm. It is better than that in [START_REF] Revéret | A new 3d lip model for analysis and synthesis of lip motion in speech production[END_REF] with a RMSE 1.0mm, and also outperform the CLNF with RMSE 1.99mm. In summary, our results show a superior performance compared with the state of the art, and also are comparable to the Modified CLNF.

Let's recall that The CLNF is a very powerful algorithm trained on a substantial quantity of images. The main advantage is its insensibility to variations of the luminance, occlusions of the lips and movements of the head. However, CLNF is developed for facial tracking, and it is less precise for the extraction of the lips parameters. From this point of view, the proposed method achieves a very high precision in lips extraction but contains adjustable parameters which depend on the subject and the brightness. Indeed, we sometimes need a high precision extraction algorithm, even if we have to adjust some parameters experimentally. 

Continuous CS recognition of vowel based on lips parameter only

In order to further evaluate the performance of the estimated inner lips parameters, French CS recognition based on 13 vowels is carried out using the HMM-GMM recognizer. We use the corpus of first CS speaker with ten repetitions. 80% of the data (randomly chosen) are used for training, and the remaining 20% are used for test (without overlap between the training and test sets). HMM-GMM decoder is built with a standard HMM configuration: contextdependent, three-state, left-to-right, no-skip-phoneme. It is trained with the maximum likelihood estimation based on the EM algorithm. The lips features (A and B parameters) are modeled together with their first derivative. At decoding stage, the most likely image sequence of vowels is estimated by decoding the HMM-GMM state posterior probabilities using the Viterbi algorithm. Now we show the details of the experiment implementation. An ellipse of white color (with semi-major axis length A/2 and semi-minor axis B /2) is superimposed on lips region (see Fig. 5.35). PCA is used to extract the good features on raw lips ROI and white filled parametric ellipse lips. For 13 French vowels recognition in CS, 61.8% accuracy on average is obtained using the Modified CLNF, 62% is achieved based on 50 PCA coefficients (explaining 90% variance) in the ellipse, and 59.8% is achieved based on the PCA coefficients in raw ROI. This result is comparable to state of the art [10]. We can see that the recognition score 

Features Accuracy

A, B parameters using Modified CLNF 61.8%

PCA on parametric ellipse lips ROI 62.0%

PCA on raw lips ROI 59.8% using white filled parametric ellipse lips is slightly higher than that using raw images. This confirms the high precision of the estimated A and B parameters. The recognition experiment is subject dependent. In this study, we may think of that the recognition performance is not only thanks to the white ellipse determined by A and B parameters, since other parts of the image in the ROI also contribute to the recognition performance. In order to verify this point, we mask the whole lips region by a bigger white ellipse for all images (see Fig. 5.36). The vowel recognition decreases to about 30%. This is indeed an interesting result, which may be due to the chin information of the lips ROI or the context-dependent model.

Discussion

As a discussion, we formulate several remarks concerning the above two proposed methods.

(1) In the first proposed method, Modified CLNF combined with the periodical spline interpolation method is based on CLNF lips landmarks. When the real inner lips contour is inside the six inner lips landmarks of CLNF, we cannot expect the proposed method to give a satisfactory inner lips contour (the black inner lips contour in Fig. 5.37). The adaptive ellipse model (the red inner lips contour in Fig. 5.37) can solve this problem since it does not depend on CLNF landmarks.

(2) For the adaptive ellipse model, when the lips have the 'W' shape (see Fig. 5.38), it is difficult to mimic the ellipse of inner lips. However, the proposed method still gives a satisfactory performance.

(3) In both two methods, there are several parameters needed to be optimized by training their data for each subject. Ongoing work is to reduce the subject-dependency of parameters in these methods. 

Summary

In this chapter, we present two novel automatic methods for estimating the inner lips parameters without any artifice. One is based on the CLNF, which is robust for the facial landmark detection. However, the CLNF presents mistakes in about 41.4% of cases for inner lips tracking. This work aims at correcting CLNF errors by post-processing procedure. We propose two methods to correct B and A parameters, respectively. In the case of B parameter, an efficient method named HD-CTM based on the correlation with a hybrid dynamic template is investigated to detect the outer lower lips position. Then, the inner lower lips position is determined by the back-subtracting of the VLLT. The evaluation of this method on about 4800 images of three speakers confirms its good performance. In fact, RMSE is reduced from 4 pixels (2mm) to 1 pixel (0.5mm). For A parameter, the periodical spline interpolation based on the dilated six CLNF inner lips points is used to estimate the A parameter for round lips. An automatic round lips detector based on DCT coefficient of lips ROI is used to select the third viseme (round lips). This method is tested on 927 round lips images. RMSE is reduced from 21.2mm to 3.5mm using the proposed method. The remaining errors come from the mistaken inner lips landmarks of CLNF.

Another efficient inner lips estimation method based on an adaptive ellipse model is presented. We deal with the parameter extraction of inner lips from video without using any artifice. This method first extracts the inner region of lips with an image processing combined with the single discontinuity elimination and interrupted region filling. Then, an adaptive ellipse model is used to match the inner lips region and gives the best estimation of A and B parameters. The parameter precision is evaluated on 4693 images of three French speakers. The proposed method permits to obtain a RMSE of 3.37mm for A parameter and 0.84mm for B parameter, which outperforms the state of the art. Finally, the CS recognition of 13 French vowels also confirms the superior performance.

the background in the image can be determined. It was reported in [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF] that this method is robust to the lighting changes of the background. Therefore, we take advantage of ABMMs [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF] and use it for the CS hand position tracking. In Section 6.2, we will give a brief description of the main content of adaptive background mixture model, as well as its application to CS hand position tracking. The evaluation of this method will be presented in Section 6.2.3. 

Adaptive background mixture model for hand tracking

Adaptive background mixture model

The Adaptive Background Mixture Model (ABMM) was proposed in [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF] for the real-time segmentation of moving regions in image sequences. In fact, the moving regions can be seen as the foreground, while other regions can be seen as the background. In this model, a simple way is used to evaluate the Gaussians to determine the background, while other pixel values are grouped using the connected components. Then a multiple hypothesis tracker is used to track these connected components from frame to frame. This process is illustrated in Fig. 6.1. Now we briefly introduce the ABMM. More details can be referred to [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF].

Suppose that I is a image sequence, and (x 0 , y 0 ) is a fixed pixel of this sequence. The information of this pixel at time t is {X 1 , ..., X t } = {I(x 0 , y 0 , j) : 1 ≤ j ≤ t}.

(6.1)

Note that there often exist lighting variations, scene changes, or moving objects in I. We need to model (6.1) by a mixture of more than one Gaussians. More precisely,

P (X t ) = K i=1 ω i,t η(X t , µ i,t , Σ i,t ), (6.2)
where K is the number of Gaussians, η is a Gaussian probability density function, ω i,t , µ i,t and Σ i,t are the weight, mean value and covariance matrix of the i th Gaussian at time t, respectively.

Any new X t is checked against K Gaussians until a match is found, which means that this pixel value is suited within 2.5 standard deviations of the distribution. If no match is found, the least probable distribution is replaced with a distribution, which has an initially high variance, low prior weight, and takes the current value as the mean value.

Then we study what portion of the mixture model best represents the background in order to determine the Gaussian, which is most likely produced by the background. The pixel values which do not fit the background distribution are considered as the foreground, while others belong to the background.

Automatic hand position and shape ROI determination

Recall that the hand position is obtained by tracking the colors on the subject's hand in the literature, as mentioned in Section 1.2.2. To get rid of these color marks, we now use the above ABMMs to track the hand position automatically.

The hand can be seen as a moving foreground when the CS speaker is coding. In order to guarantee that the hand is the only foreground in the image, we mask the lips (see Fig. 6.2). Therefore, the ABMM is applied to track all the pixels which belong to the hand area, and the gravity center of all these pixels is taken as the hand position. GMMs with five Gaussian components are used to characterize the individual pixel of the image. For each new image frame, the GMM will be updated, and each pixel in the current image is matched with the mixture Gaussian model. If it is matched, this point will be regarded as a background point. Otherwise, it will be classified as a foreground point. Moreover, a rectangle with a suitable size1 (150×175) for the hand shape is built based on the hand position to form a hand ROI (see Fig. 6.3). The hand ROI is resized to a 64×64 pixel image using cubic interpolation and converted to gray-scale. 

Evaluation of the proposed hand tracking method

A number of 138 sentences from LM corpus are used to evaluate the ABMMs for the hand position extraction. First, we compare the obtained hand position with the ground truth hand back position. A good example is shown in Fig. 6.4(a) and Fig. 6.4(c). We can see that the position values estimated by the proposed method are close to the ground truth. A more complicated example is shown in Fig. 6.4(b) and Fig. 6.4(d). However, in some time interval, we can see a significant difference between them. In this case, the estimated value given by the proposed method seems to be difficult to reach the extreme position in both X and Y directions. For all the images in the subset of 138 sentences, the mean error and the standard deviation can be seen in Table 6.1. It is also interesting to see their relative spatial distribution of the hand position. For this purpose, the five groups of hand position distributions are plotted in Fig. 6.5. As we can see, compared with the ground truth hand position in Fig. 6.5(b), the distribution of the five estimated positions are more confused (see Fig. 6.5(a)). However, we can still see that in Fig. 6.5(a), these five hand position distributions are not in disorder. Their spatial order is basically kept. In another word, apart from the blue points, other four groups of points are toughly distinguishable.

(a) (b) (c) (d)
(a) (b) In order to see the influence of the estimated hand position when applying them in the recognition task, based on the 138 sentences of corpus LM, we compare the hand position recognition performances using the estimated hand position with the ground truth hand position (see Fig. 6.6). In this case, we use a simple Gaussian classifier to indicate the divisibility of hand positions. It can be seen in Fig. 6.6 that using the estimated hand position is not as good as using the ground truth hand position in all cases of four different temporal segmentations2 . 

Summary

In this chapter, we describe the application of the ABMMs to extract the hand position of CS speaker. This method is based on a GMM foreground and background extraction approach [START_REF] Kim | Real-time foregroundbackground segmentation using codebook model[END_REF]- [START_REF] Magee | Tracking multiple vehicles using foreground, background and motion models[END_REF]. In fact, the speaker's deformable hand is regarded as the foreground in a video. Five Gaussian models are used to characterize the foreground and background pixels in an image. The gravity center of the detected foreground pixels is considered as the hand position. In order to evaluate the performance, we first compare the estimated hand positions with the ground truth, and then perform a hand position recognition using Gaussian classifier. In case of the ground truth temporal segmentation, the recognition results show that using our estimated hand position gives 62.26% while the ground truth hand back position attains 85.98%. Even though this automatic hand position extraction method cannot reach the performance of the ground truth, it permits to track the hand position with a certain precision. On the other hand, based on the proposed method, a hand shape ROI can be built, and the hand shape feature extraction will be introduced in Chapter 8.

Chapter 7

Temporal 

Introduction

In CS, lip reading and hand coding work together to make the syllable visible. Hand and lips movements in CS are coherent and complementary to realize an efficient communication system. However, they follow their own movement rules. The hand movement is more related to the speech syllabic cycle, while the lips movement is more related to the phoneme production. These two movements are not well synchronized. Attina et al. [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF], [START_REF] Attina | Temporal measures of hand and speech coordination during french cued speech production[END_REF] investigated the temporal organization of hand and lips movements, and found that the hand reaches its target roughly 200ms (between 171 and 256ms) before the vowel being visible at lips.

The supervised automatic CS recognition system needs a proper alignment and annotation of the data streams. More precisely, in the training step, the boundaries should be provided to indicate which segment in the stream corresponds to a given phoneme. CS recognition is a multi-stream task with the asynchronous data streams. This means that we must realize a proper temporal segmentation for each stream. Note that the lips movement is relatively well 119 synchronized with the acoustic signal. It is possible to realize the automatic segmentation of lips via the acoustic signal which offers a comparably good quality (see Section 2.3.2). However, performing an automatic segmentation of the hand movement is still an open question, and it is also a challenge in this thesis.

As far as our knowledge, no previous work has explored the automatic method to obtain a proper temporal segmentation of hand movements in CS based on the corpus without any artificial mark. In fact, the prior work [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF] investigated the temporal segmentation of hand position stream by using the color marks on subject's hand. The temporal segmentation of hand position is obtained based on the Gaussian modeling of hand positions and the velocity of hand position movement. However, this method needs both position on the hand back and the target finger position, and all these points are given by different color marks [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF]. It is not possible to directly apply this method to the database without any artificial mark. We may think to use the deep learning methods like LSTM (see Chapter 3) to capture the asynchrony between these different streams automatically. However, it needs a large amount of training data which is not available in our case.

In this chapter, we focus on the temporal segmentation of the hand movements1 from a new perspective. It is to determine the instant of the target hand position which indicates the realization of a vowel, and the intervals in which the hand shape is well formed to indicate a consonant. We carry out three studies to efficiently resolve the temporal segmentation problem of the hand movement, which will be used for the automatic CS recognition in Chapter 8.

(1) First, we carry out a detailed analysis of the hand movement in CS, and show that hand movements are organized syllable by syllable. In fact, the hand shape is prepared during the hand moving towards its target position, and reaches its most precise form at almost the same time as the hand position reaching its target. This mechanism allows us to define the best instant to locate the target position for the vowel, as well as the best instant to determine the hand shape for the consonant.

(2) Based on (1), we perform a manual temporal segmentation of a subset of corpus LM to establish a preceding model. This model is expected to describe the relationship between the target instants for the hand position and the corresponding acoustic signal. It allows us to predict the target moments for hand position, and segment the hand position stream based on the audio signal. The evaluation shows that a much better vowel recognition score is obtained than using the audio based segmentation.

(3) We are also interested in determining the best instant for locating the hand shape which indicates a consonant. Our analysis shows that the middle instant of this interval is about 60ms before the middle instant of the consonant on the acoustic signal. This allows a segmentation of the hand shape stream based on the audio segmentation.

Hand movement characteristics in Cued Speech

Lips and hand asynchrony phenomenon

The asynchrony problem of three streams (lips, hand shape and hand position) in CS is a challenging issue. Recall that the hand movement precedes acoustic sound realization 200ms on average for a phoneme [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF]. Now we illustrate the hand advance phenomenon by an example of CS where the speaker utters "un petit". In 

Analysis on temporal organization of the hand movement

The goal of this subsection is to specify several fundamental rules concerning the hand movements in CS, as well as the asynchrony problem between lips and hand movements.

Without loss of generality, we only consider the syllables which consist of a consonant followed by a vowel (i.e., in the form of CV ). When the speaker organizes the sentence syllable by syllable, at each target instant, the hand position indicates the concerned vowel while the hand shape indicates the corresponding consonant of the syllable. The movements of hand positions and hand shapes seem to be organized in such a way that the hand shape reaches its final shape at almost the same time when the hand position reaches its target for a vowel. In the duration of two target positions, the hand prepares its shape to indicate the next consonant.

The principle of the temporal organization of hand movement in the unit of the syllable is shown in Fig. 7.2. The rectangles on the top row indicate the time intervals in which the hand reaches its target position. For hand position movements, these intervals are relatively short (about 60ms on average, three images). The rectangles on the bottom row indicate the time intervals in which the hand prepares its shape to indicate the consonant. During this period, the hand shape is almost formed, but the hand continues moving and rotating. Therefore, these intervals are relatively long (about 200ms). In fact, the hand begins to leave the target position once a syllable codes completely, and the fingers move quickly to prepare the next hand shape. We can see that each rectangle on the bottom starts immediately just after the previous syllable.

The definition of different parameters

As described in Section 7.2.1, in CS, the hand reaches its target position before lips pronouncing the corresponding vowel. We are now interested in how long time the hand precedes the lips movement. Now we detailedly study this phenomenon and propose a hand preceding model, which can be used to predict the temporal segmentation of hand movement automatically.

We first give some definitions about the different parameters. As shown in Fig. 7.3, for a vowel in a syllable, the instant corresponding to the middle instant of the vowel in the acoustic speech signal is denoted by t v , and the target instant for the hand position movement is denoted by t tar_v . Compared with t tar_v , the advance of t v is denoted by ∆ v . D v (about 60ms) is the time interval in which the hand reaches its target position, while D c 0 is the time interval in which a hand shape is nearly formed but continues moving and rotating. We define the hand preceding time as the time difference between the hand target instant and acoustic target instant. In other words, in case of vowel, the hand preceding time (in ms) is

∆ v = t v -t tar_v . (7.1) 
For the consonant in a syllable, the middle instant of the consonant in the acoustic signal is denoted by t c . As we just mentioned, t c necessarily precedes t v . We consider that the complete hand shape is formed at the same time as the target position t tar_v . However, this best hand shape does not correspond to a single instant but a certain duration naturally. Moreover, this time interval is before t tar_v because after this moment the hand shape begins to change immediately. Let D c denote the time duration corresponding to the best interval to identify a given hand shape. The middle of this time interval will be denoted by t tar_c which is the target instant for the hand shape realization.

Experimental setup

In this section, we will introduce the database for the temporal segmentation of hand stream. The measurement of hand preceding time will also be presented. Using these measurements, a statistical model is built which indicates the hand preceding time according to the vowel instant in a sentence.

