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Cette thèse s'est déroulée dans le cadre d'une Convention Industrielle de Formation par la Recherche (CIFRE) et a commencé en février 2016. Ce manuscrit est donc le résultat d'un travail collaboratif entre l'entreprise Voxygen et le Laboratoire Traitement du Signal et de L'Image (LTSI). La plupart des travaux ont été réalisés en parallèle du projet européen Digi-NewB, démarré en mars 2016. Digi-NewB a pour but de proposer de nouvelles solutions de monitoring du nouveau-né prématuré à partir de trois types de données (électrophysiologiques, cliniques et vidéo&audio), afin d'aider les cliniciens dans leur prise de décision. Deux aspects principaux de la santé néonatale sont concernés : l'infection et la maturation neurocomportementale. Dans ce contexte, l'attention de cette thèse s'est concentrée sur le développement de techniques non invasives, en particulier l'analyse vidéo et audio, pour le suivi des nouveau-nés prématurés dans leur évolution neurocomportementale.

Motivations

Dans le monde, 15 millions de bébés naissent prématurément chaque année et ce nombre augmente dans presque tous les pays dont les données sont accessibles [2,6]. En France, cela représente 6% des naissances, soit environ 60 000 naissances par an. La prématurité est la principale cause de mortalité néonatale et des solutions pour améliorer la prise en charge peuvent encore être développées.

Les prématurés ont plusieurs fonctions immatures notamment digestives, cardio-respiratoires, immunologiques ou neurologiques et reçoivent donc des soins spécialisés. Leur développement est optimisé grâce à une forte surveillance assurée par le personnel médical des unités de soins intensifs néonatales.

Les nouveau-nés prématurés sont équipés de plusieurs dispositifs médicaux en fonction de la gravité de leur immaturité. Néanmoins, bien que vitaux, certains de ces équipements sont invasifs, comme l'intubation pour l'assistance respiratoire, la perfusion intraveineuse et le cathéter pour le soutien alimentaire. De plus, environ deux fois par jour, les nouveau-nés prématurés subissent des tests sanguins. Ils sont notamment réalisés pour vérifier le taux d'oxygénation du sang ou pour détecter des infections. Malheureusement, toutes ces procédures invasives peuvent également dégrader l'état du nouveau-né en provoquant des infections nosocomiales [5].

En même temps, leur état de santé est surveillé en permanence, en particulier les activités cardiaque et respiratoire. En effet, des techniques informatiques ont été déployées pour déclencher des alarmes en cas d'événements de détresse comme les apnées ou les bradycardies. Pour cela, des électrodes sont placées sur le corps du nouveau-né et des signaux électrophysiologiques sont constamment acquis.

De manière plus ponctuelle, leur maturation neurocomportementale est également évaluée. Cela s'effectue principalement par l'évaluation du sommeil. En effet, le sommeil est un indicateur direct du développement neurocomportemental puisqu'il a été démontré que sa structure évolue avec l'âge du nouveau-né [4]. Une première façon de réaliser ce suivi est d'étudier l'électroencéphalogramme du nouveau-né prématuré. Néanmoins, cela nécessite de déployer un système ambulatoire et de placer des électrodes sur la tête du bébé. C'est pourquoi, dans la pratique, cette technique est peu utilisée et sert principalement à confirmer des soupçons de pathologies neurologiques. Comme alternative, des techniques observationnelles peuvent être utilisées. Aujourd'hui, ces observations sont effectuées en présence du nouveau-né par des infirmières qualifiées dans le cadre du Newborn Individualized Developmental Care and Assessment Program (NIDCAP). L'idée sous-jacente de ce programme est que le comportement du nouveau-né est un indicateur de ses besoins et peut donc être observé afin d'individualiser les soins [1]. Au cours de ces observations, plusieurs composantes sont observées telles que les stades de sommeil, les activités vocales, motrices ou faciales. Ces éléments se sont également avérés pertinents pour la détection de divers troubles neurologiques [3,7,8]. Toutefois, plusieurs limites entravent la généralisation de ces observations. En effet, cette opération prend beaucoup de temps et seule une petite partie des nouveau-nés peut alors bénéficier de ce suivi. De plus, bien qu'elle soit effectuée par des infirmières spécialement formées, ces observations restent subjectives.

Objectifs

A la lumière de ces observations, il semble que de nouvelles solutions pour assurer une surveillance neurocomportementale continue pourraient améliorer la prise en charge des nouveau-nés. En effet, avec une telle solution, le comportement des nouveau-nés pourraient être surveillé en continu et les cliniciens pourraient alors disposer d'éléments supplémentaires pour évaluer leur développement neurocomportemental. Cependant, les nouveau-nés étant déjà encombrés par plusieurs équipements, il est important de developper des stratégies non invasives.

Contributions

Dans ce but, l'attention de cette thèse s'est concentrée sur des traitements vidéo et audio.

Premièrement, la pertinence de telles analyses dans le contexte de la santé pédiatrique a été étudiée. Ainsi, plus de 150 documents ont été examinés et les méthodes proposées ont été évaluées au regard de la possibilité de les intrégrer à un système de surveillance continue. Ce travail conséquent a été publié dans la revue Physiological Measurement :

• Cabon, S., Porée, F., Simon, A., Rosec, O., Pladys, P., Carrault, G. Video and audio processing in paediatrics : a review. Physiological Measurement, 40 (2), 1-20. (2019).

Simultanément, une étude préliminaire sur l'estimation des états de sommeil chez le nouveau-né prématuré a été menée. Pour la première fois, une approche semi-automatique combinant le traitement vidéo et audio a été développée. Ce travail a été publié dans la revue Biomedical Signal Processing and Control :

• Cabon, S., Porée, F., Simon, A., Met-Montot B., Pladys, P. ,Rosec, O., Nardi, N. and Carrault, G.

Audio-and Video-based estimation of the sleep stages of newborns in Neonatal Intensive Care Unit. Biomedical Signal Processing and Control, 52, 362-370. (2019).

A partir de là, plusieurs décisions ont été prises concernant l'orientation du travail et les développements prioritaires pour se rapprocher d'une solution de surveillance entièrement automatique.

Dans un premier temps, un nouveau système d'acquisition audio-vidéo a été proposé. Son intégration dans les unités de soins intensifs néonatales a été étudiée afin de s'adapter à une grande variété de configurations de chambres, en gardant à l'esprit l'objectif non invasif, tant pour les nouveau-nés que pour le personnel médical. Il importe de souligner que cet aspect important de la surveillance audio et vidéo a été très peu abordé dans la littérature et que ce travail constitue une contribution importante.

Deuxièmement, l'attention s'est portée sur les analyses de mouvement. Un processus allant de l'acquisition vidéo à l'extraction de caractéristiques pertinentes pour la caractérisation neurocomportementale a été proposé. Il est basé sur l'extraction de séries de mouvements au moyen de techniques de traitement vidéo classiques (e.g., différence inter-images, opérateurs morphologiques). La force de ce travail repose sur le fait que plusieurs difficultés, inhérentes au suivi sur de longues périodes, ont été surmontées. La plus importante est la détection automatique des périodes d'analyses non pertinentes, en raison de la présence d'un adulte dans le champ de la caméra. Cette partie spécifique du processus a été présentée à la conférence Recherche en Imagerie et Technologies pour la Santé et publiée dans la revue Innovation and Research in BioMedical engineering :

• Cabon S., Porée F., Simon A., Ugolin M., Rosec O., Carrault G. and Pladys P. Caractérisation du mouvement chez les nouveau-nés prématurés par analyse automatique de vidéos. Journées RITS 2017. Lyon, France, résumé. (2017).

• Cabon, S., Porée, F., Simon, A., Ugolin, M., Rosec, O., Carrault, G. and Pladys, P. Motion Estimation and Characterization in Premature Newborns Using Long Duration Video Recordings. IRBM, 38 (4), 207-213. (2017) ;

De plus, un ensemble de paramètres caractérisant l'organisation du mouvement a été calculé après une étape de classification. Les résultats préliminaires révèlent que l'ensemble de paramètres proposé est pertinent pour apprécier l'évolution de l'organisation du mouvement des nouveau-nés prématurés.

Enfin, un processus allant de l'enregistrement audio à l'extraction automatique des pleurs a été proposé. De la même façon que pour l'analyse du mouvement, la force de ces travaux réside dans le fait qu'il a été conçu pour s'adapter aux conditions réelles des unités de soins intensifs néonatales. En effet, dans ces unités, divers sons non pertinents, dans le cadre de notre étude, peuvent être enregistrés, comme des voix d'adultes, des alarmes de dispositifs ou des bruits de fond. Notre approche pour l'extraction des pleurs est basée sur un ensemble de caractéristiques calculées à partir d'une analyse "harmonique plus bruit". Cette technique, généralement appliquée en synthèse vocale, n'a jamais été abordée dans ce but et les résultats s'avèrent équivalents, sinon supérieurs, à ceux observés dans la littérature. Ils montrent qu'en dépit d'un contexte clinique difficile une segmentation et une classification automatique des pleurs est possible et que la fréquence fondamentale des pleurs est un très bon marqueur de la maturation du bébé prématuré.

Enfin, ce travail a été réalisé dans le contexte du projet européen Digi-NewB où une base de données conséquente a pu être acquise, il a également servi de support à l'annotation manuelle de vidéos et de signaux sonores pour l'évaluation des méthodes automatiques qui ont été proposées. Ceci représente donc également à nos yeux une contribution importante qu'il convient de mentionner.

Contenu du manuscrit

Le manuscrit qui résulte de ces travaux est divisé en sept chapitres. Le chapitre 1 est consacré à la définition des objectifs cliniques de la thèse. Une attention particulière est accordée aux soins des nouveau-nés prématurés et à la présentation des unités de soins intensifs néonatales. L'importance de développer de nouvelles solutions de suivi, notamment pour l'évaluation du développement comportemental, y est soulignée.

Dans les deux chapitres suivants, le contexte méthodologique de ce travail est présenté. Dans le chapitre 2, nous proposons un examen approfondi de la littérature. Les méthodes audio et vidéo existantes développées pour la santé pédiatrique sont présentées et leur pertinence dans le cadre d'un objectif de surveillance est discutée. L'analyse de ce chapitre a démontré l'importance des méthodes d'exploration et de classification des données pour aller vers des solutions entièrement automatiques. Ainsi, le chapitre 3 se concentre sur la présentation des méthodes utiles à la classification. De plus, une grande partie des résultats présentés dans cette thèse proviennent directement de l'utilisation de ces techniques dans trois contextes différents : l'analyse du sommeil, la détection de mouvement et l'extraction de pleurs.

Une étude, reportée dans le chapitre 4, a été menée afin d'évaluer la pertinence des méthodes audio et vidéo pour l'identification des stades du sommeil chez les nouveau-nés prématurés. Ces travaux ont servi de base pour les chapitres suivants.

Un nouveau système d'acquisition audio-vidéo, développé dans le cadre de Digi-NewB, a ainsi été proposé. Dix-huit systèmes ont été déployés dans six hôpitaux. Leur intégration dans les unités de soins intensifs néonatales a été étudiée. La présentation et l'évaluation de ces travaux sont présentées dans le chapitre 5.

Le chapitre 6 présente les traitements vidéo mis au point pour caractériser l'organisation du mouvement des nouveau-nés prématurés. Ce processus a été conçu pour répondre en grande partie aux difficultés induites par la surveillance à long terme telles que les diverses configurations d'environnement ou la présence d'adultes dans le champ de la caméra. Les séries de mouvements ont été extraites de la vidéo et des paramètres caractérisant l'organisation du mouvement en termes de durée et de nombre d'intervalles de mouvement et de non-mouvement ont été estimés. Les résultats reportés démontrent tout le bien fondé de l'importance de quantifier le mouvement dans le suivi de la maturation du nouveau-né prématuré.

Avec ces mêmes objectifs, un processus audio, basé sur la classification, a été conçu afin de caractériser les pleurs des nouveau-nés prématurés et est décrit au chapitre 7. Dans ce contexte, nous nous sommes intéressés à l'extraction automatique des pleurs émis par le bébé en excluant les autres sons (e.g., voix d'adultes, alarmes) grâce à des méthodes de classification. De la même manière que pour le mouvement, des résultats préliminaires ont été obtenus concernant l'évolution des pleurs, notamment en ce qui concerne la fréquence fondamentale, chez les prématurés.
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Worldwide, 15 million of babies are born prematurely each year and this number is rising in almost all countries with reliable data [2,8]. In France, it represents 6% of the total births which means, approximately, 60 000 births every year. Prematury is the main cause of neonatal mortality and solutions to enhance their care still need to be developed.

Premature babies have several immature functions such as digestive, cardio-respiratory, immunological or neurological and thus receive a specialized care. Their optimal development is ensured thanks to a high medical supervision that is provided by medical staff in Neonatal Intensive Care Units (NICU).

Premature newborns are equipped with several medical devices depending on the severity of their immaturity. The better their condition evolves, the less equipment will be used until their discharge home. Nevertheless, most of this equipment, although vital, is invasive such as intubation for respiratory assistance, intravenous infusion and catheter for food support. Moreover, about twice a day, premature newborns experience blood testing, performed in order to check blood oxygenation or to detect infections. Unfortunately, all of these invasive procedures can also degrade the newborn condition by provoking nosocomial infections [5].

In the meantime, their health status is continuously monitored, especially regarding cardiac and respiratory activities. In fact, computational techniques have been deployed in order to trigger alarms in case of distress events (e.g., apneas, bradycardias). For that purpose, electrodes are placed on the newborn's body and electrophysiological signals are constantly acquired.

In a more punctual manner, their neuro-behavioral maturation is also assessed. It is mainly performed through sleep evaluation. In fact, the sleep mechanism is a direct indicator of neuro-behavioral development since it has been shown to evolve with the age of the newborn [4]. For this purpose, ElectroEncephaloGrams (EEG) can be acquired and studied. Nevertheless, it requires to deploy an ambulatory system and to place electrodes on the baby's head. Hence, in practice, it is sparsely performed and mainly in order to confirm medical suspicion of neurological pathologies. As an alternative, observational techniques can be used. To date, these observations are performed in presence of the newborn by trained nurses as part of the Newborn Individualized Developmental Care and Assessment Program (NIDCAP). The underlying idea of this program is that the behavior of the newborn is an indicator about his/her needs and thus can be observed to individualize the care [1]. During these observations, several components are observed such as respiratory, vocal, eyes, motor or facial activities. These elements have been shown to be related to sleep states but also to be relevant for the detection of various neurological impairments [3,6,7]. However, several limitations hinder the generalization of these observations. This operation is very time-consuming and thus only a small part of the newborns benefits this follow-up. Additionally, although it is performed by trained nurses, these observations remain subjective.

On the light of these observations, it appears that new solutions to provide continuous neuro-behavioral monitoring could enhance the care of newborns. Indeed, with such solutions, all newborns may be con-stantly monitored and clinicians may have additional elements to assess neuro-behavioral maturation. However, newborns being already cluttered by several devices, it is important to develop non-invasive strategies.

Among the non-invasive techniques, the use of cameras associated with microphones seems to be one of the most relevant to provide a behavioral characterization close to the observations made by nurses. Indeed, that way, vocal, motion or facial activities can be captured. In addition, their set-up requires no interaction and no contact with the newborn. For these reasons, this thesis was focused on the development of video and audio analyses for behavioral monitoring.

This thesis was conducted in the context of a Convention Industrielle de Formation par la Recherche (CIFRE) and began in February 2016. Hence, this work is the result of a collaboration between Voxygen company and the Laboratoire Traitement du Signal et de l'Image (LTSI). Most of this work was performed in the context of the European Project Digi-NewB, started in March 2016. Digi-NewB aims to propose new monitoring systems, based on three data sources (electrophysiological, clinical and audio&video data) to help clinicians in their diagnosis. Two main aspects of neonatal health are targeted: sepsis and neuro-behavioral maturation. It is on this last point that the work of this thesis is focused.

The resulting manuscript is divided into seven chapters. Chapter 1 is dedicated to the definition of the clinical objectives of this thesis. A particular attention is paid to the current care of premature newborns and the presentation of Neonatal Intensive Care Units. The importance of developing new monitoring solutions, notably for the assessment of behavioral development, is underlined.

The methodological context of this work is considered in the two following chapters. In Chapter 2, a review of the literature is proposed. Existing audio and video methods developed for pediatric health are presented and their relevance within a monitoring objective is discussed. Then, Chapter 3 focuses on methods for classification since a large part of the results presented in this thesis comes directly from the use of such techniques.

In Chapter 4, a study is presented in order to evaluate the relevance of audio and video methods for sleep stages identification in preterm newborns. The proposed approach combines audio and video analyses.

Then, a new audio-video acquisition system, developed in the context of Digi-NewB, is proposed in Chapter 5. In particular, its integration in Neonatal Intensive Care Units is evaluated as well as its acceptability by the medical staff.

In Chapter 6, a video-based processing developed in order to characterize the motion organization of preterm newborns is presented. This process is designed in order to answer a large part of the difficulties induced by long time monitoring (e.g., various configurations of the environment, presence of adults in the camera field).

Within the same objectives, an audio-based process based on classification, is proposed in order to automatically extract cry events from all the other sounds encountered in NICU (e.g., alarms, adult voices). This work is reported in Chapter 7.
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CLINICAL CONTEXT AND OBJECTIVES

This first chapter describes the clinical context of our work. It gives an insight into prematurity in terms of definitions and particularities as well as of their clinical management, especially in Neonatal Intensive Care Units (NICU). A focus is then made on sleep assessment. In addition, the objectives of the thesis are introduced.

Prematurity

Definitions

Several definitions are necessary to clarify the discussion about premature particularities. First of all, according to the American Academy of Pediatrics [5], neonate ages can be reported with several terminologies: Gestational Age (GA), PostMenstrual Age (PMA), chronological age or corrected age (see Figure 1.1). Here, we will generally employ GA and PMA to define newborn ages. In fact, GA represents the duration, in weeks, between the first day of the last menstrual period and the birth date and thus, proposes a fixed age to refer and identify premature babies, independently from their current age (date of assessment). In contrast, PMA, also in weeks, defines the duration from the last menstrual period to the date of assessment and consequently offers an evolving age to highlight newborn evolution.

Figure 1.1 -Age terminology during the perinatal period (American Academy of Pediatrics [5] ).

A newborn is considered as premature if his/her birth occurred before 37 weeks GA, meaning before eight and a half months of pregnancy. In contrast, full-term neonates are born between 37 and 42 weeks GA. Premature severity is declined in three different categories that represent, respectively, 5, 10 and 85% of the total premature births:

• extremely preterm newborns (under 28 weeks GA);

• very preterm newborns (from 28 to 32 weeks GA);

• moderate or late preterm newborns (from 32 to 37 weeks GA).

Besides these considerations, newborns weighting less than 1500 g, regardless their GA, are also considered as premature and are identified as very low-birth-weight infants.

A preterm birth occurs for a variety of reasons. Among them, multiple pregnancies, infections or chronic conditions, such as diabetes or high blood pressure, have been pointed out to be important factors, although no specific cause is often identified [18]. Two broad classes of preterm births can be distinguished: spontaneous birth and provider-initiated birth [6]. Spontaneous birth regroups spontaneous onset of labor or Premature Rupture of Membranes (PRM) whereas provider-initiated birth (induction of labor or elective caesarean) can be induced in case of maternal or fetal infection or for other non-medical reasons.

Risks due to prematurity

Prematurity is the main cause of neonatal mortality [16]. However, as depicted by Figure 1.2, survival rates differ according to preterm newborn categories. Hence, survival rate of extremely preterm newborns is varying between 0 and 90% while infants born after 29 weeks GA are more likely to survive (more than 95%) [17]. Nevertheless, it is important to report that these statistics are different in low-income countries where half of the babies born before 32 weeks GA continue to die because of a lack of feasible and cost-effective care [18]. Due to the immaturity of vital functions such as the central nervous, cardio-respiratory or digestive systems, leaving in extrauterine environment is challenging for preterm infants. The higher is the degree of prematurity, the more severe are their health problems. The most common are:

• Neurological: several diseases such as cerebral palsy or intraventicular hemmorrhage are consequences of their immature brain;

• Cardiorespiratory: immaturity of the lungs and of the respiratory control system can lead to respiratory distress syndrome, apnea-bradycardia or chronic lung disease;

• Immunological: preterm infants are more vulnerable to infection caused by virus or fungi (e.g., sepsis or pneumonia) because of an incomplete immunological system;

• Thermical: maintaining corporal temperature is also challenging for premature infants due to their small size and low body fat mass;

• Digestive: the gastrointestinal system being not fully developed, breast milk or formula cannot be properly digested. In addition, preterm infants are usually unable to coordinate sucking and swallowing;

• Metabolic: the immaturity of organs such as pancreas or liver may induce hypoglycemia or jaundice.

Moreover, over the longer term, premature infants present a higher risk of morbidity than full-term newborns. They are subject to live with long term developmental impairments and behavioral sequelae in the transition to adulthood [13]. Among them, we can cite attention deficit hyperactivity disorder, hearing loss (5 to 10% of extremely preterm) or visual impairments (around 25% of extremely preterm). In children who are born extremely or very preterm, cognitive and neuromotor impairments at 5 years of age increase according to a decreasing gestational age. In fact, near 40% of these preterm infants present motor, sensitive or cognitive impairments while 12% of the full-term children are concerned. Impairments can be divided in three levels: severe (5%), moderate (9%) and mild (25%) [10].

Presentation of Neonatal Intensive Care Units

Neonatal Intensive Care Units were introduced in the seventies. From there, the neonatal mortality drastically decreased and NICU became essential to neonatal care. These units are designed to provide a specialized medical care for sick term and preterm infants in order to ensure their optimal development. Along his/her hospitalization, the newborn goes through different care configurations that mainly depend on the maturation of each of his/her immature physiological functions. In practice, the three major criteria that lead to the discharge home are the following ones:

• independent thermoregulation to maintain normal body temperature;

• sufficiently mature respiratory control;

• ability to feed by mouth to support appropriate growth.

First, in order to present the whole hospitalization process, the typical care of extremely preterm newborns, regarding the three major criteria, is described below. Nevertheless, each preterm or sick newborn, regarding its disabilities and development, is integrated in this process at the appropriate step. Then, physiological and neurobehavioral monitoring in NICU are presented.

Thermal regulation An extremely preterm newborn system is not capable to regulate the body temperature to deal with extra-uterine environments. Thus, the central element of any NICU room is the incubator (Figure 1.3(1)), a bed enclosed in a plastic shield that keeps the newborn in a controlled environment regarding temperature and humidity. In addition, it ensures a minimal exposure to germ and external noise. The use and the settings of incubators depend on the special needs of each newborn. Incubator thermal regulation can be based either on a configured targeted ambient temperature or on baby's skin temperature. Then, depending on the development of the baby thermoregulation, clinicians decide to place the infant in successive environments, from radiant warmer (Figure 1. Respiratory assistance Several breathing assistance techniques are used to fulfill infant oxygen needs. Extremely preterm infants experience several respiratory distress events such as apnea or bradycardia (slow heart rate), that require an immediate intervention. At first, an invasive procedure such as intubation supplemented by a ventilator assistance device is given. Later, in function of the respiratory development of the newborn, intubation is progressively replaced by less invasive elements like nasal cannula. All along the care, clinicians evaluate the needs of the newborn by different means like the analysis of the evolution of the respiratory distress events or blood testing (twice a day).

Feeding A similar strategy is applied to feeding. First, extremely preterm infants are equipped by devices that provide the necessary food: tube feeding from nose to stomach and central catheter that can be supplemented by perfusion. These feeding elements are gradually taken off until the newborn is capable to eat by mouth. Usually, feeding ability is the last step to validate before the discharge.

Physiological monitoring

All along the hospitalization, the newborn is continuously monitored. As mentioned above, the temperature of the skin of the baby can be measured to regulate the temperature of incubator or radiant warmer. In addition, cardiorespiratory distresses require immediate nursing actions. The heart and breathing rates or arterial/central venous pressure are then continuously acquired and alarms are triggered in case of distress. These signals are collected by electrodes placed on the infant's body. Non-invasive pulse oximetry can also be performed to measure the blood oxygen saturation and pulse rate through a photodetector. It is used in most NICUs as a detector for desaturation (sudden decrease of blood oxygenation) and hypoxemia (underoxygenation) events that can cause neurologic sequelae.

Neurobehavioral monitoring Contrary to the physiological monitoring, neurobehavioral monitoring is performed in a more punctual manner. In practice, it is mainly based on sleep analysis.

On request of doctors, ElectroEncephaloGraphic (EEG) examinations can be performed to evaluate possible brain damage. In that case, an ambulatory system is deployed in the newborn room and some electrodes are placed on his/her head for the signal acquisition.

To evaluate the development of the extremely and very preterm newborns, the Newborn Individualized Developmental Care and Assessment Program (NIDCAP) suggests to examine the infant every 15 days until the discharge. This examination lasts one hour and is performed by a trained nurse which visually annotates the behavior of the infant (e.g. sleep states, motor and facial activities) within a 2minute granularity. However, this observation being time consuming, only a small part of the newborns benefits from this follow-up.

Sleep assessment

At birth, the brain of preterm infants is less mature than that of full-term infants. This results to immaturity of sleep mechanisms. Sleep cycling can thus be studied as a physiological biomarker of developmental neural plasticity to predict developmental outcomes [1,4,8]. Sleep-wake cycling is essential for early neurobehavioural development, learning, memory, and preservation of brain plasticity [7].

The first study on newborn behavior was conducted by Prechtl and Beintena in 1967 [12]. It demonstrated the predictable occurrence of physiological rhythms, also called behavioral states. Four components were observed (eyes state, breathing, movements and crying) to compose five behavioral states (Figure 1.4). To date, several classifications of behavioral states have been proposed. Among them, the most used is the Neonatal Behavioral Assessment Scale (NBAS) integrated in NIDCAP. This assessment is directly performed from visual observations of the newborn behavior and is based on the scale proposed by Prechtl and Beintena. In NBAS, each state has been nominated and associated with a definition:

• Quiet Sleep (QS). The newborn is quiet (no movement and no crying), eyes closed, with a regular breathing.

• Active Sleep (AS). Contrary to QS, newborns can slightly move with an irregular breathing.

• Drowsiness (D). It is an intermediate state that occurs between sleep and wake stages (AS and QA). In this transitional state, eyes can be open, a variable activity level can be observed such as sporadic bursts of movement or moaning. Breathing is mostly regular.

• Quiet Alert (QA). The newborn is awake, eyes are open, the infant may twist. Breathing is irregular.

• Normal development of preterm newborns is characterized by a rapid evolution of the organization of the sleep states. More precisely, as illustrated by Figure 1.6, the time spent in QS and in AS increases progressively along with conceptual age (i.e., as well as with PMA) [3]. In addition, the amount of waking states (QA and AA) also increases [9]. Nevertheless, this observational technique hardly integrates the clinical routine since it has to be performed in the presence of the newborn. Moreover, behavioral state annotation requires a high training Section 2. Objectives of the work and experience. In fact, as it can be felt by reading the state definitions, several states can be easily confused and the evaluation remains expert dependent. Hence, the development of automatic and fast procedures is necessary to better monitor neurobehavioral development of newborns.

Objectives of the work

The thesis

The objective of this thesis is to propose non-invasive solutions in order to provide a continuous behavioral monitoring in NICU.

We have seen that observational techniques are usually used in clinic, notably for sleep analysis. However, to date, it is time consuming and sparsely performed by experimented nurses. Within the objective to overcome these limitations, the attention of this work is then focused on the development of video and audio algorithms. Three main objectives were defined:

• Study of the existing literature about the audio-and video-based methods developed in the context of pediatric health;

• Design of an audio-video acquisition system for NICU;

• Development of audio-and video-based methods to continuously monitor the neuro-behavioral development of premature newborns.

The Digi-NewB project

In parallel with this work, the Digi-NewB project was conducted. This project, summarized by Figure 1.7, is a Horizon 2020 European project that began in March 2016 and will end in March 2020. Using clinical and signal data (cardiac and respiratory traces, video quantification of movement and sound) from a large cohort of hospitalized newborns (n=780), Digi-NewB aims to propose a new gen-eration of non-invasive monitoring in neonatology. The objective is to reduce mortality, morbidity and health costs of hospitalized newborns by assisting clinicians in their decision-making of sepsis risk and of cardio-respiratory and neurobehavioral maturation.

To date, no monitoring system has been proposed to automatically characterize behavior of preterm newborns. Reversely, the development of systems to predict sepsis has been more addressed [2,11,15]. Most of these systems were only based on heart rate analyses [2,11,14,15]. Their efficiency to reduce mortality in VLBW patients and to decrease length of stay of the infected surviving VLBW infants was shown during randomized control clinical trials [11,15]. The same conclusions were reached by a machine learning approach based on the collection of clinical signs [14]. These recent publications show the relevance of developing new monitoring system by collecting data from multiple sources.

To achieve these goals, a consortium of seven partners from four countries (Finland, France, Ireland and Portugal) has been formed, composed by: • a paediatric clinical network (GCS HUGO, France), responsible of the project coordination and of the clinical protocol conduction in six hospitals;

• two small and medium companies (Voxygen, France and Syncrophi, Ireland);

• four university groups with multidisciplinary expertise in signal processing (Instituto de Engenharia de Sistemas e Computadore, Portugal and LTSI, Université de Rennes 1, France), in cardiovascular modeling (LTSI, Université de Rennes 1, France), in multivariate analyses (Tampere University of Technology, Finland) and in user centered design approach (National University of Ireland Galway, Ireland).

The objective is that this new type of monitoring leads to the development of novel preventive and therapeutic strategies to counteract late diagnosis of sepsis and inappropriate evaluation of maturity.

The overall workflow of the Digi-NewB project is reported in Figure 1.8. Each partner is responsible of a work package that goes from the acquisition of the data to the design of a decision support system. This thesis is involved in two main work packages: Work Package 2 (WP2) and Work Package 3 (WP3). WP2, driven by Voxygen, concerns the design and integration of a multisensor acquisition system for NICU. WP3, directed by LTSI -Université de Rennes 1, has for objective the processing of the acquired data to extract clinically relevant features regarding the two clinical targets: sepsis risk prediction and maturation evaluation.

Conclusion

This chapter underlines the necessity to design new monitoring solutions in order to improve the newborn care. In particular, the examination of neurobehavioral development is essential to evaluate newborns outcomes. However, to date, this examination is time consuming, expert-dependent and sparsely performed.

We have also seen that systems have been already developed but that they did not gather as a whole the physiological data, the behavioral and the clinical signs. One of the objectives of the Digi-NewB project is to enhance the scope of classical collected data (physiological and clinical signs) by the addition of audio and video components in order to propose non-invasive alternatives.

Within this objective, this thesis focuses on the development of audio and video methods. To do this task, it was first important to identify the weak and strong points of audio and video analyses. The next chapter is then dedicated to the audio and video features explored in the literature that were demonstrated clinically relevant in pediatrics. [17] TYSON, J. E., PARIKH, N. A., LANGER, J., GREEN, C., AND HIGGINS, R. D. Intensive care for extreme prematurity-moving beyond gestational age. New England Journal of Medicine 358, 16 (2008), 1672-1681.

[18] WORLD HEALTH ORGANIZATION. Born too soon: the global action report on preterm birth.
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CHAPTER 2

METHODOLOGICAL CONTEXT: VIDEO AND AUDIO PROCESSING IN PAEDIATRICS

This second chapter is important and reports a part of the methodological context of this work. Indeed, it lays the groundwork of the audio and video processing methods that were developed in pediatrics. For this purpose, more than 150 papers were reviewed. For both topics, clinical applications are described according to the considered cohorts, either full-term newborns, infants and toddlers, or preterm newborns. Then, processing methods are presented, in terms of data acquisition, feature extraction and characterization. The content of this chapter has been published in Physiological Measurement [19]. In this article, methods for video are first addressed. Audio analyses are then described. To finish, a discussion section is provided in order to give an insight of the strengths and limitations of these methods for monitoring purpose.

Background

The analysis of neonatal and early childhood development is at the center of concerns of the medical community. Especially, premature babies, having several vital immature functions, receive a particular attention by the recording, in Neonatal Intensive Care Unit (NICU), of several physiological signals [START_REF] Huvanandana | Advanced analyses of physiological signals in the neonatal intensive care unit[END_REF], however limited by their fragility. On the other hand, video and audio acquisitions have the advantage to propose contactless and non-invasive ways to collect data for patients being cared for in hospital or at home. Such technologies having known great improvements in the last decades, they are now used in many biomedical applications.

