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We pay particular attention to its importance as a raw material in the chemical industry and also as a reducing agent in the metallurgical industry [START_REF] Green | IDROGENO NELL'INDUSTRIA[END_REF] 

2.4. Representation of the input and output of the dimensionless simulator MEMSIC. As input takes the number of components n comp , the permeability for each components in the mixture P erm i , the input concentration of gas i x in i , the stage cut θ(percentage of permeate flow in output), and the pressure ratio φ (P down /P up ). As output the dimensionless area st, the gas concentration x i of gas i in the retentate, and the concentration y i of gas i in the permeated. . . . . . . . . . . . . . . . . . . . . . . . . . . 2.5. The structure of ANN: it has three inputs: (i) φ pressure ratio (ii) x in i concentration of gas i (iii) θ stage cut and two outputs: (i) x i concentration of gas i in the retentate (ii) st dimensionless area. . . . . . . . . . . . . . . 2.6. We report the dataset with respect to input variable with highlighted in dark red, the points where the simulator cannot converge. The recall that φ is the pressure ratio and θ the stage-cut. . . . . . . . . . . . . . . . 

3.2.

To define a good solution our KPIs are : (i) the objective function (minimize) (ii) dimension of the dataset (minimize) (iii) achieve 99% purity on the product (in our case 99% per cent H2 in the retentate) (iv) time of the procedure (minimize) (v) error on each flow (e.g. the flow passing from one membrane to another etc) (minimize). . . . . . . . . . . . . . . . . .

3.3.

General procedure for the dataset augmentation using the algorithm AAD.

3.4. General procedure for the dataset augmentation for the algorithm ADORO. 

3.9. Box plots of the absolute errors on the two output variables with BS = 256 and N = 64 on the ADORO datasets The order in which we report the datasets is: 10+5K, 10+10K, 20+5K, 20+10K, 10+20K, 20+20K. . . . . . 3.10. ADORO. Computational times for the different phases of the procedure.

The "gen" refers to the data ini (baseline). . . . . . . . . . . . . . . . . . . 3.11. We compare the best results obtained by the optimization with the two augmentation strategies (AAD 10K and 50K, and ADORO with 10+10K and 10+20K datasets) and the pure sampling (10K, 20K and 342K). Histograms represent the cost of the design. The (simulated) purity is reported as a dot and a line connecting the same strategy with different dataset sizes. The horizontal line represents the target purity. . . . . . . . 2. This table compares, for each combination of purity and recovery, the models generated by grid, hyper and random generation. We report the simulated purity and the percentage errors on the flows (permeated and retentated) coming out of the system. hyper achieves the required purity in all cases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2.3. For the dataset of size 343K generated by three different techniques we report: (i) Dataset size after SVM filtering and (ii) overall computational time (cross-validation + training). The data generation time is around 11 hours, that have to be added to the overall computational time. . . . . . . 2.4. We compare the solutions found with the cell model and ML model. For the case-study 99% purity and 90%-95% recovery the models generated by hyper for the ML. We report the simulated purity and the percentage errors on the flows (permeated and retentated) coming out of the system. And the ML is the only one to achieve the required purity and to have a smaller error on the flow. 

Résumé

Ce travail fait partie d'un projet plus large qui vise à identifier les dimensionnements optimaux pour les procédés de séparation membranaires multi-étagés. Le projet a débuté en 2015 par une collaboration entre le LORIA (Laboratoire Lorrain de Recherche en Informatique et ses Applications de l' Université de Lorraine) et le LRGP (Laboratoire Réactions et Génie des Procédés). L'équipe a identifié des modèles et des algorithmes basés sur des approches de programmation mathématique, visant à développer des outils de conception automatique de procédé de séparation membranaire dédiés dans un pemier temps au traitement des gaz. Ces outils numériques ont pour but de pouvoir intégrer une fonction objectif réaliste et augmenter les degrés de liberté dans la recherche d'architecture de procédés possibles par rapport aux solutions de l'état de l'art actuel.

Le processus de séparation des gases par membrane est largement étudié en raison en particulier de son utilisation dans la production d'énergie renouvelable. La production d'hydrogène comme vecteur énergétique est considérée d'une extrême importance ces derniers temps. Ma thèse a été développée autour de l'étude de cas des séparations CO 2 H 2 , avec comme objectifs la production d'un H 2 de pureté et taux de récupération les plus élevés possible. En utilisant des membranes de différents matériaux, nous avons d'abord résolu un cas simple de sépration d'un système binaire CO 2 H 2 , puis nous l'avons étendu à trois gaz. Ce problème est modélisé comme un problème MINLP basé sur une superstructure. Plusieurs techniques d'optimisation globale sont développées pour le résoudre. L'approche de l'apprentissage automatique a la capacité de résoudre ces problèmes sans nécessiter un modèle complexe. Nous avons donc développé un réseau neuronal artificiel pour représenter les contraintes non linéaires et non convexes, inhérentes au comportement de la membrane, permettant de remplacer le modèle physique dans le problème mathématique. Il s'agit donc d'un modèle de substitution. Pour entrainer le réseau de neurones, un ensemble de données est nécessaire. Ce travail tente de développer divers algorithmes pour choisir intelligemment cet ensemble de données. Nous avons commencé par utiliser la technique d'échantillonnage, et les méthodes d'augmentation de données. Deux algorithmes sont ici développés : (i) ADORO (Augmentated Dataset driven-by Optimization by Random Oscillation) qui ajoute des points aux données initiales dans les zones d'intérêt pour l'optimisation (ii) AAD (Adversarially Augmentated Dataset) qui met en oeuvre une technique classique d'augmentation des données, des points perturbés par la descente du gradient. L'objectif est d'obtenir un modèle de substitution très précis, en réduisant considérablement la taille de l'ensemble de données et en réduisant également le temps de la procédure.

Cette thèse s'inscrit en termes d'applictions potentielles dans la thématique de la réxv duction des gaz à effets de serre parce qu'elle se consacre à un processus très utilisé dans l'industrie et extrêmement respectueux de l'environnement : les procédés de séparation des gaz par voie membranaire.