Database

The database is composed of two female normal hearing CS speakers LM and SC. As in Chapter 2, the corpus LM is recorded without using any artificial mark, and the corpus SC was recorded before with artificial marks (but the marks are not used). The speaker LM pronounces and codes a set of 238 French sentences in CS derived from a corpus in [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF], [START_REF] Gibert | Analysis and synthesis of the three-dimensional movements of the head, face, and hand of a speaker using cued speech[END_REF]. Each sentence is repeated twice resulting in a set of 476 sentences. The corpus SC is made of 267 sentences which come from the large database in [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF]. We take a subset of the whole database to build the hand preceding model, which contains 138 sentences with 88 short sentences and 50 long sentences from corpus LM (totally 1066 vowels), and 44 short sentences (196 vowels) from corpus SC.

Measurement of the hand preceding time

This experiment is to establish the relationship between the hand preceding time and vowel instant in sentences. For this purpose, it is necessary to first measure the instant where the hand reaches a vowel target precisely.

It should be mentioned that the accurate automatic CS hand finger tracking in 2D image is still an open problem. Therefore, to obtain the accurate hand movements data, we manually track the 2D position of the target finger of the CS speaker (see Fig. 2.12). The target finger which directly points to the vowel position allows the CS reader to understand what the CS coders want to express. However, the target is not always realized by the same finger since the hand shape is variable during the coding process. We choose the position in the following way: the 2D position of the index finger is used if no middle finger appears. In order to constitute a solid base for studying the hand movement, the point on the hand back (see Fig. 2.12) is also tracked. One advantage is that this hand point is always visible in the CS coding process, so that all the points on the hand back can be collected without any interruption.

To make the manual segmentation easier, we calculate a hand movement velocity curve from the coordinates of the tracked points. This calculation can be done using the target finger point or the hand back point. In our case, we use the latter one. This procedure was also used in [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF] but with blue marks on the speaker's hand. The particularity is that we first apply a suitable smoothing method (spline function with p = 0.1 [START_REF] Feng | Data smoothing by cubic spline filters[END_REF]) to x coordinate and y coordinate. This smoothing method gives two speed rates in x and y directions, denoted as v x and v y . The velocity of the hand movement in the direction of its trajectory is then calculated as:

v = v 2 x + v 2 y . (7.2) 
In Fig. 7.4, an illustration of the velocity of the hand movement is given. Note that we do not need to know the exact value of this speed rate, and only its evolution is sufficient to help us in the segmentation task. This velocity curve of the hand movement offers an important indication to localize the vowel target instants in sentences since in general, the hand moves rapidly between two target positions and moves slowly or even stops at target positions. Thus the minimum value of the curve indicates that the hand reaches its target position. However, not every minimum value of the speed rate corresponds to a vowel target. This phenomenon makes the automatic temporal segmentation more complex. Even in some cases, the vowel target does not correspond to a minimum speed especially in the case of side position.

A manual temporal segmentation of vowels and consonants for each sentence is accomplished by using the movie editor Magix [START_REF] Abreu | Podcasting: Contemporary patient education[END_REF], [START_REF] Naylor | Magix movie edit pro 2014 revealed[END_REF]. We translate the velocity curve using (7.2) into a speed rate signal so that it can be visualized in Magix with a perfect synchrony (see the second row in Fig. 7.5). In this way, video, hand movement speed rate and sound can be visualized in one window which benefits the segmentation process a lot. The temporal target interval which contains several images around the hand target position is considered in this segmentation.

The above manual segmentation for vowels allows localizing the target instant t tar_v of the hand movement for each vowel. Thanks to the audio based segmentation localizing each vowel in the acoustic signal, the hand preceding time ∆ v can be calculated for all vowels of the sentences (totally 1066 vowels for LM ) by (7.1).

Hand preceding model for the hand position movement

In this section, we detailedly describe how to establish a hand preceding model for the vowels coded by hand positions [START_REF] Liu | Automatic temporal segmentation of hand movements for hand positions recognition in french cued speech[END_REF]. It allows us to know the hand preceding time according to the vowel instant in the sentence. Then we propose a temporal segmentation method for the hand position stream.

Hand preceding model for vowel

The hand preceding time in function of vowel instant of 138 sentences for the subject LM is shown in Fig. 7.6(a). We align all the sentences by their end instead of their beginning since we observe a common law of the relationship between the hand preceding time and the vowel position for all the sentences. From the beginning of a sentence to a certain instant (about one second before the end of the sentence), the hand preceding time seems to remain a constant. More precisely, the statistical repartition of the hand preceding time has almost no change from the beginning to about one second before the end. Then the hand preceding time decreases when the vowel instant approaches the end of the sentence. By aligning all the sentences by the end, this phenomenon becomes very evident. Indeed, the distributions of short sentences and long sentences are superposed entirely at the end of the sentence. Besides, the vowels from speakers LM and SC follow the same repartition as shown in Fig. 7.6(b).

Based on these observations, we build the hand preceding model, which contains two parts. The first part is the mean value of the hand preceding time (i.e., 139ms in our case) of all the points from the beginning of the sentence to a turning point. After the turning point, the second part is a linear model which can be obtained by linear regression (a slope of -0.213) of the rest data. The turning point corresponds to the intersection of these two straight lines. In our case, it situates at about 0.88s before the end of a sentence. Based on the above analysis, we see that the hand preceding model fits all the sentences for two subjects.

We now propose a temporal segmentation method for the hand position based on the hand preceding model. More precisely, based on the audio based segmentation, each temporal segment for a vowel will be shifted by ∆ t according to the instant of the vowel in the sentence. The ∆ t is calculated using the hand preceding time. An illustration of the segmentation using the hand preceding model is shown in Fig. 7.7.

The audio-extended segmentation

Apart from the above temporal segmentation by the hand preceding model, a simple rule based segmentation called the audio-extended segmentation is also proposed.

Recall again that Attina et al. [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF] focused on the temporal organization of manual cues of hand and lips. They showed that the instant of the hand reaching its target can vary roughly from 171ms to 256 ms, and is equal to the time length of one syllable on average. Based on this, we investigate a simple procedure to derive the temporal segmentation of the hand stream from the temporal segmentation of the audio stream. As shown in Fig. 7.8, the left boundary of each phoneme (except the first phoneme) is extended to the beginning of the previous phoneme. The boundary of the first phoneme in each sentence keeps it as the audio based segmentation.

In the following experiments, the audio-extended segmentation will be used to compare with the one estimated by the hand preceding model. for five positions, while the points in (d) are significantly separable. Some improvements in (b) are observed compared with (a). In particular, we find that the throat position and chin position are divided. More importantly, we see that the distribution of the Gaussian ellipse in (c) is very close to that in (d) with only a few intersections between the ellipses. These distributions efficiently illustrate the satisfied performance of the hand preceding model.

Hand position recognition in CS using the sub-database

To further evaluate the proposed segmentation method, we apply all these four segmentations to the hand position recognition. A simple multi-Gaussian model is used as a recognizer on this sub-database since the aim is just to evaluate the performance of the predicted segmentation. Five Gaussian models are firstly trained for the five positions. Let X = (x, y) denotes the mean hand position value of a sequence of images in the target time interval. Given any mean hand position X, we calculate the probability of X for each model, and the model with the highest likelihood value is the identified class.

We show the recognition results in Fig. 7.11. These results are obtained using both the finger position and the point on the hand back. Moreover, we compare these two ground truth cases with the automatic tracked hand position estimated by the ABMMs. Fig. 7.11 gives us rich and interesting information. First, we examine the hand position recognition results using the target finger position. We see that in the case of the ground truth temporal segmentation, the highest score of 96.9% is achieved. This constitutes the golden reference to the hand position recognition in CS. When using the predicted segmentation given by the hand preceding model, a comparable high score of 82.35% is obtained, showing the excellent performance of our proposed method. We observe that the audio-extended method can give a result (78.53%), which does not differ too much from the score using the predicted segmentation. However, when the audio based segmentation is used, the recognition score becomes very low (64.23%). This shows the segmentation based on acoustic signal is indeed not suitable to segmenting the hand position. Now let us switch to the recognition results using the point on the hand back. The global results have a similar trend with that using the finger but lower accuracy. It is due to the less precision of the hand position on the back compared with the target finger position. Finally, when the hand position is estimated by ABMMs, the scores decrease dramatically. As already discussed in Chapter 6, ABMMs have some errors when tracking the hand position automatically. We can expect a better recognition result when a more robust automatic hand position tracker is applied.

(a) (b) (c) (d) 

Hand position recognition in CS using LSTM based on the whole database

To further evaluate the performance of the proposed method, we apply the hand preceding model to the whole database (476 sentences, about 6000 vowels) of the subject LM. LSTM is used for the continuous hand position recognition based on the automatic tracked hand as the best instance for a consonant. Now we experimentally determine the hand preceding time for a consonant ∆ c = t tar_c -t c . Firstly, we perform a statistical study about the time difference

∆ cv = t c -t v
for the vowel and consonant based on corpus LM. We randomly choose 10 sentences which contain about 100 consonants. In Fig. 7.13, ∆ cv is plotted for these 10 sentences. ∆ cv varies in a broad range, and we only consider its mean value (roughly 110ms). As ∆ v is about 140ms (see Section 7.4.1), we can deduce that t tar_v precedes t c about 30ms (the difference between 140ms and 110ms). After a large number of observations, we assume that the duration D c is about 60 ms (3 images). Consequently, t tar_c precedes t c about 60ms. This is an estimation of ∆ c for consonants.

Then we determine the optimal value of ∆ c experimentally. We perform a hand shape recognition based on the CNNs hand features (see Chapter 8 for more details) and the multi-Gaussian classifier. In the recognition, we use several different segmentations which are derived by shifting the audio based segmentation with different ∆ c (from 0 to 160ms with a step of 10ms). In this way, the ∆ c with the best recognition score will be regarded as the optimal value ∆ * c .

A hand position recognition experiment using the database of all 476 sentences is conducted, and the results are shown in Fig. 7.14, which gives the recognition score as a function of the monotonically increasing preceding time ∆ c . We observe a convex curve (red curve) with a local maximum value about 60ms. This is coherent with the theoretical analysis about the ∆ c of hand shape (see Section 7.2.2). Indeed, the peak region of this curve is relatively smooth, but the presence of a clear maximum value confirms that there exists an optimal value of ∆ c . The above results also constitute an evaluation of the segmentation method since there exists a common maximum value ∆ * c (about 60ms). In addition, in Section 8.3.3, this proposed temporal segmentation achieves 84.3% phoneme recognition correctness based on the hand shape and lips information. This result outperforms the state of the art (79.8%) [10].

Summary

In this chapter, we investigate a specific study concerning the temporal hand movements in CS. As we know, the asynchrony problem of lips and hand movements makes them difficult to share a common temporal segmentation from the audio signal. We show that the speaker's hand movement is essentially organized syllable by syllable. For a typical CV syllable, during the hand movement, the objective of the speaker is to reach a specific position to indicate the vowel. The hand shape changes to indicate the consonant of the syllable. We perform a detailed study by measuring the hand preceding time for vowels and consonants. These measurements show that the hand preceding time for vowels has almost the same distribution (with a mean value of 140ms for LM ) from the beginning of a sentence to about 1s before the end. This preceding time then decreases linearly until the end of the sentence. Our measurements permit to establish a hand preceding model which takes into account this phenomenon. This model allows us to elaborate a segmentation method for CS hand movements using the audio based temporal segmentation. In other words, this method permits to predict the instant where the hand reaches its target position. Our evaluations confirm the superior performance of the proposed method. In fact, hand position recognition score using the predicted segmentation significantly outperforms that using the audio based segmentation, with the Gaussian classifier. Moreover, on the whole dataset, using LSTM achieves a much higher recognition score than using the audio based segmentation. We also observe that the optimal moment to identify a hand shape indicating a consonant is situated about 60ms before the audio signal. It shows that we could obtain the optimal result when this preceding time is used in the hand shape recognition. 

Introduction

As introduced in Chapter 1, lip reading scarcely reaches perfection in speech recognition due to the ambiguity of the visual pattern. Recall that CS system was invented to make the spoken language visible combining the hand coding with lip reading. The main objective of this chapter is to develop an automatic continuous CS recognition system [START_REF] Liu | Visual recognition of continuous cued speech using a tandem cnn-hmm approach[END_REF] which transfers the visual video information to the phoneme in the form of text.

Recall that the automatic recognition of CS was explored in [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], [START_REF] Aboutabit | Reconnaissance de la langue française parlée complété (lpc): Décodage phonétique des gestes main-lèvres[END_REF] with visual artifices to track the lips and hand features (see Fig. 8.1(a)). In this thesis, the first motivation is to get rid of these artificial visual marks.

Concerning the recognition stage, the classification of static hand shapes in CS was addressed in [START_REF] Caplier | Comparison of 2D and 3D analysis for automated cued speech gesture recognition[END_REF] using an ANN. In [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], HMM-GMM was used for CS phoneme recognition. In [10], context-independent HMM-GMMs were used to decode a set of isolated phonemes extracted from CS sentences, i.e., the temporal boundaries of each phoneme to recognize in the video were known at the test stage. In [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], the continuous phoneme recognition was also performed by the context-independent HMM-GMMs. However, the dataset in that study was only composed of isolated words repeated several times (not continuous sentences). To the best of our knowledge, no study has addressed the continuous recognition of CS or used the context information of CS. Solving this challenging task is the second motivation of the present study. For the first motivation, we explore the benefits of using CNNs to extract the lips and hand features based on raw ROI images1 (see Fig. 8.1(b)). For the second motivation, the context-dependent HMM-GMM combined with the feature-level and model-level fusions for CS recognition is explored. In fact, another possible approach could use a LSTM to learn the context information between the phonemes and capture the long memory of the CS. In this thesis, we choose to use the context-dependent HMM-GMM.

In our case, CNNs are applied in a supervised manner which means that it needs a proper alignment of data in the training step. As we know, in CS, there are three data streams, and they are asynchronous during the CS coding. As a consequence, three different temporal segmentations for them are necessary. The temporal segmentation of audio signal can be used for the lips stream. In this thesis, the hand preceding model (see Chapter 7) is used to predict the temporal segmentation of the hand position and hand shape. It should be noted that different temporal segmentations are only used for the feature extraction by CNNs.

In this thesis, CNNs are combined with an HMM-GMM classifier that models the dynamic feature trajectories for each phonetic context [START_REF] Liu | Visual recognition of continuous cued speech using a tandem cnn-hmm approach[END_REF]. Recall that in conventional ASR, this combination is often referred to as a tandem architecture. This chapter is arranged as follows. Firstly, the experiment database, methodologies, and the experimental implementations will be presented in Section 8.2. Then, experimental metric, evaluation and results will be presented in Section 8.3.

Methodologies and experimental implementations

In this section, we will first introduce the experimental database in CS recognition. Then the used context-dependent modeling will be presented. Finally, several tandem CNN-HMM architectures will be investigated.

Database

The database for vowel, consonant and phoneme recognition experiments are collected from the normal hearing CS speaker LM without using any artifice2 . A set of 238 French sentences is also derived from a corpus in [START_REF] Gibert | Analysis and synthesis of the three-dimensional movements of the head, face, and hand of a speaker using cued speech[END_REF]. Each sentence is repeated twice3 by the speaker LM resulting in a set of 476 sentences (11772 phonemes totally). One example is Ma chemise est roussie (in English: My shirt is scorched ). In this experiment, we use 14 vowels and 18 consonants, since the amount of consonants [N] and [ñ] is not sufficient in this database. The French CS is described with 8 lips visemes, 8 hand shapes and 5 hand positions. As mentioned in Section 2.3.2, the phonetic transcription is extracted automatically and postchecked manually by carefully listening to and observing the recorded audio signal.

HMM based context-dependent modeling

Recall that the second motivation in this thesis is to realize the continuous CS recognition which incorporates the context information. As introduced in Section 4.4, modeling a sufficient amount of contexts is very important for improving the robustness of a continuous CS recognition system. In CS, the articulatory features (i.e., lips and hand) are very sensitive to the x coordinate of the hand back point. The aligned hand position feature (see Fig. 8.3(c)) is obtained by positively shifting (delaying) the original hand position with time interval ∆ v . It is equal to 140ms, which is derived from the hand preceding model for vowels (see Chapter 7). Note that 140ms is the average value of the hand preceding model. This may not be the optimal value, but the most reasonable and straightforward one without the ground truth hand preceding time for each vowel. As we can see, the temporal boundary of the vowel [i] (the one after [m]) is [t n-1 , t n ]. We remark that the red dots represent the time instant when the hand reaches its target position. If we use this boundary to extract the original hand position feature directly, the ground truth hand position does not correspond to the vowel [i]. The direct fusion will not give a good performance. However, when we use this boundary to extract the aligned hand feature, the extracted hand position well corresponds to the vowel [i]. As a consequence, the lips and hand correspond to each other better and this should help the fusion of their parameters for recognition. Notably, the aligned hand shape feature follows the same rule as the hand position case. ∆ c is 60ms according to the result in Chapter 7. In fact, hand position stream is more sensitive to the asynchrony problem than the hand shape stream. The reason is that hand position often remains at the target position for a short time interval. If the temporal boundaries are not precise, the corresponding correct hand position features will be missed. However, for the hand shape, the complete hand shape often maintains for a certain time. It makes hand shape stream less sensitive to the precision of the temporal boundary.