The use of audio and video in paediatrics found certainly its roots in sleep analysis when the Association of the Psychophysiological Study of Sleep (APSS) stated in 1969 the necessity to develop a guide for scoring sleep in infants, since the criteria of Rechtschaffen and Kales [START_REF] Rechtschaffen | A manual of standardized terminology, techniques and scoring system for sleep stages of human subjects[END_REF] were "applicable only to the adult" and had "not taken into account the unique features of the developing infant" [48]. In 1971, Anders et al. published a manual recommending to support polysomnographic recordings by behavioral observations [9] and then carried out a study with full-term infants, where behavioral states were scored from video and audio acquisitions, according to eye state, movements and crying vocalizations [10]. Later on, several approaches using audio and video recordings were proposed to analyze sleep either on premature newborns [42], or on children for the evaluation for Obstructive Sleep Apnea (OSA) [START_REF] Morielli | Can sleep and wakefulness be distinguished in children by cardiorespiratory and videotape recordings?[END_REF][START_REF] Sivan | Screening obstructive sleep apnoea syndrome by home videotape recording in children[END_REF]. Finally in 2011, ASA/ASTA (Australasian Sleep Association/Australasian Sleep Technologists' Association) Paediatric Working Group recommended to record audio and video as additional information to the electrophysiological signals in the scoring of children sleep [START_REF] Pamula | ASTA/ASA addendum to the AASM guidelines for the recording and scoring of paediatric sleep[END_REF].

Along with these works, in 1990, Prechtl developed a method to assess the quality of General Movement (GM) based on video observations as a diagnostic tool for early detection of brain dysfunction [START_REF] Prechtl | Qualitative changes of spontaneous movements in fetus and preterm infant are a marker of neurological dysfunction[END_REF][START_REF] Prechtl | An early marker for neurological deficits after perinatal brain lesions[END_REF]. From there, General Movement Assessment (GMA) using video has been applied in several clinical contexts. In the same way, the detection of neonatal seizures also led to a lot of works including video acquisitions [START_REF] Pediaditis | Vision-based motion detection, analysis and recognition of epileptic seizures-a systematic review[END_REF]. Such analyses relied, in the oldest studies, on manual annotations of the videos that began to be automatically processed only in the 2000s, thanks to the improvements in digital video processing.

The development of automated sound processing occurred earlier since studies on newborn cries began from the 1960s with Wasz-Höckert et al. , where it was shown, by spectrographic analysis, that four different types of cries could be distinguished as birth, pain, hunger, pleasure (see [START_REF] Wasz-Höckert | Twenty-five years of Scandinavian cry research[END_REF] for an historical review). From there, a huge literature arose, with the analysis of frequency features, in children and newborns. Several studies performed also detailed analyses of crying behavior in preterm newborns either solely, or in comparison with full-term newborns.

The objective of the present paper is to synthesize this abundant literature, in the context of paediatrics, and identify its clinical impacts. Specifically, the motivation of our work is to offer an overview of the existing audio and video processing methods to evaluate their potential application for monitoring in NICU. The paper is organized in two main sections: Section 2 is devoted to video processing, while audio analysis is described in Section 3. For both topics, clinical applications are first described. Since these applications differ depending on the studied population age, especially considering audio analysis, they are presented first for full-term newborns (0 to 2 months old), infants (2 months to 1 year old) and toddlers (1 to 4 years old) and then for preterm newborns. Then, processing methods are presented, in terms of data acquisition, feature extraction and characterization. Finally, last section draws the main limitations of these studies but also gives some propositions, in the objective of developing automatic monitoring systems able to meet clinical needs in NICU.

Video analysis

Since the motion of a newborn is one of the most crucial information to describe his physio-pathological state, it has been the most extracted descriptor from video recordings. The estimation of other types of information has also been investigated such as respiration, heart rate and facial expression.

In this section, main clinical applications supported by video recordings are first presented. However, since, for some applications, video recordings were analyzed manually (especially for preterm), some studies with manual video analysis are included in order to present all the potential applications of video analysis. Then, data acquisition and processing methods are described. Section 2. Video analysis

Clinical applications

Full-term newborns, infants and toddlers

General Movement Assessment was used to support many studies regarding different pathologies. In [51], the visual assessment of motion patterns from video enabled to early detect hemiplegia (complete or partial palsy) in infants with cerebral infarction (not enough blood supply in a region of the brain). Mazzone et al. found that abnormal GMs were early markers of motor impairment (partial or total loss of function of a body part) in infants with Down Syndrome [START_REF] Mazzone | The general movements in children with down syndrome[END_REF]. Nearly ten years after, automatic video processing was applied by different groups to study Cerebral Palsy (CP), which is a disorder of movements caused by an abnormal motor control center of the brain [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF][START_REF] Stahl | An optical flow-based method to predict infantile cerebral palsy[END_REF].

A large part of studies using video recordings was dedicated to the analysis of neonatal seizures. Whereas first studies focused on observational classifications of seizures from video recordings [START_REF] Mizrahi | Characterization and classification of neonatal seizures[END_REF][START_REF] Tharp | Neonatal seizures and syndromes[END_REF], later, thanks to the development of video processing, several approaches were proposed to automatically detect or classify seizures from motion descriptors [61-68, 89, 121]. For their part, Cuppens et al. focused on the specific case of the epilepsy [27,28].

Studies regarding physiological monitoring with the support of video processing have also been conducted. Respiratory frequency has been estimated in order to prevent Sudden Infant Death Syndrome (SIDS) [35] or to detect repeated apnea events in the context of Congenital Central Hypoventilation Syndrome (CCHS) [22,23]. Pulse rate has also been estimated from video acquired during Hammersmith Infant Neurological Examinations (HINE) [START_REF] Sikdar | Contactless vision-based pulse rate detection of infants under neurological examinations[END_REF].

Emotion and facial expression detection also received a particular attention. Face analyses were performed either to discriminate, between the behavioral states sleep, awake and cry [START_REF] Hazelhoff | Behavioral state detection of newborns based on facial expression analysis[END_REF], or to automatically analyze infants emotion during interactions [START_REF] Zaker | A comparison of alternative classifiers for detecting occurrence and intensity in spontaneous facial expression of infants with their mothers[END_REF][START_REF] Zaker | Jointly detecting infants' multiple facial action units expressed during spontaneous face-to-face communication[END_REF].

Preterm newborns

Like for the previous population, video has been mainly used for General Movement Assessment regarding preterm infants. Visual general movement assessment on video recording has been proved successful to determine if infants had brain dysfunctions, either transient or persistent, and to identify infants at risk for impaired neurological outcomes [17]. Later, Bos et al. also observed in videotape recordings the effects of the dexamethasone therapy on high-risk very preterm infant through GMA [18]. Moreover, Spittle et al. showed that abnormal GMs directly reflect white matter injury [START_REF] Spittle | Quality of general movements is related to white matter pathology in very preterm infants[END_REF]. Among these applications, no video processing methods were developed to automatize the assessment. More recently, Adde et al. focused on the automatic prediction of CP by computer-based video analysis of general movements [6,7,[START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF][START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF].

In the meantime, video-based analyses were performed to assess sleep quality, either visually, where video was used as a support for actigraphy measurement validation [START_REF] So | Actigraphy correctly predicts sleep behavior in infants who are younger than six months, when compared with polysomnography[END_REF][START_REF] Sung | Validation of actigraphy for determining sleep and wake in preterm infants[END_REF] or to evaluate the influence of light exposure on the sleep [START_REF] Kaneshi | Influence of light exposure at nighttime on sleep development and body growth of preterm infants[END_REF], or semi-automatically, to detect the eye state in different sleep stages [START_REF] Porée | Traitement de vidéos de polysomnographie pour l'estimation de l'état des yeux chez le nouveauné prématuré[END_REF].

Other clinical investigations through video processing have been conducted. Among them, Pulled-To-Sit examination of infants was performed by the use of object tracking methods [30]. Later, with the CHAPTER 2. METHODOLOGICAL CONTEXT: VIDEO AND AUDIO PROCESSING IN PAEDIATRICS ambition of a contactless and non-invasive monitoring, Villarroel et al. elaborated a monitoring solution of vital signs (respiratory rate, oxygen saturation and heart beat) through video analysis [START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF]. Some authors also succeeded to estimate the infants heart rate from video imaging [1,[START_REF] Van Gastel | Near-continuous non-contact cardiac pulse monitoring in a neonatal intensive care unit in near darkness[END_REF] and Koolen et al. estimated respiration rate by motion extraction [START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF]. Meanwhile, Zamzami et al. worked on pain assessment by classifying infant's expression [START_REF] Zamzami | Pain assessment in infants: Towards spotting pain expression based on infants' facial strain[END_REF].

Methods for video processing

Automatic video processing in paediatrics has led to a large number of papers, with different objectives, including motion extraction and characterization, respiration and heart rate estimation and face analysis such as depicted, in Figure 2.1. The next section presents these works. As a first step, a special attention is paid to video databases.

Video acquisition

Recording settings are important quality factors and yet, only one group observed the impact of the camera set-up on motion analysis, including spatial and temporal resolutions, compression, illumination and location of moving body parts in the images [27,28]. Nonetheless, all authors usually respected reasonable values in term of resolution, frame rate or compression and solutions to overcome the impact of the illumination and location variability were developed (noise reduction techniques, computation of features independent of the amplitude. . . ).

Two database types can be identified regarding camera/patient positioning. The more common one contained video recordings performed in a controlled environment where cameras were located above a mattress and infants were placed in a supine position with no blanket and fully visible [6, 7, 61-68, 95, 113, 114, 121, 130]. A marginal positioning has also been used in [START_REF] Zaker | A comparison of alternative classifiers for detecting occurrence and intensity in spontaneous facial expression of infants with their mothers[END_REF][START_REF] Zaker | Jointly detecting infants' multiple facial action units expressed during spontaneous face-to-face communication[END_REF] where infants were placed in a baby seat with only the head and shoulders visible. In the second type, video data collection was integrated in the medical care routine during scheduled examinations such as HINE [30,[START_REF] Sikdar | Contactless vision-based pulse rate detection of infants under neurological examinations[END_REF] or directly in the bedroom [1,22,23,27,35,[START_REF] Hazelhoff | Behavioral state detection of newborns based on facial expression analysis[END_REF][START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF][START_REF] Ntonfo | Low-complexity image processing for real-time detection of neonatal clonic seizures[END_REF][START_REF] Porée | Traitement de vidéos de polysomnographie pour l'estimation de l'état des yeux chez le nouveauné prématuré[END_REF][START_REF] Van Gastel | Near-continuous non-contact cardiac pulse monitoring in a neonatal intensive care unit in near darkness[END_REF][START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF]. This ambition to integrate the care routine has led to a higher variability in camera positioning. Nevertheless, cameras were mostly placed above one corner of the foot-end of the bed, recording the full body of the baby [22,23,27,[START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF][START_REF] Ntonfo | Low-complexity image processing for real-time detection of neonatal clonic seizures[END_REF][START_REF] Porée | Traitement de vidéos de polysomnographie pour l'estimation de l'état des yeux chez le nouveauné prématuré[END_REF].

For studies focused on face analysis or heart rate, camera position may differ and be on the middleleft of the bed [1]. Zoom has been applied to focus on the head [1,[START_REF] Hazelhoff | Behavioral state detection of newborns based on facial expression analysis[END_REF][START_REF] Zamzami | Pain assessment in infants: Towards spotting pain expression based on infants' facial strain[END_REF]. Dealing with closed incubators, Villarroel et al. installed their camera above the infant, against the plastic wall [START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF]. Profile point of view was adopted for the recordings performed during HINE [30,[START_REF] Sikdar | Contactless vision-based pulse rate detection of infants under neurological examinations[END_REF].

Most of the databases were composed by selected short video sequences from a dozen of seconds to dozens of minutes. Some exceptions were noted in [22] with more than one hour and half of recording and in the work on continuous vital signs monitoring with initial recordings durations between 50 minutes and more than seven hours [START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF].

The size of the studied population was very varied, from a very small number of infants (one to three) [22,[START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF] to a more consequent cohort (more than 30 patients) [7,[START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF].

Methods

For Video Processing

In Paediatrics 

Motion characterization

Motion extraction

Three popular methods have been used to automatically extract body (global) or limbs (local) movements: frame differencing, optical flow and tracking.

Frame differencing consists in computing the difference between the current and one or multiple previous frames. The resulting difference image contains the global motion information, including the infant's movements. However, this difference image is generally very noisy, since it is sensitive to very low intensity changes and to the original images noise. Moreover, since the detection is based on intensity changes, it enables to identify the contours of the moving parts, while being less sensitive to the motion of areas with homogeneous intensities.

Hence, all the studies have considered post-processing to limit the influence of noise. Intensity thresholding or median filtering have been widely used to remove small intensity differences [START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF][START_REF] Ntonfo | Low-complexity image processing for real-time detection of neonatal clonic seizures[END_REF][START_REF] Shimizu | Monitoring preterm infants' body movement to improve developmental care for their health[END_REF], followed by morphological operators or a threshold applied on objects size to remove the small regions [6,7]. The use of a vector clustering was also proposed to identify the different regions of interest [START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF]. Finally, most authors summarized the resulting images by computing a motion signal, sometimes called "motiongram", "quantity of motion" or "motion strength signal", corresponding to the area of the moving parts [6,7,[START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF]. This signal was used for further processing in order to characterize the motion (see section 2.2.3).

Optical flow is the velocity field generated by the relative motion between an object and the camera in a sequence of frames. Contrary to frame differencing which detects the moving areas but does not compute the displacements, optical flow estimation methods return a velocity or a displacement vector for each pixel. Many methods for optical flow have been proposed in the literature [START_REF] Sun | A quantitative analysis of current practices in optical flow estimation and the principles behind them[END_REF], most of them being based on the hypothesis that the intensity of one pixel remains constant between any two following frames and that the motion between two frames is small. Considering infant's motion extraction, the original method of Horn and Schunck [START_REF] Horn | Determining optical flow[END_REF] has been used by different teams [27,28,[START_REF] Karayiannis | Automated detection of videotaped neonatal seizures based on motion segmentation methods[END_REF][START_REF] Karayiannis | Computerized motion analysis of videotaped neonatal seizures of epileptic origin[END_REF][START_REF] Karayiannis | Quantifying motion in video recordings of neonatal seizures by regularized optical flow methods[END_REF]. This approach is based on the minimization of a metric combining two terms, a data term based on the intensity conservation constraint and a smoothness, or regularization, term modelling the spatial distribution of the flow field. The importance of formulating an appropriate smoothness term, e.g. using quadratic functions, and to tune the associated weighting factors has been demonstrated [START_REF] Karayiannis | Automated detection of videotaped neonatal seizures based on motion segmentation methods[END_REF]. In the same sense, Stahl et al. used a method based on a non-local regularization term, imposing a smoothness assumption within a specified region of the flow field [START_REF] Stahl | An optical flow-based method to predict infantile cerebral palsy[END_REF]. In order to segment and track infant's individual body parts, Rahmati et al. proposed, starting from some manual labels in one or more frames, to use a multi-scale optical flow combined with a tracking of the segmented parts [START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF]. As for the studies based on image differences, a temporal signal was finally extracted from the computed flow fields. It is generally based, at each frame, on the area of pixels corresponding to velocity vectors of magnitude higher than a threshold.

Tracking methods rely on the selection (either automatically or manually) of points or regions of interest and on their tracking over the image sequence. They rely on the assumption that the considered features keep a constant appearance over time and motion. This tracking is based either on local intensity differences (template matching methods) or on higher level descriptors (feature matching methods). Both approaches have been used to track either specific parts of the infants, generally selected man-ually (e.g. hands and feet [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF] or center of the head [30]) or more general points of interests (e.g. corners [START_REF] Karayiannis | Extraction of motion strength and motor activity signals from video recordings of neonatal seizures[END_REF]). Karayiannis et al. especially evaluated different trackers based on block matching. Starting from the Kanade-Lucas-Tomasi (KLT) tracker [START_REF] Karayiannis | Extraction of motion strength and motor activity signals from video recordings of neonatal seizures[END_REF], they considered adaptive block matching [START_REF] Karayiannis | Automated extraction of temporal motor activity signals from video recordings of neonatal seizures based on adaptive block matching[END_REF], predictive block matching [START_REF] Karayiannis | Quantifying motion in video recordings of neonatal seizures by feature trackers based on predictive block matching[END_REF] and a variety of other block models associated with the automatic localization of moving body parts [START_REF] Sami | Automated tracking of multiple body parts in video recordings of neonatal seizures[END_REF]. If these approaches had the advantage of estimating the motion of specific parts of the infants, and thus enabled to study precisely their motions, they were sensitive to occlusions, complex motions (e.g. rotations) and noise [START_REF] Karayiannis | Quantifying motion in video recordings of neonatal seizures by robust motion trackers based on block motion models[END_REF].

In short, the considered motion estimation methods have shown their ability to estimate the infant's motion. However, these approaches often relied on parameters which have to be tuned according to the data (e.g. noise, motion amplitude) and are sensitive to occlusions. Moreover, they may not differentiate the infant's motion from other people's (parents, medical staff) motion, thus needing some manual steps to identify regions of interest, making difficult the use of these approaches on long recordings.

Motion characterization

Once the motion signal was extracted, high level features were computed to characterize movements, sometimes in order to automatically classify infants' impairments.

The first step was often to identify motion and non-motion periods (or epochs) from the motion strength signal. For this purpose, Cuppens et al. used two methods: a) a fixed threshold determined thanks to a receiver operating characteristic curve and b) a variable threshold adapted to the noise and computed from mean and standard deviation of a selected non-movement period. They concluded that a variable threshold adapted to each video recording was the best approach with an average Predictive Positive Value (PPV) value of 94% [27]. Considering a tracking of different limbs, Orlandi et al. defined non-motion periods when all limbs values were lower than a fixed threshold [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF].

Many features have been considered to describe the resulting epochs. Features characterizing the distribution of epochs have been used. Mean, median, maximum, standard deviation of the quantity of motion have been computed [6,7], such as speed and acceleration, skewness of the velocity and kurtosis of the acceleration, the last two being measurements of the complexity of the speed and acceleration values [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF]. The periodicity of the motion signal has also been investigated, e.g. using the autocorrelation function, to characterize clonic seizures [START_REF] Ntonfo | Low-complexity image processing for real-time detection of neonatal clonic seizures[END_REF]. The maximum spike duration and the number of spikes have been computed [START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF][START_REF] Karayiannis | Computerized motion analysis of videotaped neonatal seizures of epileptic origin[END_REF]. Positioning features of the centroid of motion (the spatial center of the positive pixels in the motion image) have also been considered [6,7]: the mean position in the xand y-directions, the standard deviation, velocity and acceleration. The motion of individual limbs has also been characterized, e.g. using wavelet and frequency analysis [START_REF] Stahl | An optical flow-based method to predict infantile cerebral palsy[END_REF], the periodicity [START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF][START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF], the correlation between trajectories [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF][START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF][START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF], or the deviation from a smoothed version of the movement to characterize its smoothness [START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF]. 2-D modeling of the camera scene had also been used to extract the angle between head and torso during HINE [30].

The next step was to characterize or classify pathological situations based on these features. Pulledto-sit scores have been computed by applying decision rules regarding the relative movement of the head with respect to the infant torso. The comparison with expert scores led to a sensitivity of 92% along a specificity of 96% [30]. Adde at al. aimed at determining infant with CP [6,7]. By the use of logistic regression, they evaluated the capacity of each feature to classify the absence or presence of fidgety movements (classical circular movements, linked with the absence of CP). Best results were obtained with the standard deviation of the centroid of motion, with a sensitivity of 81.5% and specificity of 70% while other features showed weak specificities of less than 56% [7]. Later, a cerebral palsy predictor was proposed, calculated as a combination of the previous descriptor with the mean and standard deviation of the quantity of motion. It reached a sensitivity of 85% and a specificity of 88% [6]. These works were extended in [START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF][START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF][START_REF] Stahl | An optical flow-based method to predict infantile cerebral palsy[END_REF]. Stahl et al. classified infants using Support Vector Machine (SVM) with a linear kernel. They reported an accuracy of 93.7% along with a sensitivity of 85.3% [START_REF] Stahl | An optical flow-based method to predict infantile cerebral palsy[END_REF]. Combined with an automatic segmentation of infant limb's [START_REF] Rahmati | Video-based early cerebral palsy prediction using motion segmentation[END_REF][START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF], the same approach presented a total accuracy of 87% which was better than the results obtained with electromagnetic sensors [START_REF] Rahmati | Weakly supervised motion segmentation with particle matching[END_REF]. In [START_REF] Karayiannis | An improved procedure for the extraction of temporal motion strength signals from video recordings of neonatal seizures[END_REF][START_REF] Karayiannis | Automated detection of videotaped neonatal seizures based on motion segmentation methods[END_REF][START_REF] Karayiannis | Computerized motion analysis of videotaped neonatal seizures of epileptic origin[END_REF], the goal was to distinguish neonatal seizures from random infant behaviors and to differentiate between myoclonic and focal clonic seizures. Multiple Feed Forward artificial Neuronal Networks (FFNN) were trained, using different sets of features. They reached 85% of specificity and sensibility, with an increase of 5% when a frequency feature was added [START_REF] Karayiannis | Automated detection of videotaped neonatal seizures based on motion segmentation methods[END_REF].

Respiration estimation

Several groups aimed to characterize respiration from video recordings. Authors mostly proposed methods to estimate the respiration rate [8,12,35,[START_REF] Jorge Brieva | Phase-based motion magnification video for monitoring of vital signals using the hermite transform[END_REF][START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF][START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF] and one group focused on the development of an apnea detector [22,23].

Eulerian video magnification has been used to magnify the motion of low amplitude related to respiration [12,23,[START_REF] Jorge Brieva | Phase-based motion magnification video for monitoring of vital signals using the hermite transform[END_REF][START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF]. It is based on the amplification of pixel color variation in a specified frequency band. This was followed by motion extraction, e.g. using frame differences [22,23] or optical flow estimation [START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF], to generate a motion signal which was further processed to characterize the periodicity of the motion. A periodic model whose parameters were estimated using a maximum-likelihood method [8,22,23] or a short-time Fourier transform [START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF] was used. If this process generally considered the whole image, one group performed the magnification in several ROIs before selecting the best ones, i.e. with the higher amplitudes of the estimated periodic variations [8]. Respiratory rate detection was successful for most patients during quiet sleep stages [START_REF] Koolen | Automated respiration detection from neonatal video data[END_REF]. Authors succeeded to identify 90 to 100% of the apneas detected by polysomnography [22].

For their part, Fang et al. revealed slight movements by the use of accumulative sum of difference images. Respiratory signals were then obtained from the frame by frame evolution of the intensity of automatically selected pixels in the accumulative sum. The method showed good results in 46 video sequences [35].

Villarroel et al. based their method on four steps: a) automatic identification of stable periods (with no interaction between the infant and the medical staff) by the use of a non-parametric statistical background image estimation; b) computation of the mean intensity of Regions of Interest on each channel RGB; c) calculation of the reflectance photoplethysmogram by independent component analysis; d) identification of regular frequencies using auto regressive models e) estimation of vital signals by filtering the frequencies according to physiologically realistic ranges. Respiratory rate was obtained after the application of a band pass filter cutting of at 0.33 Hz and 1.67 Hz (i.e. between 20 and 100 breaths per minute) and oxygen saturation was calculated from respiratory signal. Respiratory rate and oxygen saturation estimation were comparable with the Philips monitor values [START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF].

Heart rate estimation

Four studies proposed non-contact heart rate monitoring utilizing camera for preterm infants. These techniques were entirely contactless and used the principle known as pulse-oximetry. In fact, light is more absorbed by blood than by surrounding tissues so that variations in blood volume affect light transmission and reflectance. This phenomenon can be measured by observing slight color variations in a region of interest.

First, a study showing interesting results to monitor heart rate in NICU was presented by Aarts et al. in 2013 [1]. They proposed a method based on four steps: a) tracking of a manually selected area of contrast (e.g. eye, eye brow) that also contained a skin area; b) computation of the average green channel pixel values into the skin area ROI; c) computation of the joint time frequency diagrams (called plethysmograph); d) extraction of the dominant frequency, related to pulse rate. In all 19 infants, heart rates were estimated but not continuously. In fact, low ambient light level and infant motion still remained challenging conditions.

Later, as mentioned above (see section 2.2.4), Villarroel et al. developed a non-contact vital signs monitoring, among them heart rate estimation based on the same steps as respiratory rate estimation, except that they used a different band pass filter between 1.3 Hz and 5 Hz (corresponding to 78 beats per minute and 300 beats per minute) [START_REF] Villarroel | Continuous non-contact vital sign monitoring in neonatal intensive care unit[END_REF]. Resulting signals showed a great correlation with ECG-derived measurements from the Philips monitor.

Pulse rate was also extracted within a manually chosen region of the trunk of the infant by the mean of a set of different color (RGB) decomposition [START_REF] Sikdar | Contactless vision-based pulse rate detection of infants under neurological examinations[END_REF]. Authors found that the RG and GB channel combinations were more accurate in comparison to the RGB or RB channel combination. This observation confirmed that photophlethysmography signal is strongest on the green channel.

It is important to notice that these methods, based on the analysis of slight color changes, were not adapted to acquisitions with low light levels. Recently, a method adapted to infrared illumination was thus proposed, showing a good estimation of heart rate 87% of the time [START_REF] Van Gastel | Near-continuous non-contact cardiac pulse monitoring in a neonatal intensive care unit in near darkness[END_REF].

Face analysis

Infant's facial expression was analyzed to detect the presence of discomfort [START_REF] Hazelhoff | Behavioral state detection of newborns based on facial expression analysis[END_REF]. Authors automatically segmented the face from the background by skin color modelling and localized the eye, eye-brow and mouth region thanks to shape assumptions. Then, they classified behavioral states by the use of a hierarchical classifier [START_REF] Hazelhoff | Behavioral state detection of newborns based on facial expression analysis[END_REF]. However, the study showed weakness in eye-brow segmentation under lighting and viewpoint deviations.

Recent studies on facial analysis presented different features extraction methods [START_REF] Porée | Traitement de vidéos de polysomnographie pour l'estimation de l'état des yeux chez le nouveauné prématuré[END_REF][START_REF] Zaker | A comparison of alternative classifiers for detecting occurrence and intensity in spontaneous facial expression of infants with their mothers[END_REF][START_REF] Zaker | Jointly detecting infants' multiple facial action units expressed during spontaneous face-to-face communication[END_REF][START_REF] Zamzami | Pain assessment in infants: Towards spotting pain expression based on infants' facial strain[END_REF]. Zamzami et al. detected the nose first and then expanded the mask to include the eyes and surrounding areas. A facial strain algorithm was applied on the remaining area in order to extract strain magnitude. K Nearest-Neighbors (KNN) and SVM classifier have been trained to discriminate expression between two states: pain and no-pain. KNN approach showed an higher accuracy of 96% [START_REF] Zamzami | Pain assessment in infants: Towards spotting pain expression based on infants' facial strain[END_REF]. Facial features were also extracted by the mean of Active Appearance Models (AAM) combined with Histogram of Oriented Gradients (HOG) to detect spontaneous facial Actions Units (AUs). Firstly, authors trained classifier for each AU and the best results were given by a SVM classifier with intra-class correlation values up to 0.73 [START_REF] Zaker | A comparison of alternative classifiers for detecting occurrence and intensity in spontaneous facial expression of infants with their mothers[END_REF]. Then, they improved the results by training classifiers to detect multi-AUs and reported F-scores between 0.58 and 0.91 [START_REF] Zaker | Jointly detecting infants' multiple facial action units expressed during spontaneous face-to-face communication[END_REF]. Finally, Porée at al. proposed an algorithm estimating the eye state in videos of premature babies combining tracking with segmentation and characterization steps [START_REF] Porée | Traitement de vidéos de polysomnographie pour l'estimation de l'état des yeux chez le nouveauné prématuré[END_REF]. The proposed approach gave more than 95% of concordance with a sensitivity and specificity, respectively ranging from 78.5% to 100.0% and from 97.69% to 100.0%.

Audio analysis

Acoustic analyses in paediatrics mostly relied on cry analysis. Several studies have been conducted for the analysis of the cries of newborn and small infants, healthy or with various diseases, but also of premature newborns. Four research groups largely contributed on infant cry analyses: the group of Wasz-Höckert in Helsinki (Finland), the group of Lester in Providence (USA), the group of Manfredi in Firenze (Italy) and the group of Reyes-Garcia in Tonantzintla (Mexico). If first studies concerned induced pain cries, spontaneous cries have also been considered. This section is organized as follows. First, we present a non-exhaustive list of studies realized in the analysis of infant cries according to their clinical context. Then, we focus on the methods of data acquisition and acoustic signal processing encountered in these studies. In particular, as the vocabulary of acoustic analysis is very rich, a special attention is paid to feature definition. To a lesser extent, other sounds processing methods (pre-linguistic infant vocalizations, NICU alarms, EEG sonification and lung sound classification) have been proposed and are compiled at the end of this section.

Clinical applications

Full-term newborns, infants and toddlers

Infant cries were largely studied for the differentiation between normal and pathological cries. In [START_REF] Lester | Spectrum analysis of the cry sounds of well-nourished and malnourished infants[END_REF], authors compared the cries of typically developing infants and infants possibly suffering from central nervous system insult due to malnutrition. They showed that the cry of the malnourished infant had an initial longer sound, higher pitch, lower amplitude, more arrhythmia, and a longer latency to the next cry sound than the cry of the well-nourished infant. The similarity between the cry of the malnourished infant and the cry of the brain-damaged infant suggested that malnutrition might affect the regulatory function of the central nervous system. Similar conclusions were obtained by a computerized analysis in [31]. It was shown that cries of healthy newborns with prenatal and perinatal complications have different acoustical properties than cries of low-complications newborns [START_REF] Zeskind | Acoustic features and auditory perceptions of the cries of newborns with prenatal and perinatal complications[END_REF]. Abnormalities were searched in the cries of newborns with multiple or severe problems during the neonatal period, such as low birth weight, respiratory symptoms, jaundice, apnea, but also infants subsequently victims of presumed sudden infant death syndrome [46]. In the 2000s, normal and pathological cries began to be automatically labeled thanks to a wide variety of machine learning approaches in the context of deafness [START_REF] Orozco-García | A study on the recognition of patterns of infant cry for the identification of deafness in just born babies with neural networks[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF], hypoxia-based Central Nervous System (CNS) diseases [START_REF] Ortiz | A radial basis function network oriented for infant cry classification[END_REF], cleft palate [START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF] and asphyxia [START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF].

Several studies relied on pain-induced cries. Fuller et al. differentiated them from fussy and hunger cries, as well as non-cry cooing vocalizations (pre-linguistic vocalizations occurring around 3 months of age) in 30 infants ranging in age from 2 to 6 months [40,41]. This study was based on the amplitude of high-frequency components, the fundamental frequency and the spectral energy levels. Formants (vocal tract resonance frequencies) and tenseness were first added in [38] and acoustic cry measures were correlated with four pain levels and four ages (between 0 and 12 months) [39]. Analysis of paininduced cries was combined [50] with a (manual) coding of the facial expressions (Neonatal Facial Coding System, NFCS) [49], in order to discriminate behavioral reactions between invasive and noninvasive procedures. The objective was to test if a newborn infant's cry could be used to measure pain, after heel-prick stimulus [START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF]. The analysis showed that the crying sound after the painful stimulus of the heel-prick had a significantly higher fundamental frequency and lasted longer at the first than at the fifth cry. However, while the first cry was more like a cry of pain, the fifth cry more resembled crying for other reasons. The conclusion was that crying could be used to measure pain in newborn infants only when the cause of crying was known. Different pain levels were also applied [14] and relations between cry characteristics and a pain score on the DAN (Douleur Aigüe du Nouveau-né, newborn acute pain) scale were evaluated. Results showed that a correlation existed when the DAN score was greater than 8 (on a 0 to 10 scale), and could be used as an alarm threshold.

Analysis of cries was also developed in other contexts. Characteristics of infant cries were correlated with perception and responses of adults, parents or non-parents in [47,[START_REF] Zeskind | Adult responses to cries of low and high risk infants[END_REF][START_REF] Zeskind | The relation between variations in pitch and maternal perceptions of infant crying[END_REF]. Acoustic characteristics of the cries of newborn of marijuana users and non-users were compared [START_REF] Lester | Effects of marijuana use during pregnancy on newborn cry[END_REF]. Differences observed between both suggested that heavy marijuana use affected the neurophysiological integrity of the infant. The separation distress call in the absence of maternal body contact was evaluated by quantifying the amount of crying during the first 90 minutes after birth when the baby was placed either skin-to-skin with the mother, in a cot, or first in a cot and then skin-to-skin [25].