Différentes technologies de séparation ont été utilisées depuis de nombreuses anénes dans le traitement des effluents : distillation, absorption physique ou chimique, extraction ou encore séchage. Les limites de ces technologies (c'est-à-dire la performance, la compacité, la flexibilité, la consommation d'énergie) ont conduit à la recherche de méthodes alternatives. Cette recherche de différenciation a conduit à l'introduction de procédés de séparation basés sur des membranes. Les technologies membranaires ont pris une importance croissante dans les applications industrielles au cours des dernières décennies. Elles sont devenues un procédé de référence dans l'industrie alimentaire, le traitement de l'eau et le dessalement, et elles prennent une place et un rôle plus importants dans d'autres secteurs tels que les domaines de la santé, la médecine et la pharmacie, l'énergie, le traitement des gaz et l'industrie pétrochimique. Les procédés membranaires se retrouvent également dans d'autres domaines industriels tels que la purification et la récupération de substrats, la récupération et le recyclage de catalyseurs et de solvants, la concentration de solutions, le nettoyage de cristaux, la filtration, la clarification de flux de processus et la purification de flux de déchets, etc. Les unités à membrane ont généralement une empreinte au sol relativement faible, avec dans la plupart des cas, une réduction intéressante de la consommation d'énergie et de l'utilisation de produits chimiques (le traitement des gaz par perméation gazeuse est sans solvant). La simplicité de fonctionnement et d'installation des systèmes à membrane, ainsi que leur modularité, permettent des changements d'échelle relativement aisés et une grande flexibilité. Le fonctionnement en régime permanent avec recyclage partiel ou complet du rétentat/perméat est un autre avantage des systèmes à membrane.

Il existe différents types de membranes (polymères, inorganiques), et chaque matériau se différencie par des perméabilités différentes pour chaque composé gazeux. Le type de procédé membranaire sera ainsi choisi en fonction de l'objectif à atteindre, comme la perméation des gaz, la pervaporation, la distillation par membrane, l'osmose inverse, l'ultrafiltration, la microfiltration, la dialyse et l'électrodialyse, etc. Pour la séparation de mélange homogène (gaz ou liquide), les processus de transfert sont principalement gouverné par la pression. Quand un mélange de gaz, appelé "Feed", entre dans la membrane, les composants ayant les plus grandes perméabilités passent principalement à travers la membrane formant le perméat obtenu à basse pression, tandis que les composants ayant les perméabilités les plus faibles restent majoritairement au compartiment haute pression, formant le rétentat.

Dans cette thèse, nous nous réunissons sur deux études de cas ayant toutes deux pour objectif la purification de l'hydrogène. Nous étudierons le cas de la séparation de l'H 2 de CO 2 , puis de la séparation de H 2 de deux autres gaz, le CO 2 et le N 2 , en utilisant dans les deux cas deux types de membranes différents.

La conception optimale de procédés de séparation des gaz par membrane utilise deux leviers principaux : (a) la recherche de la meilleure conception de procédé et (b) l'utilisation du meilleur matériau membranaire. Aujourd'hui, en raison de l'augmentation des ap-xvii plications de la technologie de séparation des gaz par membrane dans l'industrie, le développement d'une stratégie de conception précise, efficace et fiable est essentielle. Pour concevoir un système efficace de séparation des gaz par membrane, différents aspects doivent être étudiés. La plupart des publications récentes sur la séparation des gaz par membrane se sont concentrées sur une série d'approches différentes pour promouvoir la conception d'un système de séparation par membrane (c'est-à-dire le matériau de la membrane, la conception du module de la membrane et la conception des procédés de séparation des gaz par membrane). Outre l'amélioration des matériaux et de la conception des modules membranaires, la conception efficace des procédés de séparation des gaz par membrane revêt une grande importance pour l'industrie.

Ce travail est focalisé sur la recherche de la conception optimale. Les contraintes généralement imposées pour nos cas d'étude sont l'atteinte de la plus grande pureté et du plus haut taux de récupération d'un composé. Ces deux contraintes sont antagonistes dans tout problème de séparation. Ce problème est traité dans la littérature sous différents angles : simulation, optimisation, ou modèles de substitution de type apprentissage automatique. Il existe plusieurs logiciels de simulation pour la séparation des gaz par membrane. Cependant, la simulation ne permet d'évaluer qu'un nombre restreint de configurations. Dans le cas d'un processus de membrane à plusieurs étapes (où chaque étape représente une membrane), le nombre de configurations à simuler, présenté schématiquement Fig. 2 la superstructure, explose et les temps de calcul requis rendent impossible l' eur seule utilisation. Ainsi, pour trouver la meilleure conception en minimisant le coût et le temps, différents algorithmes d'optimisation sont développés. Lorsque le problème mathématique est modélisé, les degrés de liberté pris en compte sont très élevés, c'est pourquoi certaines hypothèses sont faites pour le simplifier. Beaucoup de techniques déjà proposées dans la littérature ont des conditions de fonctionnement limitées.L'obtention de la meilleure configuration est résolue par la programmation linéaire en nombres entiers mélangés (MINLP en anglais, pour "mixed-integer nonlinear programming"). La formulation du résultat de ce problème est compliquée et comporte de nombreuses contraintes non linéaires et non convexes. ). • hydrogen recovery from ammonia plants and refineries. This work will focus on the study of membrane gas separation processes with synthetic polymeric material.

The main challenges addressed to membrane processes (for both liquid and gas phases) are dual :

1. The first challenge concern material science. The main target here is to identify the best material (type and shape) able to reach the targeted main separation performances (usually purity and recovery of identified components). This research community is very dynamic and productive and numerous material from different types, are produced and studied : polymeric (elastomeric or glassy) materials for gas treatment, inorganic material (zeolite, Palladium, ceramic, carbon materials), mixed matrix membranes, developed in flat or hollow fibers configurations. Industrialization of those numerous materials from laboratories to commercial modules is still challenging. For gas treatment, just a few commercial references are available often dedicated to air separation, H 2 purification and CO 2 capture 2. The second challenge concerns the separation process design itself. Depending on the expected performance indicators of purity and recovery, different configurations and associated operating conditions are possible. High targeted purities and recovery rates generally demand multi-stage complex processes, with high pressure xx xxi ratios, potentially multi-membrane materials. This work focus on methodologies to find this optimal process design defined by :

• number and type of devices (compressors, vacuum pumps, membrane module, splitting and mixing devices, etc.) • connections between those devices including recycles (even partial)

• operating conditions of each device (pressure, temperature, surface, etc.)

• membrane material for each membrane stage. The main target of this process will be to achieve a certain level of purity and recovery rate. The objective function to be minimized can be of many different kinds. The classical expectations are to find the best compromise between the size of the operation units used in the process (related to CAPEX) and the required energy (related to the OPEX). Those functions are generally classically antagonist. Cost functions will be used in this work to quantify this compromise by integrating the costs of membrane area and frame, compressors, vacuum pumps, product losses and some operational expenditure including maintenance cost. Classical physical laws will be applied: flow conservation, material balance, component balance, superstructure flow conservation, performance, and variable domains bounded by realistic values (maximum recycling ratio, pressure ratios, etc.). This problem is reported in the literature from different points of view: simulation, optimization, or surrogate Machine Learning models related to simulation, in our case Artificial Neural Network (ANN).