Due to the fact that the direct feature fusion without pre-resynchronization is not really suitable for CS case, in the following experiments considering vowel, consonant and phonemes recognition, we will only present the result of AC feature concatenation types in Section 8.3.4.

The effect of using the resynchronization procedure AC will be presented in Section 8.3.5.

The proposed CNN based architecture

As introduced in Section 3.3, a standard CNN contains several convolutional layers which are composed of convolutional filtering activation function, pooling, stacked with FC layers using softmax function, and an output layer giving the posterior probability of each class to decode. In this study, we employ 2D CNNs to extract the lips and hand shape features directly from the raw ROI images. Because of the limited size of our current dataset, we only investigate several CNN based architectures which contain two convolutional layers, two pooling layers, two FC layers, and one output (softmax layer). The cross-validation is used to optimize some hyper-parameters for each layer (i.e., the number of filters, the kernel size for the 2D convolutions, the down-sampling factor for the pooling layer, and the number of neurons in the FC layer). Finally, for all the architectures, two convolutional layers with 8 filters, a kernel size of 7×7 pixels, a down-sampling factor of 3 (in both vertical and horizontal directions), the number of epoch 300, the pooling size 3×3, the batch size 2048 and 64 hidden neurons in the FC layer are used.

At the training stage, a mini-batch gradient descent algorithm based on the RMSprop adaptive learning rate method (with a learning rate 0.001) and a batch size of 2048 frames, is used to estimate the CNN parameters. The categorical cross-entropy is used as the loss function. Over-fitting is controlled using (1) an early stopping strategy, i.e. 20% of the training set is used as a validation set and the training is stopped when the error on this dataset stops decreasing during 10 epochs, and (2) a dropout mechanism (with a dropout probability of 0.25). All models are implemented using the Keras Python library [START_REF] Chollet | [END_REF], and trained using GPU acceleration.

CNNs are trained in a supervised manner. Therefore, the CNN training process is sensitive to the temporal alignment in its training process The temporal segmentation of the lips is derived directly from the audio signal (the asynchrony between lips and audio is neglected here). However, in CS, the hand generally precedes the lips. To take this phenomenon into account, we apply the hand preceding model (see Chapter 7) to predict the optimal temporal segmentation (with an average hand preceding time 60 ms) of the hand shape from the audio speech signal for each phoneme. (1) In S 1 , the single CNN jointly models the lips, hand position and shape. A unique bounding box is set large enough 5 to contain both lips and hand, and it is anchored on the lips ROI. More precisely, the lips and hand are regarded as a global ROI in CS. The audio-based temporal segmentation is used to train CNNs in S 1 . CNN is trained with 34 phonetic classes as targets (see Fig. 8.5(a)). CNNs are applied to extract features based on this global ROI. Then, these features will be fed to the one stream HMM-GMM for phonetic decoding.

(2) In S 2 and S 3 , each CNN focuses on the lips or hand shape separately. In S 2 , threestream features are concatenated (i.e., feature-level fusion) in a single feature vector (see Fig. 8.5(b)). In S 3 , lips and hand information are combined at the state level using a 3-stream HMM-GMM (model-level fusion) (see Fig. 8.5(c)). As for the training in CNN, features are trained with a set of lips visemes, hand shape groups and hand position groups, respectively. More precisely, except for one silence class, there are eight lips visemes defined in Table 2.3. Five hand positions and eight hand shape groups are given by the definition of LPC (see Fig. 1.3).

Besides the lips and hand shape, for S 2 and S 3 , the hand position (coordinates of the ROI center) is first extracted automatically by ABMMs. Then these values are processed by a simple feed-forward neural network (ANN) with one single FC layer (with ReLU activation function) and one output softmax layer trained with a similar procedure as CNNs.

Hand shape feature extraction based on CNN

In Chapter 6, we introduced the ABMM for hand position feature extraction, and the hand shape ROI was located based on the estimated hand position. Now we have a look at the hand shape feature extraction using CNN. In fact, the hand shape feature extraction in CS is a challenging problem due to the nature of hand coding. For instance, the same hand shape (with the same linguistic meaning) may result in rather different appearances due to the rotation and movement of the hand (see Fig. 8.4). We will use nonlinear CNNs to extract the high-level hand shape features. More precisely, after obtaining the hand shape ROI image by the ABMMs, we feed it to CNNs as the input, and finally extract the visual feature vector, which is the output of the last FC layer (before softmax). In the following CS recognition of this study, lips features are also extracted by the same procedure (CNNs) as the hand shape feature 6 .

The only difference between s1-s3 and S1-S3 is the feature exaction. The center of the lips and hand ROI is used for the bounding box. The length and width of the bounding box are determined experimentally. The lips parameters in Chapter 5 can be also used. Here, in order to keep the lips and hand feature dimension at the same level, we use CNN for the lips feature extraction in CS recognition. 

HMM-GMM decoder

Sequences of visual features extracted using either PCA or CNN (ANN for hand position in S 2 and S 3 ) are modeled, together with their first derivatives, by a set of context-dependent triphone HMM-GMMs. A standard topology is used with three emitting states (with no connection between the initial and final states). HMM-GMMs are trained using HTK 3.4 [14]. The number of components of each GMM emission probability iteratively increases from 1 to 4. The parameters are estimated by the EM algorithm. For all the architectures, at the decoding stage, the most likely sequence of phonemes is estimated by decoding the HMM-GMM using the Viterbi algorithm. The model insertion penalty is optimized on the training set. Currently, neither pronunciation dictionary nor language model is used in this study. In fact, we aim at evaluating only the ability of the system to extract the phonetic information from raw data without any prior linguistic knowledge (indeed, the global performance should be significantly higher when using such information).

The implementation details of CNN and ANN

In order to further see how CNN and ANN work for the feature extraction, we now show the implementation schematic diagram.

In cases of S 2 and S 3 , the implementation details of CNNs for lips and hand shapes are shown in Fig. 8.7. It shows the layers and dimensions of input and output in each layer. We can see that the inputs (lips and hand shape ROI) are resized to 64×64 and converted to a 2D gray image. They are first fed to a 2D convolutional layer equipped with eight different kernel filters, while the output of this layer is a 64×64×8 tensor. The ReLU activation function will be used to process this tensor, without changing the dimension of the output. Then it will pass the max-pooling layer, dropout layer. After, the above process will repeat once. Then, the flatten layer is used to reshape the output at this node in order to feed it to a FC layer. The dimension of the FC layer is 9 with one silence class. Besides, the implementation details of CNNs for S 1 are shown in Fig. be seen in Fig. 8.9. The size of the features is resized to 64 × 64 at the beginning. After softmax layer, it will output the posterior probability of the target classes with dimension 6.

The baseline PCA architectures

As shown in Section 2.3.3.1, PCA technique, also known as the EigenFaces technique [START_REF] Turk | Eigenfaces for recognition[END_REF], is an unsupervised and linear technique which aims at finding a decomposition basis that best explains the variation of pixel intensity in a set of training frames. At the training stage, the PCA is performed on a set of N training frames (in our case, N = 1000). The resulting basis vectors are often called EigenLips [START_REF] Bregler | Eigenlips for robust speech recognition[END_REF] when applying this technique to lips images. At feature extraction stage, each new frame is projected onto the set of these basis vectors. Visual features are defined as the D first coordinates in the decomposition basis. To keep the eigenvectors that carry 85% of the variance, we set D = 40 when encoding jointly lips and hand in S 1 , D = 34 for lips, and D = 45 for hand in S 2 and S 3 when considering the lips and hand separately.

PCA-based features are decoded using s 1 -s 3 (see Fig. 8.10). The implementation principles of s 1 -s 3 are similar with the CNN-HMM (S 1 -S 3 ). It should be noted that PCA is an unsupervised learning method, and thus it is not sensitive when using different alignments of the data streams in the training process. 

Evaluation and results

We have developed several architectures for the continuous CS recognition in Section 8.2.4, which will be evaluated from three aspects in this section (see Fig. 8.11). The first phase is about the viseme recognition, i.e., the single stream recognition (see Section 8.3.2), which will offer us meaningful information to understand the contribution of each single stream. The second phase is about the vowel recognition (see Section 8.3.3) and the consonant recognition (see Section 8.3.3). This will allow us to evaluate the fusion of the lips stream and the hand position stream, and the fusion of the lips stream and the hand shape stream, respectively. The last phase is about the phoneme recognition (see Section 8.3.4), which will allow us to see the full recognition performance combining all the three streams.

Protocol and metrics

In the following experiments, we randomly choose 80% of the dataset as the training set (with 20% used for validation in CNN), while the remaining 20% as the test set in HMM. Note that the dataset contains the repetitions of some sentences. We allocate the repeated sentences in the training or test set at the same time. For example, if the first sentence (001-1 ) is chosen as a training sentence, its repeated sentence (001-2 ) will also be allocated to the training set. For the CS vowel, consonant and phoneme recognitions, in the HMM training step, three streams share the same temporal segmentation 7 . For the recognition results, two metrics are used to assess the decoder performances. One is the correctness T c , which only takes into account the deletion error; the other is the accuracy T a , which takes into account the deletion and insertion errors at the same time. More precisely, they can be calculated as follows:

T c = N -D -S N , T a = N -D -S -I N . (8.1) 
In (8.1), D is the number of deletion errors, S is the number of substitutions, I is the number of insertions and N is the dimension of the test data. In our case, I and D errors are balanced for the accuracy in all the experiments.

The statistical significance of these measurements was assessed by calculating the Binomial proportion confidence interval ∆ 95% using the Wilson formula [START_REF] Hogg | Probability and statistical inference[END_REF]:

∆ 95% = 2t 2 95% X(1 -X)/N + t 2 95% /(4N 2 ) 1 + t 2 95% /N , (8.2) 
with t 2 95% = 1.96 for T a or T c . It shows that for all the experiments in this thesis the confidence interval ∆ 95% is about 4%. In order to see the variations in the results, we also conduct ten times of the experiments using different training and test sets. The standard deviation is about 2%. We remark that all the experiment results in this thesis do not take into account the CS coding errors. For all the multi-stream recognition experiments, the stream weights are optimized empirically using the cross-validation. For the vowel recognition based on lips and hand position, the ratio is 0.5 both for the lips and hand position. For the consonant recognition based on the lips and hand shape, the ratio is 0.5 both for the lips and hand shape. For the phoneme recognition, the optimal weight is 0.4 for lips, 0.4 for the hand shape and 0.2 for the hand position.

Viseme recognition in Cued Speech

Note that in CS recognition, a single stream cannot give enough information for the phoneme recognition. The maximal information that it can provide is in the viseme level. For example, the hand shape stream only carries the information about eight different hand shapes. It is important for us to realize the recognition of each stream, which will help us to understand the full recognition performance when merging the three streams. We extract the lips and hand shape features by CNN, and the hand position features by ANN. The dimension of lips and hand shape features is 18 (i.e., 9-dimensional original features with its ∆8 ), and the dimension of hand position feature is 12 (i.e., 6-dimensional original features and its ∆). Then the extracted features are fed to the context-dependent HMM for the recognition.

The recognition scores for the single stream in the viseme level are shown in Table 8.1, where a relative homogeneity between the different modalities can be observed. We see that the hand shape recognition obtains a relatively higher score, probably due to the good hand shape features extracted by CNN and the significant contrast of eight hand shapes. Comparably, the lips viseme recognition is around 10% lower than the hand shape recognition. In fact, from the acoustic point of view, the lips shapes do not naturally constitute eight distinguished classes of visemes. In other words, the eight lips visemes (in Table 2.3) may have some inherent inter-class confusions. However, the lips viseme recognition correctness still outperforms the result in [START_REF] Cappelletta | Viseme definitions comparison for visual-only speech recognition[END_REF], [START_REF]Phoneme-to-viseme mapping for visual speech recognition[END_REF], which is based on the PCA, DCT and optical flow features. Concerning the hand position, the 61.72% correctness is coherent with the result in Chapter 7. We can expect that if the correct hand position features are available (instead of the automatic hand position), a better recognition score better than 80% can be achieved. In order to further analyze the results of the viseme recognition, we compute the confusion matrix 9 for the recognition using these three single streams. Note that for all these confusion matrices, the first element is the silence, the last column corresponds to the deletion error D and the last row corresponds to the insertion error I. A red rectangle is drawn to mark concerned visemes.

First, we consider the case of hand shape recognition. Recall that the hand shape recognition gives a higher recognition score (76.34%). We see that the confusion matrix in Fig. 8.12 (a) is highlighted by the diagonal elements. The dark elements in the diagonal (the last two hand shape visemes) correspond to the less occurrence of the hand shapes, i.e., the No.7 and No.8 shapes, which indicate [g] and [j], [N], respectively. It may be due to that CNN is trained not properly if the data is not enough. Moreover, in order to understand the behavior of the CNN-based feature extractor, in Fig. 8.13, we show the output of the CNN for the hand shape images of one test sentence(i.e., the sequence of posterior probabilities for all possible hand shape classes). As expected, the posterior probabilities evolve smoothly between consecutive hand targets (with the maximum value achieved when the target is reached). This motivates a explicit modeling of the dynamic of the extracted features, as performed by the HMM-GMM decoder. It is interesting that the CNN seems to be robust to a small intra-class variation, e.g., between shapes No. 3 ([d Then, we switch to the lips case (see Fig. 8.12(b)). From this figure, we can see that the first three visemes do not have many confusions while the other five visemes have much more confusions. This is because of the fact that, from the speech production point of view, the first three vowel visemes are distributed more contrastively than the consonant visemes. At last, we discuss the hand position case (see Fig. 8.12(c)). Globally, there are a lot of confusions compared with the above two cases. It is coherent with the relatively low recognition correctness (61.72%). The reason may come from the errors in the automatic hand position features (see Fig. 6.5). We can see that the distribution of five positions using the automatic hand position (see Fig. 6.5(a)) is more confused than the distribution using the ground truth hand position (see Fig. 6.5(b)). Recall that using a Gaussian classifier, the hand position recognition based on the automatic tracked hand position gives 54.4% correctness while using the ground truth hand back position gets higher correctness 70.3%. On the other hand, we see that the hand position recognition score using ANN-HMM (61.72%) is better than the previous one using Gaussian classifier (54.4%). This difference is due to the fact that context-dependent HMM takes into account the context information in the continuous sequence of hand positions.

Vowel and consonant recognition in Cued Speech

After discussing the single stream viseme recognition, we now look at the vowel and consonant recognition by the fused features of two streams. In this section, we use the single stream (feature-level fusion) and multi-stream HMM (model-level fusion) to compare the benefits of different fusion strategies. In addition, it constitutes a good reference for the full recognition when using three-stream features.

Vowel recognition based on the fusion of lips and hand position

First, we mainly discuss the vowel recognition based on the fusion of the lips and hand position. Besides, the single stream used for the vowel recognition is also presented.

Lips and hand position features are merged and fed to one or two-stream HMM. The vowel labels are the targets. Results are shown in Table 8.2. We see that the vowel recognition using the model-level fusion obtains a slightly higher correctness (70.12%) than using the featurelevel fusion strategy (68%). However, this vowel recognition correctness is about 10% lower than the prior work [10], since the automatic hand position features usually have some errors. For the single stream, only lips and only hand position give very similar and low correctness. This is normal because lips and hand positions are supposed to be combined to recognize the vowels. As we mentioned above, one stream carries only the viseme-level information.

We now examine the confusion matrix (see Fig. 

Consonant recognition based on the fusion of lips and hand shapes

After reporting the results of the vowel recognition, we now turn to the consonant recognition. Lips and hand shape features are merged and fed to the one or two-stream HMM. The consonant labels are the targets. In Table 8.3, we show the recognition correctness using the fused features based on the one stream (feature-level fusion) and multi-stream (model-level fusion) HMM. Note that, in this case, the model-level fusion of HMM achieves much higher correctness (84.35%) than the feature-level fusion (73.34%). In particular, the correctness 84.35% outperforms the state of the art [10]. Concerning the single stream, using lips and hand shapes obtains a relatively higher score (compared with the lips and hand positions for the vowel recognition) due to the high quality of CNN based hand shape features. To see the details of the consonant recognition performance, we present the confusion matrix in Fig. 8.15. Globally, it shows a very obvious diagonal structure with few confusions, which is coherent with the high recognition score (84.35%).

Phoneme recognition in Cued Speech

We now pay attention to the three-stream (lips, hand shapes and hand positions) CS phoneme recognition. In particular, we compare the CNN and PCA based methods to show the benefits Firstly, it should be noted that we only show the recognition results using the AC feature fusion (see Section 8.2.3). Compared with the direct fusion, AC fusion (i.e., using the resynchronization procedure for multi-streams) can bring about 1.67% gains for the recognition result (see Fig. 8.18). It confirms that after aligning the hand position and shape features with lips, the fusion will give better performance than direct fusion without any prealignment. Moreover, the alignments of hand position and hand shape to lips feature are realized by shifting them with time interval 140ms and 60ms (according to the analysis and results in Chapter 7), respectively. We can naturally image that if the shifted time interval is not the average value (i.e., 140 and 60ms) of the hand preceding models but the ground truth value, a more significant improvement can be obtained.

Then, for Table 8.4, we present some remarks on the recognition results of the phoneme recognition. (2) The model-level fusion strategy outperforms the feature-level fusion. The best performance is achieved using S 3 , with 72.7% accuracy. Using S 2 , the accuracy is a little bit lower (68.3%) than S 3 .