Spontaneous cries were also processed: i) in the context of profound hearing loss and/or perinatal asphyxia [13,43,[START_REF] Pearce | Energy distribution in the spectrograms of the cries of normal and birth asphyxiated infants[END_REF][START_REF] Pearce | Time-frequency analysis of infant cry: Measures that identify individuals[END_REF][START_REF] Tirado | Classification of infant crying to identify pathologies in recently born babies with anfis[END_REF][START_REF] Verduzco | Analysis of an infant cry recognizer for the early identification of pathologies[END_REF][START_REF] Schönweiler | Neuronal networks and self-organizing maps: New computer techniques in the acoustic evaluation of the infant cry[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF][START_REF] Wahid | Automatic infant cry pattern classification for a multiclass problem[END_REF], ii) to find possible early signs of autism [START_REF] Orlandi | Automatic newborn cry analysis: A non-invasive tool to help autism early diagnosis[END_REF][START_REF] Sheinkopf | Atypical cry acoustics in 6-month-old infants at risk for autism spectrum disorder[END_REF] iii) in the context of monitoring [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF], iv) to better understand vocal development and early communication [16,[START_REF] Wermke | Musical elements in human infants' cries: In the beginning is the melody[END_REF][START_REF] Zeskind | Rhythmic organization of the sound of infant crying[END_REF]. Cries of hard-of-hearing and healthy infants were compared through duration, amplitude and melody (fundamental frequency fluctuations along a cry) description [START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF][START_REF] Várallyay | The melody of crying[END_REF][START_REF] Várallyay | Acoustic analysis of the infant cry: Classical and new methods[END_REF]. Recently, baby emotional cries have also been studied in order to be integrated in a robotic baby caregiver [START_REF] Yamamoto | Recognition of a baby's emotional cry towards robotics baby caregiver[END_REF].

Preterm newborns

Characterization of the premature crying episodes and their differences with cries of full-term infants were also largely explored, in order to explain differences observed in their neurophysiological maturity, and the subsequent impact on their speech development.

First studies focused on the analysis of induced-pain cries. The influence of neurophysiological maturity on induced-pain cries was firstly deducted when full-term newborns cries spectral variability was found to be more complex than for preterm newborns [START_REF] Tenold | Cepstral and stationarity analyses of full-term and premature infants' cries[END_REF]. Later, a comparison between cries of premature and full-term newborns showed that the cries of smallest premature newborns compared with the controls were shorter, with higher fundamental frequency, and included bi-phonation and glide more often [44,[START_REF] Michelsson | Sound spectrographic analysis of pain cry in preterm infants[END_REF]. However, the cry characteristics changed with increasing conceptual age and the older the child the more the cry pattern resembled that of the full-term [START_REF] Thodén | Sound spectrographic cry analysis of pain cry in prematures[END_REF]. Evaluation of pain from facial expression and crying was performed in premature infants, but also in full-term and 2-and 4month-old infants, each group receiving a dedicated stimulus [START_REF] Johnston | Developmental changes in pain expression in premature, full-term, two-and four-month-old infants[END_REF]. Results from this multivariate analysis showed that premature infants were different from older infants, that full-term newborns were different from others, but that 2-and 4-month-olds were similar. Later, Stevens et al. included two variables, severity of illness and behavioral state (sleep or awake) in the analysis [START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF]. Behavioral state was found to influence the facial action variables and severity of illness modified the acoustic cry variables. As for non-premature newborns, some of these works coupled the cry analysis with the facial activity coding NFCS [26,[START_REF] Johnston | Developmental changes in pain expression in premature, full-term, two-and four-month-old infants[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF].

Analysis of spontaneous cries of preterm infants has been recently investigated [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Orlandi | Central blood oxygen saturation vs crying in preterm newborns[END_REF][START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF][START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF][START_REF] Wermke | Developmental aspects of infant's cry melody and formants[END_REF]. A comparison between spontaneous cries of six premature newborns (three pairs of twins) recorded at different ages (8th-9th week, 15th-17th week and 23rd-24th week) was performed [START_REF] Wermke | Developmental aspects of infant's cry melody and formants[END_REF]. Essential changes in the cries were observed from the 8th-9th week of life up to the 23rd-24th week of life, and were interpreted as an intentional articulatory activity. The distress during cry was also shown as correlated with central blood oxygenation [START_REF] Orlandi | Central blood oxygen saturation vs crying in preterm newborns[END_REF]. Results indicated that a similar decrease in oxygenation level occurs in both groups of patients, but the recovery time after the crying episode was more stable and rapid in full-term newborns than in preterm ones. An acoustic analysis of cries before feeding in both healthy preterm infants at term-equivalent ages and full-term newborns was performed [START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF]. Effects of gestational age, body size at recording and IntraUterine Growth Retardation (IUGR) were then investigated, and showed that shorter gestational age was significantly associated with a higher fundamental frequency, although no relation was found with smaller body size at recording nor IUGR. Fundamental frequency and formants of preterm newborns were shown to be related to an increasing gestational age [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF] and generally higher for full-term newborns [START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF].

Methods for acoustic signal processing

Acoustic signal processing in paediatrics dealt with different objectives: extraction of features, cry segmentation, cry classification and assessment of other sounds (Figure 2.2). This section covers all these topics and is supplemented by a paragraph dedicated to feature definition. But first, as for the video analysis section, a particular attention has been paid to audio acquisition methods.

Audio acquisition

Most of the studies have been conducted on real audio signals where microphones were placed from 10 to 30 centimeters of the infant's mouth. In case of pain-induced cry analysis, recordings have been performed from the stimulus to the end of the cry event [46,50,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Várallyay | Acoustic analysis of the infant cry: Classical and new methods[END_REF] whereas in other clinical contexts, no further details about recording period were usually reported. In fact, recordings were annotated by experts resulting into small cry signals (few seconds) database. Thus, all authors constructed their own cry signals database supported by specific clinical annotations. Among them, we can cite the Baby Chillanto cry signals database, property of the Instituto Nacional de Astrofisica Optica y Electronica (Mexico). It was composed by five types of annotated cries (pain, hunger, normal, asphyxia and deaf) and on which relied the work of Reyes-Garcia group [13, 29, 43, 52, 97, 98, 117-119, 132, 144, 146]. Cohort size varied from few infants [START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF][START_REF] Yamamoto | Recognition of a baby's emotional cry towards robotics baby caregiver[END_REF] to more than three hundred babies [START_REF] Várallyay | The melody of crying[END_REF] or more than 120 premature babies in [START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF].

Several types of noise can affect the audio recordings (e.g. alarms, voice). Their occurrence directly depends on the acquisition environment. Authors usually did not mention where the recording took place except when it was performed at home [START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF][START_REF] Várallyay | The melody of crying[END_REF][START_REF] Yamamoto | Recognition of a baby's emotional cry towards robotics baby caregiver[END_REF]. However, we reported two types of acoustic environments: i) with low energy noise (e.g. background noise) [29, 79, 92-96, 116, 141, 142] and ii) with high energy noise (e.g. medical device sounds, adults' voices) [3,5,[START_REF] Lavner | Baby cry detection in domestic environment using deep learning[END_REF][START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF][START_REF] Yamamoto | Recognition of a baby's emotional cry towards robotics baby caregiver[END_REF]. Only Manfredi's group dealt with synthetic crying signals [37,[START_REF] Orlandi | Effective pre-processing of long term noisy audio recordings: An aid to clinical monitoring[END_REF], and recently, synthetic signals of the melody of cries have been also constructed [START_REF] Manfredi | Automated detection and classification of basic shapes of newborn cry melody[END_REF][START_REF] Orlandi | Testing software tools for newborn cry analysis using synthetic signals[END_REF]. It was also proposed to create a simulated database to reproduce realistic acoustic scenarios [36]. Noisy conditions have been created by synthetically adding four noises (human speech, interfering cries, beep sounds and background noise) to a clean set created by convolving 64 infant cry recordings with synthetic impulse responses.

Feature definition

The analysis of cries mainly relied on the computation of features in two domains: time and frequency (see [START_REF] Lagasse | Assessment of infant cry: Acoustic cry analysis and parental perception[END_REF] for a review). In addition, several studies investigated the variations of the fundamental frequency along a cry event.

Time features

The most common time features were naturally computed to characterize the duration of cries [25,29,31,39,44,46,50,[START_REF] Lester | Effects of marijuana use during pregnancy on newborn cry[END_REF][START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF][START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF]. Among them, we found the total time in crying [START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF][START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF], the ratio between duration of cry and total audio segment duration [44,[START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF], the mean [31,[START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF] or the variation coefficient [31] of cry durations. Non-cry episodes were also examined through similar duration metrics [START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF]. In the case of induced-pain, latency time (interval between the painful stimulus and the first cry) has been considered [50,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF].

In addition, intensity, or loudness, features such as average amplitude [46] or amount of energy [4,5] of cries have been proposed. Zero Crossing Rate (ZCR) has also been quantified to characterize cries [4].

Frequency features

The first way to describe the spectral composition of a signal is to compute spectral energy features. Authors proposed different approaches such as the computation of the overall spectral energy of the signal [39,[START_REF] Johnston | Developmental changes in pain expression in premature, full-term, two-and four-month-old infants[END_REF][START_REF] Reggiannini | A flexible analysis tool for the quantitative acoustic assessment of infant cry[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF] or the energy only induced by low or high frequencies [38,41,44].

Fundamental frequency (F0) 1 was investigated by virtually all the cited works. In fact, it is a direct measurement of vocal development since it corresponds to the rate of glottal opening and closing in the vocal tract [START_REF] Lester | A Biobehavioral Perspective on Crying in Early Infancy[END_REF]. F0 has been characterized through different statistical features computed from several cries such as mean (e.g. [16,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF]), but also maximum and minimum [START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF], standard deviation [START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF] or variation coefficient [31].

Formants, or resonance frequencies, are produced by the instantaneous shape of the vocal tract and have also been statically analyzed. Most of the studies that examined resonant frequencies were focused on the first two formants F1 and F2 [31,38,[START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF][START_REF] Wermke | Developmental aspects of infant's cry melody and formants[END_REF], but some authors also proposed to assess F3 [31,[START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF].

However, the difficulties met to extract resonance frequencies led to the computation of other coefficients to describe the spectral envelop such as Mel Frequency Cepstral Coefficients (MFCCs) [5,[START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF][START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF] or Linear Prediction Cepstral Coefficients (LPCCs) [START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF][START_REF] Wahid | Automatic infant cry pattern classification for a multiclass problem[END_REF]. MFCCs are obtained through the projection of the signal on a mel-scale inspired by a psychoacoustic model of human auditory perception whereas LPCCs are computed from the modelling of the vocal tract.

Time-varying frequency features

The most common time-varying frequency descriptor is the pattern of F0 over a cry, or melody shape. Four main melodic shapes have been defined by Schönweiler et al. [START_REF] Schönweiler | Neuronal networks and self-organizing maps: New computer techniques in the acoustic evaluation of the infant cry[END_REF]: falling, rising, falling-rising (or rising-falling) and flat. They were then reduced to three fundamental units (falling, rising and flat) and have been shown as the basis of 77 melodic shapes [START_REF] Várallyay | The melody of crying[END_REF]. A fifth melody shape, called "complex shape", was also considered to cover all melodic patterns composed by more than two fundamental units [START_REF] Manfredi | Automated detection and classification of basic shapes of newborn cry melody[END_REF][START_REF] Orlandi | Testing software tools for newborn cry analysis using synthetic signals[END_REF][START_REF] Wermke | Musical elements in human infants' cries: In the beginning is the melody[END_REF].

Several other features have been defined to assess the F0 variations along a cry unit or during a cry event (succession of cry units). Among them, we can cite jitter (cycle-to-cycle variations of F0) [40], shift (sudden change in F0) [29,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF], glide (rapid variations in F0) [29,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF], vibrato (series of waves with remarkable frequency variations) [START_REF] Michelsson | Sound spectrographic analysis of pain cry in preterm infants[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF] or glottal roll (phonation of weak intensity and low F0, below the normal average measurement of the tone) [START_REF] Michelsson | Sound spectrographic analysis of pain cry in preterm infants[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF].

Feature extraction

This section provides an overview of the extraction methods used to estimate acoustics features. They have been organized regarding the three types of feature targeted: time, frequency and timevarying frequency. In addition, a paragraph has been dedicated to tools that were developed and/or used by the different authors.

Time features Computation of duration features relied on a segmentation step in order to extract cry

and non-cry epochs. It has been performed either manually [25,31,39,44,46,50,[START_REF] Lester | Effects of marijuana use during pregnancy on newborn cry[END_REF][START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF] or automatically [29,[START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF][START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF] (cf. section 3.2.4). For their part, ZCR or energy were computed directly from the signal by windowing [4].

Frequency features Three types of methods have been employed to estimate frequency features: temporal, spectral and cepstral.

Regarding time domain methods, autocorrelation function has been largely used to estimate the fundamental frequency [16,29,49,[START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF][START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF]. In practice, a window, encompassing several pitch periods (F0 was usually searched between 150 Hz and 1000 Hz), was used to calculate short-term autocorrelation sequence and the fundamental frequency was obtained at the maximum of this sequence. Sometimes, it has been supported by correction of the F0 estimation tracking errors [16]. Manfredi et al. also proposed a tuned method of the Simple Inverse Filter Tracking (SIFT) algorithm [START_REF] Markel | The SIFT algorithm for fundamental frequency estimation[END_REF] which gave better F0 estimation [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF].

In early studies, frequency feature extraction was generally based on a spectrographic analysis [50,[START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF][START_REF] Runefors | Newborn infants' cry after heel-prick: Analysis with sound spectrogram[END_REF], but more recent ones developed automatized estimations methods using Fourier Transform [14,31,38,41,44,[START_REF] Várallyay | The melody of crying[END_REF][START_REF] Várallyay | Acoustic analysis of the infant cry: Classical and new methods[END_REF] or Wavelet Transform [4,[START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF]. Most of the time, energy features were directly computed from spectrum and peak-picking procedures were implemented to extract F0 or resonance frequencies [14,38]. The main limit of this approach was the presence of noise parts due to silence during crying episodes. To overcome this issue, several authors worked with Long Time Average Spectrum (LTAS) that was the average spectrum computed from all selected cry periods of interest (e.g. without pauses or silences) [31,41,44]. For their part, Varallyay et al. used Smoothed Spectrum Method (SSM). In fact, resulting spectrum only contained cry components thanks to an initial statistical processing removing noise parts induced by silence [START_REF] Várallyay | The melody of crying[END_REF][START_REF] Várallyay | Acoustic analysis of the infant cry: Classical and new methods[END_REF]. Recently, Continuous Wavelet Transform (CWT) approaches, known for their robustness to noise, have also been considered to estimate F0 and formants [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF] or to extract energy feature from different component levels [4,[START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF].

As mentioned in Section 3.2.2, cepstral coefficients (MFCCs and LPCCs) have also been extracted to describe audio signals [5,[START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF][START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF][START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF][START_REF] Wahid | Automatic infant cry pattern classification for a multiclass problem[END_REF]. MFCCs were traditionally computed in six steps: a) partitioning the signal into short frames, b) computing the power spectrum density, c) projecting the power spectra on mel-filter bank (simulation of human auditory perception) and sum the energy in each filter, d) taking the logarithm of all filter bank energies e) calculating the Discrete Cosinus Transform (DCT) of the log filter bank energies f) keeping DCT coefficients as MFCCs. However, Abou-Abbas et al. recently proposed to compute similar MFCCs features after applying Empirical Mode Decomposition (EMD) [4,5] or by using Discrete Wavelet Transform (DWT) instead of DCT [5]. For their part, LPCCs were computed from the Smoothed Auto Regressive (AR) power spectrum where AR coefficients were estimated by Levinson-Durbin algorithm.

Time-varying frequency features

Melody shapes have been identified by two methods based on the projection of F0 pattern into a grid: Five-Line Method (FLN) (fixed 5-lines grid from 330 Hz to 700 Hz) [START_REF] Várallyay | The melody of crying[END_REF] and dodecagram (variable grid depending on the first F0 estimation of the cry) [29]. The dodecagram method showed better results due to its adaptability. Melody shapes have also been synthetically constructed by the mean of rules on F0 variations (e.g. the falling shape was obtained setting a maximum frequency of 650 Hz at 0.4 second, followed by a slow decrease towards 450 Hz) in order to compare tool abilities to estimate F0 patterns [START_REF] Orlandi | Testing software tools for newborn cry analysis using synthetic signals[END_REF]. Recently, an approximation of melody shapes by quadratic and fourth order polynomial functions was added [START_REF] Manfredi | Automated detection and classification of basic shapes of newborn cry melody[END_REF].

The other F0 variations features (e.g. jitter, shift, glide) were mainly defined by decision rules on the F0 contour, either visually noticed [START_REF] Michelsson | Sound spectrographic analysis of pain cry in preterm infants[END_REF][START_REF] Michelsson | Phonation in the newborn, infant cry[END_REF] or automatically computed [29,[START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF]. As an example, in [29], a shift was detected when a sudden change of ascends or descends in the F0 between 100 Hz and 600 Hz within 0.1 second occurred.

Tools Some software tools for the acoustic analysis of infant cries were developed and/or used. The most popular one is PRAAT, initially proposed for adult's voice by Boesrma in 2002 [15]. It was used in [4,13,16,29,43,[START_REF] Verduzco | Analysis of an infant cry recognizer for the early identification of pathologies[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF][START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF]. Acoustic parameters have also been extracted by the mean of the openSMILE toolkit [34,[START_REF] Pokorny | atypical: Combining auditory Gestalt perception and acoustic analysis of early vocalisations in Rett syndrome[END_REF][START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF]. Both softwares provided automatic computation of a wide variety of features (e.g. F0, formants, MFCCs, LPCCs, jitter, shimmer) but had to be manually tuned to give relevant analysis of infant cries.

For their part, Manfredi et al. developed BioVoice [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF] and WInCA [START_REF] Orlandi | Testing software tools for newborn cry analysis using synthetic signals[END_REF], two softwares adapted to infant cry analysis, where different estimation methods of F0 (respectively, SIFT and wavelet) and resonance frequencies (respectively, peak picking in the power spectral density and wavelet) were implemented. When comparing the two approaches with PRAAT, where F0 was computed by autocorrelation method and formants were approached by LPCCs, authors found out that PRAAT gave better results to approximate fundamental frequency whereas BioVoice was more accurate for formant estimation [START_REF] Orlandi | Testing software tools for newborn cry analysis using synthetic signals[END_REF].

Automatic cry segmentation

In the analysis of sound, one of the problems relies on the segmentation of the recordings into Voiced/UnVoiced (V/UV) parts, also called detection of Cry Units (CU), in order to extract relevant acoustic parts. If in a large majority of papers, the cry segments were manually selected, some recent studies, described below, proposed solutions to perform this segmentation automatically.

A V/UV detection procedure, based on SIFT, where an interval was selected as voiced if the maximum of the autocorrelation function is greater than a fixed threshold was proposed [START_REF] Orlandi | Automatic newborn cry analysis: A non-invasive tool to help autism early diagnosis[END_REF]. Methods based on thresholding the Short-Term Energy (STE) function were also investigated [29,[START_REF] Manfredi | Automated detection and classification of basic shapes of newborn cry melody[END_REF][START_REF] Orlandi | Central blood oxygen saturation vs crying in preterm newborns[END_REF][START_REF] Orlandi | Effective pre-processing of long term noisy audio recordings: An aid to clinical monitoring[END_REF][START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF]. In [START_REF] Orlandi | Effective pre-processing of long term noisy audio recordings: An aid to clinical monitoring[END_REF], authors proposed to automatically compute the threshold using Otsu method [START_REF] Otsu | A threshold selection method from gray-level histograms[END_REF]. Cry segmentation was also performed by combining two short-time methods: STE and ZCR [START_REF] Várallyay | Future prospects of the application of the infant cry in the medicine[END_REF]. In fact, STE provided a distinction between audible sounds and silence while ZCR permitted to detect V/UV parts. Then, a threshold was applied to extract CU. Later, authors added a third step to distinguish harmonic and non-harmonic audio segments [START_REF] Várallyay | The melody of crying[END_REF]. It was based on the hypothesis that spectral structure of a crying segment is harmonic since it only contains the fundamental frequency and its harmonics. Nevertheless, no quantitative evaluation was performed. A marginal method has been proposed by Yamamoto et al. [START_REF] Yamamoto | Recognition of a baby's emotional cry towards robotics baby caregiver[END_REF] where a baby cry was detected if at least one of the two following conditions was respected: the word reliability computed by the adult word detection tool "Julius" [START_REF] Lee | Julius-an open source real-time large vocabulary recognition engine[END_REF] was under a threshold or the change of the fundamental frequency for a time period was superior to another threshold. A detection accuracy of only 69.4% was obtained.

A few recent approaches considered the cry segmentation as a classification problem. Reggiannini et al. proposed an automatized classification in three classes: voiced part, unvoiced part and silence. By the use of KNN, they achieved to discriminate the three states with an Area Under Curve (AUC) of 0.88 [START_REF] Reggiannini | A flexible analysis tool for the quantitative acoustic assessment of infant cry[END_REF]. Expiratory and inspiratory phases of the cries were separated in some studies. Hidden Markov Model (HMM) based approaches led to 83.79% of accuracy [3] when six classes (expiratory phases, inspiratory phases, noise, adult speech, silence and beeps) were considered. Later, these results were improved by formulating the problem with three classes: expiratory phases, inspiratory phases and others [5] or residuals [START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF] (a class regrouping all previous mentioned noisy sounds). HMM and Gaussian Mixture Model (GMM) methods were compared and GMM gave the best results with a classification error rate of 8.9% [5]. A total accuracy of 89.2% was also reached with HMM in [START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF].

Newly, deep learning approaches have been considered to detect cries in a domestic environment [START_REF] Lavner | Baby cry detection in domestic environment using deep learning[END_REF][START_REF] Torres | Baby cry sound detection: A comparison of hand crafted features and deep learning approach[END_REF] or in NICU [36]. In all studies, log mel-frequency features were computed on windows and combined to construct the Convolution Neural Network (CNN) input layer. Such methods requiring large dataset, authors proposed to introduce normalization and regularization to adapt CNN to modest dataset [START_REF] Torres | Baby cry sound detection: A comparison of hand crafted features and deep learning approach[END_REF] or to enhance dataset by adding simulated data [36]. CNN slightly outperformed classification methods in order to detect cries. In fact, CNN gave lower false-positive rate than logistic regression [START_REF] Lavner | Baby cry detection in domestic environment using deep learning[END_REF] and an AUC upper than 90% was reached [START_REF] Torres | Baby cry sound detection: A comparison of hand crafted features and deep learning approach[END_REF]. In NICU, an average accuracy of 86.58% was obtained [36].

Automatic cry classification

Automated cry classification have been performed after a manual [13, 14, 16, 38, 39, 43, 44, 50, 52, 58, 72, 97, 98, 117-119, 125, 131, 132, 144, 146] or an automated [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF] segmentation step. First studies used classical statistical approaches such as Student T-test [START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF], ANOVA [38,44,50,[START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF] and MANOVA [39,[START_REF] Johnston | Developmental changes in pain expression in premature, full-term, two-and four-month-old infants[END_REF][START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF] or regression [14,16]. It was applied either to compare infant ages [44,[START_REF] Johnston | Developmental changes in pain expression in premature, full-term, two-and four-month-old infants[END_REF][START_REF] Manfredi | Highresolution cry analysis in preterm newborn infants[END_REF][START_REF] Shinya | Preterm birth is associated with an increased fundamental frequency of spontaneous crying in human infants at term-equivalent age[END_REF] and gender [16,38], to evaluate pain [14,39,[START_REF] Stevens | Factors that influence the behavioral pain responses of premature infants[END_REF] or to recognize pathologies [50,[START_REF] Verduzco-Mendoza | Spectrographic cry analysis in newborns with profound hearing loss and perinatal high-risk newborns[END_REF].

More recent papers investigated classification approaches using a high number of features. Different numbers of cry classes were considered according to the clinical target: two classes (normal vs abnormal [START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF][START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF][START_REF] Orozco-García | A study on the recognition of patterns of infant cry for the identification of deafness in just born babies with neural networks[END_REF][START_REF] Ortiz | A radial basis function network oriented for infant cry classification[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF] or preterm vs full-term [START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF]), three classes (normal, hypo acoustic and asphyxia [13,43,[START_REF] Tirado | Classification of infant crying to identify pathologies in recently born babies with anfis[END_REF][START_REF] Verduzco | Analysis of an infant cry recognizer for the early identification of pathologies[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF], hunger, pain and sleep [24] or hunger, pain and no-pain-no-hunger [13]) and five classes (pain, asphyxia, hunger, deaf and normal [START_REF] Wahid | Automatic infant cry pattern classification for a multiclass problem[END_REF]). A wide variety of machine learning approaches has been evaluated, regrouping classical methods such as SVM [13,[START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF], KNN [START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF], Random Forest (RF) [START_REF] Orlandi | Application of pattern recognition techniques to the classification of full-term and preterm infant cry[END_REF][START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF][START_REF] Rosales-Pérez | Classifying infant cry patterns by the genetic selection of a fuzzy model[END_REF], HMM [START_REF] Lederman | Classification of cries of infants with cleft-palate using parallel hidden markov models[END_REF] or Neural Networks [43,[START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF][START_REF] Orozco-García | A study on the recognition of patterns of infant cry for the identification of deafness in just born babies with neural networks[END_REF][START_REF] Ortiz | A radial basis function network oriented for infant cry classification[END_REF][START_REF] Tirado | Classification of infant crying to identify pathologies in recently born babies with anfis[END_REF][START_REF] Verduzco | Analysis of an infant cry recognizer for the early identification of pathologies[END_REF][START_REF] Schönweiler | Neuronal networks and self-organizing maps: New computer techniques in the acoustic evaluation of the infant cry[END_REF][START_REF] Suaste-Rivas | A fuzzy relational neural network for pattern classification[END_REF][START_REF] Wahid | Automatic infant cry pattern classification for a multiclass problem[END_REF]. Classification results were efficient since some studies reached results above 95% of accuracy [13,43,[START_REF] Hariharan | Pathological infant cry analysis using wavelet packet transform and probabilistic neural network[END_REF][START_REF] Orozco-García | A study on the recognition of patterns of infant cry for the identification of deafness in just born babies with neural networks[END_REF][START_REF] Tirado | Classification of infant crying to identify pathologies in recently born babies with anfis[END_REF][START_REF] Verduzco | Analysis of an infant cry recognizer for the early identification of pathologies[END_REF].

Deep learning was also investigated to classify cries into three categories: hungry, pain and sleep [24]. Spectrogram of cries were computed by Fast Fourier Transform (FFT) and used as input layer of a CNN. The method showed promising results with 78.5% of accuracy.

Other sound assessment

Several recent audio processing methods have been proposed regarding non-cry signals and concerning either pre-linguistic vocalizations (including cooing) [40,41,[START_REF] Pokorny | atypical: Combining auditory Gestalt perception and acoustic analysis of early vocalisations in Rett syndrome[END_REF][START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF]. Non-voice analyses were also proposed in different contexts such as external noise detection [START_REF] Raboshchuk | A knowledge-based approach to automatic detection of equipment alarm sounds in a neonatal intensive care unit environment[END_REF][START_REF] Raboshchuk | Pre-processing techniques for improved detection of vocalization sounds in a neonatal intensive care unit[END_REF], EEG sonification [START_REF] Sullivan | Neonatal eeg interpretation and decision support framework for mobile platforms[END_REF] or lung sound assessment [33].

Cooing, manually selected, were analyzed by Fuller et al. . in 30 infants ranging in age from 2 to 6 months, where significant differences were found in F0 and Mean Spectral Energy (MSE) with classical cries (fussy, hungry and pain) [40,41]. Pre-linguistic vocalizations have also been studied in 7to 12-month-old infants having received the diagnosis of a neuro-developmental disorder (autism, Rett syndrome, fragile X syndrome) by Pokorny et al. . They processed retrospective home video recordings provided by the family and made during family events, before the disorder was diagnosed. In [START_REF] Pokorny | Manual versus automated: The challenging routine of infant vocalisation segmentation in home videos to study neuro (mal) development[END_REF], a comparison between manual and automated segmentation of vocalizations, using machine learning (HMM, SVM and RF), led to an accuracy of only 38.0%, where errors came from confusions with parental voices or voices from television. Later, they evaluated more than 6000 features to differentiate typical and atypical early speech language of one infant with Rett syndrome. Main differences were observed in auditory attributes such as timbre (spectral envelope) and pitch [START_REF] Pokorny | atypical: Combining auditory Gestalt perception and acoustic analysis of early vocalisations in Rett syndrome[END_REF].

For their part, Raboshchuk et al. focused on the automatic detection of alarms and external vocalizations (e.g. nurses, parents) in NICU. In [START_REF] Raboshchuk | A knowledge-based approach to automatic detection of equipment alarm sounds in a neonatal intensive care unit environment[END_REF], alarms were detected thanks to the knowledge of alarm characteristics (e.g. frequencies) integrated to a GMM classifier. In [START_REF] Raboshchuk | Pre-processing techniques for improved detection of vocalization sounds in a neonatal intensive care unit[END_REF], several pre-processing approaches were tested: spectral subtraction, non-negative matrix factorization and combination of both. Best results were obtained with non-negative matrix factorization followed by spectral subtraction.

Recently, marginal purposes were investigated through audio processing for example to detect neonatal seizures from EEG or to detect lung sounds abnormalities. EEG signal was converted into an audible audio signal (process is called sonification) in order to hear relative frequency change when a seizure occurred [START_REF] Sullivan | Neonatal eeg interpretation and decision support framework for mobile platforms[END_REF]. It was shown that sonification methods perform similarly well, with a smaller inter-observer variability in comparison with visual interpretation. Lung audio recordings of 1000 children were also studied [33]. First, noise suppression techniques were applied to discard ambient sounds, sensors artifacts or crying. Notably, crying episodes were discarded by the use of SVM classifier trained with spectrotemporal features. Finally, normal and pathological lung sounds were classified through SVM classifier with an accuracy of 86.7%.

Discussion and Conclusion

This review showed that a lot of works have been published since several decades in the domains of video and audio processing in paediatrics.

The review of video processing showed that video recordings have been mainly exploited for motion analyses, in two major clinical contexts, general movement assessment and neonatal seizures detection and characterization. These studies have shown that the quality and quantity of movements are markers of the infant's neurological health. If recent improvements in digital video processing allowed an increasing automation, most of the above-mentioned studies need to be manually initialized in order to select the considered region (whole baby or limbs). Promising results were recently obtained with CNN but the method was only applied within a controlled environment setup [32]. Furthermore, most of the proposed methods extracted global motion information (i.e. without identifying each limb contribution). This may be improved by exploiting methods developed in adults using more precise body descriptors, such as kinematic or shape models [START_REF] Poppe | Vision-based human motion analysis: An overview[END_REF].

Video-based respiration and heart rate estimation techniques showed interesting results. However, these techniques only work when the baby is not moving. Nowadays, the most valuable application in term of infant monitoring may be the automatic detection of apneas that generally do not occur when the baby is moving. Similarly, face analysis can't yet be integrated into a monitoring system since none of the proposed techniques are robust to occlusions that can happen in NICU, either from the baby itself or from external adult manipulations. Another limitation is related to the video recording duration and the constrained acquisition setups. Indeed, for most of the studies, recordings only contained periods of interest and the infants were placed in some specific conditions in order to ensure an appropriate acquisition. Furthermore, infants were generally not covered, with appropriate lightening conditions and no external interventions. On the other hand, long video recordings may include medical staff or parents' presence in the image that had to be detected and eliminated to discard non-suitable periods. This problem has been recently addressed in [20]. Similarly, absences of the newborn in the bed will have to be detected to avoid the analysis of irrelevant periods. A recent study, based on motion analysis, showed encouraging results in that way [START_REF] Long | An efficient heuristic method for infant in/out of bed detection using video-derived motion estimates[END_REF].

The review of acoustic analyses shown that most of the studies was devoted to cries. Initially focused on pain-induced cries, more recent studies considered also spontaneous cries. Processing, most of the time based on frequency features, allowed to distinguish normal and pathological cries but also to classify different types of cries. They were also explored for premature newborns to identify differences in their neurophysiological maturity. A few papers dealing with the processing of pre-linguistic vocalizations, NICU alarms, EEG sonification and lung sound classification were also identified.

As for video, long audio recordings are parasitized by different sources such as nurse or parents' voices, alarms of monitoring devices, ventilation noise, etc. Although some authors worked on audio recordings performed in such environment, the automatic recognition of pathologic cries in NICU still remains difficult. In fact, only a few recent studies showed around 90% of accuracy in cry segmentation but no classification was proposed from there [5,36,[START_REF] Naithani | Automatic segmentation of infant cry signals using hidden Markov models[END_REF]. Additionally, baby sounds other than cries, like coughing but also vowel sounds, were slightly or not investigated. And yet, they are concomitant with many diseases [START_REF] Hirschberg | Acoustic analysis of pathological cries, stridors and coughing sounds in infancy[END_REF] and may be an indicator of maturation [START_REF] Thach | Maturation of cough and other reflexes that protect the fetal and neonatal airway[END_REF] and of vocal development [21]. In fact, authors usually discarded them or included them with other sounds without making distinction (e.g. as expiratory sounds).