Simulation-based softwares for membrane gas separation already commercially exist : ASPEN, PROSIM, ProII, etc. They allow engineers to simulate and predict the performances of any process (separation, reaction, energy transformation) as soon as operation units simulation toolboxes are available (it is surprisingly not always the case for mem-brane) and the entire process configuration is known. Parametric analysis and optimization tools are generally available that could minimize an objective function by varying the operating conditions for a known process configuration. Searching for the optimal design of membrane gas separation (process architecture and associated operating conditions) using the simulation is difficult and uncertain. As shown in the superstructure Fig. 2, trying all the possible configurations in the case of a multistage membrane process (each stage represented a single membrane) is an error-prone and highly time consuming process, the number of combinations increases drastically with multistage process. Different optimization approaches were proposed in the literature to address this problem. Some of the existing works use different simplified assumptions in the model formulation. Indeed, the number of possible configurations increased exponentially with the degree of freedom of the problem. Obviously to optimize the performance and the global cost of the process we had to develop some dedicated design strategy. A Global Optimization algorithm ad hoc and a mathematical model to find the optimal solution was developed for this membrane gas separation problem by [START_REF] Ramírez-Santos | Optimization of multistage membrane gas separation processes. Example of application to CO2 capture from blast furnace gas[END_REF]. Our work uses the optimization and modeling approach presented in Bozorg (2019) as a baseline, and improve upon it, by the introduction of machine learning approaches. The design problem is a typical MINLP, mixed-integer nonlinear program. The formulation of this problem is complicated with a lot of non-linear and non-convex constraints, as membrane behavior equation. So the computational time to solve the problem and to find the optimal solution is expensive; of course more stages and more purity and recovery we will ask and more the problem will be difficult to solve. Nowadays a lot of Machine Learning techniques are developed to try to solve this problem by introducing a surrogate model. It is a technique used in engineering when an outcome of interest cannot be readily and directly evaluated, and a model of the outcome is used instead. Experiments and/or simulations are often used to evaluate the relationship between design goals, constraint xxiii functions and design variables. In literature, different examples that try to solve this model can be found. Three different ways are used to solve this problem like a black-box optimization problem as shown in [START_REF] Kim | Surrogate-based optimization for mixed-integer nonlinear problems[END_REF]:

• surrogate-model, an approximation of the considered model, is defined and this is directly correlated with the input and output data found through simulation, which will then be directly optimized • sampling technique, a set of points will be generated that will guide the optimization algorithms to find the optimal solution. A set of algorithms will be developed to generate points in the most important areas • stochastic or evolutionary methods such as Genetic Algorithms, Particle Swarm

Optimization and Simulated Annealing. The behavior of the membrane is represented by discretizing the membrane, with each cell referencing a non-linear and non-convex constraint that is the mathematical transcript of the differential membranes equations. This problem is really difficult to be solved, time consuming and not so accurate when high purity on the product is expected. To simplify this model, we have introduced a surrogate model, which aims to replace the system of non-linear and non-convex equations with a single non-linear equation that is obtained through optimizing an ANN, this concept is shown Fig. 3. Using the surrogate model helps the mathematical model by reducing the number of non-linear and non-convex constraints added. A dataset generation step has been added via the simulator. We introduce some data augmentation techniques, as shown in [START_REF] Papernot | Practical black-box attacks against machine learning[END_REF], to be as precise as possible by minimizing the total time of the procedure. In literature several researchers propose a sampling-based approach starting from small dataset, new points are integrated into the area of interest, and some stop criteria is defined. Based on this we develop an ad hoc method for our membrane separation problem. In Fig. 4, we report the goals that we want to achieve in this thesis, by developing data augmentation techniques.

One reason to represent membrane behavior with an ANN surrogate is that we may wish to integrate the ANN into a larger decision-making problem such as identifying manufacturing conditions. But ANNs may have difficulty extrapolating to new regimes [START_REF] Schweidtmann | Machine learning in chemical engineering: A perspective[END_REF]. The challenge is that optimal decision-making problems [START_REF] Kim | Surrogate-based optimization for mixed-integer nonlinear problems[END_REF], for instance choosing process conditions holistically, may select regions where the trained ANN is inaccurate. This work investigates data augmentation strategies, illustrated in Fig. 3.1 that, together with our optimization approach, give confidence in the result of the optimal decision making problem.

GOALS

The work is organized as follows:

Chapter I briefly illustrates the membrane gas separation process. We will explain the different membrane materials, membrane design, and the mass transfer mechanism in a membrane. The concept of the permeability and the flow configuration are introduced.

We will pay particular attention to the variables that characterize the Machine Learning model and we will show also the driven equipment used by it. We will explain the mathematical model used as a baseline and all the simplifying assumptions that have been made. The GO algorithm that we use to solve the problem is shown. Some disadvantages of the discretization techniques are presented.

Chapter II introduces the Machine Learning constraints and the way they have been implemented in the Optimization problem. We will explain in detail the dataset generation technique for the ANN train. The sampling phases are reported also with the explanation of the simulator and the problem of convergence. We will show the choice of the best hyperparameters for the ANN. And, at the end, we will add some results for the comparison of the different method.

Chapter III will present the two developed data augmentation algorithms, use them to start from a small number of points, and add them only in the areas of interest. We want to improve the computational times and be more accurate in the solution found by the Machine Learning model. We will make a comparison between the two data augmentation algorithms. The two methods that we investigate are a "classical" AAD and a new strategy (ADORO) that aims at combining the information obtained by the optimization

CHAPTER I -MEMBRANE GAS SEPARATION

The membrane gas separation principles and models are presented in this chapter, principally through the description of the physical phenomena that occur. The operating parameters and equipment have a crucial role in the gas separation and are required to define any membrane process design. The membrane mathematical model used by the MEMSIC simulator Bounaceur et al. ( 2017) is shown. We briefly explain the two different approaches to solve this problem, the cell model is presented and the global optimization used. Two case-studies will be briefly explained: H 2 / CO 2 and H 2 / CO 2 / N 2 .

State of the Art

It is only in the last decades that the membrane gas separation process finds application on an industrial scale, as explained in [START_REF] Bernardo | 30 years of membrane technology for gas separation[END_REF], where an excursus about the utilization of the membrane gas separation technique is proposed. Their main advantages, as already presented, are solvent free processes, smaller footprint and generally lower energy requirement. This technology has grown a lot over the years, and this growth has led to membranes becoming competitive on the market [START_REF] Sridhar | Membrane-based gas separation: Principle, applications and future potential[END_REF]; [START_REF] Caballero | Design of hybrid distillation-vapor membrane separation systems[END_REF]; [START_REF] Graham | On the absorption and dialytic separation of gases by colloid septa[END_REF]; [START_REF] Baker | Future directions of membrane gas-separation technology[END_REF]. The first major industrial application of this technique was implemented by [START_REF] Amphlett | On board hydrogen purification for steam reformation/ pem fuel cell vehicle power plants[END_REF] for the separation of hydrogen from the purge flow of ammonia plants. The membrane technology has a lot of popularity because on one side it can be used for different processes like nanofiltration, ultrafiltration, gas separation, vapor permeation, pervaporation, microfiltration, reverse osmosis, dialysis, and electrolysis, and on the other side has a lot of advantages like no regeneration step is needed, it is modular so it is easy to install and to scale up, it is flexible and it uses less energy than classical processes [START_REF] Henis | Commercial and practical aspects of gas separation membranes[END_REF]. This technique received a lot of interest from the chemical companies, industrial gas suppliers, oil producers, and refineries as described in [START_REF] Bernardo | Membrane gas separation progresses for process intensification strategy in the petrochemical industry[END_REF]. Several applications have achieved commercial success: nitrogen production from the air, hydrogen removal from ammonia scrubbing gas, carbon dioxide removal from natural gas, and enhanced oil recovery. The first industrial hydrogen separation plants in the early 1980s significantly improved the quality of the membranes for separating air and CO 2 . During these years the membrane gas separation process was largely improved in terms of configurations and applications. This process was fast thanks to the progress in material science and membrane design.