(3) We can see that a much lower accuracy 55.0% of S 1 is obtained. This result seems to show that it is more reasonable to treat lips, hand shapes, and hand positions separately instead of treating them globally. One possible explanation for this unexpected result may be related to the difference of spatial resolution between lips and hand when considering only one ROI (i.e., the hand occupies much more space than the lips) in the image. Extracting a dedicated ROI may help the CNN to better balance the information of lips and hand.

(4) In the best configuration S 3 , without exploiting any dictionary or language model, the proposed tandem CNN-HMM architecture can identify correctly about 72.6% of the phoneme (62.7% when considering insertion errors). The performance in terms of T a is about 10% lower than the one in terms of T c . Despite the fact that the model insertion penalty is optimized, too many insertion errors remain. Indeed, this issue should be alleviated when using a language model and a pronunciation dictionary. Nevertheless, there may be room for improvements in the way we model the dynamics of lips and hand in continuous CS.

We remark that, in this study, the ground truth phonemes are given by the content of the audio, instead of the actual phonemes encoded by the CS interpreter. A fair comparison with the state of the art [10] is difficult, as they are not based on the same corpus. However, we still get that the proposed tandem CNN-HMM gives a score 72.6% comparable to the result in [10], where visual artifices are used to help the lips and hand tracking for the isolated phoneme recognition.

According to Fig. 8. [START_REF]Automatic tracking of inner lips based on clnf[END_REF], we can see that vowels have more confusions than consonants. From the previous Section 8.3.3, we know that the performance of the hand position (vowel) recognition is not very satisfied. Therefore, we can conclude that these confusions that appear on the vowel part may come from it. For the consonants, quite naturally, some of the substitution errors are made on phonemes with similar lip shapes, such as {

[p], [b], [m]} and {[f], [v]}.
For other consonants which also have the similar lips shape such as {

[t], [d], [n]}, {[k], [g]} and {[S], [Z]},
no confusions appears. It shows that hand shape helps the lips to distinguish these consonants. Moreover, It demonstrates the significant benefit of the CNN based feature extractor.

In addition, we tried to use LSTM to replace the HMM-GMM decoder for the continuous CS recognition to capture the long-term memory in the CS. In LSTM, two hidden layers of 500 cells, 200 epoch are used. It is trained by BPTT with the cross-entropy cost function. Softmax layer is used to compute the class probability. LSTM is implemented using the Keras toolkit [START_REF] Chollet | [END_REF] based on the GPU-accelerated library. The experimental result for the phoneme recognition is shown in Fig. 8.20. We can see that, in the training set (350 sentences), the recognition score is pretty high which means that the model fits well the training data, while in the test set (150 sentences), the recognition score is much lower. This huge difference comes from the over-fitting caused by the limited amount of the data.

Evaluation of the resynchronization procedure

In order to evaluate the proposed resynchronization procedure (i.e., AC concatenation) introduced in Section 8.2.3, we apply the proposed resynchronization procedure to the continuous CS phoneme recognition using S 3-resyn (see Fig. 8.17). We compare the result of using S 3-resyn with that using S 3 which does not take into account the resynchronization procedure. The results are shown in Fig. 8.18. We analyze the results and draw the following conclusions.

When using the hand position given by the ABMMs and the architecture S 3 , the continuous CS phoneme recognition obtains a recognition correctness of 71.0% without using the resynchronization procedure. When the proposed resynchronization is incorporated, the recognition correctness increases to 72.7% (in Table 8.4) which shows a minor improvement (about 1.6%) compared with 71.0% (see 3rd and 4th columns in Fig. 8.18). However, we observe that in the current recognition system, the triphone context-dependent modeling is helpful to correct the recognition errors which are the co-articulation or the asynchrony of the multi-streams [START_REF] Schwartz | Multimodal speech: Two or three senses are better than one[END_REF], [START_REF] Schwartz | Contextdependent modeling for acoustic-phonetic recognition of continuous speech[END_REF], [START_REF] Hueber | Visuophonetic decoding using multi-stream and context-dependent models for an ultrasoundbased silent speech interface[END_REF]. Thus, the use of the context-dependent modeling may hide the effect of the resynchronization procedure. In order to get rid of this effect, we examine the correctness of the CS phoneme recognition without using the context-dependent modeling. In this case, a correctness of only 60.4% 10 is obtained without any resynchronization procedure, while the correctness increases to 64.38% when using the proposed resynchronization procedure (see 1st and 2nd columns in Fig. 8.18). We can see that about 4% improvement is achieved in this case. This improvement is more evident than the case using the context-dependent modeling (1.6%).

There are two reasons which can explain the above weak improvement: (1) only a weight of 20% is applied to the hand position stream. This small weight reduces the importance of the resynchronization procedure. (2) the hand position extracted by the ABMMs may have some errors. This directly reduces the efficiency of the proposed resynchronization procedure since the hand position target can be identified only if the correct hand position is used at a good temporal boundary for vowels. Note that we assume that the CNN-based lips and hand shape features are correct enough in Section 8.3.2.

Concerning the second reason, to use a correct hand position, we use the ground truth hand position instead of the one given by the ABMMs. We manually determine the hand position for all the images in the database. The continuous phoneme CS recognition results using the ground truth hand position are shown in 5th to 8th columns of Fig. 8.18.

When the ground truth hand position is used, without context-dependent modeling and the resynchronization procedure, we obtain a score of 62.83% which is similar to the result 60.4% based on the hand position given by ABMMs. It can be explained by the above first reason. However, when the resynchronization procedure is used, a correctness of 70.1% is achieved, which shows a significant improvement, i.e., 7.3% compared with 62.83% (see 5th and 6th columns in Fig. 8.18).

Concerning the case that using the context-dependent modeling (see 7th and 8th columns in Fig. 8.18), without using the resynchronization procedure, the recognition correctness is 72.04%. However, when combining them in the recognition system, an evidently higher score of 76.63% is obtained (with an improvement of 4.6% compared with 72.04%). It outperforms the state of the art 74.4% [10], which is for the isolated CS phoneme recognition case.

The proposed resynchronization procedure is specifically developed to solve the CS feature fusion caused by asynchrony problem. Its excellent performance is confirmed especially when the used hand position feature is correct. Furthermore, in order to let the system learn the hand position automatically instead of adding the pre-processed hand position either obtained by the ABMMs automatically or manually. We use CNNs to process the fixed hand ROI 11 to obtain the hand position information (see Fig. 8.19). Because the hand position information is included in a fixed hand ROI, using this system obtains a phoneme recognition accuracy of 73.77% with a standard deviation 0.65. In other words, using the hand position automatically obtained by CNN (processing the fixed ROI) is better than using the hand position obtained by ABMMs (72.67%). However it is still worse than using the ground truth hand position (76.63%). 

Summary

In this chapter, a set of tandem CNN-HMM architectures are proposed for the automatic recognition of CS. Compared with the state of the art, main improvements are the recognition of the continuous CS and the absence of visual artifices used to help the tracking of lips and hand. In the viseme recognition, we find that the hand shape stream gives the highest recogni- tion score mainly thanks to the good hand shape features given by CNNs. This is exactly the main reason of introducing CNNs to CS recognition framework. Combined with resynchronization procedure, the best architecture is based on the model-level fusion strategy within the HMM-GMM decoder. Combined with the feature-level and model-level fusion strategies, a context-dependent HMM-GMM is used to tackle the asynchrony of lips and hand stream in CS, as well as the variations in the continuous CS recognition. A satisfied performance of S 3 (correctness 72.6%) is comparable to the previous work (correctness 74.4%) which is for the isolated recognition case. Moreover, from the recognition results of S 3 , we see the significant benefits of CNNs (with correctness 73.0%), compared with the non-discriminative PCA method (correctness 51%). Moreover, an optimal performance 76.6% of the CS continuous phoneme recognition is achieved using the ground truth hand position. 

General Conclusion and Perspective

Conclusion

In this PhD thesis, we focus on the automatic continuous Cued Speech (CS) recognition which is situated in the multi-modal speech recognition. The feature extraction, multi-modal fusion and automatic speech recognition problems are investigated by the methods in signal processing, statistics, machine learning and deep learning. To conclude, this thesis mainly contributes to the following three problems.

(1) Automatic CS feature extraction without using any artificial mark.

In the prior work, CS features were extracted by tracking the artificial landmarks on speaker's lips and hand. Our aim is to get rid of these artifices. Recall that the automatic CS feature extraction contains lips, hand position and shape. Now we summarize our work concerning the feature extraction.

Concerning the lips feature, we propose two novel methods to extract the inner lips parameters based on the raw images. The first approach, Modified Constrained Local Neural Fields (Modified CLNF), is based on Constrained Local Neural Fields (CLNF) which is robust for facial landmark detection in current computer vision field. As CLNF presents mistakes in about 41.4% of the cases for inner lips tracking, this method is developed to correct these errors by a post-processing procedure in two steps corresponding to B and A parameters, respectively. For B parameter, the Hybrid Dynamic Correlation Template Method (HD-CTM) based on the correlation with a hybrid dynamic template is investigated to detect the outer lower lips position. Then, the inner lower lips position is determined by the back-subtracting of Validated Lower Lips Thickness (VLLT). The evaluation of this method on about 4800 images of three speakers confirms the performance. In fact, the Root Mean Square Error (RMSE) reduces from 4 pixels (2mm) to 1 pixel (0.5mm). For A parameter, the periodical spline interpolation based on the dilated 6 CLNF inner lips points is investigated. This method is tested on 467 round lips images among 3184 vowel images. 91% of the vowels in the third viseme are located in the proper position after the correction of A parameter.

The second approach is the adaptive ellipse model which is also proposed for the parameter extraction of inner lips without using any artifice. This approach first extracts the inner region of lips with image processing combined with the single discontinuity elimination and the interrupted region filling. Then, an adaptive ellipse is used to match the inner lips region and gives the best estimation of A and B parameters. The precision is evaluated on 4691 images of three speakers (MD, DB and ChS ). This approach permits to obtain RMSE of 3.37mm for A parameter and 0.84mm for B parameter, which outperforms the state of the art [3]. A recognition based on 13 French vowels also confirms the superior performance.

Concerning the hand position feature, we propose to use an efficient method to extract the hand position. This method is based on the Adaptive Background Mixture Model (ABMM) which uses Gaussian Mixture Model (GMM)s to model the background of the image and characterize the foreground and background pixels in an image. The speaker's deformable hand is regarded as a foreground in the video. The gravity center of the detected foreground pixels is considered as the hand position in our case. In order to evaluate the performance, we first compare the estimated hand positions with the ground truth, and then perform a hand position recognition using Gaussian classifier. Even though this method cannot reach the performance of the ground truth, it permits to track the hand position with a certain accuracy (62.26%).

Concerning the hand shape feature, the classical methods Active Appearance Model (AAM), Constrained Local Model (CLM) and Kanade-Lucas-Tomasi (KLT) do not work very well since the hand shape keeps changing when the hand moves. In this thesis, instead of extracting the hand contour, we apply a nonlinear Convolutional Neural Network (CNN) to directly capture the high-level hand shape features from the raw images. This feature extractor is able to adjust the weakly temporal segmented context. Compared with the linear Principal Component Analysis (PCA), it achieves much better hand shape features with a satisfied correctness (76.34%). The consonant recognition based on the fusion of lips and hand shape features obtains a correctness of 84.35%, which outperforms the state of the art [10].

(2) Temporal segmentation of the hand movements in CS.

We investigate a specific study concerning the temporal organization of the hand movements in CS, especially concerning its temporal segmentation. As we know, the asynchrony problem of lips and hand movement is a challenging issue for the CS recognition. This phenomenon makes it difficult for the hand to share the same audio-based temporal segmentation with the lips stream. In this thesis, we show that for a typical CV syllable, during the hand movement, the speaker tends to reach a specific position to indicate the vowel, and his hand shape changes in order to prepare the consonant of the syllable. We perform a detailed study by measuring the hand preceding time for hand positions (vowels) and hand shapes (consonants). It is shown that the hand preceding time for vowels has almost the same distribution (with a mean value of 140ms for corpus LM ) from the beginning of a sentence to about 1s before the end. Then this preceding time decreases linearly. We also observe that the best moment to identify a hand shape is about 60ms before the target instant of the corresponding audio signal. This allows us to elaborate a segmentation method for CS hand movements using the audio-based temporal segmentation. In case of vowels, this method permits to predict the instant where the hand reaches its target position and also provide a good base for the resynchronization procedure. Our evaluations confirm the superior performance of the proposed method. In fact, the hand position recognition performance using the predicted segmentation significantly outperforms that using the audio based segmentation with the Gaussian classifier and Long Short-Term Memory (LSTM).

(3) Continuous CS recognition which incorporates the multi-modal fusion and context-dependent modeling.

For the automatic continuous CS recognition, we investigate three CNN-HMM tandem architectures S 1 -S 3 , which are composed of CNN and Hidden Markov Model (HMM) with feature-level and model-level fusion methods. In these architectures, a triphone contextdependent modeling is used to capture the context information for continuous CS. Meanwhile, due to the asynchrony problem in CS, a resynchronization procedure Aligned Concatenation (AC) is applied to the three modalities before the HMM modeling. In S 1 , a single CNN jointly models the lips, hand position and shape streams, which are regarded as a global Region of Interest (ROI) in CS. Then the audio-based temporal segmentation is used to train the CNN with 34 phonetic classes as targets, and the trained CNN is applied to extract the features. Finally, these features are fed to a one-stream HMM-GMM for phonetic decoding. In S 2 and S 3 , three streams are separated independently. We use a CNN for the lips or hand shape stream, and an Artificial Neural Network (ANN) for the hand position. In S 2 , three-stream features are concatenated (i.e., feature-level fusion) in a single feature vector and fed to a one-stream HMM-GMM. In S 3 , lips and hand information are combined at the state using a three-stream HMM-GMM (i.e., model-level fusion). These two architectures are both trained with a set of lips visemes, hand shape and position groups. In the best architecture S 3 , without exploiting any dictionary or language model, the accuracy at phonetic level is 62% (with the correctness of 72.7%). In fact, in these architectures, we find that the context-dependent modeling contributes about 10% in the recognition score. The result of S 3 is comparable to [10], which is for the isolated CS recognition with visual artifices. This architecture is a good candidate for the practical use in CS recognition.

Based on the ground truth hand position and the resynchronization AC procedure, we find that the phoneme recognition correctness increases about 8% compared with the one without this procedure. The phoneme recognition achieves an optimal 76.6% correctness based on AC procedure and context dependent modeling, which clearly outperforms the state of the art [10].

Perspective

Apart from the above contributions, in CS recognition, there is still lots of work deserving more research and attempts. Now we summarize these future work as follows.

(1) Use of a language model to decrease the insertion errors and improve the robustness of the CS recognition system.

As introduced in Chapter 8, we observe a large number of insertion errors in the current CS recognition system. It was shown in [START_REF] Rosenfeld | Two decades of statistical language modeling: Where do we go from here?[END_REF]- [START_REF] Watanabe | Topic tracking language model for speech recognition[END_REF] that a language model could help to improve the robustness of a recognition system, as it allows the recognizer to predict the probability of each phoneme given the previous phonemes. Therefore, it will be interesting to apply a language model to our CS recognition system in the future work.

(2) Design of an end-to-end CS recognition system combined with CNNs, RNNs and CTC.

It will be interesting to build an end-to-end CS recognition system by merging the CNNs, LSTM and Connectionist Temporal Classification (CTC) as one global neural unit (see Fig. 2). Firstly, CNNs extract the lips and hand shape features from raw images. Then, the Bi-LSTM will be applied to model the temporal information of the features from CNNs. Finally, a CTC loss layer will be added to avoid pre-aligning the data. (3) The attention mechanism and DCCA for multi-modal fusion in CS. Besides, based on our current tandem CNN-HMM architecture, the intermediate (i.e., the product HMM 12 ) and decision fusion will be conducted.

As mentioned in Section 4.3.2, the multi-modal fusion in CS recognition can be seen as a sequence-to-sequence mapping problem. One popular solution is to apply an encoder-decoder framework, which is incorporated with the attention mechanism. Attention to the appropriate modalities, as a function of the context, may help to improve the quality of the CS recognition system. Notably, a recent popular method Deep Canonical Correlation Analysis (DCCA) for feature fusion will be tested in our case concerning the vowel and consonant recognition which just needs the integration of two stream features. However, multi-modal DCCA needs to be developed for the CS phoneme recognition. Moreover, our current tandem CNN-HMM architecture has implemented the feature-level and model-level fusion, but no intermediate and decision fusion. Therefore, one possible future work is to incorporate them into the CNN-HMM architecture.

(4) Recording more CS database to make a more powerful experimental validation.

It is always important to have a large database in the deep learning framework, as it is able to reduce the over-fitting. In this thesis, we are not able to validate our proposed methods in the corpora of other languages. As mentioned in Chapter 2, the British English CS corpus is in the recording process. Moreover, even though our current database is able to validate the CNN based architectures, as we discussed in Chapter 8, when applying LSTM to CS recognition, we have an inherent over-fitting problem caused by the limited amount of database. A large CS database is a prerequisite for obtaining satisfied results when using the deep learning methods.

(5) An improved method for the hand position feature extraction.