It is also important to notice that joint audio and video processing was not yet envisaged at this time. Only one study integrating audio and video processing, was, to our knowledge, published in [START_REF] Orlandi | AVIM -A contactless system for infant data acquisition and analysis: Software architecture and first results[END_REF], where a contactless system for Audio-Video Infant Monitoring (AVIM) was proposed. The analysis of movements was semi-automatic since the user had to select points to track on the video frame whereas cry analysis was performed automatically after a manual suppression of interfering sounds. Nevertheless, audio and video were processed separately. Interestingly, a combination of these two components could broaden the scope of applications in early clinical diagnosis of several pathologies. Moreover, it could be helpful in automatic sleep analysis, where both motion and baby sounds are important behavioral descriptors.

On the other hand, this review being dedicated to audio-and video-based systems, other acquisition systems have not been included. Briefly, the use of infrared thermography has been investigated to measure the skin temperature of newborns [2,11,[START_REF] Heimann | Infrared thermography for detailed registration of thermoregulation in premature infants[END_REF] or the respiratory rate and timing [45]. Another example is the use of depth cameras (e.g. Microsoft Kinect) to analyze infants' movements [START_REF] Marschik | A novel way to measure and predict development: A heuristic approach to facilitate the early detection of neurodevelopmental disorders[END_REF][START_REF] Olsen | Model-based motion tracking of infants[END_REF].

Finally, if a lot of works have dealt and continue to deal with the processing of video and audio in paediatrics, a fully-automated efficient system does not exist. It will have to tackle above-mentioned difficulties by integrating robust processing methods to cope with unconstrained and long-term acquisition time such as encountered with monitoring systems in NICU. A part of these difficulties is addressed in the following chapters. CHAPTER 3

METHODOLOGICAL CONTEXT: METHODS

FOR CLASSIFICATION

In many fields, research teams aim to model data for purposes going from better understanding of our world to prediction of the future. Although, historically, these problems were only tackled through statistical modeling, in the last decade, machine learning gained popularity. Indeed, machine learning is the branch of computer science that uses past experiences to take future decisions without a complete knowledge of all influencing elements [2]. Machine learning techniques can be divided in three main categories: supervised learning, unsupervised learning and reinforcement learning. In supervised approaches, such as classification or regression, the relationships between data and a targeted output are taught beforehand whereas for unsupervised techniques (e.g., clustering) relations and hidden patterns in data are independently found. Afterwards, both approaches can be included in reinforcement learning where the model will continue to learn from environment feedback.

The world of machine learning is wide and is still in expansion. It would be difficult to go through all underlying concepts of artificial intelligence, and thus, this chapter mainly focuses on one aspect of machine learning: supervised learning for classification. Indeed, we saw in Sections 2.2.3 and 3.2.5 of Chapter 2, that classification is a valuable tool to clinically characterize newborn conditions either to recognize motion patterns or to classify cries. During this thesis, methods for classification were applied in order to tackle three problems: sleep stages classification, motion segmentation and cry extraction.

Problem formulation

The term "classification" covers all techniques that classify data into a given number of classes. Being part of the supervised branch of machine learning, classification requires a learning phase on labeled data to identify in which class a new data sample belongs to [16]. Therefore, for classification problems, data has to be formed by the pair (X, Y )1 with the data description matrix X of size N x p and the set of labels Y ∈ {c 1 , . . . , c k }, where k is the number of targeted classes, N is the number of labeled samples and p is the number of features which characterize each sample. More precisely, each sample i of the data is described through the feature set X i = [x i1 , x i2 . . . , x ip ]. This is depicted and illustrated by an example in Figure 3 To construct an accurate classification model, the process, depicted by Figure 3.2 and described below, is generally followed [7]. It implies five steps: collection of the data, feature engineering, learning, testing and deployment. In fact, it is necessary to keep in mind these steps to avoid two major problems of machine learning: underfitting and overfitting. Underfitting characterizes a model which fails to generalize the data, usually, due to a lack of training samples. Reversely, overfitting occurs when a classifier corresponds too closely or exactly to a particular set of data and fails to fit future data.

Collection of data

The data collection is an important step to construct an accurate classification model. The more various are the training samples, the better will be the classification when deploying the model. It is important to notice that data used to train are the only knowledge of the model and thus, if a given event is too much represented in the data, the model may overfit.

Feature engineering One of the main challenges of classification is to provide an informative set of features regarding the targeted outputs of the model. In some cases, data may have to be processed first to extract describing features. One can think that the more features are extracted the better will be the model. However, a large big set of features can also lead to overfitting. This effect is known as the curse of dimensionality [28]. To overcome this issue, it is sometimes necessary to reduce the feature set dimension p. To do so, several techniques exist and are presented in Section 2.

Learning phase Once data have been prepared, the learning phase can be initiated. Most of the machine learning techniques depend on parameters and/or hyper-parameters2 that need to be tuned to better fit the data (see Section 3). During the learning phase two datasets are usually used: the training and the validation dataset. We will see in Section 4 that several approaches exist to divide the data to obtain both sets. In machine learning, parameters are tuned by covering a large scale of possible values and integrating them into the learning phase. Then, trained model is applied on the validation set and the set of parameters that will be retained is the one giving the best performances regarding the objective of classification. As the way of looking performances can change regarding the application, further details on this question are provided in Section 4.1.

Testing the algorithm on unseen data In order to ensure the quality of the model predictions, it is common in machine learning to apply the model on an additional test set of unseen (but labeled) data. This way, if high performances are observed at the learning phase but a poor generalization is observed on the test set, it is a direct indicator of overfitting.

Deployment of the algorithm

The last step of the process is to deploy the algorithm in order to make predictions on unlabeled real data. Normally, if the model has been correctly evaluated on a test set independently of the training phase, future classifications would be accurate. However, it can happen that the performances may be altered. Indeed, the annotated data, inherently to conditions of collection, can be unreliable to infer the whole population. Although it is a tough question to ensure a totally random and independent collection of data, it is important to keep in mind this limitation [11].

In the following sections, further details are provided about dimensionality reduction methods, machine learning algorithms and evaluation techniques used for classification. An overview of the methods mentioned hereafter is proposed by Figure 3.3.

Dimensionality reduction

Dimensionality reduction is the process of reducing the size of the feature set. Although this step is not mandatory, when the data are described by many features, performing dimensionality reduction is a good trick for, among others, the following reasons [4]:

• Reduce the risk of overfitting;

• Speed up the learning phase;

• Lower the model computational complexity;

• Visualize data using a limited number of dimensions.

Methods for classification

Machine learning algorithms

Linear In practice, two main groups of dimensionality reduction methods are used: feature selection and feature extraction, sometimes also called feature projection. The main difference between these approaches is that feature extraction maps the original feature space into a lower-dimensional space while, in feature selection, a subset of the original feature set is selected. The choice to use either selection or extraction methods can depend on the objective of the model. If the objective is to better understand the influence of features on classes, feature selection is more suited. Indeed, in feature extraction, the new feature set obtained by projection is generally difficult to link with physical meaning [28].

Feature selection

Feature selection methods are used to select features that are the most suitable to discriminate samples that belong to different classes. Hence, the goal is to find the best subset of features among the 2 p candidate subsets [8].

Generally, the selection approach, depicted by Figure 3.4, combines feature subset evaluation and search algorithm. Several iterations are performed to search the best subset. For each iteration, a subset is evaluated and its "goodness" is returned. When the original feature set is large, looking for all possibilities is greedy. Hence, computational complexity of the search can be reduced by heuristic or randomized methods to prevent an exhaustive search. These methods are associated with a stopping criterion on the "goodness".

The "goodness" criterion depends on the applied method and objectives. Two main categories of methods stand out: filter models or wrapper models. In the filter approach, the "goodness" is related to information content of the subset while, in wrapper, it is the predictive performances, obtained on the validation set with the subset of features that is evaluated.

Filter methods

Filter models rely on the characteristics of the data without using any classification method [20]. Typically, features are ranked and the highest ranked ones are selected. This can be done in two ways: univariate or multivariate. In the univariate scheme, each feature is ranked independently from others whereas all features are considered simultaneously in the multivariate approach. Several criteria have been applied to rank data. Among them, we can cite: quality (Fisher score [9,12]), independency (Chi-squared [2]), redundancy (information gain [24]) or separation of class instances (ReliefF [17]).

Since filter models are easy to understand and implement, it is a popular technique. However, features are selected independently from classification and thus, filter models totally ignore the effects of the selected subset on the performance of the classification algorithm [14].

Wrapper methods

Wrapper models were developed to overcome the limitation of filter models. The subset evaluation is performed by integrating the classifier. Hence, the subset is adapted to the inherent particularities and bias of a predefined classifier [28]. To find the best subset, a wide range of search strategies exists including hill-climbing, best-first, branch-and-bound, and genetic algorithms [13]. Two other popular methods are forward selection and backward elimination where features are respectively added or removed one by one.

Wrapper models provide better predictive performances than filter models [18]. Nevertheless, they are more computationally expensive than filter models.

Feature extraction

The concept under feature extraction is to project the original feature set of dimension p into a lowerdimensional space of dimension m.

Two types of feature extraction methods can be distinguished depending on the way to combine the features: linear and non-linear. In linear feature extraction methods, new features in the lower dimensional space are given by a linear combination of the original feature set. Reversely, non-linear combinations are sought with non-linear approaches. Linear techniques being principally used, this section mainly focuses on this approach. The main challenge of linear feature extraction methods is to find a transformation W , such as:

Z = W T X (3.1)
where Z is the projected data set of size m * N , with m < p and N is the number of samples. Dimensionality reduction by the mean of linear feature extraction is depicted by Figure 3.5 with an example of projection from a space of dimensions p = 2 to a space of dimension m = 1. This example shows that an infinite number of solutions exists to find a new axis to project data points. However, in the literature, two methods stand out: Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA) [28], described below.

Principal Component Analysis

Principal Component Analysis is a well-known technique of data transformation [15]. In its standard formulation, it finds the most discriminant projection of the original feature set by maximizing the variance between data points. In practice, the eigenvectors of the covariance matrix, calculated from the original feature set, are computed. Then, the ones with the largest eigenvalues (principal components) are used to reconstruct a part of the variance of the original dataset. Figure 3.5 -Feature extraction concept (left) and associated example (right). X i is the original feature set describing the sample i and Z i is the extracted feature set. In the example, black dots represent data in a two-dimensional space and the red line represents an example of axis for projection in a one-dimensional space.

After that, there are two ways of using principal components regarding the objective of the analysis. The first one is data visualization. In that case, only two or three principal components, carying most of the variance, will be retrieved in order to plot the data in a two to three dimensional graph. This way, further analyses can be conducted regarding the distribution of data within the objective of class separation. Another purpose of PCA is to feed machine learning algorithms for classification purpose. With PCA, the reduction of dimension can be regulated by the total variance wanted for the feature subset. In other words, the number of principal components that are kept depends on the percent of variance information wanted by the user.

The main limitation of PCA is that there is no guarantee that a small number of principal components with the highest variance will contain the information needed for the classification [21]. Hence, relevant information can be lost and the resulting projected features Z can lead to weak classification performances. Additionally, PCA is only suited for quantitative set of feature. Other factor methods exists. Among them we can cite Multiple correspondence analysis [19] for qualitative feature set and factor analysis of mixed data for mixed feature set [10]. Moreover, a version of PCA, called kernel PCA, has been proposed to make non-linear projections [26]. Briefly, an initial step is first performed to find a particular space where the dataset becomes linearly separable [2].

Linear Discriminant Analysis

Contrary to PCA, in Linear Discriminant Analysis, labels are integrated in the process of dimension reduction. LDA finds the most discriminant projection by maximizing between-class distance and minimizing the within-class distance [1].

In practice, the eigenvectors of the between-class and within-class covariance matrices are computed and the best projection is found using Fisher's criterion.

A comparative example between PCA and LDA is given by Figure 3.6. For a two-class data example, the resulting axis that preserves the variance on the whole data set (PCA) and the one that preserves the distance between both classes (LDA) are drawn. We can see, on each axis, the resulting data projection. LDA offers, in that case, a better projection for discriminating purpose. In fact, besides dimensionality reduction, LDA can also be used for classification (see Section 3.1.3). 

Machine learning algorithms

As mentioned in Section 1, a supervised machine learning technique is an algorithm that learns from past experiences (training set) a model to make future predictions. Hence, classifiers can be divided in two groups: linear algorithm and non-linear algorithms. To illustrate the different approaches used to solve classification problems, in this section, we will go through eight commonly used classifiers.

Linear algorithms

Linear classifiers aim to find a linear decision boundary between classes. It can either be a line, a plane or a hyperplane, depending on the dimension of the problem.

Perceptron

The most basic linear model is the perceptron [25], depicted in Figure 3.8. In this example, the perceptron output decision y i , which can either be -1 or +1, is computed for each sample i as:

y i = f (w 1 x i1 + w 2 x i2 ) (3.2)
where f is a step function, also called threshold or activation function. This can be generalized for a larger dimension p by:

Y = f (W T X + b) (3.3)
where W is the weight vector defined as W = {w 1 , w 2 , . . . , w p } and b is the bias.

To summarize, to make a prediction, the perceptron computes two quantities. First, the weighted sum of the input features is calculated. Then, this sum is thresholded by the function f in order to retrieve a prediction equal to -1 or +1.

During the training phase, W is firstly randomly initialized. Then, weights are settled by considering all the samples of the training set and looking at the output decision [27]. It is performed in three steps which are repeated until all training samples are correctly classified:

1. Make a prediction for an input sample; 2. Compute the error between the prediction and real label; 3. Adjust the new vector of weights W accordingly to the error, such as:

W = W + ∆W (3.4)
where ∆W = x η x X i , with η, called the learning rate 4 and X i , the input features of the sample.

So far, we presented a two-class classification approach. In case of multiclass problems, several perceptrons can be trained in order to predict each class versus all others (one-versus-the-rest).

The power of perceptron classifiers resides in the fact that if a linear boundary exists to discriminate classes, the model will converge perfectly. However, in most classification problems, an overlap exists between classes and perceptron models will necessary present misclassification.

Logistic Regression

Logistic Regression (LR) is quite similar to perceptron except that instead of a class prediction, it returns a probability of belonging to the positive class. Hence, in some cases, it may be more robust to class overlap. To compare between perceptron and logistic regression lets restart from Equation (3.3). In logistic regression, b is commonly renamed w 0 , the model intercept. Then, for each sample, a score

S(X i ) is computed as: S(X i ) = f (W T X i + w 0 ) (3.5)
In logistic regression, f is fixed and is called the logistic (or sigmoid) function. The sigmoid function, depicted by Figure 3.9, is used to associate each score to a probability bounded between 0 and 1, such as:

P (Y i ) = f (S(X i )) (3.6)
Figure 3.9 -Sigmoid function.

After that, a cut-off value is usually applied on the probability to obtain the class output.

In the learning phase, the vector of weights W has to be estimated. Here, the best W is the one that maximizes the conditional probabilities P (Y |X, W ) on the training set. This is commonly done by Maximum Likelihood Estimation (MLE), based on the assumption that weights are normally distributed [6].

Logistic regression is usually applied for binary classification. However, as well as perceptron, it is possible to extend it to multiclass problems by training several one-versus-the-rest LR classifiers.

Linear Discriminant Analysis

As mentioned in Section 2.2.2, Linear Discriminant Analysis can be used for feature extraction. It can also be applied for classification purpose. Contrary to previous linear methods, LDA is more suited for multiclass analysis [23]. We saw that LDA aims to find the best projection by maximizing the mean between-class distances while minimizing the within-class variance. For multiclass problems, a initial step is added to compute the overall mean (= center) of the data. Then, it is the distance between each class and this center that is maximized while minimizing the within-class variance.

In this way, distributions (means and variance) of each class are estimated. Thus, by the use of Bayes' theorem, the probability of a sample to belong to each class can be estimated. For future predictions, the class associated with the higher probability will be returned.

Nevertheless, LDA presents two main limitations. The first one is due to the number of samples for each class in the training set. If a class is under-represented, the estimated distribution for this class will be corrupted. Secondly, as previous methods, LDA is more suitable on linearly separable multiclass problems.

Non-linear algorithms

In case of non-linear problems, where class boundaries cannot be approximated by hyperplanes, non-linear algorithms may be more reliable than linear classifiers.

K-Nearest Neighbors

K-Nearest Neighbors is a basic method used for classification. Basically, it computes all the distances between a new sample and the ones of the training set. Then, the majority class of its neighbors is assigned to it. The number of neighbors that contributes to the vote is determined by k. 

d(X i , X n ) = (x i1 -x n1 ) 2 + (x i2 -x n2 ) 2 + . . . + (x ip -x np ) 2 (3.7)
To compute an accurate distance, it is necessary to work on homogeneous features (i.e., with the same scale). Indeed, absolute differences in features must weight the same to avoid the computation of a meaningless distance.

KNN is a popular algorithm in classification due to its simplicity. In fact, the algorithm is intuitive and easy to implement. Additionally, it can perform well for both linear and non-linear cases.

However, KNN has some drawbacks. It is easily subject to overfitting, especially when working with an imbalanced training dataset 5 . In addition, it can require a lot of memory for future predictions since it needs the training data samples to compute distances.

Decision tree

Decision tree is a predictive model approach which is constructed as a tree-shaped diagram, composed by nodes, branches and leaves. It provides the statistical probability of a class to occur. An example of tree architecture, for a four classes problem and a feature set of three components, is provided in Figure 3.11. The prediction for a new sample is given using a succession of small tests. Each node corresponds to a test until a leaf, giving the overall output decision, is reached. Hence, in the tree example, if a new data sample n has:

• its feature x n2 is superior to T 2 ;

• its feature x n1 is inferior to T 1 ;

• its feature x n3 is inferior to T 3 .

Then, there is a probability of 0.9 that it belongs to class 3 and a probability of 0.1 to belong to class 1. Generally, the highest probability is retained, making "class 3" the final decision for this sample.

when the proportion of samples for a class is high or low in comparison with others

In the training phase, two elements are determined: the architecture (e.g., the order of the considered features, the number of nodes and leaves) and threshold for each feature. A decision tree is constructed following these steps:

1. Split the training set by thresholding a feature; 2. Compute a measure of the quality of the split;

Repeat Step 1 and

Step 2 until all the splitting possibilities (all thresholds for all features that wasn't used in previous nodes) are associated with a quality measurement;

4. If the split with the best quality measurement improves the classification of the previous node, it is a new node. Otherwise, the previous node was better and is turned into a leaf.

5. Repeat all the previous steps until only leaves can be reached.

To measure the quality of a split, a criterion based on impurity (e.g., Gini's) or information gain (e.g., entropy) can be used [7]. In practice, it is often the Gini's impurity that is applied:

Gini = 1 - C c=1 P (c) 2 (3.8)
where C is the number of classes and P (c) is the fraction of samples of class c observed after the split. The lower is the Gini's criterion, the better is the split.

Decision trees are easy to understand and interpret. Additionally, they require very few data preparation (such as scaling in KNN) since splits are independently made for each feature. However, they can easily lead to overfitting if the set of features is too wide. As KNN, they are also sensitive to imbalanced dataset since the number of samples in each class impacts the quality criterion.

Random Forests

Random Forest is a part of "ensemble methods" of machine learning. Ensemble methods are based on the assumption that diversified and independent models tend to give better classification results. Therefore, Random Forest is a combination of tree predictors [3]. The classification result comes from the majority vote of a collection of decision trees (also called bagging). In fact, it aims to enhance the generalization by averaging multiple decision trees trained on different parts of the same training set. Figure 3.12 shows the workflow for a new prediction with a RF model of E trees.

In the learning phase, each tree is growing, as described in Section 3.2.2, from a randomly selected subset of the feature set. In this way, each tree is growing with different features. Indeed, if the whole feature set was used, significant features would always come first in the top nodes of splitting which would make all trees be more or less similar.

Random forest is a very popular learning method that can reach really high performances. Contrary to previous methods, it can be robust to imbalanced dataset since a prior knowledge of class occurrences can be integrated in the algorithm. However, results are difficult to interpret since it can be constructed with hundreds of trees. Additionally, sometimes, RF can overfit due to a too noisy dataset (i.e., with a lot of outliers/extreme cases). 

Support Vector Machines

Support Vector Machines are suited for both linear and non-linear problems [5]. The aim of SVM is to find the hyperplane boundary that leaves the maximum margin between two classes. Figure 3.13 illustrates the SVM terminology on a linear example. In the learning phase, the basis of SVM is the perceptron. This time, the vector of weights W is estimated ensuring that the margin is maximized between the support vectors of both classes. Support vectors are the data points of both classes which are near the hyperplane. Generally, a parameter g defines the quantities of points that will be taken into account while estimating W . The highest is g, the less support vectors will be used. For multiclass problem, the one-versus-the-rest strategy is often used.

The main strength of SVM is what is commonly called the "kernel trick". The idea is to apply a transformation φ to the dataset in order to work on a space where data are linearly separable. An example of kernel transformation is given by Figure 3.14. A wide variety of kernel transformations can be used such as polynomial, radial basis function or sigmoid as well as customized kernels.

Support Vector Machines is a widely used machine learning algorithm. Contrary to RF, it is robust to extreme cases since the hyperplane boundary is computed from support vectors. The main drawback of SVM is that a lot of parameters, depending on the kernel, has to be tuned and finding the best set of parameters can be computationally expensive.

Multi-Layer Perceptron

Multi-Layer Perceptron (MLP) is a feedforward artificial neural network. Although a sole perceptron is limited to linear situations, Artificial Neural Networks (ANN) have been constructed in order to solve non-linear problems. There are composed by one input layer, at least one hidden layer and one output layer. Hidden layers and output layers are made up of perceptrons that are all connected from a layer to another. Figure 3.15 depicts an example of MLP with two hidden layers.

Predictions are made by feeding the feature set of a sample to the network. Then, perceptrons are progressively activated (or not) until reaching an output node which gives the predicted class. Contrary to the linear case, the activation function of each perceptron is non-linear. Among them, we can cite hyperbolic tangent, rectified linear unit function or sigmoid 6 .

For the learning phase, MLP uses a supervised technique called backpropagation. As for the linear case, all samples are passed through the network and weights W are updated according to the output error [22]. Weights of each perceptron are updated one-by-one, starting from the ones of the output layer. Neural network is a field in expansion notably because of improvement in computing capacities. Nowadays, neural networks can be composed of a large amount of hidden layers, increasing their depth. This increase of the computing capabilities leads to an evolution of Neural Networks (e.g., Convolutional Neural Networks, Recurrent Neural Networks) to what is today commonly called deep learning. The main drawback of neural networks is that it involves a lot of parameters to tune (e.g., number of layers, number of perceptrons per layer, connections between layers). In addition, it is also subject to overfit if the training set is too small or not representative of the whole population. Although today, various complex problems can be solved with deep learning, it is important to remind that it exists alternatives (e.g.,SVM, RF) that are faster, easier to train and can provide better performances regarding the classification objective.

Techniques for performance evaluation

As briefly mentioned in Section 1, evaluation strategies can change regarding the classification objectives, as well as considering the available data. This section firstly focuses on the metrics that are used to evaluate the performances. Secondly, we will go through different techniques used to split an annotated dataset in order to ensure good results for future predictions.

Metrics

Parameters and hyper-parameters of machine learning algorithms are tuned by maximizing the performances metrics. Additionally, performance metrics are mandatory to compare the results of different Section 4. Techniques for performance evaluation classifiers. In practice, most of performance metrics are based on the confusion matrix, reporting the number of good classifications and misclassifications by comparing the predicted with actual labels. A confusion matrix for a two class problem is reported in Figure 3.16. It is composed of four numbers:

• True Positive T P : number of samples correctly classified as yes;

• True Negative T N : number of samples correctly classified as no;

• False Positive F P : number of samples classified as 'yes' instead of no;

• False Negative F N : number samples classified as 'no' instead of yes. From there, the overall classification accuracy Acc measures the total of good classification over the whole data set:

Acc = T P + T N T P + F P + T N + F N (3.9)
Measuring the accuracy of a classification is important to give an insight on what the algorithm is capable of. However, it is not always the best way of looking. In fact, for example, in case of imbalanced dataset, a class can take the lead on the accuracy metric and a very high value can be observed even if a less represented class is never detected. Actually, it is often the case in biomedical engineering, notably when working on rare incident diseases. For example, for disease screening, it may be better to hand up with some false positive cases than missing one patient. Reversely, in some cases, it may be more important to be sure that samples predicted as belonging to a class really belongs to this class.

For these reasons, it exists a bunch of metrics which analyze the performances in different ways. A list of the more common ones is provided hereafter.

Historically, sensitivity and specificity are used to precise classification results:

• Sensitivity Se, which measures the proportion of actual positives that are correctly identified as such:

Se = T P F N + T P (3.10)
• Specificity Sp, which measures the proportion of actual negatives that are correctly identified as such:

Sp = T N F P + T N (3.11)
Recently, with the gain of popularity of machine learning, recall, precision and F-scores are commonly used:

• Recall R, corresponds to Se: R = T P F N + T P (3.12)

• Precision P , also known as the Positive Predictive Value (PPV), which measures the fraction of actual positives among the retrieved positive cases:

P = T P T P + F P (3.13)
• F1-score F 1 is the harmonic mean of precision and recall and allows a single measure of performance:

F 1 = 2 • P • R P + R (3.14)
• F β score, which is the weighted (according to β) harmonic average of precision and recall:

F β = (1 + β) 2 • (P • R) (β 2 + P + R) (3.15)
All these metrics are bounded between 0 and 1, where a value of one means a perfect score. Until there, it may seem that these metrics are only applied on two class problems. However, all these performance measurements can be generalized to multiclass problems, notably by constructing a confusion matrix of one-versus-the-rest for each class.

Cross-validation

In order to validate the classifier abilities to make future predictions, several evaluation strategies can be followed. Cross-validation is the most popular method that helps to ensure the robustness of a classifier since it allows the detection of underfitting or overfitting [7]. In this section, three popular techniques of cross-validation are presented: Hold-out, K-fold cross-validation and Leave-one-out crossvalidation.

Hold-out

The hold-out method is the simplest cross-validation technique. Data is divided into two parts: the training set and the testing set, as depicted by Figure 3.17. This way, the classifier is trained on the to ensure a representation of all classes in the training and in the testing set. This method is usually applied for small datasets.

k-fold cross-validation

One way to improve the hold-out strategy is to perform a k-fold cross-validation to tune the parameters and train the model. The idea is to train the model on k different data splits to ensure its robustness. For each iteration, a training set and a validation set are constructed. An example of 3-fold cross-validation is provided by Figure 3.18. For better control on the classifier performances, it is also recommended to work with an additional set, that wasn't seen during the learning phase and the tuning of the parameters. This set is called the testing set. Hence, in Figure 3.18, the 3-fold cross-validation step is only performed on a part of the data.

Leave-one-out cross-validation

Leave-one-out cross-validation (LOOCV) is the extreme k-fold validation, where k is equal to the number of samples in the training/validation dataset. An example of LOOCV is depicted by Figure 3.19.

Another way to perform LOOCV exists in biomedical engineering. In fact, to evaluate the capacity of classifiers to work with a new patient, a leave-one-patient-out strategy is often performed by working on all patients except one at each time. Performances for each draw indicate the generalization of the model to make future predictions for a new patient.

Conclusion

In this chapter, the key concepts of machine learning for classification were presented. Hence, the process of designing a new classifier was described. It goes from the data collection to the deployment of a new model to make future predictions. We saw that at each step of the design there are some However, the main issue remains the construction of an informative database. In fact, if the dataset is not representative of the reality, all necessary precautions can be taken to avoid underfitting or overfitting, it will be impossible to get to a generalized model.

In the following chapters, several classification problems are tackled for: automatic detection of sleep stages, segmentation of motion and cry extraction.

Introduction

Preterm birth, defined as birth before 37 weeks of gestation, is concerning 15 million babies per year or 11% of all live births worldwide and this number tends to increase every year [6].

Premature babies have several immature functions such as digestive, immunological, cardio-respiratory or neurological functions and begin their life in a Neonatal Intensive Care Unit (NICU), generally in an incubator, under high medical supervision. Their health status is monitored, as well as their maturation, in order to program the incubator exit and then the discharge home. This monitoring relies on several vital signs (cardiac activity, breathing, blood pressure. . . ), and may be extended by a sleep analysis, leading to a sleep stage sequence as a function of time, also called hypnogram [23,50].

Since the sleep behavior differs across PostMenstrual Age (PMA), its analysis may give a good indication of the degree of brain maturation. In particular, the duration of sleep/wake cycles is supposed to increase with PMA and the sleep organization to evolve with more time spent in quiet sleep [12]. For neonates, two sleep scoring techniques exist: the polysomnography based on the analysis of the ElectroEncephaloGram (EEG) and the direct behavioral observation, which is most commonly used. Based on the rules of Prechtl [43], the sleep scoring is performed in the presence of the baby, by observing body activity levels, eye state (open or closed), respiration regularity, vocalizations. . . This technique, contactless and without constraint for the baby, is particularly recommended in the NIDCAP (Newborn Individualized Developmental Care and Assessment Program) [2], centered on the comfort of the baby. However, sleep analysis (polysomnography or behavioral observation) is difficult to install, time consuming and cannot systematically be used. In this context, development of new ways to automatically monitor the neonates, using contactless modalities, is necessary. This work is a part of the Digi-NewB project, funded by the European Union programme for Research and Innovation Horizon2020. Its objective is to reduce mortality, morbidity and health costs of hospitalized newborns by assisting clinicians in their decision-making related to sepsis risk and neurobehavioral maturation. For this purpose, the project aims to develop a new generation of monitoring systems in NICU, using clinical and signal data from different sources (electrophysiological, audio and video).

First studies using video as a support of sleep analysis appeared in 1969, when the Association of the Psychophysiological Study of Sleep (APSS) highlighted the importance to develop a guide for assessing infant sleep. In fact, contemporary criteria (Rechtschaffen and Kales [44]) were not applicable to the infants, who present unique behavioral features of development. Two years later, this manual was proposed by Anders et al. and recommended to supply polysomnographic recordings by behavioral observations [3]. From there, Anders et al. proposed to study infants using only behavioral observations, sometimes supplemented by time-lapse video recordings, an alternative method for long-term recordings. In [4], a study was performed with full-term infants, at two and eight weeks of age. Behavioral states were scored from video considering eye state, vocalizations and movements. The polygraphic scoring was based on EEG, electrooculogram, electromyogram and respiratory signals. A correlation of 0.79 was obtained between both scorings of the three states (Active REM Sleep, Quiet REM Sleep, Wakefulness). Fuller et al. proposed a similar approach with premature newborns, but only focused on the eye state and the body movements. Furthermore, only sleep stages were considered and vocalizations were not included [18].

The automatic sleep stage classification has been much less addressed in newborns, full-term or preterm, than in adults. However, several modalities were studied including EEG [5,13,14,16,41,42], cardiorespiratory signals [20] and facial expressions [21]. Though, these methods offer a sleep stage classification more or less specific regarding the PMA. In fact, EEG can only be investigated to distinguish quiet sleep from all other sleep stage under the age of 32 weeks PMA, whereas facial expression assessment can provide a more specific sleep stage classification since 26 weeks PMA. For their part, cardiorespiratory analyses can be reliable for particular sleep stage qualification before 32 weeks PMA [50].

This paper proposes to estimate behavioral sleep states from audio and video acquisitions, which is suitable with a contactless and non invasive monitoring, an approach never envisaged before in the context of NICU [9]. It is based on two main steps (Figure 4.1):

• Audio and video processing, leading to the characterization of information of three types: i) vocalizations, ii) motion and iii) eye state.

• Combination of the three signals in order to obtain an estimation of the behavioral sleep states.

Paper is organized as follows. In section 2, methods for the extraction of vocalizations, motion and eye state and the automatic estimation of sleep stages are described. Section 3 is devoted to the results concerning the eye state estimation algorithm and the classification of sleep stages. 

Methods

In this section, methodology for the extraction of information from audio and video is first presented. A larger part is devoted to the description of the method we developed for the eye state estimation. Then, we propose to estimate sleep stages from these extracted signals by the use of different classifiers.