In material science, thousand of different materials have been developed but only some of them are currently commercially used. For all these reasons this technology has a lot of advantages and it finds a lot of applications in different industrial fields like food processing, petrochemical industry, desalination, and water treatment. In the last years find applications also in health care, pharmacy, energy, and gas treatment.

In membrane design different optimization and ML techniques are developed. To design a membrane separation process different equipments are chosen, as membrane modules, compressor, vacuum pump, etc. Considering the entire process architecture, several separation stages (membranes) may be necessary to increase the requested purity, recycling between stages (from permeate or retentate sides) can be useful and necessary to increase recovery rate. Multiple process configurations are possible for such a multistage membrane separation, i.e. number of membrane stages, type of membrane material per stage, membrane surface of each stage, upstream and downstream pressure of each stage and stream's connections between stages including partial or total recycling, as reported in [START_REF] Zarca | An optimization model for assessment of membrane-based post-combustion gas upcycling into hydrogen or syngas[END_REF].

Membrane gas separation

The idea of the membrane gas separation is that when a mixture of gas enters a membrane module [FEED], its components will be separated into the permeate and the retentate side, among their relative ability to permeate the membrane material as shown in Fig. 1.1. The mass transfer of each component is driven by the partial pressure difference between both compartment, the high pressure from the FEED and the retentate side, and the low-pressure side on the permeate side. 

Membrane material

One of the characteristic of the membrane process is the used material, which will define a selective permeation capacity for each gas. Different types of materials can be used for the membrane gas separation. The choice of the best material to use for the separation of a certain gas is defined thanks to some features of the components of gases to be separated. Different categories of membrane exist: polymeric, inorganic and mixed matrix. The most used membranes for gas separation in industry are dense polymeric material for their broad separation properties and relative low production cost. We report different examples of polymeric membranes like Cellulose acetate (CA), polyacrylonitrile (PAN), polyimide, polycarbonate (PC), polyethylene (PE), polypropylene (PP), and polytetrafluoroethylene (PTFE). Those membranes exhibit for most of them interesting chemical resistance, sorption, diffusion capacity, and stability at moderate temperatures. The development of these polymeric membranes and the use of them are gaining momentum, especially through new challenges and increasing demands from the industry [START_REF] Budd | Highly permeable polymers for gas separation membranes[END_REF][START_REF] Yampolskii | Polymeric gas separation membranes[END_REF].

Permeability coefficient and mass transfer

Many different types of membranes exist but they can be divided into two main categories: porous and nonporous (dense). Membranes used in industries for gas separation are mainly dense [START_REF] Bernardo | Membrane gas separation: a review/state of the art[END_REF] and the membrane gas separation follows the solution-diffusion mechanism [START_REF] Wijmans | The solution-diffusion model: a review[END_REF]. In the Fig. 1.2 we introduce the three-step process [START_REF] Ghazali | Potential of adsorbents from agricultural wastes as alternative fillers in mixed matrix membrane for gas separation: A review[END_REF] that describe de permeation:

• Sorption at the upstream interface of the membrane • Diffusion through the membrane • Desorption at the downstream interface of the membrane. The permeability is main characteristic of the membrane that allows to quantify the transfer of any permeable gas component through the material under the driving force expressed as the difference in partial pressure between both interfaces of the membrane. Permeability represents the units of component rate per surface, per thickness, and per unit of pressure difference. Selectivity represents the capability of a membrane material to allow the separation of two components (Permeability has to be different) [START_REF] Park | Maximizing the right stuff: The trade-off between membrane permeability and selectivity[END_REF]. The ideal selectivity (between two components) is expressed as the ratio of the permeabilities. Another metric which describes the ability of the components to percolate through the membrane is the Permeance. The permeance is the ratio of the permeability and the material thickness and allows to experimentally characterize membrane without the tricky determination of the thickness. Membrane processes are pressure driven processes. The global expression of the permeated flux of a gas component through the membrane is the following :

J = P L ∆p i
where J(mol/m 2 /s) is the specific flux of the gas component i, ∆p i (P a) is the partial pressure difference, L is the thickness (m) of material and P is the permeability coef- ficient (mol • m/m 2 • s • P a) of the component i for the considered material. In some simplified case P is the product between diffusivity and solubility coefficients P = D * S, when diffusivity and solubility can be considered as independent of concentration and partial pressure. The diffusivity is a measure of the ability of gas molecules to diffuse through the polymer and solubility a measure of the number of molecules that can be sorbed into the polymer.

Sorption

The selectivity between two components A and B, α A/B , is the ratio of both permeabilities

α A/B = P A P B = D A D B S A S B .
In this case, the ratio between D A and D B is the diffusivity selectivity and S A and S B is the solubility selectivity. The diffusivity and solubility are known to be negatively correlated. The first studies on the topic are the works of [START_REF] Robeson | Correlation of separation factor versus permeability for polymeric membranes[END_REF] and [START_REF] Robeson | The upper bound revisited[END_REF] that study the relationship between Selectivity and Permeability. It appears that highly permeable membranes are less selective. Robeson clearly exhibits the existing trade-off between permeability and selectivity for polymeric membranes, as shown in Fig. 1.3. The upper bound, considered as the empirical limit, is shown that represents the maximum achievable selectivity for a given permeability at a current time.

Flow configuration

The membrane module is characterized by three different streams entering and exiting the device:

• FEED input stream with given composition • Retentate output stream enriched in slow components • Permeate output stream enriched in fast components. The fluxes of the more permeable components through the membrane from the retentate side to the permeate side will be quantified thanks to Eq. 1.2.2 . A membrane gas separation module is reported in Fig. 1.4. The pressure driving force between retentate and permeate sides can be reached with a compressor applied on the Feed flow and/or vacuum pump applied on the permeate flow. The separation performances (flows and composition of retentate and permeate streams) of the membrane will depend on the operational conditions, pressure, area, and input composition.