As mentioned in Chapter 6 and Chapter 8, given a correct hand position feature, the correctness of vowel recognition and phoneme recognition can be improved by a large margin. This motivates us to explore a more robust hand tracking method to extract the hand position in CS. As introduced in Chapter 2, the open-pose system which incorporates the methods in computer vision and deep learning has good performance in tracking the hand gestures. However, this system cannot be directly used in our current database, since it requires a database with the whole upper body of subjects. It will be meaningful to improve our CS database in the future so that we can take advantage of this system.

(6) The Chinese Cued Speech system.

The CS system has been developed for more than 60 languages in the world 13 , but as far as we know, no official research work 14 has been dedicated to the Chinese version of CS. According to the China Disabled Persons' Federation 15 , about 21 million people have hearing loss out of the 60 million disabled people in China. For the moment, SL is the most popular method for the communication among Chinese deaf people. It will be meaningful if the Chinese Cued Speech (CCS) system can be developed, which will make the deaf people (especially deaf children) in China have better communications. We propose a possible design of this system in Fig. 3, which follows the main criterion that there is no intersection between hand and lips codings (i.e., the phonemes with similar lips shape should be distinguished by different codings). In Fig. 3, eight groups of hand positions and eight hand shapes are used to code vowels and consonants 16 , respectively. The phonetic transcriptions of Chinese characters (including 23 consonants, 24 vowels and 16 whole syllables 17 ) are shown in Fig. A.1. In the future work, we will focus on the analysis and exploration of the optimal approach to the CCS. http://www.cuedspeech.org/cued-speech/about-cued-speech. An analysis of Chinese CS can be referred to https://acroakingdalek.wordpress.com/2015/09/23/cuedmandarin-planting-the-seed/. http://www.cdpf.org.cn/english/. It should be noted that the CCS in Fig. 3 is just an initial trial, not the final validated version. The whole syllables in Chinese language are some fixed matches of some specific initials and finals. The pronunciation of the whole syllable will remain the same as the consonant even after adding a vowel behind the consonant or these syllables are to be read directly without being spelling from consonant to vowel. 

Résumé en Français

Contexte et motivation

La note de World Health Organization (WHO) 18 indique que de nos jours plus de 5% de la population mondiale (environ 432 millions d'adultes et 34 millions d'enfants) souffre d'une perte auditive invalidante, et on estime que ce nombre augmentera de plus de 900 millions d'ici 2050. Par conséquent, il y aura une demande sérieuse de méthodes automatiques pour aider ces personnes à communiquer plus facilement et mieux. En fait, dans la communauté des personnes sourdes utilisant la voie orale, la lecture des lèvres est l'une des principales modalités de perception de la parole, et ses avantages ont été largement admis depuis longtemps ([1]- [3]). Cependant, la parole peut être difficilement perçue si le lecteur de lèvres n'a aucune connaissance du contexte sémantique en raison de l'ambiguïté des lèvres (différents phonèmes ayant des formes aux lèvres similaires). Ainsi les meilleurs systèmes automatiques de lecture labiale atteignent seulement un taux de 76,2% en reconnaissance de mots (base de données Lip Reading in the Wild (LRW) [4]).

Pour surmonter cette difficulté et améliorer la capacité de lecture des enfants sourds, Cornett [5] en 1967 a développé le system du Cued Speech (CS) [5]- [9] qui utilise les gestes de la main pour compléter l'information des lèvres afin de rendre tous les phonèmes des langues parlées clairement visibles. Bien que de nombreux phonèmes semblent identiques sur les lèvres (par exemple, [p], [b] et [m]), ils peuvent être distingués grâce au système du CS en ajoutant les informations de la main, ce qui permet aux personnes sourdes utilisatrice de ce système de percevoir complètement la parole à partir des informations conjointes de lèvres et de main.

Pour améliorer les communications entre les personnes malentendantes et les personnes entendantes, il sera utile de développer des systèmes de conversion automatique de la modalité visuelle à la modalité audio et inversement de la modalité audio à la modalité visuelle. Cette thèse porte sur la reconnaissance automatique et continue de la Langue française Parlée Complétée (LPC), version en français du CS, dans la conversion de la modalité visuelle au texte où le texte jouerait le pivot entre le mode visuel et l'audio. Son cadre se situe dans le traitement de la parole multi-modale, et est à la croisée de la Communication Homme-Machine, l'Intelligence Artificielle et la vision par ordinateur.

Enjeux

Un système de reconnaissance du LPC nécessite une reconnaissance automatique sophistiquée pour décoder non seulement les lèvres du locuteur mais aussi les mouvements de sa main. Dans cette thèse, la reconnaissance du LPC est réalisée à partir de trois procédures principales: l'extraction de caractéristiques, la fusion multi-flux (lèvres et main) et la reconnaissance du CS en parole continue, qui peuvent être schématisés par la Fig. 4. A partir de la Fig. 4, trois enjeux principaux peuvent être résumés comme suit. (2) Le second est la segmentation temporelle des mouvements de la main en LPC. En supposant que le mouvement des lèvres est quasi-synchronisé avec le son audio [START_REF] Rybach | Audio segmentation for speech recognition using segment features[END_REF]- [14], il peut être obtenu la segmentation temporelle des lèvres à partir de l'alignement phonétique sur l'audio. Cependant, puisqu'il est établi que les lèvres, la position de la main et la forme de la main sont asynchrones pour le LPC, la main ne peut pas partager la même segmentation temporelle avec le mouvement des lèvres. Dans l'état de l'art sur la reconnaissance du LPC [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], la segmentation temporelle des lèvres, de la position de la main et de la forme a été directement réalisée par alignement sur le signal audio. Ainsi, dans cette thèse, notre deuxième défi est de prendre en compte ce problème d'asynchronie entre ces trois flux, et de proposer des méthodes pour segmenter automatiquement la position de la main et le mouvement de la forme de la main en fonction du temps.

(3) Le troisième est le système de reconnaissance de phonèmes à partir du LPC en parole continue qui prend en compte la fusion des flux caractéristiques désynchronisés. Premièrement, concentrons-nous sur le mot-clé "continu". Ici, nous soulignons que dans cette thèse, une reconnaissance CS continue suit les deux conditions suivantes: (1) la donnée est une phrase (i.e., pas un mot isolé), (2) dans l'étape de test, la limite temporelle n'est pas donnée (c'est-à-dire que chaque image est envoyée au système de reconnaissance). En outre, dans l'étape d'apprentissage, nous utilisons la segmentation temporelle continue (c'est-à-dire, pas d'espacement entre deux segments successifs). L'état de la technique [10] traitait de la reconnaissance du CS à partir de phonèmes extraits (c'est-à-dire, la limite temporelle des phonèmes dans l'ensemble de test est donnée) dans un corpus de phrases continues. La reconnaissance continue en LPC a été initiée avec [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], mais avec un corpus de mots isolés. De plus, les informations de contexte n'ont pas été modélisées dans [10] et [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF]. Dans cette thèse, nous abordons la reconnaissance du LPC en parole continue à partir d'un corpus de phrases continues, dans lequel les phrases sont prononcées et codées normalement par les sujets. Ceci est beaucoup plus difficile que le cas isolé puisque la limite temporelle du phonème n'est pas donnée dans la phase de test. D'autre part comment fusionner les différents flux d'information dans le contexte de parole continue et donc d'une plus grande variabilité intra et inter modalités. En résumé, une reconnaissance LPC robuste qui prend en compte la fusion des différentes modalités, ainsi que l'information dépendant du contexte, est le troisième défi de cette thèse. (1) Dans Chapter 5, nous proposons deux nouvelles méthodes nommées Modified Constrained Local Neural Fields (Modified CLNF) [START_REF] Liu | Extraction automatique de contour de lèvre à partir du modèle clnf[END_REF], [START_REF]Automatic tracking of inner lips based on clnf[END_REF] et adaptive ellipse model [START_REF]Inner lips parameter estimation based on adaptive ellipse model[END_REF] pour extraire les paramètres du contour interne des lèvres. D'autre part, les réseaux Convolutional Neural Network (CNN) [START_REF] Krizhevsky | Imagenet classification with deep convolutional neural networks[END_REF], [START_REF] Lawrence | Face recognition: A convolutional neural-network approach[END_REF] sont appliqués sur la Région d'Intérêt (ROI) des lèvres brutes pour extraire les caractéristiques de haut niveau extraites des pixels. Pour les caractéristiques de la main (position et forme), nous proposons d'utiliser le Adaptive Background Mixture Model (ABMM) [START_REF] Kim | Real-time foregroundbackground segmentation using codebook model[END_REF]- [START_REF] Magee | Tracking multiple vehicles using foreground, background and motion models[END_REF] pour extraire la position de la main, qui est pris comme le centre du ROI de la main. Après le suivi de la ROI manuelle, les CNN sont ensuite appliqués pour extraire les caractéristiques manuelles de la ROI des images brutes.

Résumé des chapitres

(2) Dans Chapter 6, nous concentrons sur l'extraction de la position de la main et la ROI de la main dans CS. La position de la main est suivie par les ABMMs, qui modélisent l'arrière-plan de l'image par Gaussian Mixture Model (GMM), et la ROI de la main est ensuite déterminé en fonction de la position de la main. (3) Dans Chapter 7, nous proposons un modèle (hand preceding model ) d'anticipation pour prédire automatiquement la segmentation temporelle du mouvement de la main en explorant la relation temporelle des mouvements des lèvres et l'emplacement des voyelles dans les phrases. Pour évaluer la performance de la méthode proposée, la reconnaissance des positions de la main est réalisée par GMM et Long Short-Term Memory (LSTM) [START_REF] Gers | Learning to forget: Continual prediction with lstm[END_REF] en utilisant différentes segmentations temporelles de la position de la main. Les résultats montrent que l'utilisation de la segmentation temporelle prédite par la méthode proposée améliore significativement les performances de reconnaissance par rapport à celle utilisant la segmentation basée sur l'audio. Pour le flux de forme de la main, nous proposons une segmentation temporelle optimale pour la réalisation de la forme de la main basée sur le modèle d'anticipation de la main.

(4) Dans Chapter 8, la fusion multi-modale asynchrone et la reconnaissance du LPC en continu sont réalisées en général grâce à plusieurs nouvelles architectures en tandem qui combinent CNN, Hidden Markov Model (HMM) [START_REF] Eddy | Hidden markov models[END_REF], [START_REF] Bishop | Pattern recognition and machine learning[END_REF], différentes stratégies de fusion et modélisation dépendant du contexte. Une nouvelle procédure re-synchronisée Aligned Concatenation (AC) est proposée pour pré-traiter les entités multimodales afin de réduire l'effet de l'asynchronie et garantir la qualité de la fusion. Sans exploiter aucun dictionnaire ou modèle de langage, la meilleure architecture CNN-HMM (dans Fig. 5) proposée contient un modèle dépendant du contexte propre au LPC et peut identifier correctement environ 72.67% des phonèmes en parole continue. Notamment, ce résultat est comparable à l'état de l'art [10], qui était obtenu pour la reconnaissance LPC de phonèmes isolés extraits d'un corpus de phrases et l'utilisation de marqueur d'information. Enfin, cette thèse est le premier travail à traiter de la reconnaissance du LPC en continue à partir d'un corpus de phrases sans aucun artifice. 
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6. Confusion matrix (34×34) for phoneme recognition in Fig. 8.16.

                                               
190 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 59 0 0 3 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 0 1 0 0 2 1 0 0 0 0 0 0 2 0 53 1 1 1 0 2 0 0 0 0 0 1 3 0 1 0 0 1 0 1 1 2 0 3 2 1 1 1 2 0 1 21 0 1 44 0 0 0 2 0 1 3 0 0 1 0 0 0 0 0 1 1 0 2 0 0 1 0 0 0 0 0 0 0 9 2 0 0 35 0 0 0 0 0 0 0 6 1 0 0 1 1 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 64 0 0 0 0 0 4 0 0 0 0 0 0 0 0 1 0 1 0 0 0 1 0 0 0 0 1 0 4 0 0 0 0 0 38 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 2 0 84 0 0 2 0 1 0 0 0 1 0 0 0 0 0 0 2 1 0 0 0 0 0 0 0 0 3 0 1 0 0 0 0 0 31 0 0 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 0 0 3 0 0 7 1 0 53 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4 0 3 4 0 0 0 2 0 0 21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 5 0 0 0 0 9 0 0 0 0 0 39 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 3 2 0 0 2 0 1 0 0 0 0 0 58 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 1 0 2 1 0 3 0 0 1 0 0 53 1 0 0 0 0 0 0 2 1 1 0 2 0 1 0 0 0 2 0 9 0 2 5 0 0 1 0 0 0 0 0 0 0 113 0 0 0 1 0 0 2 2 0 0 0 1 0 0 0 0 0 0 13 0 0 0 0 1 0 0 0 0 0 0 0 0 1 32 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 4 0 0 0 1 0 0 6 0 0 0 0 0 0 1 0 126 0 0 0 1 2 4 2 1 0 3 4 2 3 0 0 1 33 0 0 0 0 2 0 0 0 0 0 1 0 0 0 2 0 37 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 3 0 0 0 1 0 0 0 0 0 0 0 0 0 2 0 0 0 17 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 2 2 0 1 0 0 0 0 0 1 0 0 0 0 1 0 93 1 5 3 0 0 0 0 0 0 0 0 0 0 13 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 3 57 2 2 0 0 0 0 0 0 2 0 0 0 7 1 0 2 0 0 1 1 0 0 1 0 0 0 1 0 1 0 0 7 5 55 12 0 0 0 1 1 1 2 0 0 0 8 0 0 0 0 0 0 1 0 0 0 1 1 0 2 0 1 0 0 8 0 9 108 0 2 2 0 1 1 1 0 0 0 28 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 0 84 2 4 0 0 0 0 1 1 0 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 3 0 0 0 0 0 97 0 2 4 0 0 0 2 3 12 0 1 0 0 0 0 1 0 0 2 1 0 0 0 0 0 0 5 0 0 0 0 5 1 38 2 0 0 0 0 2 0 4 0 0 0 0 1 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0 0 0 5 1 18 3 0 0 3 0 2 7 0 0 0 2 0 0 0 0 0 0 0 0 1 0 0 1 0 0 0 0 0 0 0 0 2 3 9 0 0 0 0 0 4 0 0 1 0 0 0 0 0 0 0 0 0 1 2 0 0 0 0 6 0 1 4 0 0 0 0 0 13 0 0 0 1 5 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 4 0 2 0 0 0 1 0 1 22 0 0 1 1 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 1 1 2 0 5 9 0 0 36 1 4 8 0 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 4 4 0 2 0 0 0 19 0 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 3 0 5 2 0 0 1 

                                               

Contents ix 8 . 3 1 2 1. 1 8 1. 2 10 1. 3

 8312182103 Evaluation and results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . Text file of sentences . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . A.2 Text file of words . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . A.3 Phonetic transcriptions of Chinese characters . . . . . . . . . . . . . . . . . . . A.4 Numerical details of confusion matrices . . . . . . . . . . . . . . . . . . . . . . .BibliographyList of Figures1 Framework of the automatic CS recognition from visual modality to phonemes. Examples of cueing American English CS (from the NCSA). . . . . . . . . . . . Manual cues of American English CS (from [31]). . . . . . . . . . . . . . . . . . Manual cues of LPC (from [10]). . . . . . . . . . . . . . . . . . . . . . . . . . . 11 1.4 One example of SL, signing "hello". . . . . . . . . . . . . . . . . . . . . . . . . . 12

1. 12

 12 CS (a) vowel and (b) consonant recognition results based on the multi-stream HMM model-level fusion in [10]. . . . . . . . . . . . . . . . . . . . . . . . . . . . 22 1.13 CS recognition results of only lips, only hand and merged feature of them for (a) normal hearing and (b) deaf speakers (from [11]). . . . . . . . . . . . . . . . 231.14 Comparison of the phoneme recognition correctness for normal hearing and deaf speakers (from [11]). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23 2.1 The organization of Chapter 2 including text, audio and video processing. . . . 26 xi xii List of Figures 2.2 Experimental setup of the transformation from pixel to millimeter. . . . . . . . 2.3 Images of five subjects in this thesis. MD, DB and ChS utter French words, while LM and SC utter French sentences. . . . . . . . . . . . . . . . . . . . . . 2.4 The statistical analysis of the amount of phonemes for corpora: (a) MD, (b) SC and (c) LM. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.5 One example phonetic error from Lliaphon. The first row is the transcription by LLiaphon, while the second row is the ground truth. . . . . . . . . . . . . . 2.6 The alignment of the sentence Annie s'ennuie loin de mes parents. (a) is the alignment obtained by the automatic alignment algorithm. (b) is the ground truth alignment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.7 The alignment of the sentence Va dans une cave quelconque et caches-y ce drapeau honteux. (a) is the alignment obtained by the HMM automatic alignment algorithm. (b) is the ground truth alignment. . . . . . . . . . . . . . . . . . . . 2.8 Lips parameters A and B. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.9 Variance ration of PCA components on lips ROI. The abscissa is the number of PCA components and y axis is the variance ratio. . . . . . . . . . . . . . . .2.10 Examples of the reconstruction of lips ROI based on the PCA coefficients. (a) is the original lips ROI. (b) is the mean image of the lips ROI. (c) is the one with 22 components which can explain 85% variance. (d) is the one with 40 components which can explain 90.5% variance. . . . . . . . . . . . . . . . . . . 2.11 Examples of lips reconstruction based on DCT coefficients. (a) and (b) are original RGB lips ROI. (c) and (d) are the corresponding original gray lips ROI. (e) and (f) are the corresponding inverse DCT reconstruction lips ROI. . . 2.