Database

Videos were acquired during a project conducted at the University Hospital of Rennes, approved by the Committee on Protection of Individuals (CPP Ouest 6-598) and complying with standards established by the Declaration of Helsinki. Ten newborns were included in this study and the signing of an informed consent, was obtained from parents for each of them.

During the experiments, a camera was set up in the room of the babies to record the scene. It was installed near the bed in order to observe the major part of the body. Recordings were performed in moderate obscurity. The camera had a resolution of 720x756 pixels and recorded 25 frames per second. Sound was acquired by a microphone integrated in the camera with a frequency sampling of 8 kHz. The choice of this low sampling rate has been motivated by our objective to simply detect periods with sound activity while keeping a fast computation time. To consider conditions compatible with a monitoring context, no specific setup was imposed.

Recordings were performed between the 7th and the 11th day of life of premature newborns having a GA ranged from 26 to 32 weeks and, consequently, a PMA comprised between 28 and 33 weeks (see Table 4.2). Each video duration was between 10 and 32 minutes, leading to a total duration of more than 4 hours (242 minutes and 14 seconds).

For each video recording, a frame was randomly selected and reported on Figure 4.2 to illustrate the complexity of the database.

One can observe that all infants lay on one side and are most of the time covered by a blanket. Four of them are equipped with a ventilatory support and six of them are intubated. Differences can also be noticed in luminosity conditions and camera distances. In audio recordings, only background noises of low energy, for example emitted by the ventilator, were reported. 

Vocalizations' extraction

The development of automated sound processing began in the 1960s (see [49] for an historical review). In the context of monitoring, the main issue is to extract newborns vocalizations, also called Voiced/UnVoiced (V/UV) detection. Several strategies were recently proposed to perform this detection automatically. A V/UV detection procedure was proposed in [35], where an interval was selected as voiced if the maximum of the autocorrelation function is greater than a fixed threshold. Several techniques based on the thresholding of the Short-Term Energy (STE) were also investigated [15,26,[31][32][33][34].

Here, baby vocalization detection is performed by applying the methodology proposed in [32]. It is based on the computation of the STE in 20 ms length windows, with 50% overlap between adjacent windows. Then, the highest STE intervals, corresponding to baby vocalizations, are detected using two thresholds, automatically selected using Otsu method [36]. Finally, to construct V (t) signal, values of unvoiced frames are set to 0. An example of a raw sound signal and the resulting vocalization signal

V (t) is given in Figure 4.3.

Motion estimation

Many methods have been proposed in the literature to estimate and characterize motion in videos [29]. In paediatrics, specific topics such as general movement assessment or detection of neonatal seizures were addressed [27,38,46]. In this work, the goal is not to estimate the local motion of the baby, which would be very challenging because of the unconstrained acquisition setup, but to globally characterize its activity. For this purpose, we consider the modifications between two successive frames by computing their difference [30]. In order to limit the influence of noise, the resulting difference image is thresholded with a value T M (typically low). The amount of activity at a time t, or "motion signal" M (t), is obtained by counting the number of pixels above the threshold. An example is given in Figure 4.4.

Eye state estimation

As for adults, where the conditions are usually controlled (full face, front view and open eyes, good luminosity, no occlusion. . . ) [1], eye tracking of infants has been only addressed in a few specific studies. For instance, they were always located in front of the camera and seated either on a parent's lap [24], in an infant chair [22] or in a baby car seat [17,19]. These conditions being not fulfilled, a specific algorithm was developed for the estimation of the eye state E(t). As the baby may move during the recordings, the algorithm relies on a tracking step of the region of an eye associated with a detection step in this area. It is a semi-automatic procedure, with a limited number of user interactions.

Initialization

The region of the eye has to be tracked since the baby moves during the video acquisition. However, since the state of the eye is changing (open, closed, or in-between), its appearance is often modified. Thus, we decided to perform the tracking of another region of the face, supposed to keep the same appearance and to be at a constant distance from the eye. This region is called the "reference" region of interest (R Ref ), and may for example include the nose or an ear. Depending on the acquisition characteristics, the choice is left to the user and performed during the initialization of the processing, i.e. on the first frame (R Ref (0)). The user has also to select the region of the eye (R Eye (0)). The 

Tracking of the reference region

For each new frame, the reference region is firstly tracked using the template matching approach. It is based on the comparison between the template and each possible position in the new frame. Since the motion amplitude is limited between two successive frames, the search is restricted to a region centered on the previous position of the reference. For each position in the search region, a metric is computed to evaluate the correspondence between the template and the new frame's region centered on this position. The reference region being supposed to keep its appearance, the considered metric

Smoothing of the eye state signal

Once the video recording has been processed, a sliding median filter is applied on the eye opening values to limit the brief incoherent changes. Since an eye blanking has been observed to last less than five successive frames, the median filter window length has been set up at 5. An example of a eye state signal is given in Figure 4.5(c).

Sleep stage estimation

In this section, we propose a strategy to characterize newborn sleep organization based on the fusion of the extracted descriptors.

In this objective, data are first standardized by applying a set of post-processing to the three signals

V (t), M (t

) and E(t):

• A Hilbert transform is applied to the vocalizations signal V (t) to recover the signal envelope and proceed next with a positive signal;

• It is also downsampled to 25 Hz, the sampling frequency of motion and eye state signals;

• The three signals are smoothed using a median filter on 1-second length windows;

• The three signals are normalized to the range [0, 1], relatively to the global maximum of the database (separately for each type of signal).

The resulting signals are called V (t), M (t) and Ē(t).

Then, a model to estimate sleep stages on the whole population, based on machine learning, can be built. For this purpose, each t is considered as a sample described by three features V (t), M (t) and Ē(t), associated with its sleep stage label (QS, AS, D, QA or AA). We selected five commonly known approaches that cover a large scope of classification hypotheses: K-Nearest Neighbors (KNN) [40], Linear Discriminant Analysis (LDA) [28], Support Vector Machine (SVM) [48], Random Forest (RF) [7] and Multi-layer Perceptron (MLP) [37]. Since some of these methods are more reliable on balanced dataset, a random under-sampling method was first applied to equalize the number of elements of each sleep stage class. Then, an hold-out evaluation is performed. The dataset is randomly split into a training and a testing part containing respectively 60% and 40% of the balanced dataset. These operations are repeated 30 times.

Results

This section is dedicated to the validation of our approach. First, software and platforms that were used to produce these results are reported. As sound segmentation and motion estimation have been already evaluated by their authors, their conformity was only confirmed by visual assessment. Nevertheless, an original strategy was defined for the evaluation of our eye state estimation method.

Then, performances concerning sleep stage estimation are given by comparing the results of the five different machine learning approaches to an expert annotation.

Software and platforms

Several software and platforms have been involved in this project. Video processing (motion and eye state estimation) was developed in C++ with OpenCV 3.0 library whereas vocalization extraction and statistical analyses were performed with Matlab R2018a. Machine learning approaches were implemented in Python 3.6 using scikit-learn 0.20.0 [39].

Tuning of the parameters

Eye state detection Some parameters in motion as well as in eye state detection algorithms had to be tuned to fit the database properties.

Regarding motion analysis, the threshold T M has been defined by studying the cumulative histogram of video sequences with empty rooms (without baby or adult), resulting to a low value of 10, initial intensity ranging in [0, 255].

Three thresholds were used in the eye state estimation algorithm. Thresholds D 1 and D 2 (intensity ratios), that defined the accepted appearance modifications of the reference region, were empirically set to 0.02 and 0.04, respectively. The threshold T E was manually selected between 15 and 25, depending on the video luminosity. In fact, the contrast is less pronounced in low luminosity videos and consequently, a lower threshold is necessary.

Classifier parameters In section 3.4.1, five classifiers are compared. For each of them, the set of parameters resulting to the highest performances was first identified. For that purpose, several parameters and hyper-parameters have been tuned. A summary of the tests is reported in Table 4.1. From there, the best set of parameters (in bold in Table 4.1) was retained for each method. It is important to note that some parameters had little or no influence on the performances. When several values were suitable, we chose to keep the one with the lowest computational time.

Performances of the eye state estimation method

The eye state estimation algorithm was evaluated by comparing its results with a manual analysis of the videos. On the one hand, video durations and sampling rate implied that a visual scoring frame by frame was not possible. A scoring with another resolution (for example one value per second) was also rejected because it could avoid some short events (as eye blinking). For these reasons, we chose to perform a scoring of 5% of randomly selected frames. On the other hand, intermediate states being difficult to objectively determine, the user decided if the eyes were 'Open' (=1) or 'Closed' (=0). In this context, the values of the surfaces provided by the algorithm (Figure 4.5(c)) were binarized i.e. all the non-zero values were set to 1 (i.e. "Open").

Considering the manual scoring as the reference, the Sensitivity (Se), Specificity (Sp) and Accuracy (Acc) of the proposed method were computed for the 10 videos and are reported in Table 4 Results show that accuracies range from 96.56% to 100% (99.4% on average). More precisely, sensitivity and specificity are always greater than 95% and 97% respectively, except in the case of the video 7 where Se is equal to 78.57%. In this video, the baby had very rapid motions that led to tracking errors.

The total number of user interactions (Table 4.2) has also been quantified and is supplemented by the number of them not due to hidden eye. We can also notice that most of time only few interactions were required (often none and up to two) except for three videos (5, 7 and 9). For video 5, the total number of interactions is consistent since it appeared mostly in case of hidden eye. However, processing of videos 7 and 9 requested irrelevant manual interactions due to the change of appearance of the ROI Ref , for example after a rotary motion of the head. Nevertheless, performances on video 7 and 9 are high with a global concordance of 96.56% and 99.25%, respectively.

Computational time of our approach is attractive since the algorithm takes 0.047 second to process one frame, in its current version. As an example, the video 8 (duration: 41'02), that required no interaction (except the initialization step), was processed in 48 minutes and 12 seconds. In case of interaction, time to resume the algorithm is equivalent to the initialization step duration, meaning a few seconds. In addition, several videos can be processed simultaneously optimizing considerably the time required to assess the sleep of different babies. Statistical analyses were also conducted by Mann-Whitney U test to discuss pairwise differences between sleep stages for each descriptor. Bootstrap method [51] was applied to minimize the repetitive effect of our dataset. Hence, 100 draws of 24 random samples (representing only 0.2% of the less represented class) have been achieved. The resulting median p-values were studied. Only statistically significant differences (p<0.05) are identified by brackets in Figure 4.6. These results confirm that our set of descriptors is valuable to characterize sleep since most of sleep states can be differentiated from others by at least one descriptor. We can also note that vocalization and motion features are discriminating in more cases (7 over 10) than eyes (4 only). However, no descriptor showed statistical differences for QS vs AS. Figure 4.6 shows the complementarity of the three informations, since the value repartition according to the sleep stages is different from a modality to another. Moreover, they are in accordance with the stage definitions for the newborns [43] and give a qualitative validation of the approach. However, they, as of now, augur potential difficulties to differentiate Active Sleep and Quiet Sleep.

Classification results

Performances of the sleep stage classification are evaluated taking as reference the manual scoring performed by the expert. The results of the 30 repeated operations were averaged, which led to a mean accuracy and standard deviation for each sleep stage. To complement these results, Cohen's Kappa [11] and Kendall's tau [25] coefficients have been computed and reported in Figure 4.7(b).

Results presented in

Cohen's Kappa coefficient, that measures a ratio-scaled degree of disagreement between two approaches, shows, with greater values than 0.44 for all methods except LDA, a moderate concordance between sleep stages provided by the expert and the ones automatically estimated [45]. Kendall tau coefficient aims to measure the association between two quantities, assessing the similarity between ordered data. For this purpose, each stage was affected with a value from 1 (QS) to 5 (AA). For each machine learning approach, excluding LDA, high degrees of concordance are observed (above 0.67), meaning that the estimation errors are mainly made from one stage to another close one (e.g., AS was Section 4. Discussion estimated instead of QS). As proof, a test considering only two classes, QS+AS+D versus QA+AA (in other terms calm vs alert stages), led to a higher accuracy of 94.8% with Random Forest classifier.

In conclusion, all these results suggest that the estimation of alert stages (QA and AA) is correctly performed, but that the differentiation between the three calm stages (QS, AS and D) remains more difficult. These results are not surprising considering that Drowsiness is an intermediate state by definition, and that QS and AS are close in terms of behavior, as shown by Figure 4.6.

Discussion

In this paper, a whole process was defined to semi-automatically and contactless monitor premature newborns using audio-video acquisitions. It includes different processing to extract baby's vocalizations, motion and eye state. For the last one, a specially developed algorithm based on a two-step approach was evaluated with manual annotations of 10 videos and led to a mean accuracy of 99.4%. Weaknesses have been pointed out in the presence of rapid motion and/or complex transformation of the reference region.

Then, the three descriptors were used in order to obtain an estimation of the behavioral sleep states. Five classifiers (KNN, LDA, SVM, RF and MLP) were compared to a NIDCAP expert annotation. Best results were obtained with Random Forest for the two alert stages QA and AA.

Results presented in this paper are new since no similar approach was proposed in the literature in the context of NICU. In fact, no automatic classification of Prechtl sleep stages was ever conducted in preterm infants. All studies dealing with early days of preterm newborns were based on EEG analyses and only quiet sleep detection was performed [5,13,14]. Only two studies dealing with preterm and full-term newborns proposed to identify four sleep states with EEG, but was focused on newborns at 38 to 42 weeks PMA [41,42]. Alternatively, an automatic classification of three states (sleep, awake and crying) was proposed from face analysis [21]. However, authors reported that its application in a realistic hospital environment was not directly possible. In addition, to date, no automated video analysis of sleep has been conducted on preterm infants [50]. The same observation can be made concerning audio analyses. Furthermore, regardless of the clinical target, the combination of audio and video descriptors is also innovative. Despite a wide variety of publications about audio or video processing in paediatrics, only one study integrating both automatically, were, to our knowledge, published [34]. Nevertheless, they were investigated separately.

If this preliminary study shows encouraging results, they will have to be confirmed on a larger database. Although, it is worthwhile to remind that the constitution of such a database is difficult, notably because the annotation of sleep stages by an expert is time consuming.

In the present study, algorithms are applied off-line, on video recordings. The manual interactions for eye state estimation are only required when needed (e.g., occlusions). In that case, the processing is paused. Thus, there is no need for the user nor to perform the analysis in newborn rooms nor to continuously supervise the processing. Consequently, in a heavy workload context for nurses, the sleep analysis can be deferred and thus more newborns may benefit from this follow-up. However, refinements can be envisaged to enhance performances and move towards a fully automated solution. For example, the eye state detection algorithm robustness may be improved by tracking several regions of interest. In addition, an automatic selection of region(s) of interest by the use of a deep learning approach could be considered on a larger database.

Moreover, it is important to note that the level of discomfort induced to the baby by such a strategy is lower or equivalent to actual techniques but its impact, in both forms (semi-automatic/deferred or automatic/continuous), on daily care routine will have to be studied.

Additionally, a better differentiation between Quiet Sleep and Active Sleep may be achieved by adding the cardio-respiratory information, since it has been shown to be discriminative in Quiet Sleep [20]. However, rather than using additional sensors, it would be doubtless preferable to pursue a non-invasive strategy. Indeed, heart rate and respiration were recently estimated by automatic video processing in NICU in real conditions [10,47].

Nonetheless, these results augur well for the automatic sleep organization assessment to improve newborn care, but also infant well-being and development. Indeed, this work shows the relevance of our approach to estimate sleep stages by the means of non-invasive techniques such as audio and video processing. These results are directly linked to Digi-NewB objectives and suggest the possibility to monitor sleep in premature newborns and, thus, to quantify their neuro-behavioral development exutero.

Conclusion

This work showed the great interest to combine audio and video analyses for a clinical purpose and mainly for maturation quantification in preterm newborns. From this initial and positive experience, we decided to focus our attention on the remaining part of this dissertation on motion and cry analyses. In fact, the next step to ensure continuous newborn monitoring feasibility is to propose a first fullyautomated solution and, as it was confirmed by the methodological state of the art, motion and cry analyses emerge as an obvious basis to this end.

However, as mentioned previously, solutions need to be developed to propose a robust and reproducible behavioral sleep monitoring. In fact, in order to reach continuous monitoring, unpredictable events such as the presence of adults (e.g., parents, nurses) in the camera field, equipment alarms or adults voices on the audio track have to be detected and discarded to extract relevant periods of analyses.

Besides, in this chapter sleep states estimation was performed on each sample although providing estimation on longer period, could, as an example, enhance our capacity to discriminate Quiet Sleep and Active Sleep. In that case, set of parameters to characterize periods, here regarding motion and cry activities, would have to be computed.

In addition, integration of an audio/video system in NICU has to be tackled. In fact, the present study was only performed in 10 different configurations for newborns with a PMA comprised between 28 and 33 weeks, mostly lying in radiant warmer. Nevertheless, in the clinical context chapter, we have seen that NICUs regroup a variety of configurations and equipment. Thus, a new monitoring and adaptable solution based on a new type of care equipment will have to deal with this diversity. This last point is the object of the next chapter where our audio/video acquisition system and its integration in NICU are presented.

CHAPTER 5

VOXYVI, A NEW AUDIO-VIDEO ACQUISITION SYSTEM FOR NEONATAL INTENSIVE CARE UNIT 1 Introduction

One of the main objectives of the Digi-NewB project is to construct a large database of synchronized signals of three different sources: electro-physiological (e.g, heart or respiratory rate), video and audio, in order to identify the best features that characterize the newborn condition regarding infection and neuro-behavioral development. Therefore, during the four years of the project, a large number of babies have to be included and recorded at different PMA. In particular, a rare incidence rate of sepsis is observed in newborns, confirming that a high number of babies will have to be recorded to reach a good representation of sepsis. To achieve this, six french hospital centers are involved in the project: Rennes, Brest, Nantes, Angers, Poitiers and Tours. However, each NICU has its special characteristics regarding room configurations, beds brands but also care habits.

The main challenge, addressed in this chapter, is then to design an audio and video acquisition system that fits all these characteristics while being as non-invasive as possible, within the objectives, first, to construct a homogeneous database and later, to be integrated in daily care as an equipment for monitoring. In the literature, studies dealing with preterm newborns were mainly conducted on short recordings on relatively small databases and thus, solutions to settle in NICU were not clearly addressed. Most of the authors decided to place the acquisition system above one corner of the foot end of the bed in order to record the full body of the baby. However, no author recorded newborns lying neither in closed incubators nor in a dark environment, particularly common in NICU.

In addition, several features extracted from audio and video have been proven to be relevant indicators of newborn conditions regarding a large scope of clinical situations. Hence, Black and White (B&W) cameras were used for motion analyses in order to detect cerebral palsies [12] or neonatal seizures [8] but also to estimate physiological signals such as cardiac pulse [13] or respiratory [4] rates. The last two points were also investigated with color cameras [3,14]. Concerning audio analyses, two types of microphones have been used: unidirectional for cry analysis [9] or omnidirectional to study NICU acoustic environments [11]. In addition, thermal cameras were also employed to investigate temperature of the baby [2] or respiratory rate [1]. However, among them, no study dealt with neonatal sepsis.

Thus, it was difficult to know, in advance, which descriptor will be revealed more relevant regarding this objective. Reversely, considering behavioral developments, assessing baby cries and movements from microphones and B&W camera were shown as important elements to predict different brain disorders. Consequently, to construct an exhaustive and informative database for research purpose, a variety of audio and video modalities had to be considered. Thus, different constraints had to be fulfilled by the system both in terms of considered modalities (B&W, color, and thermal cameras, microphones) and acquisition conditions (very long recordings in very constrained and varying environments). Since no existing devices was meeting these conditions, it was decided to develop a specific system. This chapter is organized in two main sections. First, a material and methods section presenting the acquisition system (Voxyvi) in terms of hardware and software, solutions to integrate NICU and the data acquisition protocol are proposed. Then, in a second section, the impact of the new material in NICU is studied through the inclusion progress and clinician feedback.

Materials and methods

Description of the acquisition system

The acquistion system is composed of an hardware and a software parts: the audio-video device and the local computer unit which provides an interface, computing capabilities and data recording. The whole system will deliver, after pre-processing, a set of descriptors that can be integrated in a Decision Support System (DSS) in order to monitor newborn health. This architecture is depicted by 

Audio-video device

Three video components marketed by FLIR have been selected. First, a B&W infrared camera that presents a resolution of 752x480 pixels (FMVU-03MTM-CS) was chosen. Associated with an infrared illumination by LEDs, it provides clear images day or night up to 30 frames per second (fps). Its small size (44 mm x 34 mm x 24.4 mm) makes it very easy to integrate. This first component was considered as susceptible to give information on newborn motion. The second video component is the equivalent color camera (FMVU-03MTC-CS). However, images are clear only by day or when lights are on. At the beginning of the project, this camera was considered as pertinent to bring information on the skin color. The last one is a thermal camera (60x80 pixels) with up to 8.6 fps capturing capability. There too, its size (8.5 x 11.7 x 5.6 mm) motivated its selection. This camera was expected to bring information about the presence of the baby in the bed, eventually his/her motion or other parameters like respiration or temperature.

Regarding acoustic, an omni-directional microphone (FG-23329-P07) marketed by Knowles Acoustics was chosen. It allows an acquisition sampling rate up to 44 KHz. This microphone was judged as robust enough for very long acquisitions in real time context and susceptible to capture relevant information about the cry of the newborns. The different components have been embedded in a single acquisition device (see Figure 5.2) that provides only two connections: one connection to transfer all the data and another one for power supply. The device is composed by two housings: a main housing that is self-dependent and a secondary housing provided to enable B&W acquisition with a second view.

The main housing contains all the above mentioned components meaning an infrared B&W camera, a color camera, a thermal camera and a microphone. Moreover, other components such as infrared illumination and informative sensors (e.g., temperature, infrared illumination, ambient light photo sensor) have been added. The second housing only embeds an infrared B&W camera with its associate infrared illumination and a microphone. The composition of each housing is summarized in Table 5.1.

The NICU environment implies different conception constraints. In fact, the room being cluttered by a variety of medical equipment, the size of acquisition device has been minimized. Moreover, in some cases (cf. below), it has to be positioned inside the incubator. The total dimensions of the main housing are 17x9x4cm whereas the secondary housing is smaller (6x9x4cm).

An intense infrared illumination can be dangerous, even more because of its invisibility. The thermal effect linked to infra-red illumination can lead to ocular or skin lesions. To protect the preterm infant's eyes, the maximum Near-InfraRed (NIR) radiation must be limited to 10 mW/cm 2 [15]. In our case, with the newborns' eyes placed at least at 30 centimeters from the housing, the power for one steradian will be allocated on a surface of 1225 cm 2 , resulting to a total illumination of 29.4 µW/cm 2 . Thus, the total radian illumination is well below the 10 mW/cm 2 recommendation.

In addition, acquisition have to be performed into incubators. In this type of bed, the temperature can reach 40 • C and the humidity rate up to 90%. This configuration implied a particular attention regarding the choice of the sensors but also to the conception of the protection of the electrical board. Besides, the housings are waterproof and machined aluminum. To control humidity infiltration, an indicator has been integrated in each housing.

From our instructions, the housings have been manufactured by a company specialized in electronic integration.

Local computer unit

The software requirements are fulfilled by an Intel Next Unit of Computing (NUC), depicted by The audio-video device is directly connected to the NUC using a USB connection. Two main tasks, described below, are managed by the Voxyvi acquisition software: interfacing and data recording. Both parts had been developed by the engineers of Voxygen. In the second phase of the project (continuous monitoring), it will also integrate the computation of features from raw data.

User interface

The graphic configuration interface allows the visualization of the raw streams captured by the audio-video device and the launching of a recording session.

To access the interface, a laptop is connected by Ethernet to the NUC. All video streams can be visualized (Fig. 5.4(1)) by selecting the corresponding check box (Fig. 5.4(2)). Other information such as the global luminosity, the temperature or sensor connection status are transmitted in order to control the device before launching the acquisition (Fig. 5.4(3)). Then, it is possible to begin the recording by clicking on the "Start Recording" button (Fig. 5.4(4)). A pop-up window appears and the research identifier (anonymous unique ID of the newborn within Digi-NewB) need to be entered. From there, no additional manipulation is needed and the laptop can be disconnected. In fact, this solution limits the quantity of devices in the room while recording. To end the recording session, accessing the interface is not required, it is sufficient to simply stop the NUC.

Data recording Recordings are stored locally but Voxyvi also allows saving data on an external hard drive disk connected to the NUC. Each stream is recorded under an unique session directory. Moreover, in order to limit file corruption and data loss, recordings are split into multiple records of 30 minutes. Due to the high number of integrated components, a lot of data is collected. Therefore, the encoding formats were carefully chosen in order to keep a good compromise between data quality and file sizes. As a result, all video streams are recorded at 25 fps with MPEG-4 encoding, under AVC container, except for the thermal images. Indeed, in order to keep the integrity of raw measurements, thermal values are directly saved in binary files at 4 fps. Each audio stream is recorded as a channel of a stereo WAV file at 24 KHz. In the end, the resulting amount of data to store per hour is about 1.6 Go.

Integration in Neonatal Intensive Care Unit

The main challenge of recording newborn in NICU is to integrate Voxyvi in the care routine. Besides, the principal will of this project is to propose monitoring solution that is non-invasive regarding the newborn, as well as medical staff and parents. The second challenge is to build a standardized database to automatize audio and video analyses. All of this is even more challenging in the multicentre study context. In fact, as mentioned previously, each NICU is different in term of service organization, bed brands or care habits. In this section, we only focus on the positioning and the orientation of the audio-video device since the local unit computer is easily placed in an accessible location, usually on a shelf near the bed or with the actual physiological monitor.

Positioning of the audio-video device

The newborn safety is the most important requirement. In fact, the system must be designed to be integrated, in the safer manner, in the newborn environment. Moreover, to ensure a non-invasive integration, it must not require direct interaction with the newborn meaning that it should fit to the environment without modifying it (i.e. no additional electrodes, no need to move the newborn from a location to another). Meanwhile, the device should not disturb the medical staff work in terms of manipulation and congestion. This has an impact on the localization of the device and the way to position it.

In addition, premature newborns are placed in NICU from their birth to their discharge from hospital. This specific care implies different kinds of beds (e.g., closed beds like incubators or open beds such as radiant warmer beds and cradles) corresponding to the newborn needs. The support relies on a base made of a stainless steel acting as a counterweight. This base is slipped underneath the mattress and fits any kind of bed. In order to have an optimized angle of observation, the support integrates a rail that enables moving both housings. To adapt the system position regarding height, the rail is also fixed on two telescopic tubes (Max. height 250mm, min. height 154mm, diameter 27/20mm).

The second strategy is to hang the housings as the other medical devices in the room (i.e., using bars or masts). For that purpose, a solution with clamps (Manfrotto REF035) is proposed. The operational domain of the clamp is on sections comprised between 15 and 55 mm. In that context, the wide variety of possibilities of hanging can led to safety issues if clamps are poorly anchored. To manage this critical situation, a security lanyard is provided.

In addition, the viewing angles of the recording devices are likely to change. Thus, the housings are mounted on ball joints which can be locked down to block the position. These mountings can be fixed on the rail of the support with clamping bolts or directly on the clamp. A combined solution In order to adapt safely and efficiently the device to the environment, a protocol depending on the type of bed and environment was constructed (Figure 5.6).

• Closed beds

An outside positioning is irrelevant for closed beds, specially for audio acquisition since the baby sounds will be attenuated. To deal with this type of beds, the support bracket located at the feet of the newborn is considered as the best position. This decision has been taken firstly, regarding the technical constraints and for its adaptation to standard care routine. In fact, medical staff and parents rarely accede to the newborns by this side of the incubator. This positioning has the benefit to make sure that the newborn will stay in the field of view if the bed is moved.

• Open beds

In case of open beds, clamps fixed on masts at the head of the newborns have been defined as the best positioning. In that way, the integration in the room is better than a support placed at the feet of the newborn. In fact, to achieve the best view of the newborn, the housings placed at the feet should be very high to see his/her face and it would affect nursing. Some brands of opened incubators have integrated masts as seen in Figure 5.5 (2). For other brands of open beds, the clamps can be hanged on one of the masts that may be already present in the room. However, our experience showed that in some rooms none of each is present. In that case, the housing can be hang on a mobile and ballasted mast usually used for subcutaneous infusion. The main issue implied by this solution is to be sure that the bed will remain in the field of view. To overcome this difficulty, the location of the bed is marked on the floor and medical staff and parents are aware to replace the bed in this position. For security, data standardization and infrared lighting reasons the distance between the bed and the housings must be kept between 30 and 80 centimeters.

Standardization of the device orientation

In order to build a homogeneous database, recommendations regarding the camera orientation were proposed and are illustrated by Figure 5.7. The main one is to orient the camera to visualize the whole baby. For that purpose, we proposed to let a border, in the image, around the newborn. Secondly, the newborn must be located at the center of the image. These recommendations are necessary to be sure that the newborn will stay in the field of view in case of position change in the bed while nursing.

Training

In a heavy workload context for the medical staff, the system has to be user-friendly, meaning, among other things, that this new equipment has to be easy to understand and use. Thus, a training and technical support were introduced.

First of all, an exhaustive user manual has been provided to each research team in charge of the study conduction in the six hospitals. The user guide is reported in Appendix A. It was presented during a day of training conducted in each center. It contains all the previous mentioned requirements (position- ing, orientation, access to the interface) but also a step by step description of the connection between the different components of the system. To facilitate the installation of the system in rooms, summarized sheets have been given and wires have been marked with different colors (Figure 5.8). Technical support details have also been communicated and allowed a personalized follow-up of difficulties.

Moreover, signage has been added to the system in order to prevent each person (e.g., parents, nurses or cleaners) to the security precautions. As an example, in case of mobile elements (e.g., beds, perfusion holder) the device should not in any way be placed over the newborn. The corresponding signage, positioned on the device, is depicted by Figure 5.9.

Data acquisition protocol

One goal of the Digi-NewB project is to construct an extensive database regarding two clinical targets: the evaluation of the neurobehavioral development and of the sepsis risk in newborns. For that purpose, 780 patients should be recorded along the four years of the project, among them 480 preterm newborns susceptible to contract sepsis. Three populations have been retained:

1. 180 premature newborns with a gestational age inferior to 32 weeks; 2. 180 full-term newborns with high sepsis risk 3. 120 premature newborns born between 26 and 34 GA, with birth followed a Premature Rupture of Membranes (PRM) since this population also carries a high risk of infection [10].

This number is supplemented by 300 newborns, for the maturation objective, equally distributed between five categories of GA: extremely, very and late preterm, early term (37-38 weeks GA) and full-term (>39 weeks GA) newborns.

Regarding the infection target, a recording protocol has been planned for each population: 1) 10 consecutive days of recordings in the early days of life, 2) one recording of 6 hours started in the first 24 hours after birth and 3) one recording of three days at birth, followed by recordings of 17 hours every 10 days. In case of maturation, a recording of 24 hours every 10 days until the discharge is required.

To this end, 19 acquisition devices have been allocated between six centers: 4 in Rennes, 4 in Angers, 3 in Nantes, 3 in Brest, 3 in Tours and 2 in Poitiers. Inclusions have been started in November 2016 in Rennes, in April 2017 in Angers, in June 2017 in Nantes, Brest and Tours and in December 2017 in Poitiers.

Evaluation of the acquisition system integration in NICU

Inclusion progress

Figure 5.10 summarizes the inclusions along the period of November 2016 to February 2019 while Figure 5.11 resumes the number of inclusions for each category. In February 2019, 414 newborns have been recorded in the study. Among them, 137 newborns were included both in infection and in maturation protocols.

Presently, 43% of the expected total number of inclusions is reached in infection. The most advance category is the extremely/very preterm with 150 inclusions followed by PRM and high risk fullterm with rates of 47.5% and 17% respectively.

Considering maturation, a total rate of inclusions of 75% is attained. In fact, the extremely, very and late preterm objectives are completed. Early term and full term categories are behind with respectively 23% and 50%. 

Clinicians feedback

A survey was proposed to nine clinicians, with different profiles (five pediatric nurses, two research nurses, one nurse and one clinical research associate), responsible of the acquisition progress in each hospital center. The objective was to gather their feedback regarding four aspects of the system: installation, interface, training and care routine integration. For each point, overall questions were first asked (e.g., how long do you take to install the system?). Then, agreements to diverse propositions were retrieved on a 4-level scale (Agree, Quite Agree, Quite Disagree and Disagree). They are reported hereafter.

Installation

As a first result, clinicians reported that the installation of the system lasted between 15 and 30 minutes and was mostly achieved by one person. Then, collected answers about installation on the 4-level scale are compiled in Figure 5.12. Clinicians mostly consider that the installation solutions fit all room configurations of their units. In addition, all clinicians feel confident to install the system and mostly consider its installation as fully safe for the newborn except for two of them. Reversely, one clinician don't feel confident to take off the system although all others report that this operation is fully safe for the newborn. The idea to color marked wires is well received since most of the clinicians recognized that this is useful for the installation of the device. However, installation reveals complicated on closed beds for 55% of the clinicians. The opposite trend is seen for open beds. They reported that it was mainly caused by the difficulty to orient the housings in incubators.