The targeted product that we want to obtain obviously depends on the applications, and will be enriched either on the permeate for "fast" components (for example H 2 ) or on the retentate for "slow" components (for example N 2 ). The main objective is to achieve some purity and recovery on this targeted product, by minimizing the cost of the process. The problem become even more complicated whenever we desire to achieve both high purity and recovery. In this case a multistage process is generally needed. Multiple solutions and design exist that can be considered with: multistage membrane separation, several stages, and optimized membrane surface and pressure ratios of each stage , as shown in [START_REF] Saif | Superstructure optimization for the synthesis of chemical process flowsheets: Application to optimal hybrid membrane systems[END_REF]. The superstructure representing all the possible combinations for a 2 stage membrane process is presented in Fig. 1.5.

Different hydrodynamics of the module are available: (i) perfect mixing, (ii) cross-flow, (iii) cocurrent flow, and(iv) counter-current flow. Cross-flow is classically chosen in this study with following hypotheses:

• The only resistance to material transfer is located in the membrane • The membrane module is isothermal • The permeabilities of the different components are assumed to be constant along the membrane, i.e. independent of pressure or concentration • The pressure is assumed to be constant along the membrane in both compartments (negligible pressure drop). We introduce some variables of our model in Table 1.1 that will be used in the following parts:

F Feed flowrate G Permeate flowrate R Retentate flowrate x in j
Fraction of component j in the feed y j

Fraction of component j in the permeate x j

Fraction of component j in the retentate A Membrane's area P up

Up stream pressure P down Down stream pressure However, no matter which model is considered, the balance of matter must always be respected:

F = R + G.
(1.1) F,R and G respectively represent the flow of FEED, Retentated, and Permeate. We should consider also the molar fraction of each component j in these flows; (i) x in j , (ii) x j , and (iii) y j . F x in j = Rx j + Gy j .

(1.2)

Mass balance equations

For the cross-flow model chosen to represent the membrane module, multi-component transfer through the membrane can be represented by a system of nonlinear algebraic differential equations, that link the input flow of each component to its permeated flow of that component. The mass balance for component j over the differential area dA is described by the following differential equation, as reported in [START_REF] Favre | Genie des procedes de separations: separations membranaires[END_REF]:

-d(x j F ) = d(y j G) = dA π j P up x j -P down y j ∀j ∈ C (1.3)
where:

• C is the set of gas components • F and G are the flow rates on the feed (high-pressure) stream and the permeated (low-pressure) stream respectively • P up and P down , are the pressures on the feed side and the permeate side, respectively • π j is the permeability of component j • x j and y j , are the molar fractions of component j on the retentate side and the permeate side, respectively. The sum of component's fraction in each stream is equal to unity:

j∈C x in j = 1 j∈C x j = 1 j∈C y j = 1 (1.4)
where C is the components set.

In addition to these, we also consider the flow balancing defined in Eq. 1.2. Eq. 1.3 can be normalized by dividing it by F and introducing:

• ψ pressure ratio is the fraction between p down pup . The p up is the pressure on the side of the Feed and the retentate while the p down is the permeate pressure • θ stage cut is the ratio between G F . It is the trade-off between the recovery of the component and its purity, i.e. the high purity so low recovery and vice versa • α i selectivity is the fraction between Pmax P i for i in {1, ..., n }. Thus, we obtain:

d(y j θ) = dst (x j -ψy j ) ∀j ∈ C.
(1.5)

To solve the differential equations we use the simulation tool MEMSIC Bounaceur et al. (2017) developed by the Reaction and Process Engineering Laboratory (LRGP). The dimensionless differential equations to be solve are the following :

θ = G F (1.6) st = Ap up P max F (1.7) dst dθ = 1 n i=1 ( x i -ψy i α i ) (1.8) dx in dθ = 1 1 -θ (x in n j=1 ( x in j -ψy j α j ) - x in -ψy i α i ) 1 n j=1 (
x in j -ψy j α j

)

(1.9)

y i = x in -ψy i α i n j=1 ( x in j -ψy j α j ) (1.10)
st is the dimensionless measure of the area, used for the discretization.

To solve this problem, we will employ an optimization strategy outlined in Appendix A.2.1.

Pressure equipments

In addition to the membrane module, we should consider different equipments that drive the process. We consider these equipments also in our model because they can affect the driving force of the system. How already explained the pressure differences will drive the process:

• Compressor: is used to increase the pressure of a gas by reducing the volume of the same gas. When we are in a multistage situation each device usually has the same compression ratio. The compressor unit is shown in Fig. 1.6 • Vacuum pump: takes in gas at a pressure lower than atmospheric pressure and discharges the gas at atmospheric pressure. Since the gas at low pressures has a large volume, vacuum pumps tend to be bulky. The Vacuum pump unit is shown in Fig. 1.7. The vacuum pump has some limitations in its use. It is less energy efficient than a compressor and the footprints of the vacuum pump are larger than the compressor.

Mathematical formulation of the membrane system

As already explained finding the optimum design of membrane gas separation using simulation is difficult, uncertain and time consuming. That is why various optimization approaches have been proposed in the literature. From the mathematical modeling point of view several authors propose Mixed Integer Non Linear Programming approaches (MINLP) Qi and Henson (1998a), and some others Non Linear Programming (NLP) formulation [START_REF] Bozorg | Polymeric membrane materials for nitrogen production from air: A process synthesis study[END_REF]. Depending on the application different numbers of stage are considered. Most reported results from the literature considered between 1 and 3 stages [START_REF] Uppaluri | Synthesis and optimization of gas permeation membrane networks[END_REF]; Qi and Henson (1998a); [START_REF] Scholz | Structural optimization of membrane-based biogas upgrading processes[END_REF]; [START_REF] Ohs | Optimization of membrane based nitrogen removal from natural gas[END_REF]; [START_REF] Gabrielli | On the optimal design of membranebased gas separation processes[END_REF], more rarely 4 stage processes are considered [START_REF] Qi | Membrane system design for multicomponent gas mixtures via mixed-integer nonlinear programming[END_REF]; [START_REF] Arias | Optimization of multi-stage membrane systems for co2 capture from flue gas[END_REF]; Qi and Henson (1998b).

Different case-studies are consider: natural gas and biogas separation Qi andHenson (2000, 1998a); [START_REF] Scholz | Structural optimization of membrane-based biogas upgrading processes[END_REF]; [START_REF] Ohs | Optimization of membrane based nitrogen removal from natural gas[END_REF], CO 2 capture processes [START_REF] Gabrielli | On the optimal design of membranebased gas separation processes[END_REF]; [START_REF] Arias | Optimization of multi-stage membrane systems for co2 capture from flue gas[END_REF]; Yuan et al. (2014a); [START_REF] Uppaluri | Synthesis and optimization of gas permeation membrane networks[END_REF][START_REF] Uppaluri | On the simultaneous optimization of pressure and layout for gas permeation membrane systems[END_REF] reported the application of an optimization approach to enriched oxygen production, nitrogen- enriched air, and to hydrogen recovery from synthesis gas and refinery streams.