2. 13

 13 Visualization of hand ROI (corpus LM ). . . . . . . . . . . . . . . . . . . . . . . 2.14 PCA performance on the hand shape ROI. . . . . . . . . . . . . . . . . . . . . . 2.15 (a) is the original hand. (b) is the mean image of the hand. (c) is the one with 30 components which can explain 80% of the variance. (d) is the one with 50 components which can explain 85% of the variance. . . . . . . . . . . . . . . . .2.16 Visualization of KLT for lips and hand tracking. . . . . . . . . . . . . . . . . . 2.17 Real-time tracking of lips and hand by KLT. The white points are the good features captured by KLT, and the yellow rectangle is the resulted ROI of hand and lips. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.18 Visualization of open-pose for lips and hand tracking. (a) and (b) show the result for the open-pose applied on the database which records the whole upper body of the subjects. (c) and (d) show the result on our corpus LM, which only records part of the upper body. . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.1 The relationship and development of AI, machine learning and deep learning . . 3.2 A MLP with two hidden layers. . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.3 Sigmoid activation function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.4 tanh activation function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.5 ReLU activation function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.6 An example of the CNN. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3.7 An example of 2D convolution calculation. We draw boxes with arrows to indicate how the 2×2 filter moves (with stride 2). The output is formed by applying the kernel to the corresponding region of the input image. . . . . . . . 3.8 The principle of Average and Max pooling. . . . . . . . . . . . . . . . . . . . . . 3.9 Left is the folded RNN, while the right one is the unfolded RNN with time series. 3.10 Overview of BPTT. E t is the error function at time step t. . . . . . . . . . . . . 3.11 A LSTM unit with input, forget and output gates. . . . . . . . . . . . . . . . . 4.1 A diagram of the HMM. O i is the observation and S i is the hidden state. a ij is the transition probability from S i to S j , and b ij is the emission probability of O j at S i (from [153]). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4.2 Examples of the co-articulation in the speech. . . . . . . . . . . . . . . . . . . . 5.1 Application of CLNF to our database MD. Blue carders show the detected face ROI. 68 blue landmarks are located to describe the facial contour and 20 of them are used to describe the lips contour. Only 8 points are used to indicate the inner lips contour. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5.2 Overview of CLNF model. Compared with CLM, two novelties are the new LNF patch and the Non-uniform RLMS optimization (from [188]). . . . . . . . 5.3 Examples of application of CLNF to three speakers in our database. Some good and bad performed cases are shown. For example, the first one is badly performed while the second one is well performed. . . . . . . . . . . . . . . . . . 5.4 Performance of CLNF on our data. Examples of twenty CLNF landmarks placed in the full lips region. Eight points describe inner lips contour. (a) Good inner lips contour of CLNF even with hand occlusion. Green curve is the inner lips contour obtained by interpolation. (b) Mistaken CLNF landmarks in case of B parameter. (c) Mistaken CLNF: two end landmarks for round inner lips (mistaken A parameter). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

75 5. 7 77 5. 8 78 5. 9 109 6. 1 112 6. 2 114 6. 4 115 6. 5 117 7. 1 121 7. 2 123 7. 3 124 7. 4 127 7. 5 127 7. 6 130 7. 8 130 7. 9
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 11 Figure 1.1: Examples of cueing American English CS (from the NCSA).

  1.2). As a result of above criteria, the most commonly used consonants such as [t], [m] and [f] are encoded by the shape No. 5 which is easier to remember and perform. For the vowels, Dr. Cornett defined three lips configurations: open, flattened-relaxed and round. According to the vowel viseme, hand positions are distributed to distinguish the vowels in a viseme. The diphthongs are encoded by shifting the hand between two vowel positions.
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 13 Figure 1.3: Manual cues of LPC (from [10]).
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 14 Figure 1.4: One example of SL, signing "hello" 6 .
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 15 Figure 1.5:The automatic method to temporally segment the hand movement based on artificial blue marks. Two curves are the smoothed x and y coordinates of hand positions with plateaus, respectively. The black points are the classified hand positions obtained by Gaussian classifier (from[START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF]).
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 16 Figure 1.6: Three steps for lips shape and hand gesture detection based on blue marks in CS.From the left to right, it shows the original image, the feature map extracted from the blue component and the effect after applying the thresholds for the blue marks (from[10]).

  1.8).
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 17 Figure 1.7: Hand shape feature extraction based on the projection of the blue marks. The left image shows the CS speaker, and the right image shows the projection method to obtain the hand shape features (from [10]).
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 18 Figure 1.8: Hand segmentation based on the detecting glove. The original images, similarity color maps and segmented hand shapes are shown from left to right (from [56]).
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 19 Figure1.9: Hand recognition system using the Microsoft Kinect for SL (from[START_REF] Pigou | Sign language recognition using convolutional neural networks[END_REF]).
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 110 Figure 1.10: The refined coding scheme for hand-over-face gesture descriptors (from [70]).
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 1 Figure 1.11: A visualization of open-pose system for body gesture detection (from [73]).
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 112113 Figure 1.12: CS (a) vowel and (b) consonant recognition results based on the multi-stream HMM model-level fusion in [10].
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 114 Figure 1.14: Comparison of the phoneme recognition correctness for normal hearing and deaf speakers (from [11]).
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 23 Figure 2.3: Images of five subjects in this thesis. MD, DB and ChS utter French words, while LM and SC utter French sentences.
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 24 Figure 2.4: The statistical analysis of the amount of phonemes for corpora: (a) MD, (b) SC and (c) LM.
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 25 Figure 2.5: One example phonetic error from Lliaphon. The first row is the transcription by LLiaphon, while the second row is the ground truth.
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 26 Figure 2.6: The alignment of the sentence Annie s'ennuie loin de mes parents. (a) is the alignment obtained by the automatic alignment algorithm. (b) is the ground truth alignment.
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 27 Figure 2.7: The alignment of the sentence Va dans une cave quelconque et caches-y ce drapeau honteux. (a) is the alignment obtained by the HMM automatic alignment algorithm. (b) is the ground truth alignment.
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 28 Figure 2.8: Lips parameters A and B.
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 29 Figure 2.9: Variance ration of PCA components on lips ROI. The abscissa is the number of PCA components and y axis is the variance ratio.
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 210 Figure 2.10: Examples of the reconstruction of lips ROI based on the PCA coefficients. (a) is the original lips ROI. (b) is the mean image of the lips ROI. (c) is the one with 22 components which can explain 85% variance. (d) is the one with 40 components which can explain 90.5% variance.

  2.11(e) and Fig. 2.11(f)) can well represent the original gray-scale images (see Fig. 2.11(c) and Fig. 2.11(d)).
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 211 Figure 2.11: Examples of lips reconstruction based on DCT coefficients. (a) and (b) are original RGB lips ROI. (c) and (d) are the corresponding original gray lips ROI. (e) and (f) are the corresponding inverse DCT reconstruction lips ROI.

Figure 2 . 12 :

 212 Figure 2.12: Two classical points used to track the hand position movements. One is on the hand back (blue point), and the other is the target finger point (green point).
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 213 Figure 2.13: Visualization of hand ROI (corpus LM ).

  2.14). In order to keep the eigenvectors that carry 85% of the variance, we set D = 34. The reconstruction of hand shapes based on different numbers of PCA components is shown in Fig.2.15. It can be seen that the image with 30 components (see Fig.2.15(c)) is sufficiently clear to describe the hand shape.
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 214 Figure 2.14: PCA performance on the hand shape ROI.

  1.11). It can be seen from Fig.2.18(a) and Fig.2.18(b) that the open-pose system works perfectly for the gesture (facial feature, hand and body) estimation. However,
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 215 Figure 2.15: (a) is the original hand. (b) is the mean image of the hand. (c) is the one with 30 components which can explain 80% of the variance. (d) is the one with 50 components which can explain 85% of the variance.
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 216 Figure 2.16: Visualization of KLT for lips and hand tracking.

Figure 2 . 17 :

 217 Figure 2.17: Real-time tracking of lips and hand by KLT. The white points are the good features captured by KLT, and the yellow rectangle is the resulted ROI of hand and lips.

Figure 2 . 18 :

 218 Figure 2.18: Visualization of open-pose for lips and hand tracking. (a) and (b) show the result for the open-pose applied on the database which records the whole upper body of the subjects. (c) and (d) show the result on our corpus LM, which only records part of the upper body.
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 31 Figure 3.1: The relationship and the development of AI, machine learning and deep learning 1 .
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 32 Figure 3.2: A MLP with two hidden layers.
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 33 Figure 3.3: Sigmoid activation function.
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 34 Figure 3.4: tanh activation function.
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 35 Figure 3.5: ReLU activation function.
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 36 Figure 3.6: An example of CNN 4 .
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 37 Figure 3.7: An example of 2D convolution calculation. We draw boxes with arrows to indicate how the 2×2 filter moves (with stride 2). The output is formed by applying the kernel to the corresponding region of the input image.
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 38 Figure 3.8: The principle of Average and Max pooling.
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 39 Figure 3.9: Left is the folded RNN, while the right one is the unfolded RNN with time series 5 .
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 310 Figure 3.10: Overview of BPTT. E t is the error function at time step t 6 .
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 3 Figure 3.11: A LSTM unit with input, forget and output gates 7 .
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 41 Figure 4.1: A diagram of the HMM.O i is the observation and S i is the hidden state. a ij is the transition probability from S i to S j , and b ij is the emission probability of O j at S i (from[START_REF] Luo | Enhanced map-matching algorithm with a hidden markov model for mobile phone positioning[END_REF]).

  known viterbi algorithm. (3) The third problem is the parameter estimation which aims to optimize the model parameters to best describe the given observation sequence. The solution is the Expectation Maximization (EM) algorithm.
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 42 Figure 4.2: Examples of the co-articulation in the speech 3 .
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 51 Figure 5.1: Application of CLNF to our database MD. Blue carders show the detected face ROI. 68 blue landmarks are located to describe the facial contour and 20 of them are used to describe the lips contour. Only 8 points are used to indicate the inner lips contour.
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 52 Figure 5.2: Overview of CLNF model. Compared with CLM, two novelties are the new LNF patch and the Non-uniform RLMS optimization (from [188]).
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 53 Figure 5.3: Examples of application of CLNF to three speakers in our database. Some good and bad performed cases are shown. For example, the first one is badly performed while the second one is well performed.
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 54 Figure 5.4: Performance of CLNF on our data. Examples of twenty CLNF landmarks placed in the full lips region. Eight points describe inner lips contour. (a) Good inner lips contour of CLNF even with hand occlusion. Green curve is the inner lips contour obtained by interpolation. (b) Mistaken CLNF landmarks in case of B parameter. (c) Mistaken CLNF: two end landmarks for round inner lips (mistaken A parameter).
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 55 Figure 5.5: Red, green and blue histograms represent the CLNF errors of three speakers respectively.Abscissa is the error values in pixel (when larger than two pixels, they are considered as mistakes) and y-axis is the frequency of these errors.
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 56 Figure 5.6: Vowel viseme distributions of (a) CLNF and (b) ground truth. The abscissa is the A parameter (in cm), and y-axis is the B parameter (in cm). Stars correspond to the first viseme. Circles correspond to the second viseme. Triangles correspond to the third viseme. The color order is blue, red, green, magenta and cyan for each vowel of viseme. They correspond to the vowel visemes (V1-V3) in Table 2.3.
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 57 Figure 5.7: The left figures show lips ROI with CLNF lips landmarks (20 black stars). The blue line is the middle inner lips line, and all the curves in the right figure are plotted along this blue line. In the right figures, the blue curve is the original luminance variation. The red curve is the smoothed luminance. The green curve is the first derivative of the smoothed luminance. Four straight lines with blue, red, green and magenta color correspond to four middle CLNF landmarks around the blue middle line in the left figures.
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 58 Figure 5.8: Summarized procedure of the proposed method. Note that the inner lips landmarks (black points) are mistakenly placed. Green point X is the middle outer lower lips position estimated by the HD-CTM, and blue point Y is the middle inner lower lips position by subtracting the VLLT from position of the blue point. Two orange points are the left and right key landmarks determined by the 3rd step.
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 59 Figure 5.9: This figure is plotted along the middle inner lips line. Blue curve: original luminance variation. Red curve: the smoothed luminance. Green curve: the smoothed first derivative. Magenta curve with circles: hybrid dynamic template. Red curve with stars: correlation values between the template and the first derivative curve in function of the position of the template. Vertical black line around position 301 corresponds to the initial searching position. The bold red line around position 307 located in the maximum correlation value corresponds to the estimated lower outer lips position, and the bold red line around position 287 corresponds to the estimated lower inner lips position. Two cyan lines correspond to the lower inner lips and lower outer position given by CLNF.
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 510 Figure 5.10: The red curve is the distance between the ground truth inner lower lips position and the outer lower lips position obtained by HD-CTM. The abscissas is the number of image frames.

Figure 5 . 11 :

 511 Figure 5.11: An example of ambiguous inner lips detected by CLNF. The left one shows the mistaken CLNF landmarks for an open lip, while the right one corrects landmarks for a closed lip. Note that CLNF landmarks are strongly similar in these two cases.
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 512 Figure 5.12: Left is the lips ROI determined by a blue mark in the front of the speaker. Right is the lips ROI (same size) determined by a center point estimated from CLNF landmarks.
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 513 Figure 5.13: DCT coefficients derived from ten closed lips images. Ten curves with different colors correspond to the ten closed lips. Abscissa is the number of coefficients, and y-axis is the DCT coefficient values (in dB). The purple curve shows the mean vector of these DCT coefficients, and it is considered as a model for closed lips detection.
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 514 Figure 5.14: Illustration of the period spline interpolation method to correct the A parameter errors for round lips. (a) Speaker's lips with CLNF original landmarks (note that two endpoints of inner lips contour are mistakenly placed). (b) Six center points are plotted with red stars which are dilated in the vertical scale to form a square (black circles). They are then converted into polar coordinates. (c) In polar coordinates, the six points are repeated 3 times. (d) Periodical spline interpolation is realized and only the period inside two red lines (one period) is used to returned to Cartesian coordinates. (e) The full interpolated inner lips contour.

Figure 5 . 15 :

 515 Figure 5.15: Performance of the round lips detection. Lips parameters distribution is plotted in the parameter A-B plane (the third viseme is plotted with triangle). (a) CLNF with corrected B parameter, but no correction of A parameter. (b) CLNF with corrected A parameter with the proposed method. B parameter is the same as in (a). The black ellipse shows the distribution of the third viseme which corresponds to the round lips.

Figure 5 . 16 :

 516 Figure 5.16: Examples of initial mistaken CLNF landmarks (orange points) and corrected landmarks using the proposed method (green points) for inner lower lips.

Figure 5 . 17 :

 517 Figure 5.17: Performance of the HD-CTM for correcting B parameter. The figure shows the result of three speakers MD, DB and ChS from top to bottom. Abscissa is the image frame number and y-axis is the distance measured in pixels. Red curve: the ground truth B parameter (in pixels). Blue curve: CLNF B parameter. Black curve: B parameter estimated by the proposed method (HD-CTM). Green curve: errors of CLNF. Magenta curve: errors of the proposed method. The short blue lines at the top are the boundaries for 50 words in the word database.

Figure 5 . 18 :

 518 Figure 5.18: Visual result of periodical spline method for round lips. Green curve is the full inner lips contour for round lips, and the blue point is the center of the inner lips landmarks.

Figure 5 . 19 :

 519 Figure 5.19: Performance of the periodical spline method for A parameter. Three figures show the results of three speakers MD, DB and ChS from top to bottom. Abscissa is the image frame number and y-axis is the distance measured in pixels. Red curve: the error between the values obtained by the CLNF and the ground truth. Blue curve: the error between the values obtained by the periodical spline method and the ground truth.

Figure 5 . 20 :

 520 Figure 5.20: Global performance of the proposed methods for both A and B parameters. The figures are plotted in the parameter A-B plane with all the vowels in one repetition for the first subject. (a) CLNF. (b) CLNF with corrected B parameter but no corrected A parameter for the round lips. (c) CLNF with corrected B and A parameters for the third viseme, and automatic detection of the third viseme. (d) The ground truth. Stars correspond to the first viseme, circles to the second viseme and triangles to the third viseme. The color order is blue, red, green, magenta and cyan. They correspond to the vowel order in Table 2.3.

Figure 5 . 21 :

 521 Figure 5.21: Overview of the adaptive ellipse model for inner lips parameter estimation. (a) Raw lips image in ROI with the optimal inner ellipse shown in red. Black stars are the inner lips landmarks given by CLNF (for comparison). (b) Extraction of dark area (white region) and teeth (yellow region) using image processing. (c) Adaptive searching for the optimal position and size of the ellipse. (d)The final optimal ellipse determined after smoothing and scaling post-processing.
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 5522 Figure 5.22: Effects of the thresholds for extracting the dark areas of inner lips. In (b)-(d), the white areas correspond to the detected dark areas inside the inner lips.