User interface

The user interface is fully satisfactory since, as reported in Figure 5.13, all clinicians are comfortable with the proposed use of the laptop to recover the interface. In addition, they are satisfied with all functionalities of the interface (e.g., stream visualizations, start/stop a recording session).

Training

The training evaluation answers of clinicians are summarized in Figure 5.14.

Once again, the overall evaluation is positive. In fact, respondents mostly declare that the one-day training was sufficient to take control on the system and that the supplied manual user was useful and understandable. In fact, they globally do not need to refer it anymore. In addition, the importance of providing a technical support all along the acquisition progress is underlined by all participants. Reversely, mixed reactions are collected about the usefulness of the summarized sheets. Indeed, nearly an half of the clinicians used them at the beginning of the project and almost all of them no more use them.

Care integration

Finally, and undoubtedly the most important point for future considerations, integration of the system in the care routine was evaluated by participants. Answers are reported in Figure 5.15 and show that 78% of clinicians think that the system, in its current form, is quite well integrated to the daily care routine. Until now, the system did not hinder the parents. The signage reveals useful to give the safety directives to all people and thus, newborns safety is ensured all along recording sessions. However, clinicians raised concerns regarding the system interference with medical staff. First, the system can be cumbersome in case of sensitive medical gestures such as the setup of a central catheter, especially in closed beds. Secondly, medical staff questions the legal rights of using of video and audio in case of trial proceedings. Consequently, mixed feedback are obtained regarding their will to integrate such a system in their daily practice after the project.

Difficulties

In this section, difficulties observed in our database are presented. Three sources of difficulties have been noticed: hardware dysfunction, non-compliance to the protocol and real conditions.

Hardware dysfunction Several malfunctions during acquisition have been raised up by clinicians to the technical support. Further investigations conducted by the housing manufacturer revealed that the power supply showed weakness in a stressful environment such as in NICU. Unfortunately, this results into unexpected stops of acquisition sessions. Although this problem is now corrected, several recordings were impacted and data, especially around the infected episodes, is missing regarding the inclusion objectives.

Non-compliance to the protocol In one hospital, the protocol regarding the positioning of the device for open beds was not followed. In fact, acquisitions were performed with the support instead of using clamps. In this configuration, the height that can be reached is not sufficient to see the newborn entirely, especially because babies are bigger/older when there are placed in open bed.

In addition, we sometimes observed that the bed was either belatedly or not replaced at the marked spot on the floor leading to unusable periods of recording.

Real conditions Since long duration recordings were slightly investigated in the literature, several difficulties induced by the real conditions of NICU were revealed during the project.

The first point is that babies are usually well covered, sometimes so much so that it is difficult to see where the newborn is under the blanket. We have also observed that they can be very congested by respiratory assistance equipment. In addition, most of the time, the environment is really dark. This results into a very few periods of usability of the color video.

Secondly, babies experiences a lot of manipulations either from medical staff or from parents. They are notably taken out bed over quite long periods for feeding or "skin-to-skin" with parents as well as for bed cleaning. As provided for in the protocol, some recordings were stopped by the medical staff while beds were cleaned or when the baby was moved to another bed (e.g., in case of recordings over days for the infection target).

Two types of flashing were also observed on video recordings. The first one is due to photo-therapy that is used to treat babies which contracted jaundice and impacts the entire image making unusable these periods of recordings. Photo-therapy sessions last a few hours and recordings were usually performed outside of those periods except in case of recording of very long duration such as for the sepsis population. The second one is due to pulse-oximetry, used to continuously measure blood oxygenation, but this time, it only impacts a part of the image.

To finish, in some of the recordings, the baby was never alone. He/she could be either with his/her mother sleeping in a bed next to his/her own (especially full-term newborns) or with other babies placed in the same room (depending on the hospital). At the beginning of the project, we also observed that twin babies can be placed in the same bed, for a few hours, but this situation had been rapidly excluded from the protocol.

Discussion and conclusion

In this chapter, we showed the ability of our first version of Voxyvi, a new audio-video acquisition system, to fit a wide variety of NICU environments. Indeed, the audio-video device had been successfully integrated in six different hospitals, for several room configurations and more particularly on different kind of beds from incubators to cradles.

Additionally, we provided several supports (e.g., user manual, signage, training) to ensure the acceptance of the system by clinicians. As a consequence, a high number of newborns has been recorded during the past three years. However, our inclusion targets are unequally advanced, if some of the objectives are reached or being finalized, there is still some categories under represented (e.g., early term preterm newborns, PRM births, and full-term newborns with high risk to develop sepsis). In fact, the less common populations (extremely and very preterm newborns) have been firstly targeted in order to enhance the chance to reach the expected number of inclusions along the project period. Acquisition systems were mostly requisitioned to record these populations which required, in one hand, longer recordings duration (sepsis) and, on the other hand, more periodic recordings until the discharge (maturation). Though, the inclusions regarding the infection target turned out to be more difficult than for maturation. In fact, these populations of newborns are usually not stable, making more delicate to quickly convince the parents to integrate the protocol. Another difficulty is that the period to include high risk full-term newborns is shorter, as well as their stay in hospital, and has to coincide with an available system.

Moreover, the evaluation of the system regarding installation, user interface, training and care integration was globally very positive. Clinicians confirmed that the newborn safety is ensured all along the process. In fact, the main challenge, which was to propose a system that fits most of the NICUs configurations, is quite successful although solutions to reduce the device size and the number of wires are needed. For that purpose, once relevant descriptors will be retained, the number of sensors may be significantly lower.

However, this positive picture is marred by the fact that, so far, clinicians are not totally convinced by the idea to integrate such a system in their care routine. As a matter of fact, in this phase of the project, the system was only used to collect data, making difficult to envisage the whys and wherefores of its clinical purpose. Besides, in this chapter, we present the possibility to integrate raw data processing in the second phase of the project without getting into the specifics. We also mentioned several difficulties induced by real conditions that will have to be tackled to provide relevant analyses. This will be the object of the next two chapters where motion and cry analyses within the continuous monitoring objective are addressed.

From the beginning of the project, a few commercial products have been proposed for video streaming of newborns either in NICU [7] or at home [6]. Although, in NICU, the system is only designed to allow parents to visualize their baby outside the hospital, at home, the system includes by wake/sleep analyses. Additionally, a new multimodal system, including pressure matress, two color cameras, two kinects and two microphones, has been recently published [5]. In this paper, authors suggest to use motion and cry analyses to assess the neuro-behavioral development. However, to date, it remains in the state of a proof of concept and no results were presented in a real environment. CHAPTER 6

VIDEO-BASED CHARACTERIZATION OF NEWBORN MOTION ORGANIZATION FOR

NEURO-DEVELOPMENTAL MONITORING

In previous chapters, we saw that video processing to characterize motion activity is an important step to assess newborn condition for a wide variety of clinical aspects. In this chapter, our approach to integrate motion analysis within the objective of neuro-behavioral development monitoring is presented. First, the process designed to automatically evaluate the newborn motion organization is described. Then, the different steps of this process are evaluated. In the last section, the whole method is applied on Digi-NewB data in order to present its ability to assess newborn behavioral development.

Methods to characterize motion organization in newborns

The objective of the process presented in this section is to estimate and characterize the motion of newborns from video recordings of long duration. First, to ensure that the motion series only contains motion of the newborn, intervals including adults' presence have to be automatically detected and removed from the analysis. From there, a segmentation of motion and non-motion intervals can be performed in order to compute a set of features that characterize the motion organization of the newborn. 

Estimation of the amount of motion

There are several approaches for motion estimation in a continuous video stream. Three popular motion extraction techniques come out: frame differencing, mainly used to characterize motion globally, optical flow and block matching, used to estimate local displacements [17]. In this work, newborns being well covered by a blanket along recordings, we considered that estimating the global motion information was the most effective manner to characterize the activity of the newborn. Thus, we proposed a simple method based on frame differencing that includes four steps: cropping, frame differencing, morphological opening and quantification of the motion.

Cropping A mask is manually defined and applied on all frames in order to compute motion only in a region of interest. This operation is optional and is mostly used in case of open beds when the camera field is too wide. In fact, parents or nurses may stay in this area without interacting with the newborn. For example in the case of a parent bed. An example of a video frame with the resulting frame after cropping is presented by Figure 6.2. Morphological opening A morphological opening with a 3x3 square structuring element is applied to the resulting difference image in order to remove the impulsive noise.

Quantification of the motion

The amount of motion A(t) is obtained by counting the number of pixels with an intensity superior to a threshold T in the resulting image in order to reduce the impact of small intensity variations linked to the camera sensitivity.

The threshold T has been defined by studying the cumulative histogram of video sequences acquired in empty rooms (without baby or adults), resulting to a value of 10 (initial intensity range: [0, 255]).

Adult detection

Having for objective to monitor the newborns during long periods implies that some intervals will include presence of the parents, rather during the day, but also medical staff, at any time (Figure 6.4). These intervals can have different durations, from few seconds to tens of minutes. Since the goal is to develop a long term monitoring system, the impact of this removal is negligible.

The main difference between adult's motion and baby's motion lies in the fact that, in the first case, it comes from the outside of the scene. This statement led us to develop an algorithm based on the analysis of the change in the image border. Its goal is firstly to detect the adult (medical staff or parent) arrival, and then his/her departure. Successive steps of the process are detailed hereafter.

Initialization The video analysis is started at the first clean frame (i.e., the first frame without medical staff or parents), selected manually. The initial reference border C ref is then defined as the border of 20 pixels thickness from each side of the frame (Figure 6.5(a)). This thickness has been empirically defined according to the area that is supposed to not be crossed by the baby. In case of cropping, the border is automatically adapted to the mask, as depicted by Figure 6.5(b).

In some cases, especially for recordings performed on closed beds, the video device is more difficult to adjust due to a lack of space. Thus, some body parts or blanket can cross the border. In that case, impacted parts of the border are discarded from the analysis. Figure 6.5(c) illustrates an example where newborn's feet are in the border of the image and this area is discarded from the border reference.

Processing Every second, a metric S(t) is computed between the border of the current image I(t)

and the reference border C ref :

S(t) = p∈C | I(t, p) -C ref (p) | (6.1)
where C is the border area and I(t, p) is the intensity of the pixel p in I(t). Based on this metric, the step by step detection is described below and illustrated with an example reported in Figure 6.6. An arrival is detected if S(t) is superior to a threshold T (Figure 6.6, step 1), that has been empirically set at 6% of the maximal possible value of the metric, i.e. [number of pixels in C] x 255. However, as the adult can have modified the background of the scene (e.g. cable displacement), the amplitude of S(t) can no more be trusted to detect the departure since it is computed related to C ref . So, the algorithm waits for the next quiet period, in the border, corresponding to a certainty of departure (Figure 6.6, step 2). It is defined as a standard deviation of S(t) (over a period of 80 seconds), lower than 0.02% of the previously defined maximal possible value.

When the quiet period has been detected, the departure time is refined. For this purpose, a temporary border C tmp is firstly defined on the current image. The metric is then computed backward (Figure 6.6, step 3), using C tmp , until the threshold T is reached (Figure 6.6, step 4).

Until there, the algorithm is designed to detect adult presences while avoiding false positive detection coming from movements of the baby in the border. However, in some cases, such as depicted in the example, adults appeared before only in the back of the frame, corresponding to a very small change in the border or reversely, goes slowly out of the frame. In order to counteract this kind of situations, we chose to widen the detected passages on both sides by a value w (Figure 6.6, step 5), which will be set in Section 2.1.3. The reference border C ref is then updated and the analysis continues in the forward direction.

Finally, periods that are artifacted by adult presences are discarded from M (t).

Motion segmentation

The aim of this process, as depicted by Figure 6.7, is to segment M (t) in order to retrieve motion and non-motion intervals. For that purpose, we designed a three-step strategy. First, a pre-processing step is applied in order to clean the motion series from noisy components. Then, a motion/non-motion classification is performed. To finish, it is supplemented by a cleaning step used to merge and discard short motion and non-motion epochs. 

Pre-processing

As a reminder, M (t) is the motion series where adults presence have been discarded. Two preprocessing steps are applied before the segmentation.

The first one was set up in order to correct artifacts resulting from the video encoding that induce localized peaks of high amplitude on M (t). It was corrected by applying a median filter. Since these events are short and only impact a few frames, the size of the windows had been empirically chosen at 11 samples that is a good compromise between removing these peaks without degrading the amplitude of small motion of the baby.

Another difficulty is related to the photo-detector used to measure blood oxygen saturation (also called pulse oximetry) that may intermittently induce noisy components on M (t). Although the flashing is invisible to the naked eye, it is captured by the infrared camera. Its impact is fluctuating between recordings but also along the same video recording. In fact, when the detector is placed on one of the newborns' foot or finger, it may be hidden by the blanket and has no impact on motion series. Reversely, when the baby moves and that the photo-detector becomes discovered, a noise impacts M (t) more or less significantly depending on the reflection of the flashing on the blanket. An example of artifacted motion is presented in Figure 6.8. It occurs when the detector is visible. In this example, the photodetector is placed on one of the newborn's foot. This noise may interfere with the segmentation and has to be corrected. For this purpose, we applied a Butterworth bandstop filter on M (t) followed by a baseline subtraction. These operations results on a new corrected motion series M c (t). Both steps rely on parameters, introduced hereafter, that have to be tuned with regard to the segmentation objective (see Section 2.2.3).

Butterworth bandstop filtering

Butterworth bandstop filtering is the serial combination of a low-pass and a high-pass filter with f 1 and f 2 being their respective cut-off frequencies (in Hz) and n is the filter order.

Baseline subtraction After filtering, an additional step is needed to remove irrelevant offsets in the baseline during flashing intervals. In regard to the shape of the motion series, we chose to retrieve a flat baseline using the Baseline Estimation and Denoising with Sparsity (BEADS) algorithm [13]. This algorithm is based on the hypothesis that the vector of observations y(t) can be modeled as the combination of a sparse signal x(t), a low-pass baseline f and a stationary white Gaussian process w(t), such as:

y(t) = x(t) + f (t) + w(t) (6.2)
The model is adjusted by four parameters that are necessary to perform the estimation of each piece of the equation:

• d, the filter order of the baseline f (t);

• f c , the filter cutoff frequency of the baseline f (t);

• r, the asymmetric ratio of peaks in x(t);

• amp, that regulates the proportionality between the regularization parameters of the optimization problem used to estimate x(t) in the algorithm.

Motion/non-motion classification

In this section, our approach for motion and non-motion classification is presented. First, we described the set of features that was defined. Then, classification algorithms that were investigated are presented.

Feature engineering

The aim of this part is to define a valuable set of features for motion and nomotion interval classification. In Chapter 2, Section 2.2.3, we mentioned several groups which tackled classification [9,14,15]. However, they focused on seizures or cerebral palsy detection and features that were computed were principally used to describe trajectories, speed or acceleration. Although these features are interesting to describe complex movements of the newborn, they are not appropriate for a motion/non-motion classification. Thus, we decided to look at set of features used for a similar purpose: burst detection in EEG.

In [12], a review of features extracted for burst detection was presented. From there, authors proposed a new set of features of different types (e.g, amplitude, statistical, energy) that we chose to apply to our objective. Nine features compose the set of features X i for each sample i. They are computed by taking into account adjacent values of M c (i), in a window W of 2 seconds, as follows:

• M m , M m-1 , M m+1 : the differences between the maximal and the minimal values on, respectively, the current, previous and following window;

• DM , the maximum of absolute values of the first order derivative on W , computed as:

DM = max k=1,...,ns {| M c (k) -M c (k -1) |} (6.3) 
where n s = 2 * F s samples and F s = 25;

• Sd: Standard deviation on W ;

• Kt: Kurtosis on W ;

• N L: Computation of the Non Linear Energy Operator (NLEO) [16] on W , expressed as:

N L(k) = M c (k)M c (k -3) -M c (k -1)M c (k -2) (6.4) 
• RM S: Root mean square on W , defined as:

RM S = 1 ns ns k=1 M c (k) 2 (6.5) 
• M F : Averaged differentiation on W , computed as:

AD = 1 n s ns k=1 | M c (k) -M c (k -1) | (6.6) 
Classifiers We have seen in Section 2.2.3 of Chapter 2 that only Cuppens et al. aimed at discriminating movement and non-movement episodes. In [7], two approaches were presented: a) a fixed threshold determined thanks to a ROC curve and b) a variable threshold adapted to the noise and computed from mean and standard deviation of a selected non-movement period. Since the variable threshold approach requires the identification of a non-movement period on each recording, we chose to only focus on the fixed threshold approach, which is more suitable with continuous monitoring purpose. Additionally, two types of classification algorithms were investigated: linear (Logistic Regression) and non-linear (K-Nearest Neighbors). They were retained due to their simplicity (see Chapter 3) and the fact that they gave satisfactory results for burst detection [12].

In our case, two strategies have been defined regarding the dimension of the feature set: p = 1 for fixed thresholding whereas p = 9 for LR and KNN. In fact, for the thresholding approach, we chose to directly map M c (t) values according to their labels (motion or non-motion). In case of LR and KNN, we use the feature set described before.

Clustering

In order to work on relevant motion epochs, we added two steps for clustering.

First, a fusion of the detected events is performed. If a motion period appears less than five seconds after another, the two periods are merged. Then, a suppression of short motion events is made. All periods that last less than two seconds are eliminated.

These values were defined based on literature values [7], as well as, from the experience acquired during scoring. This clustering step is illustrated in Figure 6.9. 

Feature extraction

Once the segmentation is performed, it is possible to characterize the intervals by different features.

Amplitude features, such as the mean, the median or the maximum of motion series, as proposed in [2,3], can be influenced by external factors like the baby size or the recording conditions (e.g., shadows, zoom). Thus, to characterize the newborn motion activity, a set of 14 features independent of the amplitude of the motion series has been defined. These features were proposed in order to describe motion and non-motion intervals in terms of duration and number. The whole feature set is reported in Table 6.1. These features are computed on sliding windows of 5 minutes with 50% of overlap. Additionally, in order to work with relevant features, only windows with more than 50% of cleaned data was kept. Hence, if an adult presence is detected on the window for a duration of more than 2 minutes and 30 seconds, features are not computed.

Evaluation of the process 2.1 Evaluation of the adult detection method 2.1.1 Dataset presentation

In order to evaluate the adult detection method, periods of adults' presence have been manually annotated on ten different videos of nine premature infants, representing 149 hours of recordings. Figure 6.10 illustrates this dataset. Infants were born between 26 and 36 weeks GA and recorded between 33 and 39 weeks PMA. This database was extracted from a previous protocol conducted at the University Hospital Rennes Sud (VARINEONAT). In this study, an infra-red black and white camera (600x400 pixels, 25 fps) was installed near the bed of the baby in order to observe most of his body.

Evaluation strategy

We compared the manual and the automatic detections at each second. For both states "Presence" and "Absence", and considering the first one as the positive case, values of sensitivity (Se), specificity (Sp) and accuracy (Acc) have been computed.

Tuning of the widening

As mentioned previously, two parameters of the adult's detection algorithm have been empirically fixed (T and the size of the border). However, the algorithm also includes a widening parameter w to counteract crossing in the back of the frame before and after an intervention on the baby. According to our objective, we particularly need to detect all the parents and medical staff presence, i.e. reach sensitivity as high as possible, without cutting too many analyzable periods. For this purpose, we studied, by the mean of a receiver operating characteristic curve (ROC), the evolution of the sensitivity and specificity after applying different widening durations w (see Figure 6.11). In order to increase the algorithm sensitivity without decreasing specificity too much, we chose to apply a widening w of 60 seconds which allows to keep a false positive rate under 5%. An example of processing is presented by Figure 6.12.

In this example, all of the manually annotated passages of adults had been detected and the duration of the detected periods are globally accurate. It is mainly thanks to the widening step. Indeed, if we take a closer look on the third detected epoch, the widening prevented all the false negative detections at the end of the event. Reversely, in the second epoch, a larger widening would had been better to detect a more accurate end of the passage but, in that case, the arrival would have been detected too early. The global impact of this type of errors on the performances had to be evaluated recording per recording and this is the object of the next section. Figure 6.12 -Example of an estimated motion series artifacted by passages of adults. Manual adult's detection (orange) and automatic adult's detection (green) with the widening (light green).

Performances

In this section, performances of the adult detection algorithm are computed for each recording of the database presented in Section 2.1.1. The resulting performances are presented in Table 6.2. Averaged performances are high with 96.8% of sensitivity, 95.1% of specificity and 95.2% of accuracy. Results per video are also high, ranging from 87.7% to 99.6% for the specificity and from 89.7% to 98.4% for the specificity. We can observe that the performances on Video 9 are below the others. This is explained by a long presence of adults in the back of the frame at the end of the video. It lasted longer than what is handled by the widening of our method. Thus, the main limitation of the detection algorithm is when adults stay in the border without moving too much. However, in that case, induced values on motion series may be negligible in comparison with the motion of the baby.
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Evaluation of the motion segmentation method 2.2.1 Dataset presentation

A sub-dataset of the Digi-NewB maturation protocol, composed by ten recordings, was selected in order to evaluate our segmentation approach (see Figure 6.13). Figure 6.13 -Summary of the annotated dataset for motion segmentation evaluation.

We chose to focus on five very preterm infants recorded in three different hospitals: Rennes, Brest and Tours (baby inclusion numbers respectively begin by 01, 03 and 06). For this purpose, a total of ten hours of video recording were manually scored, using VisiAnnot1 . For each newborn, four periods were annotated in terms of motion ('1') and non-motion ('0') intervals:

• two periods of 30 minutes of the recording nearest the birth (D1);

• two periods of 30 minutes of the recording nearest the discharge (D2).

To illustrate video data, for two babies (010066 and 030035), an image was extracted from each annotated period and is reported in Figure 6.14. For D1, the camera is placed at 30 cm from the newborn using the support whereas for D2, the use of clamps allows a distance from the baby up to 80 cm (e.g., see Figure 6.14(a) and (b) versus Figure 6.14(c) and (d)).

In addition, along the same recording, conditions such as illumination (e.g., Figure 6.14(c) versus Figure 6.14(d)) or covering of the baby (e.g., Figure 6.14(e) versus Figure 6.14(f)) may change. Thus, to integrate this heterogeneity, two different periods for each video recording were annotated. Moreover, a wide variety of conditions regarding the newborn equipment is integrated in the database. For examples, a pule-oximetry sensor is placed on the newborn's hand in Figure 6.14(c) or a respiratory assistance is provided to the baby in Figure 6.14(b). 

Evaluation strategy

We pursued a leave-one-patient-out cross validation strategy to evaluate the generalization of the method for a new patient.

To compare classifiers, metrics are calculated for each cross-validation. We computed sample to sample performances metrics (Se, Sp and Acc), considering "motion" as the positive case. As in [7], we decided to minimize the impact of errors due to delay in the manual annotation by discarding one second before and after each transition in the manual scoring of the evaluation.

Tuning of the parameters

Parameters for flashing correction For the flashing correction method, seven parameters have been tuned in order to get the highest accuracy regarding our objective to segment motion and non-motion intervals. Table 6.3 summarizes the tests conducted for each parameter. All the combinations were tested and the final value of each parameter is marked in bold. An example of artifacted motion M (t) and its correction M c (t) is provided by Figure 6.15. On M c (t), periods without motion are now similar with and without flashing. Additionally, the method doesn't degrade motion and non-motion events, especially in terms of durations. Classifier parameters For Thresholding and LR, a threshold have to be defined. In the first case, it is used to separate motion and non-motion samples and in the second, in order to define the cut-off threshold that decide the output class regarding probability. For both methods, the threshold was defined as the one giving the smaller false positive rate (1-Sp) while keeping a high true positive predictive rate (Se). It is also known as the closest point to the upper left corner of the ROC (as presented in Section 2.1.2).

The number of nearest neighbors k used to predict a sample class had also to be tuned. We evaluated the performances for k ∈ [1,3,5,11] and k = 3 showed the best classification results.

Results

To evaluate the segmentation method, two approaches were investigated: with all data and working on data day by day (D1 or D2).

Global model

The first approach is to construct a global model using data from both dates. Five cross-validations were performed with 8 hours for training and 2 hours of testing each time. Averaged performances on the validation sets were computed and are reported in Figure 6. 16. KNN shows the best performances regarding Se with a mean value of 80.7%. High Sp and Acc are also observed with mean values of 88.4% and 87.8%, respectively. For their part, thresholding and LR, underestimated motion samples that led to lower Se and higher Sp. 

Day by day models

The second approach consists in constructing a model for each day. In fact, since bed configurations and newborn development differ between these two dates, we considered the hypothesis that specific models may produce more relevant predictions.

In D1, recordings are performed on incubators. We pursued the same leave-one-out cross-validation strategy but, this time, with 4 hours of training data and 1 hour of testing each time. Averaged performances are reported in Figure 6.17(a). For each classifier, performances are highly degraded, especially in term of Se (overfitting). In fact, more non-motion samples than motion samples were scored in D1 (imbalanced dataset) causing a bad generalization of the models. The same strategy is applied to construct a model for D2 for which infants are recorded in open beds. Averaged performances are reported in Figure 6.17(b). Reversely to previous attempt (D1), model on D2 reveals better classification results in KNN and Thresholding. In fact, a higher mean for Se (88.3%) and smaller variations along the experience in Se are observed with KNN. Mean of Sp is also increased and reached 90.1%. Results are also upgraded with Thresholding but remains slightly below than for KNN. Reversely, worst results are obtained with LR which shows a really high standard deviation over cross-validations for Se. Reference epochs of motion are displayed in red while automatic segmentation are reported in green when the global model (for D1) was applied or in blue with D2 model. For each model, an example without and with flashing with the original M (t) is given. In any case, the flashing correction is performed.

Final strategy

Four instants are numbered, from one to four, in order to discuss the algorithm limitations.

Globally, the segmentation algorithm works pretty well on each recording situations. In fact, the detected motion epochs and durations of events are generally comparable with the manual scoring.

However, false positive and false negative errors can be noticed. Errors of both types are mainly due to the subjectivity in the definition of motion events. In fact, it is sometimes difficult to evaluate, due to the blanket, if a motion event should be considered as such or if it is just a small movement induced, for example, by respiration (see the first detected epoch in Figure 6.18(1)). It is also complex to score start and stop times of motion events since small motion may happen before and after. For example, in Figure 6.18 (2), the start of the motion event was scored earlier in the manual scoring than with the automatic detection. Reversely, although in the manual scoring, this period was split in two motion events, the algorithm returned only one event due to a small motion detected in between the two events.

Although segmentation on motion series with flashing works quite well (Figure 6.18(4)), the segmentation algorithm seems to work better on motion series without flashing. In fact, some motion events are overestimated on series with flashing (Figure 6.18 (3)). This is also caused by small motions, including respiration movements, that are magnified by the lighting of the photo-detector.

In regard to these results, we see that a point per point evaluation is not sufficient to evaluate the process and thus, in the following section we evaluated the accuracy of the motion features that are extracted to describe the motion organization of the newborn.

Evaluation of the accuracy of motion features

Additionally, in order to discuss the relevance of the segmentation algorithm, values estimated from the automatic segmentation were compared with the ones computed from the reference segmentation. For all the recordings introduced in Section 2.2.1, the fourteen features were computed as described in Section 1. 4. Three examples of feature distributions on the whole population are provided in Figure 6.19. Figure 6.19 -Boxplots of the estimated values of T nm , md nm and n nm from the automatic (green) and from the reference (orange) segmentation. Each point is linked between the two scores with a gray line.

Distributions of the three features seems to be similar between the automatic and the reference. In addition, each point was linked between both scores. For duration features T nm and md nm , most of the points are linked by straight lines. This directly means that most values computed from the automatic segmentation are equal to the ones obtained from the reference segmentation. For the number of nonmotion epochs n nm , the differences between values seem more significant than in durations since it is a discrete feature (scaled to an hour). Nevertheless, small deviations in the values are also observed.

This was confirmed by statistical analyses (Mann Whitney U test) that were performed for each feature and for all recordings. No statistical difference (p < 0.001) was found for 139 of the 140 tests (number of features x number of recordings) conducted. For one test (D1 of 030035), the automatically computed total duration of non-motion epochs T nm was revealed statistically different from those obtained with manual segmentation.

Evolution of the motion organization in preterm newborns

In this section, the evolution of the motion organization in preterm newborn is discussed. First, the dataset of this study, focused on maturation, is presented. Then, several approaches are pursued:

• Comparison between motion organization near birth (D1) and near discharge (D2) in very preterm infants;

• Comparison between motion organization near birth (D1) and near discharge (D2) in late preterm infants;

• Comparison between motion organization of very preterm infants, late preterm infants and full-term newborns near discharge (D2);

• Design of a control map for assessing motion organization development in preterm infants.

Maturation dataset

The maturation dataset, presented by Figure 6.20, is composed by 22 recordings of 14 newborns, giving a total of 182.5 hours. Recording durations are ranged from 6.70 to 8.92 hours, with a mean duration of 8.30 hours. The population have been divided in three groups, based on premature newborn categories:

• Group 1 (G1): six very preterm newborns born between 28 and 29 GA;

• Group 2 (G2): six late preterm newborns born between 33 and 37 GA;

• Group 3 (G3): two full-term newborns born between 39 and 42 GA.

Since busyness in hospital is higher by day than by night, it may influence the newborn behavior. In order to maintain consistency in the study, all recordings were studied between 22pm and 6am. For G1 and G2, two recordings (D1 and D2) were retrieved for each newborn, except for four of them (060007, 010076, 010086 and 010064) where only a recording for D1 or D2 was available. Naturally, full-term newborns were only recorded once (D2). PMA for D1 are varying between 28+4 and 37+1 weeks whereas PMA for D2 are ranged between 36+4 to 41+5 weeks.

The global framework of motion characterization was applied on the 22 recordings. For each recording, the fourteen features were computed on a sliding window of 5-minutes length with 50% of overlap. For each recording, the processing duration lasted about 30 minutes. 

Comparison between D1 and D2 in G1

We firstly focus on the very preterm group and aim to compare their motion activities between D1 and D2. For that purpose, the five very preterm infants which were recorded twice were studied. Features were computed on 821 windows for D1 against 636 for D2.

Statistical analyses through Mann Whitney U test were performed to find significant differences in motion features between D1 and D2. The repetitive effect was minimized by the use of Bootstrap method. Twenty draws of 32 random windows, distributed according to a uniform distribution on the recording duration of each group, have been realized. The p-values have been computed as the median of the p-values of the 20 draws. The number of random windows which were picked was defined as 5% of the number of windows for D2 (smaller number of windows). Since mutltiple comparisons are conducted, it is wise to apply a correction regarding p-values, such as Bonferroni correction [1]. This correction reduces the risk to find significant differences by chance2 .

Only one feature (n nm ) was shown statistically significant (p < 0.05) to differentiate both dates. Distributions of the values between D1 and D2 in G1 for the number of non-motion epochs n m are depicted by Figure 6.21. Additionally, we also chose to represent the median duration of non-motion epochs md nm since its p-values remains quite low after the Bonferroni correction (p = 0.06).

Hence, two dynamics emerged:

1. the median duration of non-motion epochs tends to increase between D1 and D2;

2. the number of non-motion epochs appears to decrease between D1 and D2. To take the analysis one step deeper, these features were analyzed per baby. Median values for each day are reported in Figure 6.22. The dynamic regarding duration is verified for three newborns (010081, 030035, 030033). In fact, the median duration of non-motion epochs increased between D1 and D2. For their part, babies 010066 and 010108 shows quite similar median duration values between D1 and D2. For all babies, the number of non-motion epochs decreased, except for 010066 which shows similar values between D1 and D2. However, after examination of his medical record, it appeared that he was treated with antibiotics during the recording in D1. This may give an explanation why he presented less and longer non-motion periods than others in D1.

The diminution of the number and the augmentation of the median duration of non-motion epochs between D1 and D2 reveals that quiet periods are less fragmented (i.e., last longer) in D2 than in D1 in very preterm infants. These features, especially the number of non-motion periods, appear to be relevant to quantify maturation.

Comparison between D1 and D2 in G2

In a second time, we focus on the late preterm group and also aim to compare their motion organization between D1 and D2. For that purpose, only three infants (recorded twice) were studied. Features were computed on 513 windows for D1 against 440 for D2.

Statistical analyses through Mann Whitney U test were also performed, as in section 3.2, to find significant differences in motion features between D1 and D2. In that case, no feature was found significantly different on the whole population.