Discretization

The mathematical model we started from [START_REF] Bozorg | Optimization of membrane process architecture[END_REF], that will be used and solved is presented in this section. We define different sets to represent the stages, components, and the discretized membrane's area (cells).

• S : set of stages (membranes)

• C: set of gas components • C : set of cells in a membrane module. The variables, reported in Table 1.2, are divided into three groups due to the three levels of detail considered, as shown in Fig. 1.8. The three levels are:

• overall system with one input, Feed, and two outputs, Retentate and Permeate • single stage that represents the single membrane s ∈ S. It has one input, the sum of all split flows entering the membrane s, and two outputs, Retentate and Permeate. These flows can be split and sent as inputs to the other membranes or directly out of the system • single cell i ∈ C for a given membrane s ∈ S, the cell represent a discretization slice of the membrane's Area. The cells are the representation of the discretization of the system of equations repre-senting the physical behavior of the membrane, see Eq. 1.3 in Section 1.2.4. For each membrane, both retentate and permeate can be split from one membrane to another membrane or to itself (self-loop) and/or can be sent out of the system. We introduce two new variables to represent this behavior:

System Level

Cell Level

Stage Level

Feed

• split: the flow that goes from one stage to another, ex. g split s,s 1 quantity of permeated flow of membrane s who goes to the membrane s 1 • out: the flow that goes out from one stage to the system, ex. g out s quantity of permeated flow of membrane s who goes out of the system. The constraints can be divided into different families:

• flow conservation valid at the system level and for each stage (on the flow and the composition) • connecting constraint between the different membranes • coherence in the total composition of each flow • constraint describing the membrane behavior. Flow conservation constraints for the overall system and each membrane s :

F = R + G (1.11) F x in j = Rx j + Gy j ∀j ∈ C (1.12) f s = r s + g s ∀s ∈ S (1.13) f s x in s,j = r s x s,j + g s y s,j ∀s ∈ S, j ∈ C. (1.14)
Flow conservation constraints related to connections inter-stages (split coherence) and system to the single stage:

F = s∈S f split s (1.15) R = s∈S r out s (1.16) G = s∈S g out s
(1.17)

r s = s 1 ∈S r split s,s1 + r out s ∀s ∈ S (1.18) g s = s 1 ∈S g split,perm s,s1 + g out s ∀s ∈ S (1.19) f s = s1∈S (r split s1,s + g split s1,s ) + f split s ∀s ∈ S (1.20) f s x in s,j = s1∈S (r split s1,s y s1,j + g split s1,s x s1,j + f split s x in j ) ∀s ∈ S, ∀j ∈ C. (1.21)
Flow conservation constraints at the cell level:

f s,i = (r s,i + g s,i ) ∀s ∈ S, ∀i ∈ C (1.22) f s,i+1 = r s,i ∀s ∈ S, ∀i ∈ C (1.23) x in s,i,j = x s,i,j ∀s ∈ S, ∀i ∈ C, ∀j ∈ C. (1.24)
We report also the following equations that represent the link between the membrane level and the cell level:

f s = F s,1 ∀s ∈ S
(1.25)

x in s,j = x in s,i,j ∀s ∈ S, ∀i ∈ C, ∀j ∈ C (1.26) r s = r s,ns ∀s ∈ S (1.27)
x s,j = x s,ns,j ∀s ∈ S, ∀j ∈ C (1.28)

g s = i∈C g s,i ∀s ∈ S (1.29) y s,j g s = ( i∈C y s,i,j g s,i ) ∀s ∈ S, ∀j ∈ C.
(1.30)

The following equation describe the membrane behavior:

g s,i y s,i,j = A cell P j (P up x s,i,j -P down y s,j,1 ) ∀s ∈ S, ∀i ∈ C, ∀j ∈ C.

(1.31) This is the most important constraint of our problem and represent the discretization of Eq. 1.31.

At each level, furthermore, we have the constraints implying that the sum of the components is equal to 1:

j∈C x j = 1 (1.32) j∈C y j = 1 (1.33) j∈C x s,j = 1 ∀s ∈ S (1.34) j∈C y s,j = 1 ∀s ∈ S (1.35) j∈C x s,i,j = 1 ∀s ∈ S, ∀i ∈ C (1.36) j∈C y s,i,j = 1 ∀s ∈ S, ∀i ∈ C. (1.37)
The model is completed by performance constraints on purity (percentage presence of some components in the product) and recovery (quantity of final product concerning its availability on the input Feed). For example a 0.99 of purity and 0.95 of recovery results in the following constraints:

(1 -x i ) ≥ 0.99 (1.38) R(1 -x i ) ≥ 0.95F (1 -x in i ) (1.39)
All variables are bounded in a box where the lower bound is non negative, and the upper bound can be derived by the physical meaning of the variable. Finally, a maximum recycling ratio is imposed to the splits of any stage towards itself (self-loops) to avoid solutions that would not lead to physically stable configurations (full self-loops).

In this thesis we decide to use a Multistart as presented in [START_REF] Bozorg | Optimization of membrane process architecture[END_REF].

For generating data and for the validation of our result, the MEMSIC simulator is used, MEMSIC is a CAPE-OPEN module that simulates gas permeation membrane module [START_REF] Bounaceur | Rigorous variable permeability modelling and process simulation for the design of polymeric membrane gas separation units: Memsic simulation tool[END_REF]. In conjunction with process simulation software (such as Aspen, Hysys, Pro/II, and PROSIM), it allows the simulation of multistage separation. MEMSIC is extremely precise and reliable. For simulating multistage systems it requires the use of a graphical interface, where input parameters can be implemented, as shown in Fig. 1.9.

The user has to define the number of the stages and their surface, the design of the solution, the pressure, the Feed flux, and the permeability of each membrane. They have also to decide where to put compressors, vacuum pumps, or expanders.

So once all the parameters are defined on the system its output is calculated. And we do a comparison between this output and the solution find with the GO. We validate the model depending on how far we move from the simulated solution.

MEMSIC

A Figure 1.9.: MEMSIC simulator. Input parameters : the feed composition of gas i x in i , the pressures on the feed side P up and on the permeate side P down , the feed F, the membrane area A. Output parameters : retentate and permeate flows R and G, gas composition x i of gas i at the retentate, and the concentration y i of gas i at the permeated.

Objective function

The objective function is to minimize the total annual separation cost. It is composed of both capital and operational expenditure. Capital expenditure (CAPEX) includes membrane area and frame, compressors, and vacuum pumps. The operational expenditure (OPEX) includes electricity related to compressor and vacuum equipment, membrane replacement, operation, and maintenance cost.It is worth noting that the amount of flow passing through devices such as compressors, vacuum pumps, and membranes can affect both the CAPEX and OPEX associated with these devices.