Figure 5 . 23 :

 523 Figure 5.23: Effects of the thresholds for the teeth detection of inner lips. (a) shows the original lips ROI. In (b)-(d), the dark red areas correspond to the detected teeth inside the inner lips area.

Figure 5 . 24 :

 524 Figure 5.24: Example of teeth and dark area extraction for inner lips region. Left is the original lips ROI, while right is the detected dark area (white part). The yellow area is the detected teeth. The tongue is not detected, due to its similar color with lips.

Figure 5 . 25 :

 525 Figure 5.25: Principle of the single discontinuity filling.When the center pixel is black and the surrounding pixels are like these ten configurations, the black center pixel will be changed to white.

Figure 5 . 26 :

 526 Figure 5.26: One example showing the result of single discontinuity filling. The top one is the raw inner lips region after teeth and dark area detection. The bottom one is the processed image by the single discontinuity filling.

Figure 5 . 27 :

 527 Figure 5.27: Principle of interrupted region filling. The white region in (a) is the inner lips region processed by the single discontinuity filling. We first check this region row by row. The orange line is one such line. The white and black intervals along this line are shown in (b) which are marked as l and b. When the length of l and b satisfies certain criterion, the black interval will be filled as white. This figure shows the processing in the horizontal direction, while the vertical interrupted region filling has the same principle.

Figure 5 . 28 :

 528 Figure 5.28: One example showing the result of the interrupted region filling. The top one is the inner lips region after single discontinuity filling. The bottom one is the processed image by the interrupted region filling.

Figure 5 . 29 :

 529 Figure 5.29: Parameters of the initial ellipse. The yellow region is the extracted inner lips area after the previous preprocessing. The center point (x 0 , y 0 ) of the yellow area is used as the initial ellipse center. a and b are the semi-major axis and the semi-minor axis of the initial ellipse, respectively.

Figure 5 . 30 :

 530 Figure 5.30: Illustration of the ellipse expansion and movement. (a) Expansion and movement along the right direction. From step n to n + 1, the major axis and center position are updated at the same time. (b) The expansion and movement towards four directions (right, down, left and up). It will stop when it satisfies the stopping criterion.

Figure 5 . 31 :

 531 Figure 5.31: Stopping criterion of the Ellipse expansion. The white region is the detected inner lips area. The shaded region is the intersection of white area and orange ellipse. S e is the ellipse area and S W is the area of the shaded region inside the ellipse.

Figure 5 . 32 :

 532 Figure 5.32: Results of the proposed model in different cases (MD, DB and ChS from left to right).The green ellipse is the optimal one which can give a reasonable estimation of A and B parameters for inner lips.

Figure 5 . 33 :

 533 Figure 5.33: Comparison of estimated parameters (A and B ) with the ground truth (from top to bottom, the figures correspond to three subjects). The abscissa is the number of images, and y-axis is in pixels. Red curve: the ground truth A parameter. Blue curve: A parameter by the proposed method. Magenta curve: the ground truth B parameter. Cyan curve: B parameter by the proposed method. Blue vertical lines indicate the temporal boundary of each word. For better visualization, we randomly choose several word (small rectangle) intervals of three speakers.

Figure 5 . 34 :

 534 Figure 5.34: Estimation errors (red curves) between (A and B ) values of the proposed method and the ground truth for corpus MD (total 1377 images in the first repetition).

Table 5 . 3 :

 53 Estimation error of A parameter for adaptive ellipse model and CLNF (in mm). Table 5.4: Estimation error of B parameter for adaptive ellipse model and CLNF (in pixels and mm).

Figure 5 . 35 :

 535 Figure 5.35: White filled ellipse determined by the estimated A and B parameters.

Figure 5 . 36 :

 536 Figure 5.36: An ellipse mask covers the real lips region.

Figure 5 . 37 :

 537 Figure 5.37: An example showing an intrinsic problem of the first proposed method based on CLNF.The blue points are the landmarks given by the CLNF, and the black curve is the inner lips contour obtained by the periodical spline interpolation method. The real inner lips are inside the black inner lips contour, and the red curve shows the estimated inner lips contour by the adaptive ellipse model.

Figure 5 . 38 :

 538 Figure 5.38: An example showing an intrinsic problem of the lips parameter determination. When the lips shape is like 'W' as in this figure, it is difficult to determine the suitable A, B parameters and an ellipse to match the inner lips region.
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 61 Figure 6.1: The execution of the adaptive background mixture model in car tracking scenario. (a) the current image. (b) the determined background by ABMMs. (c) the detected foreground pixels. (d) the current image with tracked objects (from [21]).

Figure 6 . 2 :

 62 Figure 6.2: Illustration of hand extraction using ABMMs in our data. (a) the raw image with masked lips. (b) the background after applying the ABMMs. (c) white pixels for the foreground. The hand position is taken as the gravity of all the detected hand shape pixels in (c).

Figure 6 . 3 :

 63 Figure 6.3: Visualization of the hand ROI based on the hand position estimated by ABMMs. The estimated hand position is considered as the center (green point) of this hand ROI (green rectangle).

Figure 6 . 4 :

 64 Figure 6.4: Evaluation of ABMMs for hand position estimation. The abscissa is the image frame number, while y-axis is the hand position in pixels. Red curve: the ground truth value. Blue curve: the hand position obtained by ABMMs. (a) and (c) represent the hand position trajectory for one sentence, and (b) and (d) represent the hand position trajectory for the other sentence. (a) and (b) are hand positions in the X direction. (c) and (d) are hand positions in the Y direction.

Figure 6 . 5 :

 65 Figure 6.5: Hand position distributions with two different extraction methods. (a) the hand positions obtained by the proposed method. (b) the ground truth hand position of the hand back. The ground truth temporal segmentations are used for both cases. Five groups of points correspond to different hand positions. Red points: cheekbone; green points: mouth; black points: throat; cyan points: chin; blue points: side position.

Figure 6 . 6 :

 66 Figure 6.6: Hand position recognition accuracy using the estimated hand position (foreground hand position with blue) and the ground truth hand position (hand back point with red). Different temporal segmentations are used: audio-based, extended audio-based, predicted with hand preceding model and the ground truth segmentation.

Fig. 7 .

 7 1(a), the CS speaker points to the cheekbone position on the face for the vowel [ø] with the hand shape corresponding to [p]. The red line corresponds to the instance in the acoustic signal which is neither the position for [ø] nor [p]. In Fig. 7.1(b), the hand starts changing its shape for the consonant [t] while the mouth is still closed for [p] at an instant (see the red line) before the acoustic burst. In Fig. 7.1(c), the speaker shows round lips corresponding to the vowel [ø]. However, the hand shows the shape corresponding to the subsequent [t] consonant and the hand position is already in vowel [i].

Figure 7 . 1 :

 71 Figure 7.1: Illustration of the asynchrony phenomena in the CS lips-hand movement. The context of the [ oe p ø t i] sequence is extracted from the French sentence un petit. Top is the lips and hand zoomed from the whole images in the middle row. These images are taken at different instants of the speech signal (bottom) indicated by red lines.

Figure 7 . 2 :

 72 Figure 7.2: Temporal organization of the hand movement (hand shape and hand position). The concerned two syllables are [f E] and [d e]. The top row shows different hand positions, while the bottom row shows different hand shapes. Two middle rows present different instants of the corresponding vowels and consonants.

Figure 7 . 3 :

 73 Figure 7.3: Definitions of the target instant and hand preceding time. The blue signal is the audio speech signal for a syllable. The red line t v indicates the acoustic target instant for this vowel, and the green line t c indicates the target instant for this consonant. The red line t tar_v indicates the target instant for hand movement: at this moment, the hand reaches its target position for this vowel.The green line t tar_c indicates the best instant for identifying a hand shape corresponding to a given consonant.

Figure 7 . 4 :

 74 Figure 7.4: Hand movement speed rate of the sentence Je suis à bout. The abscissa indicates the image frame number, and y-axis is the hand position. The red curve is the hand position in x coordinate, and green curve in y coordinate. Black curve with circle dots shows the hand movement speed rate.

Figure 7 . 5 :

 75 Figure 7.5: The software Magix used to study the hand movement in CS. This example shows the sentences Je suis à bout. The first row is the image sequence of this sentence. The second row shows the hand movement speed rate curve. The third row gives the hand target position of vowels: each purple temporal rectangle presents an interval in which the hand reaches its target position to indicate one vowel. The last row gives the temporal interval in which the hand shape is more or less formed to indicate a consonant but the hand continues its movement and rotation.

Figure 7 . 6 :

 76 Figure 7.6: Hand preceding time distribution and hand preceding model. The abscissa is the vowel instant in a sentence. All sentences are aligned at the end, where the instant is 0. Y-axis: the preceding time ∆ v (in seconds). (a) The red circles show the distribution of the 50 long sentences, and the blue stars show the 88 short sentences. The black curve shows the hand preceding model. (b) The blue stars show the 88 short sentences for the subject LM, and the magenta stars show the 44 short sentences for the subject SC.
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 77 Figure 7.7: Application of the hand preceding model in temporal segmentation. The predicted ∆ t (orange interval) is shown for the sentence Ma chemise est roussie. (a) the audio signal. (b) the audio based segmentation. (c) the segmentation predicted by the hand preceding model.
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 78 Figure 7.8: The audio-extended segmentation of the sentence Ma chemise est roussie. (a) the audio signal with its corresponding phonemes and temporal segmentations. (b) the audio based segmentation. (c) the audio-extended segmentation.

Figure 7 . 9 :

 79 Figure 7.9: Different temporal segmentations of two sentences. For simplicity, the vowel number is only marked in the third row. For each vowel, a line with two circles represents its beginning, and a line without any circle represents its end. Top row (black lines): the audio based segmentations. Middle row (red lines): the predicted segmentations. Bottom row (blue lines): the ground truth segmentations.
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 710 Figure 7.10: Hand position distributions for different temporal segmentations and target finger positions. (a) the audio based segmentation. (b) the extended-audio segmentation. (c) the predicted segmentation by the hand preceding model. (d) the manual segmentation. Five groups of points correspond to different hand positions. Red points: cheekbone; green points: mouth; black points: throat; cyan points: chin; blue points: side position.
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 711 Figure 7.11: Hand position recognition results using multi-Gaussian classifier based on different temporal segmentations.

Figure 7 . 13 :

 713 Figure 7.13: Distribution of the time difference between t c and t v . The abscissa is the index of vowels, and y-axis is the ∆ cv (in seconds). The blue curve is obtained from the vowels randomly extracted from ten sentences in corpus LM. The red line is the mean value of all the ∆ cv .
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 714 Figure 7.14: Hand shape recognition results using different segmentations in function of ∆ c . The red curve represents the recognition score as a function of ∆ c , and the green circle highlights the optimal recognition score.

Figure 8 . 1 :

 81 Figure 8.1: Comparison of the feature extraction between the state of the art [10], [11] and this thesis. (a) Lips shape, hand position and shape feature extraction based on blue colors in the state of the art (from [10]). (b) Overview of the feature extraction without using any artifice.

Figure 8 . 3 :

 83 Figure 8.3: Direct fusion and AC fusion. (a) the audio speech with its alignments and phonetic annotation. (b) the original hand position (i.e., x coordinate of the hand back point). (c) The aligned hand position derived by shifting the original hand position in (b) with ∆ v . Two green lines correspond to the temporal boundaries of the vowel [i].

For

  the automatic recognition of continuous CS, we mainly have the following considerations: (1) one single ROI containing both the lips and hand or two distinct ROI focusing on the lips and hand, respectively; (2) the feature-level and model-level fusion strategies that the lips and hand features are combined within the HMM-GMM decoder; (3) the visual feature extraction techniques: an unsupervised and linear technique based on PCA and a supervised and non-linear technique based on CNN. Based on these considerations, we propose several architectures S 1 -S 3 based on CNN, and s 1 -s 3 based on PCA 4 . The CNN-HMMs architecture in case of S 3 is shown in Fig. 8.6.
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 84 Figure 8.4: Visualizations of the same hand shape with different rotations.

8 . 8 .

 88 The implementation details of ANN (standard FC layer) for hand position processing can

Figure 8 . 5 :

 85 Figure 8.5: Three different architectures (S 1 -S 3 ) of the continuous CS phoneme recognition based on CNN and HMM-GMM decoder.

Figure 8 . 6 :

 86 Figure 8.6: CNN-based feature extraction and HMM-GMM decoding in case of S 3 . Lips and hand shape features are extracted by CNNs, and the hand position coordinates are processed by the standard ANN.

Figure 8 . 7 :

 87 Figure 8.7: Detailed implementation configuration of the CNN architecture for the recognition of nine hand shapes (eight hand shapes + one silence) or nine lips visemes (eight lips visemes + one silence) in cases of S 2 and S 3 .

Figure 8 . 8 :

 88 Figure 8.8: The CNN architecture of S 1 for the recognition of 34 phonemes.

Figure 8 . 9 :

 89 Figure 8.9: Detailed implementation configuration of the ANN architecture for the recognition of six hand positions (five hand positions + one silence) in cases of S 2 and S 3 .

Figure 8 . 10 :

 810 Figure 8.10: Three different architectures (s 1 -s 3 ) of continuous CS phoneme recognition based on PCA and HMM-GMM decoder.

Figure 8 . 11 :

 811 Figure 8.11: Different steps for evaluation of the proposed architecture. The first step is the viseme recognition only using the single stream. The second step is the consonant and vowel recognition using the combinations of two streams. The final step is the full phoneme recognition using all three streams.

  ]) and No.5 ([Z]) which are both correctly classified as [p], [d], [Z] while the hand shape is quite different (due to hand rotations).

  More precisely, the consonant visemes No.2 ([t], [d], [n]) and No.3 ([f], [v]) are easily confused because they have similar lips shapes, as well as No.4 ([k], [g]) and No.5 ([S], [Z]).

  8.14) of the vowel recognition using the fused (lips and hand position) features. This result is based on the two-stream HMM. The confusion matrix is highlighted by the diagonal elements which correspond to the correctness 70.12%. As expected, the errors mainly come from the vowels {[e], [E] }, {[o], [O] } and {[ø], [oe] }, and the reasons may come from two aspects: (1) the wrong correspondence between the phonetic transcriptions and the real CS productions, and (2) in French language, the distinction in the production between {[e], [E] }, {[o], [O] } and {[ø], [oe] } is very variable and dependent on speaker's origin (south, center, north of France).

Figure 8 . 12 :

 812 Figure 8.12: Confusion matrices for three single stream viseme recognition. (a), (b) and (c) are recognitions based on 8 hand shapes, 8 lips visemes and 5 hand positions. The class "silence" (the first element) is included in the confusion matrix. The red rectangle contains the concerning visemes. The last column corresponds to the deletion error D, and the last row corresponds to the insertion error I. The brighter element corresponds to the higher occurrence in these confusion matrices.

Figure 8 . 13 :

 813 Figure 8.13: Visualization of the representation of CNN softmax layer output. Top: the sequence of target hand shapes (i.e., key frames) for the sentence voila des bougies. Bottom: The abscissas is the number of image frame, and y-axis is the target class given by the posterior probability.
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 814 Figure 8.14: Confusion matrix of the vowel recognition based on the HMM model-level fusion of lips and hand positions. The red rectangle contains 14 concerning vowels except the silence, insertion and deletion error elements.
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 815 Figure 8.15: Confusion matrix of the consonant recognition based on the HMM model-level fusion of lips and hand shapes. The red rectangle contains 18 concerning consonants except the silence, insertion and deletion error elements.
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 816 Figure 8.16: Confusion matrix of the CS phoneme recognition. The last row shows the insertion, and the last column shows the deletion errors. The red rectangle contains 33 concerning phonemes except the silence, insertion and deletion error elements.

Figure 8 . 17 :

 817 Figure 8.17: The architecture S 3-resyn is the one with the resynchronization procedure rectangle step. Without the resynchronization procedure step, this figure shows architecture S 3 in [208].
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 818 Figure 8.18: The performance of the resynchronization procedure and the context-dependent modeling in continuous CS phoneme recognition.

Figure 8 . 19 :

 819 Figure 8.19: Image level architectures of phoneme recognition.The hand position feature is obtained by CNNs based on a fixed image.
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 820 Figure 8.20: Phoneme recognition using LSTM. The previous 350 scores correspond to the training set with higher recognition scores, and the rest 150 scores correspond to the test set with lower recognition scores.

Figure 2 :

 2 Figure 2: Architecture of the end-to-end CS recognition system in the future work.

Figure 3 :

 3 Figure 3: An initial design of the CCS system.

Figure 4 :

 4 Figure 4: Cadre de la reconnaissance automatique du CS de la modalité visuelle au phonème.

( 1 )

 1 Le premier est l'extraction de caractéristiques sans utiliser de marquage de l'information pertinente préalable à l'enregistrement des données. Dans l'état de l'art de la technique sur la reconnaissance du LPC[10],[START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], les données vidéo étaient enregistrées avec des artifices (bleu sur les lèvres, pastilles de couleur sur la main et le front) pour faciliter l'extraction des paramètres des lèvres et de la main. A notre connaissance, aucun travail n'a tenté d'extraire des paramètres de lèvres et de la main à partir des images brutes en LPC et CS. Par conséquent, supprimer l'utilisation de ces artifices dans l'étape d'extraction des caractéristiques du LPC est notre premier défi. Et au-delà du seul intérêt de s'affranchir de marqueurs, c'est la possibilité de pouvoir extraire d'autres paramètres plus riche en information.