However, if we take a look closer to values studied in Section 3.2, same dynamics than in G1, regarding median durations of and the number of non-motion epochs, are observed for 010075 and 030011 (Figure 6.23). 

Comparison of motion activity near discharge

Another approach is to compare all motion features near discharge (D2) between the three groups. Twelve recordings were compared:

• Six very preterm newborns from G1;

• Four late preterm newborns from G2;

• Two full-term newborns from G3.

Features were computed on 1164 windows for G1, 996 for G2 and 404 for G3. Distribution of the values are quite similar in G1, G2 and G3 for all features. Distribution of the values that were revealed meaningful in previous sections are reported in Figure 6.24. Figure 6.24 -Distribution (mean±std) of md nm and n nm between G1, G2 and G3 in D2.

This hypothesis was confirmed by Mann Whitney U tests, (see section 3.2), since no significantly difference (p < 0.05) has been returned. Hence, the whole group seems to reach the same order of mean values, regarding motion organization, near discharge. These results are particularly reassuring because they suggest that the gestational age may have no impact on the newborn behavior in terms of motion organization near discharge.

However, if we take a closer look, values seem quite different in G3 for the two features. Indeed, it appears that for md nm , the range of standard deviation of values in G3 is smaller than the ones of G1 and G2. Increasing the population of G3 (only two babies here) may reveal some differences in motion organization. In that case, it would be interesting to study if this difference results from the time spent ex-utero or from difference in behavioral development between newborn categories itself.

Control map for assessing motion organization development in preterm infants.

This final point is both a result and a perspective. In fact, the objective of the Digi-NewB project is to monitor newborn behavioral development by studying several components, including motion. Thus, we want to construct a control group to evaluate newborn developments regarding motion.

For that purpose, we used the 21 recordings in our maturation dataset (all except D1 of 010066 because of the antibiotic administration). In the light of previous results, we focused on the number of non-motion epochs. For each recording, the median value on all the analyzed windows was computed. Then, in order to assess the organization of the motion in newborns, we proposed a control map, illustrated by Figure 6.25. It describes the expected development of the newborn activity in function of his/her PMA and GA.

As a confirmation of previous results, one can see a trend for the feature to be darker (= to decrease) from left to right of the graph (= with PMA). In addition, near discharge (about 38 PMA), the graph shows a quite uniformity of colors top-down (= between groups). Hence, the behavioral development of a newborn may be compared to others considering his/her GA and PMA. Diverging points in control map can alert clinicians to perform further analysis on motion development. Naturally, this assumption will have to be confirmed for a higher number of babies of different GA, recorded for diverse PMA. In addition, verified cases of abnormal behavioral development will have to be projected on this map before validating our approach.

Discussion and conclusion

In this chapter, a new process to characterize motion organization of the newborn from video recordings was described. It goes from the motion estimation by video processing to the extraction of an informative set of features. It also integrates the removal of irrelevant periods due to the presence of adults on the frame and a motion segmentation method to retrieve intervals of motion and non-motion.

Each method of this process was evaluated on videos acquired in a wide variety of real conditions of NICU (e.g., baby may be covered by a blanket, under respiratory assistance, lying in different beds, in dark environment, with pulse-oxymetry flashing). The adult detection algorithm reaching 96.8% of sensitivity and 95.1% of specificity has been published in IRBM [5]. Two models, based on KNN, were proposed to segment motion and non-motion periods, depending on the acquisition setup. Segmentation on closed beds (D1) leads to a sensitivity of 80.7% and a specificity of 88.4%. Results for the second model, designed for opened beds (D2), showed better results with a sensitivity of 88.3% and 90.1% of specificity. Besides, the extracted features revealed to be similar between automatic and manual segmentation. It is worthwhile to note that the annotations (adult presences and motion intervals) performed to evaluate methods of this chapter correspond to an heavy task but also conduct to a rich result since annotated database coming from real life is really relevant for further analyses and comparisons.

Additionally, let us indicate that this entire process takes only about 30 minutes to analyze eight hours of video data and requires, in some cases, only two short manual interactions at the initialization step (cropping and border definition).

The whole process was applied on video data from three different groups: very preterm, late preterm and full-term newborns. We showed that the organization of motion evolves with PMA. More specifically, duration of non-motion epochs increases and the number of non-motion epochs decreases while the newborn is growing up. These results are consistent with the fact that the time spent in motion was shown to decrease with PMA in AS and QS [8]. Our observations are also in balance with two expected behavioral developments of the newborn: the sleep cycle duration increases with PMA [8] and after 36 weeks, babies generally show their first moments of calm wakefulness [6]. In addition, we constructed a first version of control map that may be used as a reference to assess the motion organization of newborns. Nevertheless, it will be necessary to project newborn showing critical motion development to evaluate our capacity to detect disorders from video analyses.

These results have to be confirmed on a larger database regarding newborn of different GA as well as a wider diversity of PMA. This will be provided by the Digi-NewB protocol since 313 newborns of all categories were recorded, often several times. To date, only 22 recordings were analyzed for two reasons. The first one is due to the necessary time to recover data since recordings are locally stored in each hospital. The second is that the process still requires manual annotations. Indeed, for most of the recordings of D1, parts of the border had to be manually discarded in order to avoid false adult detections. Additionally, absences of the baby have been manually annotated and removed from the analysis. In fact, these periods, where the baby is taken out of the bed, can also impact the motion evaluation and an automatic detection of these events will be necessary to move towards a fullyautomated solution for monitoring. This problem has been recently adressed for video recordings of toddlers performed at home [10]. In this study, authors proposed to study the motion on two regions of interest: in and out the bed, in order to detect instants when parents move the baby. However, the regions have to be manually defined for each new recording configurations or field of view. From our part, deep learning solutions will be investigated to classify images as relevant or not (e.g., absence of the baby, adults presence) for analyses.

We can also note that our first version of the pulse-oximetry flashing correction may be improved. In fact, in this chapter, we chose to use signal processing to resolve it. However, the correction slightly deteriorates the motion series, in terms of amplitude and shape, and the computation of a new set of features, for example, characterizing the shape of motion epochs or frequency content will not be representative of the motion reality. Another approach could have been to automatically detect and mask this bright area through video processing.

Finally, it is important to note that this work falls within the objective of combining descriptors to monitor newborn developmental behavior. Although this first set of features shows its ability to ride up informative elements about the evolution of motion organization in newborns, it could be enhanced by the addition of relevant information about newborn cries. This is the object of the next chapter. 

AUDIO-BASED CHARACTERIZATION OF NEWBORN CRIES FOR

NEURO-DEVELOPMENTAL MONITORING

In Chapter 2, we saw that analyses of spontaneous cries are an informative tool to assess the development of premature newborns. More precisely, some authors discussed relationship between frequency content and increasing gestational age [8] and found that fundamental frequency are generally higher in preterm than in full-term newborns at term-equivalent ages [11,16].

Nevertheless, in these studies, authors focus their analyses either after a manual extraction of cry events [16] or on short recordings [8,11]. Nevertheless, for monitoring purpose, it is first necessary to automatically extract newborn cry events from audio recordings.

In this chapter, we present the strategy that we developed to retrieve spontaneous cry of newborns. Then, the process is evaluated and preliminary results regarding behavioral development are given.

Methods to extract newborn cries

Extracting newborn cries is challenging due to the fact that in NICU, several sounds from other sources (e.g., alarms, adult voices) can occur. In addition, within our purpose, the analysis has to be performed continuously over long periods. To deal with this, a two-step strategy was proposed (Figure 7.1):

1. Segmentation between silence and sound events; 2. Selection of the newborn cries.

First, we decided to use the segmentation method proposed in [13] and introduced in Section 2.2 of Chapter 4. This method leans on energy thresholding where two thresholds are automatically estimated by the mean of the Otsu method [14]. When applied to an audio recording containing only cries, it will returned only cry intervals, such it was the case in our preliminary study on sleep stage estimation. However, when applied on long recordings, irrelevant sounds segments are also extracted. Thus, we decided to apply it, as a first step, to extract segments of interest from silence periods from recordings of long duration. Only segments lasting more than 100 milliseconds were considered. It has been arbitrary chosen since no consensus on the minimal length of a cry event was revealed by the literature review. In studies dealing with premature newborns, values were ranged from 150 to 260 milliseconds [7,11,13]. Then, in order to provide a relevant characterization of behavioral development, segments of cries have to be automatically recognized among them. For that purpose, machine learning techniques were investigated in order to perform a cry/non-cry classification. In this chapter, we focus on the presentation and the evaluation of this second step since the segmentation was already validated by its authors. First, the database used to train models is presented, the feature set used for classification is then described and the classifiers that have been investigated are finally introduced.

Annotated database

We selected a set of data representing a large part of the diversity encountered in the project. Hence, 27 recordings were selected from the Digi-NewB database. They involve fourteen boys and seven girls born between 27+5 and 41+4 GA and recorded between 28+5 and 41+5 PMA. Some of them were recorded two times. Recordings were performed in four hospitals: Rennes (1), Angers (2), Brest (3) and Tours (6), on both types of beds: open or close.

From each audio recording, segments were first extracted by the mean of the segmentation step. Then, based on the resulting segments and on previous works [1,15], six classes of sounds have been defined. Figure 7.2 summarizes the annotated data. We chose to annotate segments containing only one type of event, meaning that segments with overlapping sounds (e.g., cry with adult voice) were not selected. In order to construct a dictionary for the learning and evaluation phases of the classification methods, a total of 637 segments have been manually labeled.

Sounds emitted by the newborns were declined in three categories: cries, vocalizations (e.g., cooing) and other baby noises such as coughing or hiccups. The auditory differences between vocalizations and cries are subjective and, thus, only obvious cries were annotated as such. Hence, 198 cries were extracted from all recordings except one of them since no cry was found in it. The number of cries per recording ranged from 2 to 12 for the others. For the other two categories, baby vocalizations and baby noises, 93 and 65 segments, from all recordings, were respectively annotated.

Others sounds were also classified into three categories: adults voices (87 segments), alarms from devices (85 segments) and background noises (109 segments). The most diverse segments were selected to be part of each category. Thus, men and women voices, several types of alarms, many background noises coming from the adults activity (e.g., doors opening/closing, packaging friction, water flowing from the tap) as well as from devices (e.g., ventilatory support airflow, bed adjustment noises), were selected.

Feature engineering

We saw in Section 3.2.2 of Chapter 2 that three types of features can be used to characterize cry signals: time, frequency and time-varying frequency features. In recent works, authors mainly used Mel-Frequency Cepstral Coefficients (MFFCs) to describe audio signals for classification. In some cases, preprocessing steps were first applied in order to reduce the effect of noise, such as beamformer [4] or signal decomposition [2]. Coefficients were then computed frame by frame. Finally, each frame was classified by taking into account adjacent frames either using CNN [4] or using HMM [2,10].

On our side, we chose to integrate noise by modeling audio segments using Harmonic plus Noise Model (HNM) that is commonly applied in speech synthesis [17]. HNM analysis is known to be more suitable for quasi-harmonic signals such as baby cries and vocalizations, adult voices or alarms than for background noises or other baby noises. In addition to that, in HNM, it is necessary to limit the analysis in a certain frequency band [F min , F max ] that we chose to adapt to cry analysis. The underlying hypothesis behind this choice is that an analysis focused on extracting characteristics relevant to cry analysis will give discriminating features for classification in case of other types of sounds.

Once the signal has been modeled, MFCCs and fundamental frequency are extracted. They are supplemented by time features computed from the original signal. An audio segment is then summarized by the median values of each feature over each analyzed frame.

Harmonic plus Noise Model features

Model description HNM is used to split speech records into small parts called phonemes that will be reorganized to construct new speeches. The principle of HNM analysis is to create a synthetic signal s(t) composed of harmonic h(t) and noise n(t) parts that fit the original signal such as:

s(t) = h(t) + n(t) (7.1)
In fact, for a voiced speech signal, the spectrum can be divided into two bands delimited by the socalled maximum voiced frequency F m (t), a time varying parameter. The lower band of the spectrum is represented by the harmonic part and the upper band by the noise part. The harmonic part h(t) is modeled as a sum of harmonics such as:

h(t) = K(t) k=1 A k (t) cos(kθ(t) + Φ k (t)) (7.2) 
where A k (t) and Φ k (t) are respectively amplitude and phase at time t of the k-th harmonic. K(t) represents the time-varying number of harmonics included in the harmonic part. On its part, the frequency content of the noise part n(t) is described by a time-varying auto-regressive envelope where its timedomain structure is represented by a piece-wise linear energy envelope function and is defined as:

n(t) = e(t)[f (t, τ )u(t)] (7.3) 
where u(t) is a white Gaussian noise and f (t, τ ) is a time-varying, normalized all-pole filter.

Parameters of the model First, we decided to conduct the analysis on short frames of 5 milliseconds without overlap for each audio segment. Then, in order to fit the original signal for each frame, several parameters which regulate the model have to be estimated. The analysis is performed in four steps, described hereafter.

Estimation of the fundamental and maximum voiced frequencies

The first step of the analysis consists in estimating the fundamental frequency F 0 and the maximum voiced frequency F m (t). This operation is performed in four phases: initial estimation of F 0 , voiced/unvoiced decision, estimation of the maximum voiced frequency and refining the initial F 0 estimation.

In our case, we chose to estimate an initial fundamental frequency by the mean of Continuous Wavelet Transform, as presented in [12]. This choice is mainly justified by the quasi-stationary of cry signals. Continuous Wavelet Transform of a function f (t) is defined as:

W (a, b) = -∞ +∞ f (t) 1 |a| Ψ * t -b a (7.4)
where Ψ(t) is called the "mother" wavelet (here, Mexican Hat is used) and * stands for the conjugate operation. For their part, a and b are, respectively, the shift parameter that locates the wavelet in time and the scale parameter which regulates the width of the mother wavelet (i.e., it compresses or dilates the wavelet) to generate daughter wavelets. The relationship between the scale and the pseudo-frequency F eq of a resulting wavelet is given by:

F eq = F c • F s a (7.5)
where F c is the central frequency of the Mexican Hat wavelet that maximizes the module of its Fourier Transform and F s is the sampling frequency. Therefore, the fundamental frequency estimation is performed as follows:

1. Filtering of the signal with a band-pass (F min = 150 Hz and F max = 750 Hz) filter of finite impulse response (FIR);

2. Computing the CWT matrix of coefficients (size: 27 x 80), corresponding to an equivalent frequency varying between F min and F max (a is allowed to vary in the range 1-27) and b changing along the window length (80 samples);

3. Finding the best scale a, that is equivalent to find the row containing the maximum of the CWT matrix;

4. Estimating F 0 by computing the autocorrelation of the row, according to:

F 0 = F s δ (7.6)
where δ is the lag relative to the autocorrelation maximum.

Finally, to avoid spurious peaks in the F 0 estimations along the audio segment, a three points moving average smoothing function is applied.

Based on this first estimation, a voicing decision is made. A synthetic signal is constructed using the estimated pitch and its associate harmonics. Their amplitudes and phases are estimated by Discrete Fourier Transform algorithm. Then, the normalized error over the first four harmonics in the original spectrum S(f ) and the synthetic spectrum S(f ) is compared to a given threshold, here -15 dB. The error is calculated as follow:

E = 4.3 F0 0.7 F0 (|S(f )| -| S(f )|) 2 4.3 F0 0.7 F0 |S(f )| 2 (7.7)
where F 0 is the initial fundamental frequency. If the error E is below the threshold, the window is marked as voice, otherwise, as unvoiced.

On voiced windows, the maximum voiced frequency F m (t) is estimated. A peak picking procedure is applied to separate the two bands of the spectrum S(f ): the lower band which contains the quasiharmonic frequencies and the upper band containing the noise component.

Finally, from the initial fundamental frequency estimation and the frequencies f i of the lower band, the fundamental frequency is refined. It is defined as the value that minimizes the following error criteria:

E( F 0 ) = Ln i=1 |f i -i • F 0 | 2 (7.8)
where L n is the number of the voiced frequencies f i .

Estimation of the parameters of the harmonic part For voiced frames, harmonic amplitudes

A k (t) and phases Φ k (t) can be estimated at the center time instant t i of the analysis windows. Conse-quently, from Eq.(7.2), h(t) may be expressed as:

h(t) = L k=1 A k (t i )cos(ktω 0 + Φ k (t i )) t i - N 2 ≤ t ≤ t i + N 2 (7.9)
where N is the length of the windows in samples and

L = K(t i ) = F m (t) ω 0 (t i )
is the number of harmonics included in the harmonic part. Then, the estimation is made by minimizing a weighted time-domain least-squares criterion between signal s(t) and h(t):

min A k (ti),Φ k (ti) N 2 t=-N 2 α(t)(s(t) -h(t)) 2 (7.10)
where α(t) is a Hamming window.

Estimation of the parameters of the noise part

The next step of the HNM analysis is the estimation of the noise part parameters. For each analysis window (voiced or unvoiced), the spectral density function of the original signal is modeled by a 20th-order all pole filter F (t i , z), by the mean of a standard correlation-based method. The correlation function is estimated from 40 milliseconds of signal located around the center of the analysis window. Over the same duration, the variance of the original signal is also estimated, representing the gain of the filter. For that purpose, a triangular like time-domain envelope is employed.

Cepstral analysis Finally, a spectral conversion function is applied on the harmonic part to extract Mel-Frequency Cepstral Coefficients (MFCCs) that characterize the spectral envelope of the signal, such as presented in Chapter 2 (Section 3.2.3).

Time features

Two time features have been also defined to characterize the segments:

• Total duration in seconds of the segment since some events may last longer (e.g., adult speech) or take less time (e.g, beep) than typical cries;

• Zero Crossing Rate ZCR, already shown to be useful to distinguish alarms from cries [19,20]:

ZCR = 1 T -1 T -1 i=1 1 R<0 (s t s t-1 ) (7.11)
where T is the length of the signal s(t) and 1 R<0 is the indicator function.

Synthetic resume of the set of features

HNM analysis is performed on frames of 5-milliseconds over each segment. In order to obtain only one value for each feature, the median has been computed. In total 124 features were computed. In our case, some of these features keep for all studied segments a null value (e.g., related to high harmonics) and have been discarded from the final feature set. Table 7.1 synthesizes the remaining 73 parameters. This feature set appears numerous even if it is a classical approach in speech processing. Thus, in the following section, we choose to reduce its dimension.

Dimensionality reduction

As mentioned in Chapter 3, a common problem in classification is overfitting. This occurs when a classifier corresponds too closely or exactly to a particular set of data and may therefore fail to fit additional data. This can be due to a too high number of features describing each sample. To prevent this situation and reduce the dimension p of our feature set, we arbitrary chose to apply Principal Component Analysis (PCA) 1 .

Before PCA, a transformation need to be performed on the feature set in order to work with features on the same scale. This way, the prevalence of a feature in the dimensionality reduction process is avoided. In fact, if the differences between values within a feature are wider than for others, the variance in the whole dataset would be mostly explained by this feature although it may be incorrect.

To do so, several techniques exist such as min-max normalization or standard scaling. In our case, we chose to applied standard scaling since the maximum and the minimum values that can take each feature may not be present in our dataset. On its side, standard scaling is based on the mean and the variance of each feature. Hence, the standardized set of features Xn if is computed for each sample i, and is defined as:

Xn if = X if -m f s f (7.12)
where X if is the original value of a feature f , with f ∈ [1,. . . , p]. The mean m f and the variance s f of the feature are computed from all samples of the dataset.

Then, there are two ways of performing dimension reduction with PCA, either by keeping a share of the total variance or by targeting a number of principal components. In our case, we chose to keep the principal components that represent 95% of the total variance.

Classifiers

Contrary to the methods of the literature that generally exploit the notion of temporality on not segmented signal, we chose to compare six commonly used classifiers, introduced in Chapter 3: Linear Discriminant Analysis, Logistic Regression, K-Nearest Neighbors, Random Forest, Multi-Layer Perceptron and Support Vector Machine. Indeed, temporality within the same event is not relevant in our case since we focus on already extracted audio segments that are summarized by median values of the features.

Evaluation of the process 2.1 Evaluation strategy

Our goal being to identify cry segments from others, a binary classification was performed. Within this objective, our annotated dataset was composed of 198 cries and 439 other sounds. Then, a training/validation set and a testing set were defined, respectively composed of 60% and 40% of the dataset.

On the training/validation set, a k-fold cross validation strategy was performed in order to tune parameters of the classifiers. The number of splits was set to three. Contrary to attempts of classification presented in previous chapters, this time, parameters were tuned within two objectives: in order to reach the highest accuracy (strategy 1) and the highest precision (strategy 2). In the first case, the idea is to performed the best classification between cry and non-cry events whereas in the second case, the lowest false positive rate is sought, i.e. recover as few non-cry segments as possible.

To finish, the generalization of each classifier was evaluated on the testing set through three metrics: the precision, the recall and the accuracy.

Dimensionality reduction

In Chapter 3, Principal Component Analysis has been presented as a popular method for feature extraction and visualization of data.

First, data has been projected into a 2-dimensional space for visualization. Resulting graph is presented in Figure 7.3.

Principal Component 1 and Principal Component 2 explain respectively 8.8% and 6.1% of the variance, for a total of 14.9%. One can see that baby cries are mostly located on the bottom of the graph with some of the baby vocalizations while other sounds tend to be in the upper band. This observation is reassuring regarding our classification purpose although we may already notice that it will be difficult to discriminate between baby cries and vocalizations on the sole basis of these two dimensions.

In a second time, we projected the feature set into principal components that represent 95% of the total variance. For that purpose, 41 components are retained. Hence, the dimension of the feature set goes from 73 to 41, reducing the number of features by 32. Figure 7.4 illustrated the coefficients applied on each feature in order to perform the projection.

Globally, each feature contributes to the projection and none of them stands out from the crowd. One can also see that the most influential features on the first three dimensions are related to the harmonics (the three first lines in Figure 7.4). These observations mean that information is contained in all features. However, it is important to remind that in our case, we used an unsupervised approach to reduce dimensionality with the sole goal to prevent overfitting. The contribution of each feature to the projection has thus no direct link with its ability by itself to be discriminant for classification.

To conclude, at this stage, we can only affirm that the projected feature set contains information from the whole original feature set that may be useful for classification. Indeed, visually, we saw that it was possible to distinguish between cries and others sounds. The relevance of the projected feature set for this purpose will be assessed along with classifiers evaluation in the following sections.

Tuning of the parameters

For each classifier, two sets of parameters, respectively, resulting to the highest accuracy (strategy 1) and the highest precision (strategy 2) during cross-validation were identified. For that purpose, several parameters and hyper-parameters have been tuned. This time, in order to compare between kernels in SVM, we chose to report the best parameters for the three SVM classifiers: linear, polynomial and Gaussian. A summary of the tests is reported in Table 7.2. One can see that the parameters can be different regarding the classification objectives. This recalls the fact that this step is inescapable during the learning phase of machine learning and must be done according to the objective. seems to be the most reasonable choice. Indeed, the goal is to extract cries in order to assess newborn evolution during hospitalization, in other words, over the long term. In that case, there is no need to get all the cries as long as there is a high chance that the predicted cries are actual cries. The results of the KNN of the second strategy are in line with this. In fact, it carries a high precision while keeping a high recall value. This means that there is also a low chance of missing cries with this model.

Evaluation of the model accuracy for fundamental frequency analyses

In this section, the efficiency of the model in cry selection during the deployment is assessed. Secondly, since in Chapter 2, we saw that cries were mainly investigated regarding the fundamental frequency F 0 . Thus, the accuracy of our method within this purpose is discussed regarding cry characterization. In addition, the impact of the misclassifications on the F 0 estimates over long periods is also studied.

Evaluation of the model during deployment

For that purpose, the KNN model was applied on all 8 hour-recordings of the maturation dataset that was introduced in Chapter 6 (Section 3). Results are reported in Figure 7.7. As a first step, segments that were automatically classified as cries were verified and the percentage of actual cries, i.e. the precision, was computed for each recording. Resulting percentages are ranging from 0% to 94% with a median value of 68%. The results are very variable since high results were obtained for four recordings (above 80%), good results for nine recordings (between 60% and 80%), moderate for four (between 40 and 60%) and weak for four of them (under 10%). Finally, a total of 3941 segments were automatically extracted and 1126 of them revealed to be false positives, giving an error rate of 25%. The distribution of errors is reported in Figure 7.8. The main source of errors comes from segments on which other sound events happened in the same time than a cry (overlapped cry). It represents 46% of the errors. This was not surprising since the model was not trained for this purpose. Secondly, as expected, errors are made between cry and vocalizations (25% of the errors). Nevertheless, 18% of the errors are also made by confusing cries and background noises, 10% are due to alarms and 1% are from adults.

From these observations, percentages were recomputed by integrating vocalizations and all the cries (actual and overlapped). In that case, the median value reaches 94% and the error rate drops at 8%. For only two recordings, the percentage of actual cries and vocalizations stays under 20%. The worst results are obtained for D2 of 030011 where three segments were extracted and none of them was a cry nor a vocalization. Indeed, two among them are segments of adult voice and one is a background noise. For D1 of 010076, 19 segments of background and 13 alarms were misclassified.

An additional limitation was found during the deployment of the model. It occurs when several babies share a room, such as in the recording of 060007. In fact, cries of three different babies were extracted without distinction since the model is not trained for this purpose. During the verification, segments classified as cries for this situation were considered as actual cries.

To complete these observations, we can also notice that the processing duration depends on the content of each recording, notably because of the time necessary to perform HNM analysis for classification. It is directly linked to the number of segments coming from the initial segmentation. The higher the number of segments that need to be classified is, the longer will take the analysis. As an exam-ple, for the D2 recording of 030033, 29069 segments had to be classified and the computation lasted 205 minutes. Reversely, 174 segments were extracted for D1 of 010066 and they were classified in 12 minutes. These computing performances reveals that a quasi-real time monitoring is reachable.

Estimation of the fundamental frequency

To go further, the fundamental frequency estimation for cry characterization was studied. In our case, the fundamental frequency was estimated between 150 and 750 Hz in order to be integrated in the feature set for cry selection. Although this estimation was relevant for classification, further observations revealed that the band applied for the estimation of F 0 was not accurate for cry characterization. Indeed, the band of analysis had to be adapted for each cry. To illustrate this point, three examples of cries are given in Figure 7.9. For Cry 1, several jumps between the fundamental frequency and the first formant can be observed when the band 150-750 Hz was used. A manual selection of the band 250-450 Hz allowed for a more accurate estimation of F 0 over the cry. For Cry 2, F 0 is overestimated and is found on the first formant all along the cry. The use of a band 270-600 Hz provided better estimates.

In Cry 3, noisy parts are observed at the beginning and at the end of the segment, leading to wrong estimations of F 0 . In [7], authors submitted the hypothesis that these noisy parts are due to the difficulty of the infant to initiate phonation and to inhaling and proposed to smooth the estimates. This method was composed of three steps:

1. removing the outliers by keeping all the estimates between the 25 th and the 75 th percentile of the distribution over the cry (Tukey Method [18]).

2. removing isolated outliers by studying previous and the next value of each F 0 estimates;

3. removing the highly irregular estimations in the first 5% and the last 5% of the cry.

The effect of the smoothing is exemplified with Cry 3. In this case, the smoothing removed the bad estimates. Thus, the estimation started after and ended before noisy parts of the segment.

We can also notice that the smoothing could have been useful to retrieve an accurate estimation of F 0 with the fixed band in Cry 1 but that it will be useless for Cry 2. Hence, a combination of an adaptive band of estimation and a smoothing seems to be the best approach to correctly characterize cries.

Impact of the sound superposition on the estimation of the fundamental frequency. To go one step deeper, the impact of overlapping sounds on the estimation of the fundamental frequency of cries has been studied. Fundamental frequencies were estimated with a manual selection of the estimation band and smoothing for six examples of cries. Results are reported in Figure 7.10.

First, we can see that an alarm either of high (e.g., Cry+Alarm1) or low (e.g., Cry+Alarm2) frequency has no impact on the estimation of the fundamental frequency. Secondly, adults have usually lower fundamental frequencies than babies, from 85 to 180 Hz for men, and from 165 to 255 Hz for women [3]. In most of the cases, the estimation of F 0 is well performed (e.g., Cry+ Adult2). Nevertheless, the first formant of adult voices can be in the same order than F 0 and thus, may induce errors in the estimation (e.g., Cry+Adult1). Finally, although background noises impact a large frequency band, the estimation of F 0 remains quite accurate in the affected periods of cries (e.g., Cry+Background1 and Cry+Background2).

If estimations of F 0 over a cry are globally not impacted by the overlapping sounds, another limitation coming from the segmentation step can be noticed in case of multiple events. Indeed, if another sound begins earlier and/or stops after the end of the cry, the algorithm will retrieve all the sound activity as a sole segment, as depicted in Figure 7.11.

In this example, three types of sounds are present: cry, alarm and vocalization. First, the segmentation started before and continued after the first cry event because of an alarm. Then, the second cry event began, immediately followed by a new cry and by an alarm. Finally, a fourth cry occurred and was also followed by a vocalization. In that case, the estimation of the fundamental frequency is performed all along the segment and noise parts of the spectrum are not avoided or corrected by the smoothing. These errors may be identified since the resulting segments last usually longer (here, more than 3 seconds). For segments of long duration, it may be relevant to perform the extraction process another time. Results for the segment presented in Figure 7.11 is reported in Figure 7.12. The segmentation step resulted into five segments: one overlapped cry, two cries, one beep and a cry ending with a vocalization. After classification, the four segments containing cry were retrieved.

Impact of confounding vocalizations and cries on the estimation of the fundamental frequency.

The second type of errors made by the classifier is confounding some vocalizations with cry events. An example of misclassified vocalization is reported in Figure 7.13. Misclassified vocalizations have a spectrum similar to that of cries regarding low frequencies. Among these errors, no oscillatory pattern such as observed in Figure 7.11 was observed. In fact, these events are usually short and with values of F 0 in the same range than cries. Hence, the inclusion of these segments may have no impact on the estimation of F 0 over long periods of monitoring.

Impact of other errors on the estimation of the fundamental frequency. The last part of errors, representing 8%, are made between background noises, alarms or adults and cries. An example of misclassified event for each class is reported in Figure 7.14. This time, no estimation of F 0 was performed since no band of estimation would be relevant. Estimation of the fundamental frequency will be impacted by these kinds of errors if they are too many of them in regard to the number of actual cries. Nevertheless, the resulting spectrum are different from cries and may be discarded by studying upper band of frequencies (>750 Hz) of the signal. To discard misclassified segments containing adult voice, it may also be interesting to look at the decisions made on previous segments to detect if this segment has a chance to be part of period of adult speech. The adult detection algorithm based on motion and introduced in Chapter 6 may also give a piece of information for that purpose.

Evolution of the fundamental frequency in very preterm newborns

The analysis of cries with the objective of characterizing the maturation has only been initiated. It was performed in parallel with this work during an internship work focused on the evaluation of the evolution of the fundamental frequency in very preterm newborns.

For six newborns, eight cries were manually extracted for two dates (D1 and D2). Then, fundamental frequencies were estimated and the mean F 0 value was calculated for each cry. Resulting distributions for D1 and D2 are reported in Figure 7.15.

For all newborns, the mean fundamental frequency appears to increases between D1 and D2. This was partially confirmed by statistical analyses conducted through Mann Whitney U tests. Indeed, for five newborns significant differences (p-values < 0.05) were found.

Only one study dealt with the evolution of cry of premature newborns [9]. Authors showed that the fundamental frequency of pain-induced cries of premature newborns decreases with increasing PMA, until it becomes comparable to the ones of full-term babies. Our results show that the fundamental frequency tends to increase as premature newborns grow older. Therefore, this could be considered in contradiction. However, in our case, we are dealing with spontaneous cries. In this regard, Goberman et al. suggest that the F0 values in premature infants compared to full-term newborns could be higher due to the fact that premature babies are more sensitive to pain [5]. In addition, Shinya et al. wrote that higher frequencies observed in premature infants may be attributed to a larger post-natal age (the time spent ex-utero) [16]. This information was not integrated in [9] since groups of babies reaching the same PMA were composed by individuals of different GA. In the end, our results are new and not in contradiction with those of the literature. Nevertheless, given the small number of babies studied, no definitive conclusion can be drawn. Hence, more recordings will have to be processed.

Discussion and conclusion

In this chapter, a process was proposed to automatically extract cry events from long audio recordings of preterm newborns. First, a segmentation of the periods of interest was performed and then, a classification approach for cry selection has been proposed and evaluated. This approach was a multifaceted problem since a relevant database had first to be manually collected and annotated, the right ensemble of features had to be defined and classifiers had to be correctly trained.