Devices energy consumption

Three devices are available in the system that consumes/produce energy: compressors, vacuum pumps, and expander. Each of them will have a different cost. The variables and parameters necessary are reported in Table 1.3. For each device we report the equations necessary to calculate the energy associated it.

• Compressor:

W cp = F in × 10 -3 η c • γ • R • T γ -1 • [( P out P in ) (γ-1) γ -1] (1.40)
The formula is valid if

P in ≥ P out . If P in = P out , W cp = 0. • Vacuum pump: W vp = F in × 10 -3 η vp • γ • R • T γ -1 • [( P in P out ) (γ-1) γ -1] (1.41)
where the η vp is represented by the function:

η vp = η vp1 • ln( P out P in ) + η vp0 (1.42)
The formula is valid if P in ≤ P out . If P in = P out , W vp = 0. • Expander: The expander recovers energy by reducing the pressure of a flow, the formula is valid if P in ≥ P out .

W exp = F in × 10 -3 η exp • γ • R • T γ -1 • [( P out P in ) (γ-1) γ -1] (1.43)
We analyze each of the three devices in detail.

Compressors

The energy consumed by compressors in the system derive from Eq. 1.40. We start by considering a compressor on the Feed, the energy is W cp f and if P up ≥ P in , we will choose:

• input flow at the device F in = F eed • pressure for the input flow at the device P in = P f eed • pressure for the output flow at the device P out = P up . If we have a compressor from the membrane i to j, the flows and pressures would be different. There are two different cases, depending on which output flow of membrane i is entering membrane j. If the flow that enters in the membrane is the retentate the energy is W cpret and if P up ≥ P in , the flow and pressure are:

• F in = F ij ret • P in = P i up
• P out = P j up . While if the flow that enters in the membrane is the permeate the energy is W cpperm and if P j up ≥ P i down , the flow and pressure are:

• F in = F ij perm • P in = P i down • P out = P j up .

Vacuum pump

The vacuum pump is a device used only on the permeate flow (F i perm ) of the membrane i when P i down ≤ 1 bar. In the case that P down = 1 the energy is W vp = 0 and the flow and pressure are:

• F in = F i perm • P out = P i down • P in = 1.

Total power consumption

The total power consumption W tot is obtained as the sum of the single power consumption (production, for the expander) of each piece of equipment divided by the mechanical efficiency Φ. The only exception is the expander term, as the expander produces energy. The expander term is multiplied by the mechanical efficiency.

Total equipment cost

The total equipment cost I tot is the sum of the cost of the single equipment devices.

There are two families of devices:

• producing/consuming energy (compressors, vacuum pumps, expander)

• membranes. In Table 1.4 are reported the equations necessary to calculate the equipment costs for each device. The cost of the membrane is made of two terms: a linear term depending on the size of the membrane and the frame cost that is also influenced by the pressure applied to the membrane.

Example of I tot and W tot calculation

We report an example of design in Fig. 1.10. We use a compressor for the feed (C1), a compressor for the permeated flow from stage one to stage two (C2), and a vacuum pump for each permeated flow (VP1 and VP2). Below, we report the calculation for I tot and W tot :

I tot = I c f + (I m1 + I m2 ) + (I mf 1 + I mf 2 ) + I cpperm1 2 + I V P 1 + I V P 2
(1.44) 

W tot = W c f + W cpperm1 2 + W V P 1 + W V P 2 Φ (1.45) C1 C2 VP1 VP2

Cost calculation

The two terms I tot and W tot contribute both to CAPEX and OPEX calculations. The other (variables) terms contributing to the cost are:

• F loss the amount of flow product that will be lost in the process • X loss the percentage of product that will be lost in the process • X prod the percentage of the considered product. Table 1.6 reports the coefficient necessary to calculate the specific product separation cost.

Table 1.7 for each coefficient has reported a value or a formula allowing us to calculate it. The values and formulas can be changed for different case studies, as long as the coefficient multiplies the same terms in the objective function presented before.

Case-Studies

In this section, we will briefly present the case studies that illustrate the different methodologies developed in this work. These separation examples will enable us to validate the proposed surrogate model and analyze and discuss the optimized membrane process designs that were obtained.

H 2 / CO 2 separation for H 2 purification

In recent years, there has been a move to turn energy production toward renewable sources. A particularly prominent place is increasingly being taken by hydrogen, as shown in Fig. 1.11. At the Paris Congress in 2005, countless funds were allocated by the European Union for a new deposition technique for the development of thin-blended conductive membranes for the separation of hydrogen and oxygen. A modelling study concerning the integration of the developed membranes into hydrogen and fuel systems supported the experimental work. The study provided input to intensify the deposition process and evaluate costs in selected plant configurations to achieve zero CO 2 emissions and minimize CO 2 capture costs. Hydrogen is used as a clean and efficient renewable energy, as its use would lead to a more sustainable energy future. The use of membranes today represents one of the most promising solutions for pre-combustion applications (CO 2 /H 2 separation from syngas). The activity aims to develop and characterize different types of polymeric membranes for separating CO 2 from hydrogen (pre-combustion applications) and for biogas purification. In pre-combustion capture, CO 2 is separated from the syngas before combustion takes place: after gasification and catalytic conversion of carbon monoxide to carbon dioxide (so-called water-gas shift conversion), the syngas consists mainly of CO 2 and H 2 . The separation of gases via membranes also has 'drawbacks' related to the difficulty of obtaining a high-purity product, the need for large working surfaces, and, not least, the need to achieve a compromise between selectivity and permeability. This case-study has an important relevance since hydrogen is considered as a central element in the current debate on the search for alternatives to fossil fuels and non-polluting energy sources, being the most abundant element in the universe. It represents the 'energy vector' and, as such, in recent years, the possibility of using it as an environmentally neutral fuel, particularly in fuel cells, to convert chemical energy into electricity is gaining ground. This second case-study only adds one supplementary inert component, N 2 , to the previous mixture. Multi component mixture is the rule in gas separation. The aim of this second case-study is :

• to check the applicability and the predictability of the surrogate model obtained by ANN for more complex problems with increased degrees of freedom • to quantify the influence of inert gas (even in small proportion) on the final optimized design if the constraints of purity and recovery of H 2 are kept the same.

The obtained results could be really interesting for a lot of industrial gases or multicomponent gas mixtures in industrial and manufacturing processes. Molar fraction of component j in the permeatex s,i,j

System variables

Molar fraction of component j in the retentate - Equipment costs Each term is intended for a single equipment (stage, compressor, etc.)