  Dans cette thèse, les méthodologies de traitement du signal, de statistique, d'apprentissage automatique et surtout d'apprentissage profond sont utilisées pour résoudre ces enjeux. Nous avons développé dans ce mémoire plusieurs approches qui sont sont ci-après. Cette thèse contient deux parties: Part I et Part II. Dans Part I (Chapter 1 à Chapter 4), nous présentons le contexte du CS et l'état de l'art de la reconnaissance automatique du LPC, ainsi que les données en LPC qui seront utilisées dans cette thèse. Les méthodologies d'apprentissage profond et la fusion multimodale sont également présentées. Dans Part II, nous présentons nos principales contributions dans l'extraction de caractéristiques du LPC, l'organisation temporelle et la reconnaissance en parole continue du LPC.

Figure 5 :

 5 Figure 5: Extraction de caractéristiques basée sur CNN et décodage HMM-GMM dans le cas de S 3 . Les Lèvres et les caractéristiques de forme de la main sont extraites par les CNN, et les coordonnées de la position de la main sont traitées par l'ANN. La stratégie de fusion au niveau des caractéristiques ou au niveau du modèle est utilisée en combinaison avec le décodeur HMM-GMM.
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 412345 Numerical details of confusion matrices Confusion matrix (10×10) for the hand shape recognition in Fig.8.12(a). Confusion matrix (10×10) for the lips viseme recognition in Fig.8.12(b). Confusion matrix (7×7) for the hand position recognition in Fig.8.12(c). Confusion matrix (15×15) for vowel recognition in Fig.8.14. Confusion matrix (20×20) for consonant recognition in Fig.8.15.
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Table 2 .

 2 1: A summary of the five corpora in this thesis.

	Speaker	Speech unit and amount	Speech type	Color landmarks
	MD	50x10 words	CS	no landmark on lips
	DB	50x10 words	normal speaker	no landmark on lips
	ChS	50x10 words	normal speaker	no landmark on lips
	SC	267 sentences	CS	blue landmarks on lips and hand
	LM	238x2 sentences	CS	no landmark

Table 2 . 2 :

 22 A summary of the vowels, consonants and phonemes for the corpora of this thesis.

	Speakers	Vowels	Consonants	Phonemes
	MD	850	1290	2140
	DB	850	1290	2140
	ChS	850	1290	2140
	SC	3152	3816	6968
	LM	5404	6356	11760

Table 2 . 3

 23 

	Simplified label	p	t	k	b	d	g	f	s	sR
	eference label	p	t	k	b	d	g	f	s	S
	Simplified label	v	z	z^m	n	l	r	j	w
	Reference label	v	z	Z	n	n	l	r	j	w
	Simplified label	i	e	e^a	y	x	x^u	o
	Reference label	i	e	E	a	y	ø	oe	u	o
	Simplified label	o^e~x~a~o~q			
	Reference label	O	Ẽ	oe	ã	Õ	@			

: Phoneme to viseme mapping in the French language (from

[START_REF] Benoit | A set of french visemes for visual speech synthesis[END_REF]

), including five consonant visemes and three vowel visemes. Table 2.4: French phonetic reference table. Phonemes with blue color denote the labels with changes.
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Table 5 . 1 :

 51 RMSE values of B parameter for CLNF and Modified CLNF (in pixels and mm).

	RMSE	MD	DB	ChS	Total
	CLNF	3.84(2.0mm)	4.02(2.1mm)	3.53(1.8mm)	3.81(2.0mm)
	Modified CLNF	1.06(0.6mm)	0.90(0.5mm)	0.94(0.5mm)	0.99(0.5mm)

Table 5 . 2 :

 52 RMSE values of A parameter for CLNF and the periodical spline interpolation method.

	RMSE	MD	DB	ChS	Total
	CLNF	39.64(22.4mm)	39.94(22.6mm)	32.55(18.4mm)	37.40(21.2mm)
	Modified CLNF	8.03(4.5mm)	5.84(3.3mm)	5.07(2.8mm)	6.11(3.5mm)

Table 5 . 5 :

 55 Average accuracy of vowel recognition based on the estimated A and B parameters and PCA parameters (30 pca components) in CS. This recognition is conducted by HMM-GMM decoder.

Table 6 . 1 :

 61 Estimation precision (in pixels and mm) of the hand position by the proposed method.

		Hand position (X direction)	Hand position (Y direction)
	Mean error	-13.05 (-6.5mm)	23.32 (14.1mm)
	Standard deviation	28.11 (11.7mm)	36.64 (18.3mm)
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	Chapter 8
	Continuous Cued Speech Recognition
	based on CNN-HMMs
	Contents
	8.1

Table 8 . 1 :

 81 Results of the viseme recognition of three single streams based on CNN/ANN-HMM architecture. T c % is the correctness and '-' means that this case does not exist.

	T c %	8 lips visemes	8 hand shapes	5 hand positions
	CNN-HMM	65.79	76.34	-
	ANN-HMM	-	-	61.72

Table 8 . 2 :

 82 Vowel recognition results using lips and hand positions in CS. T c % is the correctness and '-' means that this case does not exist.

	T c %	single stream	two streams (S 2 )	two streams (S 3 )
	only lips	34.88%	-	-
	only hand positions	35.71%	-	-
	lips + hand positions	-	68.00%	70.12%

Table 8 . 3 :

 83 Consonant recognition using lips and hand shapes in CS. T c % is the correctness and '-' means that this case does not exist.

	T c %	single stream	two streams (S 2 )	two streams (S 3 )
	only lips	42.25%	-	-
	only hand shapes	56.99%	-	-
	lips + hand shapes	-	73.34%	84.35%

Table 8 . 4 :

 84 Performances of the proposed CNN and PCA based architectures for automatic continuous CS recognition in terms of correctness T c % and accuracy T a %. CNN clearly outperforms PCA for all the proposed architectures. This tends to validate the gain of a non-linear and discriminative feature extraction technique for this task. More importantly, the mechanisms for the superior performance of CNNs lie in its powerful non-linearity and also the robust adjustment for the weakly aligned data. Note that PCA based methods do not have significant differences among s 1 , s 2 and s 3 .

	T c (T a )	S 1 /s 1	S 2 /s 2	S 3 /s 3
	PCA	45.2(32.3)	50.9(36.0)	51.0(36.5)
	CNN	55.0(38.2)	68.3(58.4)	72.7(62.7)
	(1)			
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http://www.who.int/en/

In fact, this conversion is an important step in the process of visual modality to audio. 1

The continuous sentence is made up of continuous words (i.e., not isolated words), but there is a time gap between sentence and sentence.

https://www.youtube.com/watch?v=jn4e9V3oigs http://www.cuedspeech.org/ http://www.cuedspeech.co.uk/ http://alpc.asso.fr/

http://www.cuedspeech.org/cued-speech-what-and-why.php

This recording was conducted in the context of French ANR ARTUS project.

http://www.sign-lang.uni-hamburg.de/dicta-sign/portal/

Indeed, in a large scope, we usually think that CS recognition is located in the AVSR area since lip reading can be seen as an audio articulatory activity.

Table1.1: A summary of the previous studies on CS recognition.[START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] is for the continuous recognition case with corpus of French words, while others are for the isolated recognition case with corpus of sentences. The audio-based temporal segmentations are used for the features of three streams, and the recognition classifier is HMM-GMM except that the simple Gaussian classifier is used in[START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF].

https://gna.org/projects/lliaphon

http://htk.eng.cam.ac.uk/

http://bisintek.com/science/2017/12/27/knowing-basic-artificial-intelligence/

This is a classical iterative algorithm to minimize a differentiable function in optimization theory.

A feature map is the output activation for a given filter.

https://adeshpande3.github.io/A-Beginner%27s-Guide-To-Understanding-Convolutional-Neural-Networks/

http://www.wildml.com/2015/09/recurrent-neural-networks-tutorial-part-1-introduction-tornns

/ 6 http://www.wildml.com/2015/10/recurrent-neural-networks-tutorial-part-3-backpropagationthrough-time-and-vanishing-gradients/

The context is defined as the information about the target observation of audio-visual displays that happen before or after this observation.

It was assumed in[10],[START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF] that GMMs with a larger number of Gaussian components combined with the first and second derivatives of features are used to take into account a short-term context.

https://blog.csdn.net/quheDiegooo/article/details/60873999

It has almost the same color with skin.

This suitable size 150×175 is determined experimentally.

Audio-based temporal segmentation is the temporal segmentation of the raw audio speech signal. The extended audio-based segmentation and that based on the hand preceding model will be introduced in Chapter 7.

Here, the hand movements contain the movements of hand position and hand shape.

Here, we do not have the ground truth hand position for 476 sentences. We only manually track the hand position for 138 among 476 sentences.

Raw image here means that no artifice is placed on the speaker's face or hand.

This database is publicly available on Zenodo (https://doi.org/10.5281/zenodo.1206001).

The aim is firstly to increase the size of data and secondly to correct potential errors.

Note that in case of CNNs feature extraction, different temporal segmentations are used for these three streams.

∆ means the first derivative.

All the confusion matrices are given in Appendix A.4.

This low correctness of 60.4% is obvious since no context-dependent modeling is used.

The fixed hand ROI means a rectangle containing hand shape with the reference of a fixed point in the image.

http://www.who.int/en/

Introduction

Hand feature extraction is an essential task in CS recognition. As introduced in Chapter 1, the classical method for hand position and shape feature extraction is based on the artificial marks. Our aim is to get rid of these artifices in this thesis. We notice that in CS, the hand can be seen as a moving foreground when the speaker is coding in the experimental environment. So the CS speaker's hand position tracking can be regarded as a foreground extraction problem which can be solved by the Adaptive Background Mixture Model (ABMM) [START_REF] Kim | Real-time foregroundbackground segmentation using codebook model[END_REF]- [START_REF] Magee | Tracking multiple vehicles using foreground, background and motion models[END_REF]. After determining the hand position, we build a hand ROI based on it. Then the hand shape feature is extracted using the pixel based methods. In this chapter, we mainly focus on the hand position while the hand shape feature extraction will be introduced in Chapter 8.

In the image processing, the foreground is an integral part of the image, and takes an important advantage in many applications [START_REF] Starck | The multiple-camera 3-d production studio[END_REF]- [START_REF] Prabhu | Natural matting for degraded pictures[END_REF]. A classical and efficient approach for the foreground extraction problem is based on the GMM. A novel method was presented in [START_REF] Yuan | Automatic foreground extraction based on difference of gaussian[END_REF] for the automatic foreground extraction based on the Difference of Gaussian (DoG), which is employed to find the candidate key points. A multi-class statistical model was used in [START_REF] Wren | Pfinder: Real-time tracking of the human body[END_REF] for the tracked objects, but it is a single Gaussian per pixel. In [START_REF] Stauffer | Adaptive background mixture models for real-time tracking[END_REF], the ABMM was proposed for the foreground (running car) tracking (see Fig. 6.1). ABMMs model each pixel of the image as GMMs instead of modeling all the pixels as one typical distribution. Based on the change of the Gaussian's variance, the Gaussian distribution corresponding to

Evaluation of hand preceding model for hand position

To evaluate the performance of the proposed hand position segmentation using the hand preceding model, we compare the predicted temporal segmentation with the following three temporal segmentations:

(1) The ground truth segmentation. During the manual segmentation of the corpus, the target interval for all the vowels of the sentences is determined manually. It constitutes a golden reference for the hand position recognition in CS.

(2) The audio based segmentation. In the history of CS studies [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], the audio based segmentation was applied to the hand position stream. It is necessary to compare the performance of the audio based segmentation with the predicted one in order to see the potential benefits of the proposed method.

(3) The audio-extended segmentation. This simple rule based segmentation was introduced in Section 7.4.1. To guarantee the same experimental conditions, we let the audio-extended segments have the same length as the audio based segmentation.

We compare the boundaries of different segmentations directly and visualize the hand position distribution in a 2D image. Besides, we apply the Gaussian classifier and LSTM to the hand position recognition using different temporal segmentations.

A direct comparison with the ground truth

To evaluate the efficiency of the hand preceding model, it makes sense to visualize the predicted temporal segmentation and the manual ground truth segmentation.

In Fig. 7.9, the predicted temporal segmentation of a vowel is compared with the manually determined hand position temporal target interval, as well as the audio based segmentation. From the second and the third rows, we see that they have a coherent match in most of the cases. But there still remain some errors (see the 4 th vowel in Fig. 7.9(b)). It is normal that the hand preceding model replaces a large statistical repartition only by its mean value. On the other hand, we observe that the audio based vowel temporal segmentations are far different from other two segmentations, especially at the beginning of sentences. Note that, the predicted segmentation keeps the same length for each vowel as the audio segmentation, while the length of the segment can vary in the case of manual hand based segmentation.

It is useful to see the hand position spatial distributions using different temporal segmentations. We expect that the better temporal segmentation should present a figure which makes five hand position distributions distinguishable and separable.

The distribution of the finger points of 396 vowels (88 short sentences in the corpus LM ) using four segmentations is shown in Fig. 7.10. We see that the Gaussian ellipse becomes more and more distinguishable from (a) to (d). The points in (a) have large parts of overlaps position 2 . Results are shown in Fig. 7.12. In LSTM, two hidden layers of 500 cells, 200 epoch are used. It is trained by the BPTT with the cross-entropy cost function. Softmax layer is used to compute the class probability. The final accuracy of LSTM is calculated using max-voting (after softmax layer) which counts the most frequent label as the final label in the corresponding segment. LSTM is implemented using the Keras toolkit [START_REF] Chollet | [END_REF] based on the GPU-accelerated library.

In Fig. 7.12, the hand position recognition results confirm the advantages of the predicted segmentation for both multi-Gaussian and LSTM. Moreover, LSTM obtains a higher accuracy than multi-Gaussian since it captures the long-term temporal information of the hand movement. More importantly, the proposed temporal segmentation based on LSTM gets the accuracy 61.91%, which almost reaches the upper limit 62.26% by the ground truth temporal segmentation in case of using the automatic tracked hand position (see Fig. 7.11). The continuous hand position recognition score can be further improved when an accurate hand position is provided.

Above all, we see that the proposed segmentation method can significantly improve the recognition performance of the hand position. It is hopeful to adopt this novel temporal segmentation method to the full CS recognition.

Hand preceding model for the hand shape movement

In Fig. 7.3, we show that the best interval to identify a hand shape is located just before the vowel target instance t tar_v . This segment has a duration D c and its center t tar_c is considered effect of context like the co-articulation, anticipation and variabilities due to the asynchrony.

In this thesis, we model the context information in CS by adding the left and right phoneme context for the current phoneme, which is usually called the triphone model (see Fig. 8.2) in ASR. More precisely, 34 HMMs are first built to model 34 French monophones using the same procedure in ASR. Then, using the tree-based state-tying modeling [START_REF] Young | Tree-based state tying for high accuracy acoustic modelling[END_REF] introduced in Section 4.4, we can generate models for triphones (including unseen triphones). Finally, the decision trees are used to find the most possible model for any given triphone. 

A resynchronization procedure of multi-modalities in CS

In fact, it was investigated that the hand reaches its target on average 239ms [START_REF] Attina | A pilot study of temporal organization in cued speech production of french syllables: Rules for a cued speech synthesizer[END_REF] (based on non sense syllables logatome, like 'mamuma'), and 144.19ms [START_REF] Aboutabit | Hand and lip desynchronization analysis in french cued speech: Automatic temporal segmentation of hand flow[END_REF] (based on syllables extracted from French sentences) before the vowel being visible at the lips in case of CV syllables, respectively. If we directly concatenate lips, hand shape and position features without any pre-alignment, we can image that the effect of this direct fusion will not be optimal since the asynchrony of lips and hand. In the state of the art [10], [START_REF] Heracleous | Continuous phoneme recognition in cued speech for french[END_REF], a direct feature fusion was applied without taking into account the asynchrony of the multi-modalities in CS. However, it is not suitable for the asynchronous multi-modalities problem. Therefore, in this thesis, we propose a preprocessing resynchronization procedure which is named as Aligned Concatenation (AC). It first pre-aligns the hand shape and position features with lips features, and then concatenates them as a whole feature. The initial idea of AC fusion originates from the Direct Identification (DI) model proposed by Schwartz et al. [START_REF] Schwartz | Ten years after summerfield: A taxonomy of models for audio-visual fusion in speech perception[END_REF]. In [START_REF] Aboutabit | Automatic identification of vowels in the cued speech context[END_REF], to take into account the asynchrony of lips and hand, Aboutabit et al. applied the SI model to merge the decisions derived first from the hand at hand target instant and then from the lips at lips target instant for isolated vowels extracted from sentences. In this thesis, AC fusion is applied to merge lips and hand features in a continuous way for the whole sentence (the transitions of CS movements are included). More precisely, there is no need to indicate the exact target instant of lips, hand shape and positions. Fig. 8.3(a) shows the audio signal and its alignments and annotation for the sentence Ma chemise est roussie. This sentence contains 12 phonemes (6 vowels and 6 consonants). We remark that this audio-based temporal segmentation is directly used for the lips feature stream. For the hand movement, we take the hand position case as an example and show the principles of direct and AC fusions. 

A.2 Text file of words