As a first step, a high number of segments (637 segments during the training and 3941 segments during the deployment) has been manually annotated. It is very important in the establishment of a database and constitutes a real contribution for further method comparisons. In fact, this dictionary contains a wide variety of sound events coming from real conditions of NICU in six hospitals. Secondly, for the first time, Harmonic Plus Noise analysis, commonly used in speech synthesis, has been applied within the objective of cry selection. Features obtained from this analysis have proven their effectiveness since high classification performances were obtained. Indeed, performances of the KNN classifier during the testing reached 92.9% of precision and 90.5% of recall, with an accuracy of 94.2%. This is better than what we found in the litterature where accuracies of 89.2% was reported with HMM [10] and 86.6% with CNN [4].

Thirdly, an automatic classification of sounds, based on the KNN model, has been performed on real life data. For the first time, more than 180 hours of recordings were analyzed and we showed that the classifier performed well. Indeed, we saw that errors were mainly made between cries and overlapped cries or between cries and vocalizations. By integrating vocalizations and all cries, a median of 94% of good classifications was retrieved and results were high for all recordings except for two of them. Furthermore, we saw that these errors may have a limited impact for the assessment of the fundamental frequency for cry characterization.

As regard to clinical aspect, our results showed that the fundamental frequency increases with evolving age in very preterm newborns. These results were never shown before and thus, it is an open research question that will have to be investigated.

To date, it is now possible to automatically extract a large number of cries. This way, we are in position to conduct a robust maturation study on a large database. This will help to resolve several limitations in cry selection that raised up during this work. Indeed, an 8% error rate was reported since background noises and alarms were misclassified. To reinforce the model, the annotated database could be updated by adding these segments. Then, it may be relevant to perform the HNM analysis simultaneously in a upper band (> 750 Hz) to enhance the feature set. Indeed, some of the alarm segments that were misclassified have a frequency above 750 Hz and thus, it could be characterized using HNM. It could be also relevant to detect background noises that occupy a broad band of frequencies as well as cry events with overlapping sounds. Additionally, irrelevant segments composed by multiple successive sound events (including at least a cry) can be extracted. To overcome this situation, it was shown that performing the cry extraction process another time may be relevant. Nevertheless, the segment length to trigger this new computation will have to be studied. Another limitation was observed during the deployment of the model. In fact, our approach is not designed for crying of multiple babies. This is a tough question to deal with but the use of stereo may be relevant to define the positioning of the crying baby and thus, considering only the baby in between the two microphones. However, since the distance between the microphones and the baby may change due to room configurations, it could be interesting to propose, as for motion, an adaptive model.

To finish, during the annotation of the database, an important question was raised up regarding the choice to consider a cry as an informative one for behavioral development assessment. Studies, reported in Chapter 2, have not clarified this point and thus, it will be necessary to clearly define the scope of what we consider as a relevant cry for further analyses. For that purpose, we may rely on the work of Golub et al. which proposed a physioacoustic model of the infant cry [6].

CONCLUSION AND PERSPECTIVES

The objective of this thesis was to propose a new non-invasive solution for the monitoring of the behavioral development of premature newborns. Within this purpose, the attention of this thesis has been focused on video and audio processing.

First, the relevance of such analyses in the context of pediatric health was studied. Hence, more than 150 papers were reviewed and discussed regarding their capacity to be applied for continuous monitoring. This work, which has been published [5], has shown the clinical interest of the proposed approach and the need to develop an acquisition and processing workflow adapted to the clinical routine.

Simultaneously, a preliminary study about sleep states estimation in preterm newborn was conducted. For the first time, a semi-automatic approach combining video and audio processing was developed and published [4]. From there, several decisions were taken regarding the orientation and the priority developments to move towards a fully automatic monitoring solution.

As a first step, a new audio-video acquisition system was proposed. Integration in Neonatal Intensive Care Units was studied in order to fit a wide variety of room configurations, keeping in mind the noninvasive objective regarding both newborns and healthcare personnel. In parallel with this thesis, a focus group studying the ethical aspect of this new monitoring approach was conducted [6]. In brief, caregivers and parents perceived audio and video in care as useful and acceptable provided that measures are taken to ensure informed consent, data protection and to limit the negative impact for caregivers. These points are important and should be considered for the acceptance of a new monitoring system integrating audio and video analyses in NICU.

Secondly, the video data analysis was focused on motion analyses. A process going from video acquisition to the extraction of relevant features for neuro-behavioral characterization has been proposed. It is based on the extraction of motion series by the mean of classical video techniques. The strength of this work relies on the fact that several difficulties, inherent to long time monitoring, have been tackled. The most significant one is the automatic detection of irrelevant periods of analyses due to the presence of adult in the field of view. This specific part of the process was presented [2] and published [3]. Additionally, the developed process is robust to a wide variety of recording conditions whether for very covered or equipped newborns, different beds and changing light conditions. Additionally, a new set of features characterizing motion organization in terms of duration and number of motion and non-motion epochs was retrieved by the mean of classification techniques. Results reveal that the proposed set of features (especially the number of non-motion epochs) is relevant to evaluate the evolution of the motion organization of preterm newborns.

Finally, a process going from audio recording to the automatic extraction of cry events was proposed. As for motion, the strength of this works resides in the fact that it was designed in order to fit the real conditions of NICU where diverse irrelevant sounds can occur such as adult voices, device alarms or background noises. Our approach for cry extraction is based on a set of features computed from harmonic plus noise analysis. This technique, usually applied in speech synthesis, was never tackled within this purpose and results reveal to be better than the ones observed in the literature.

All these results augur well for the development of non-invasive systems for the monitoring of behavioral development in preterm newborns. However, several difficulties will have to be overcome to move towards a fully automatic solution and constitute some relevant technical perspectives.

First, it has been shown that the processing of long time recordings is achievable either for motion analysis or for cry assessment as well as by combining audio and video analyses to characterize sleep. Nevertheless, solutions will have to be developed to deal with the remaining limitations of continuous monitoring. The most important point, regarding the motion analysis, is the automatic detection of the presence of the baby. Deep learning based approaches are promising for this purpose. They have not been considered in this work since the database was in construction. Other approaches, like the exploitation of the temperature, although complicated by the temperature regulation, or the use of intelligent mattress may also be investigated. At the beginning of the project, this equipment was discarded since it was expected that cameras could fully stick to observational techniques and thus, captured all the information collected by nurses such as facial activities, movements and temperature. However, we saw that monitoring of facial activities in real conditions of NICU is a complex task since the face of the baby is often partially or completely hidden. About audio analyses, an automatic search of the relevant band of frequencies to perform the fundamental frequency estimation will have to be proposed. This will enhance the process efficiency in terms of cry extraction and characterization. For that purpose, the spectrogram can be studied either by classical signal techniques (e.g., Fourier Transform and peakpicking procedure) or by the mean of image processing (e.g., spectrogram and contour detections). In addition, other sounds produced by the newborn (e.g., coughing, vowel sounds) may be studied and be markers of neuro-behavioral development [7]. This can be performed using the same classification approach based on signal processing provided that annotations and feature extraction had been adapted to this purpose. Otherwise, classification of spectrogram images may also be considered. To date, the audio part of this work has been taken over in the context of a new PhD thesis.

As regard to clinical perspectives, for the first time, the integration of an audio and video system in NICU was investigated. Although it was globally successful, some drawbacks have been raised up. Indeed, the system, in its current design, is cumbersome for acquisition in closed beds. In addition, for now, the clinicians were unable to assess the interest of such system in their daily care since no processing was embedded. To answer these points, a new project, called NEOVIDEO, has been proposed and accepted (Programme Hospitalier de Recherche Infirmière et Paramédicale -PHRIP). Its objective is to measure the impact of monitoring of the video monitoring on the sleep of preterm newborns. For this purpose, a system integrating motion analysis will be studied and deployed in NICU. Video streams and motion series will be sent back constantly to the central monitoring room so that nurses have access to it. From there, individualized care routine can be provided so as not to disturb the newborn sleep.

Simultaneously to these works, the huge amount of data that is collected during Digi-NewB will have to be processed in order to validate the relevance of the features that were extracted in this thesis. Indeed, until there, only a small part of the recordings has been processed, notably because this first part of the project was dedicated to the development of the methods. In particular, only two dates of the care were investigated (near birth and near discharge), although the analysis of the recordings performed in between will gives us a more precise evaluation of preterm newborn development. Once the best descriptors will be selected, it will be possible to improve our control group in order to follow the evolution over the time of the premature newborns. Then, this set of indicators will have to be integrated in a monitoring system in order to help clinicians in their decision-making.

In addition, the sepsis side of the Digi-NewB project was not addressed in this thesis. We particularly think that motion analyses can also give relevant information about this episode since it is associated with an atonic behavior of preterm newborns [1]. The obstacle on this study will be lifted once the processes would have been fully automated. However, new algorithms may have to be developed. For example, periods of photo-therapy will have to be excluded from the analyses. It may be automatically discarded either by studying the sudden variations in pixel intensities in the entire frame or by the use of the color camera to detect the blue lightening induced by this technique.

As a conclusion, one thing is for sure, there is always room for improvements and this work will serve as a basis for future developments to move towards fully automatic solutions for a new generation of monitoring systems in preterm newborns.
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 12 Figure 1.2 -Average survival rates (in %) of premature newborns according to gestational age (in weeks).

  3(2)) to cradle (Figure 1.3(3)) without thermal regulation.
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 13 Figure 1.3 -Three examples of beds of NICU.
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 14 Figure 1.4 -Behavioral states description according Prechtl and Beintena.

  Active Alert (AA). The newborn presents vigorous movements that can involve several limbs. The baby may cry. Eyes are indifferently open or closed. The evolution of sleep states is graphically represented as a function of time known as hypnogram (cf Figure 1.5).
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 15 Figure 1.5 -Example of hypnogram for a newborn born at 31 weeks GA and recorded at 32 PMA.
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 16 Figure 1.6 -Evolution of the duration of AS ans QS from 27 to 41 weeks of conceptional age in neurologically normal infants (taken from [3]).
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 17 Figure 1.7 -Digi-NewB key values.
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 18 Figure 1.8 -Digi-NewB workflow.
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 21 Figure 2.1 -Overview of video processing methods in paediatrics.
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 22 Figure 2.2 -Overview of acoustic signal processing methods in paediatrics.
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 31 Figure 3.1 -Data for classification summary (left), supplemented by a sleep state dataset example (right).
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 32 Figure 3.2 -Overview of the classification process from data collection to deployment.

Figure 3 . 3 -

 33 Figure 3.3 -Overview of methods for classification.
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 34 Figure 3.4 -Framework of feature selection methods.
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 36 Figure 3.6 -Comparison of data projection between Principal Components Analysis and Linear Discriminant Analysis for a two-classes problem. Orange dots represent data of the first class and data belonging to the second class are reported in black. The red line represents the resulting axis for projection obtained for each method.

  Classifiers3 aim to find the best decision boundaries to discriminate between classes. As illustrated by Figure3.7, there are two types of classification cases: the ones where classes can be separated with linear boundaries and the ones where classes are not linearly separable.
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 37 Figure 3.7 -Illustration of a linearly separable case (left) and a non-linearly separable case (right). Red lines represent examples of boundary decisions.
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 38 Figure 3.8 -Illustration of a perceptron with two inputs.
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 310 Figure 3.10 -Example of K-nearest neighbors classification with k = 3.
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 3 Figure 3.11 -Tree architecture for a four classes examples, where x i1 , x i3 and x i3 are the feature set of a sample i and y i is the predicted class. T 1 , T 2 , T 3 are three thresholds.
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 312 Figure 3.12 -Prediction workflow with a Random Forest model composed by E trees. Successive test results for each tree are reported in green.
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 313 Figure 3.13 -Example of a linear boundary estimated by SVM for a two class problem.
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 3 Figure 3.14 -Example of kernel transformation φ and boundary estimation (in red) with SVM.
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 315 Figure 3.15 -Example of multi-layer perceptron with 2 hidden layers and two output classes.
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 3 Figure 3.16 -Confusion matrix for a two class classification.
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 317 Figure 3.17 -Illustration of the hold-out strategy.
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 318 Figure 3.18 -Illustration of the 3-fold cross-validation strategy.
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 3 Figure 3.19 -Illustration of the leave-one-out cross-validation strategy for a training/validation dataset of 20 samples.
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 41 Figure 4.1 -Workflow of the methodological steps for the behavioral sleep state estimation.
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 42 Figure 4.2 -Overview of 10 videos of premature newborns with a PMA comprised between 28 and 33 weeks. All infants lay on one side and are most of the time covered by a blanket. Four of them are equipped with a ventilatory support and six of them are intubated.
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 43 Figure 4.3 -Example of a soundtrack processing (video 9): Top: Raw sound signal -Bottom: Vocalization signal V (t).
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 44 Figure 4.4 -Example of a motion signal M (t) (video 9). Frames acquired before and during movements are presented.
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 45 Figure 4.5 -Illustration of the eye state estimation algorithm (video 1): (a) Initialization; (b) Processing steps for the eye segmentation; (c) Example of an eye state signal E(t) with normalized values.
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 4 Results of sleep stage classification from extracted descriptors 3.4.1 Descriptor analysis As a first step, the distribution of the values (mean ± std) of signals V (t), M (t) and Ē(t), obtained on the whole database, as functions of the sleep stages provided by the expert, are reported in Figure 4.6.
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 46 Figure 4.6 -Values (mean ± std) of signals V (t), M (t) and Ē(t) as functions of the sleep stages: Quiet sleep (QS), Active Sleep (AS), Drowsiness (D), Quiet Alert (QA) and Active Alert (AA). Pairwise comparison among sleep stages that revealed statistically significant differences (p<0.05) by Mann-Whitney U test are identified by brackets.

  Figure 4.7(a) show first that the five classification methods have greater accuracy values for the alert stages (QA and AA). Results with KNN and LDA are fluctuating with high standard deviations observed for some stages (e.g., D, QS and AS for KNN or QS and AS for LDA). To a lesser extent, the same observation can be made for MLP in QS and AS. Although they are closed to SVM results, best performances are obtained with Random Forest for QA and AA, with 93.5% and 99.0% of accuracy respectively, while the results for calm stages (QS, AS and D) are weaker (under 84.1%).
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 47 Figure 4.7 -Five machine learning methods are compared: KNN, LDA, SVM, RF and MLP. (a) Classification mean accuracy (%) and standard deviation for each sleep stage: Quiet sleep (QS), Active Sleep (AS), Drowsiness (D), Quiet Alert (QA) and Active Alert (AA); (b) Cohen's Kappa and Kendall's tau coefficients (mean ± std).
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 51 Figure 5.1 -Main framework design of the Voxyvi acquisition system.
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 52 Figure 5.2 -Composition of the acquisition device.

  Figure 5.3, a mini-computer of 10x10 cm.
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 53 Figure 5.3 -Intel Next Unit of Computing.
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 54 Figure 5.4 -Functionalities of the graphic configuration interface: camera images location (1), check boxes to switch between cameras (2), sensors status (3) and start recording button (4).
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 5 5 illustrates three types of bed within three different room configurations in Rennes Neonatal Intensive Care Unit. This diversity of configuration is also observed in the other hospital centers. Two types of mounting In response, two types of mounting have been proposed: support bracket and clamps.
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 55 Figure 5.5 -Overview of three different types of bed and room configurations in Rennes Neonatal Intensive Care Unit: an incubator (1), a radiant warmer bed (2) and a cradle (3).
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 56 Figure 5.6 -Audio-video device protocol of positioning for NICU.

Figure 5 . 7 -

 57 Figure 5.7 -Camera orientation recommendations for open (left) and closed (right) beds.
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 58 Figure 5.8 -Color marked wire connection to the computer unit (left) and to the device (right).

Figure 5 . 9 -

 59 Figure 5.9 -Security signage.
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 510 Figure 5.10 -Progress of the total inclusions in Digi-NewB.
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 511 Figure 5.11 -Newborns included regarding each targeted category.
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 512 Figure 5.12 -System installation evaluation results on a 4-level scale (Agree, Quite Agree, Quite Disagree and Disagree).
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 513 Figure 5.13 -System interface evaluation results on a 4-level scale (Agree, Quite Agree, Quite Disagree and Disagree).
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 514 Figure 5.14 -System training evaluation results on a 4-level scale (Agree, Quite Agree, Quite Disagree and Disagree).
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 515 Figure 5.15 -Care routine integration of the system evaluation results on a 4-level scale (Agree, Quite Agree, Quite Disagree and Disagree).
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 6 Figure 6.1 illustrates the four steps of the process that were developed: motion estimation, adults detection, motion segmentation and feature extraction. These steps are detailed in the following sections.
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 61 Figure 6.1 -Global framework of motion characterization.
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 62 Figure 6.2 -Example of frame cropping: original frame on the left and cropped frame on the right.
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 63 Figure 6.3 -Example of frame differencing (without cropping).
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 64 Figure 6.4 -Examples of adults' presence, parents (left) or nurse (right).
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 65 Figure 6.5 -Example of reference border selection: (a) basic case (b) with cropping and (c) with a discarded part on the bottom left.
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 66 Figure 6.6 -Description of the adults' detection processing.
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 67 Figure 6.7 -Example of a motion M (t) and the associated automatic motion and non-motion segmentation in orange.
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 68 Figure 6.8 -Example of motion M (t) with periods artifacted by pulse-oximetry flashing (in red). In comparison, periods without flashing are reported in green. An illustrative image for each situation is also given.
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 69 Figure 6.9 -Example of an original detection and the result after clustering.
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 610 Figure 6.10 -Overview of the annotated dataset for the evaluation of the adult's presence algorithm.
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 611 Figure 6.11 -Influence of the widening w on the values of Sp and Se.
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 6 Figure 6.14 -Images illustrating the four annotated periods in both days (D1 and D2) for 010066 (a)-(d) and for 030035 (e)-(h).
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 615 Figure 6.15 -Example of motion M (t) (top) and its corrected version M c (t)(bottom).
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 6 Figure 6.16 -Performances of Thresholding (Th), LR and KNN over the five cross-validations in terms of mean and standard deviation of Se, Sp and C for the global model.
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 617 Figure 6.17 -Performances of Thresholding (Th), LR and KNN over the five cross-validations in terms of mean and standard deviation of Se, Sp and C (a) the model for D1 and (b) the model for D2.

Finally, in

  the light of the previous outcomes, we chose to keep the D2 model to analyze motion estimated from video where baby is lying in open beds whereas the global model is applied for closed beds. In Figure 6.18, four motion segmentation results are reported.
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 618 Figure 6.18 -Four segmentation results using the global model (in green) or the D2 model (in blue) in comparison with the reference annotation (in red). For each model, results without and with flashing are presented.
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 621 Figure 6.21 -Boxplots of the median md nm durations of non-motion epochs, supplemented by the number of non-motion epochs n nm between D1 and D2 in G1. The * indicates features with p-value < 0.05.
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 622 Figure 6.22 -Median values for D1 and D2 of md nm and n nm in G1.
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 623 Figure 6.23 -Median values for D1 and D2 of md nm and n nm in G2.
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 6 Figure 6.25 -Control map of the number of non-motion epochs for maturation evaluation.
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 711 Figure 7.11 -Example of segment with several sounds and the F 0 estimates (yellow).
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 7 Figure 7.12 -New computation of the cry extraction method (segmentation and classification) for a segment of long duration. The red line indicates the segment that was automatically discarded.
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 713 Figure 7.13 -Example of vocalization and the F 0 estimates (yellow).
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 7 Figure 7.14 -Three examples of misclassified events.
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 715 Figure 7.15 -Boxplots of the mean values of F 0 between D1 and D2 in very preterm newborns. * indicates when a p-value < 0.05 was obtained using Mann-Whitney U test.
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Table 4 .

 4 1 -Parameters testing summary. Final selecting sets of parameters are marked in bold. , 10 4 , 10 5 , 10 6 , 10 7 ] gamma ∈ [0.01, 0.1, 1, 10, 100, 10 3 , 10 4 , 10 5 , 10 6 , 10 7 ]

	Method Parameters
	KNN	Number of neighbors ∈ [1, 3, 5, 10, 20]
		Distance: Manhattan or Euclidean
	LDA	Solver ∈ [singular value decomposition, least squares solution, eigenvalue decomposition]
	SVM	Kernel ∈ [linear, Gaussian, polynomial]
		Hyper-parameters depending on the kernel:
		→ linear: no additional parameter
		→ Gaussian: margin ∈ [0.01, 0.1, 1, 10, 100, 10 3 → polynomial: degree ∈ [1, 2, 3, 4]
	RF	Number of trees ∈ [5, 10, 50, 100, 200]
		Quality split criterion: gini or entropy
	MLP	Number of hidden layers ∈ [ 1, 2, 5]
		Number of perceptrons per layer ∈ [1, 2, 5, 10, 20]
		Activation function ∈ [identity, logistic sigmoid, hyperbolic tan, rectified linear unit]

Table 4 .

 4 .2. 2 -Newborn data (number, GA and PMA in weeks+days). Video data (duration in min'sec, number of frames visually scored and their repartition 'Open'/'Closed' ). Algorithm's performance (sensitivity, specificity, accuracy in %). Number of user interactions (total number and regardless hidden eye).

		NEWBORNS		VIDEOS		PERFORMANCES	NB OF INTERACTIONS
	N o	GA	PMA	Duration	Nb of frames	Nb of frames	Nb of frames	Se	Sp	Acc	Total	Regardless
		(w+d)	(d)	(min'sec)	visually scored	'Open'	'Closed'	(%)	(%)	(%)	number	hidden eye
	1	28+4	29+6	17'27	1384	40	1344	98.21	99.68	99.64	2	2
	2	28+4	29+4	31'50	2367	343	2024	99.71	99.75	99.75	1	1
	3	28+4	29+4	30'58	2357	132	2225	97.73	99.87	99.75	2	2
	4	28+6	30+0	27'10	2105	56	2049	98.21	100.00	99.11	0	0
	5	27+0	28+4	10'11	831	0	831	-	100.00	100.00	25	2
	6	28+6	29+6	24'04	1634	146	1478	99.32	100.00	99.66	0	0
	7	30+6	32+0	15'07	1198	28	1170	78.57	99.74	99.25	43	37
	8	26+0	27+1	41'02	3064	4	3060	100.00	100.00	100.00	0	0
	9	31+3	32+4	16'03	1191	584	607	95.38	97.69	96.56	54	25
	10	29+5	30+6	28'22	2156	4	2152	100.00	100.00	100.00	0	0

Table 5 .

 5 

	1 -Description of the composition of each housing
	Component	Main housing Secondary housing
	Dimensions	17x9x4cm	6x9x3cm
	B&W infrared camera		
	Infrared lighting		
	Color camera		-
	Thermal camera		-
	Microphone		
	Infrared sensor		-
	Ambient light photo sensor		-
	Temperature sensor		-
	Humidity indicator		

Table 6 .

 6 1 -Definition of the motion set of features.

	Feature	from motion from non-motion
	description	intervals	intervals
	Total duration (seconds)	T m	T nm
	Mean duration (seconds)	m m	m nm
	Median duration (seconds)	md m	md nm
	Maximum duration (seconds)	mx m	mx nm
	Standard deviation of duration (seconds)	sd m	sd nm
	Relative standard deviation of duration	rsd m	rsd nm
	Number of intervals (scaled to an hour)	n m	n nm

Table 6 .

 6 2 -Performances of the medical staff and parents detection method. Duration in hours. FN: False Negative, TP: True Positive, FP: False Positive and TN: True Negative. Se: Sensitivity, Sp: Specificity and Acc: Accuracy, in percent.

	Video Duration	FN	TP	FP	TN	Se	Sp	Acc
	1	17	30	8463	3929	47128	99.6 92.3 93.4
	2	17	555	10135	1068	48138	94.8 97.8 97.3
	3	9	3	478	1354	31173	99.4 95.8 95.9
	4	15	265	3273	2203	46674	92.5 95.5 95.3
	5	14	14	2686	783	46717	99.5 98.4 98.4
	6	16	276	5316	2866	49097	95.1 94.5 94.5
	7	15	70	3392	2648	49378	98.0 94.9 95.1
	8	17	97	7990	2685	51976	98.8 95.1 95.6
	9	13	113	806	4702	40949	87.7 89.7 89.7
	10	16	74	3338	1892	52123	97.8 96.5 96.6
	Total	149	1497 45877 24130 463353 96.8 95.1 95.2

Table 6 .

 6 3 -Parameters testing summary. Final selecting sets of parameters are marked in bold.

	Method	Parameters
	Butterworth bandstop filtering f 1 ∈ [0.1, 0.15, 0.2, 0.25, 0.3, 0.35]
		f 2 ∈ [12.49, 10.49, 8.49, 6.49]
		n ∈ [1, 2, 3, 4]
	Baseline subtraction	d ∈ [1, 2]
		f c ∈ [0.006, 0.1, 0.2, 0.3]
		r ∈ [2, 4, 6, 8]
		amp ∈ [0.4, 0.6, 0.8, 1]

Table 7 .

 7 

	1 -List of the computed features for classification
	Type of feature	Estimation Method Number of instances
	Fundamental frequency	HNM	1
	Number of harmonics	HNM	1
	Harmonic amplitudes	HNM	18
	Harmonic phases	HNM	14
	Gain	HNM	1
	Filter coefficients	HNM	20
	Cepstral coefficients	HNM	16
	Zero Crossing Rate	ZCR	1
	Duration	Duration	1

Table 7 .

 7 2 -Parameters testing summary. Final selecting sets of parameters for precision are marked in bold whereas final selecting sets of parameters for accuracy are marked in gray (bold and gray means that the same parameter is obtained for both strategies).

	Method	Parameters
	KNN	Number of neighbors ∈ [1, 3, 5, 11, 15]
		Distance: Manhattan or Euclidean
	LDA	Solver ∈ [singular value decomposition,
		least squares solution, eigenvalue decomposition]
	LR	Cut-off ∈ [0.1, 0.2, 0.5, 0.7]
	RF	Number of trees ∈ [5, 10, 20, 50, 100, 300]
		Quality split criterion: gini or entropy
	MLP	Number of hidden layers ∈ [ 1, 2, 5]
		Number of perceptrons per layers ∈ [1, 2, 5, 10, 20, 30]
		Activation function ∈ [identity, logistic sigmoid,
		hyperbolic tan, rectified linear unit]
	SVM linear	No additional parameter
	SVM polynomial degree ∈ [1, 2, 3, 4]
	SVM Gaussian	margin ∈ [0.01, 0.1, 1, 10, 100, 10 3 , 10 4 ]
		gamma ∈ [0.0001, 0.001, 0.01, 0.1, 1, 5, 10, 100]

The term "pitch" is also employed by some authors[29, 34, 37]. However, in speech production, fundamental frequency and pitch are not identical since pitch strictly refers to the perceptual quality of the frequency i.e. how our auditory system perceives different frequencies[START_REF] Lester | Neurobehavioral syndromes in cocaine-exposed newborn infants[END_REF].

Matrices are noted in bold capital letters and vectors with capital letters

To avoid confusion, the use of "parameter" and "hyper-parameter" has been dedicated to mention the setting of methods whereas the term "feature" is exclusively associated with data either when it is question of raw features or after computation.

In classification, machine learning algorithms are also called classifiers.

It is used to regulate the scale of the weight modifications.

Note that in LR, a sigmoid was also used and LR was classified as a linear model. In fact, the output of LR can be written in a linear form whereas, because of the multiple perceptrons, it is not possible to write a linear equation to summarize neural networks outputs. Thus, Neural Networks are classified as non-linear models.

An annotation tool that proposes a synchronized visualization of signals of different sources, including video. It was developed by Raphaël Weber, post-doctorant at LTSI.

In section 2.3, we did not applied any correction although multiple comparisons were also conducted. In fact, since in that case, we wanted to find no significant difference, using a correction would have increased the risk of finding no statistical difference by chance. In fact, there is no consensus on when a correction must be applied or not[4, 11]. Thus, each time, we have chosen to put ourselves in the most restrictive conditions.

Indeed, the objective of our method being to classify cry and non-cry events, it is not necessary to recall the physiological meaning of the feature and thus, as a first step, the attention can be focused on feature extraction techniques.

Après avoir entré un numéro valide, l'enregistrement est lancé. Ceci a pour conséquence de désactiver l'affichage des caméras. Il est cependant possible de le réactiver en cliquant sur l'image. Elle se désactivera automatiquement au bout d'une dizaine de minutes.

Laisser le matériel en place pendant toute la durée de l'enregistrement sauf le PC de configuration avec son câble de connexion et l'adaptateur. Ces 2 éléments peuvent être instantanément retirés sans risques.

Remerciements Introduction

Section 2. Methods was the Sum of Squared Differences (SSD) between the pixels' intensities.

For each new frame at time t, the considered template is, firstly, the initial reference region (R Ref (0)). Then, the minimal value of the metric SSD(t) obtained by the template matching is compared to two threshold values D 1 and D 2 , as follows:

• SSD(t) < D 1 : the reference region is considered to have been found in the frame t; ROI Ref (t) is defined as the corresponding position;

• D 1 ≤ SSD(t) ≤ D 2 : the resulting position has to be refined; a new template matching is applied, using R Ref (t -1) as the template;

• SSD(t) > D 2 : the reference region has been lost, the tracking is stopped and the system waits for user's interactions.

At each frame t, after the estimation of R Ref (t), the eye region R Eye (t) is retrieved thanks to the relative position δ ROI .

Eye detection

Once the eye region R Eye (t) has been found in the frame t, a segmentation process is used to extract the eye contour. It includes the following steps (Figure 4.5(b)):

• A "black hat" morphological transformation using a structuring element of size 15x15 to enhance the contrast between the darkest regions and their neighborhood;

• A thresholding of the resulting image by a value T E ;

• A morphological erosion using a structuring element of size 5x5 to remove small regions;

• An edge detection of the extreme outer contours, using Green's theorem.

Then, the eye state E(t) is defined by its surface, depending on the number k of detected contours, as follows:

• k = 0: the eye is considered closed and E(t) = 0;

is the sum of the surfaces of the k detected edges and δ ROI is updated with the center of the eye area. The case k = 2 occurs when the contour is divided in two areas separated by the pupil;

• k > 2, this result corresponds to noisy detections. The eye is taken for not detected, the tracking is stopped and the system waits for a user interaction.

User interactions

In the case of uncertainty concerning the tracking (SSD(t) > D 2 ) or concerning the detection (k > 2), the algorithm stops and the user has to select again both regions of interest (as in the first frame), possibly after forwarding the video if one occlusion occurs.

Classification results

In Figure 7.5, results on the test set regarding strategy 1 (accuracy) are given. The best results are obtained with MLP that presents 95.3% of accuracy, 92.9% of recall and 92.8% of precision. Generally, non-linear algorithms show weaker results than linear approaches, especially on recall (48.8% for SVM Gaussian, 52.4% for SVM polynomial and 60.7% for RF). This reveals a bad generalization of those models.

Figure 7.5 -Performances (in %) of cry selection on the test set for each machine learning approach by maximizing the accuracy in the learning phase.

The best recall value is obtained by LR with 94.0%, which is slightly higher than with MLP. KNN and SVM linear classifiers perform well but results on recall are below with values at 85.7% and 81.0%.

Results for strategy 2 are reported in Figure 7.6. A better generalization for all models is observed since values are more stable between metrics. The best precision score is obtained by KNN and reaches 92.9%. The highest recall score is once again obtained by LR, with 94.1%. Accuracies are high (above 90.2%) for all classifiers. The results with MLP are also really good since a precision of 92.7%, a recall of 90.48% and an accuracy of 94.5% are reached. With regard to our objective, a classifier that have learned to be precise on cry selection (strategy 2)
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En cas de difficultés

Abstract:

The objective of this work, conducted as part of the European project Digi-NewB and a CIFRE thesis, was to propose a new noninvasive approach to monitoring in neonatal intensive care units (NICUs). This new monitoring should make possible a continuous evaluation of the neuro-behavioural evolution of premature newborns using non-invasive modalities such as video and audio. After a bibliographical study of more than 150 papers, a first study was carried out on a semiautomatic estimation of sleep stages. The proposed approach combined for the first time video and audio analyses. The limitations identified during this study led to the proposition of a new audio-video system. Its integration into NICU was studied and evaluated.

Then, methods, based on video and audio processing techniques and classification (Random Forest, KNN, Multi-layer Perceptron ...), were proposed. They allow a continuous characterization of the newborn behaviour in terms of movement quantification and cry analysis. The difficulties related to the constraints of the real NICU conditions were studied and solutions to avoid irrelevant periods (e.g.,parents or medical staff in the camera field of view, alarms coming from medical devices) were developed. The results are encouraging and show that it is now possible to imagine a new generation of monitoring based on non-invasive analyses to characterize the neuro-behavioural development of the newborn.