I m = K m • A m
Membrane cost

I mf = a • (A m ) αmem • (P up ) α press mem
Membrane frame cost

I cp = b cp • (W cp ) βcp
Compressor cost 

I vp = C vp • (W vp ) Vacuum pump cost
T F I = cost coef • I tot Total facility investment ST C = stc coef • OP EX Start -up cost CAP EX = T F I + ST C T otal capital cost
Annual and specific separation costs

AP L = loss coef f • F Loss • X Loss X P rod Annual product losses T AC = CAP EX • amm + OP EX + AP L T otal annual costs SC = T AC/(annual • F P rod • t op )
Specif ic product separation cost 

coef f 2 Labor coefficient - cost coef f 3 Energy coefficient - cost coef f 4 Membrane replacement coefficient - loss coef f product loss coefficient EU R/ton of H 2 amm amortization -
Coefficients of the objective function 

K m 40 EU R/m 2 α mem 0.7 - α press mem 0.875 - β exp 0.81 - β cp 0.77 - cost coef f bpc coef • ICF • (1 + pc coef ) - cost coef f (cmc coef + lti coef ) • cost coef f - cost coef f dl coef • (1 + loc coef ) - cost coef f t op • K el - cost coef f ν • K mr - annual 0.0224 • 3600 - loss coef f annual • K gp EU R/ton of H 2 amm i•(1+i) z-1 (1+i) z -1 - a (1/2000) αmem • K mf • (1/55) α press mem EU R b cp C c • (1/74.6) βcp • (M P F c + M F c -1) • U F 1968 • K er EU R 2000 • EU R/kW h b exp C exp • (1/74.6) βexp • (M P F c + M F c -1) • U F 2000 • K er EU R/

CHAPTER II -SURROGATE MODEL and DATASET GENERATION

This chapter details the development of the machine learning (ML) model to represent the behavior of a single membrane, as illustrated in Fig. 2.1. We will explain how we integrated the ML model into the mathematical programming model and discuss the validation process we used to verify its accuracy through optimization.

Feed Retentated In the literature the surrogate model is not always used for the same aim and in the same manner. [START_REF] Mcbride1 | Overview of Surrogate Modeling in Chemical Process Engineering[END_REF] present a review on the different surrogate models that have used in chemical process engineering. They report on different surrogate models such as kriging, ANN, polynomial, Radial Basis Functions. Furthermore they illustrate the different areas in which such models are feasibility analysis, surrogates for dynamic processes, and surrogate models for optimization.

Permeate

Surrogate model

In [START_REF] Wang | Radial basis function neural networksbased modeling of the membrane separation process: hydrogen recovery from refinery gases[END_REF] a ANN is used to predict the behavior of a membrane in separation processes. The case-study chosen is the hydrogen recovery. The model employed is a radial basis function (RBF) neural network, able to estimate permeate hydrogen concentration, permeate gas flux and residue hydrogen concentration, using as input data operating temperature, feed-side pressure, permeate-side pressure, residue-side pressure, feed-gas flux and feed-hydrogen concentration. The ML model is able to predict the performance parameters of the membrane separation process only on the assumption that the boundaries are omitted.

Carlos A. [START_REF] Henao | Surrogate-Based Superstructure Optimization Framework[END_REF] developed a superstructure based strategy where complex units (like Reactors, distillation column etc.) are approximated by a surrogate model. They generated the training dataset using a commercial simulator, ASPEN. The problem is formulated like a MINLP. The optimization problem is solved by using General Algebraic Modeling System (GAMS). And thanks the simulator, in their case ASPEN, the dependent variables are defined. The ANN is used to represent the complexity of the problem and can easily be introduced into the mathematical model. They applied the proposal methodology on few simple processes. [START_REF] Soleimani | Experimental investigation, modeling and optimization of membrane separation using artificial neural network and multi-objective optimization using genetic algorithm[END_REF] applied the ML model to predict the flux and the resistance for the treatment of oily wastewaters with commercial polyacrylonitrile membranes. They used two distinct ANN to predict the permeation flux and the other one fouling resistance. The goal is to optimize the operating conditions in separation of oil from industrial oily wastewaters thanks to a genetic algorithm. This is a multi-objective optimization problem with the aims to obtain the optimum operating parameters for a desired permeation flux (i.e. maximum flux) and fouling resistance (i.e. minimum fouling) behaviour and has been conducted by means of the NSGA-II algorithm. [START_REF] Khayet | Artificial neural network model for desalination by sweeping gas membrane distillation[END_REF] developed a surrogate model for the desalination of the water. The algorithm used to train the model is Levenberg-Marquardt back-propagation. To train the ANN they used an ensemble of 53 experimental data, divided in train validation and test set. Monte Carlo simulation is employed for the optimization. [START_REF] Ibrahim | Optimization-based design of crude oil distillation units using surrogate column models and a support vector machine[END_REF] used one ANN for each consider output of the crude oil distillation. They don't want to design of heat-integrated crude oil distillation unit that combines a surrogate column model. If the simulator converge they proceed to build the SVM, they will delete this points from the dataset. The SVM is considered as a feasibility classifier for the feasible region of the optimization framework, that applies a genetic algorithm.

The entire dataset is used to train the SVM. The ANN predictions are shown to be in good agreement with the results from the rigorous column model, and the SVM is shown to have some ability to remove unfeasible design options from the search space. [START_REF] Rall | Rational design of ion separation membranes[END_REF] studied how to link the mass transport properties of LbL-nanofiltration membranes to synthesize membrane fabrication conditions. The ANN is used for two goals: (i) to predict transport, optimize membrane fabrication conditions and upper bound for the rejection and permeation trade-off and (ii) to predict the membrane properties architectures due on the synthetic conditions. This problem is a multi-objective optimization of retention and permeability. The authors developed a deterministic GO and they reformulated this problem to a set of single-objective optimization problems using the -constraint method. To generate the training dataset, the dynamic coating method develop by [START_REF] Menne | Precise tuning of salt retention of backwashable polyelectrolyte multilayer hollow fiber nanofiltration membranes[END_REF] is used. Rall et al. (2020a) studied an optimization strategy to design the performance nanofiltration membrane modules. They obtain results cheaper respect what the Literature are proposing by using an ANN, they used a combination between the ANN's developed in the work [START_REF] Rall | Rational design of ion separation membranes[END_REF] and an hybrid data-driven model. The ANN is used to compute the salt retention Rj and the permeability Q of a nanofiltration unit, these two variables are used to found the solutions of the main equations.The optimization problem is a multi-objective problem. One of the assumption that they did is to consider a single stage without recirculation. To optimize the operational variables and the membrane selection variables they used deterministic global optimization solver MAiNGO Bongartz et al. (2018). The dataset used to train the ANN is adapted to the mixed data types. In the input of the data we will have a part of variables continuously and integer. [START_REF] Rall | Multi-scale membrane process optimization with high-fidelity ion transport models through machine learning[END_REF] the ANN was trained to learn the ionic separation performance of the membrane, creating a data-driven ANN-based surrogate model. The ANN are trained based on data generated by a one-dimensional extended Nernst-Planck ion transport model and extended to a more accurate two-dimensional distribution of the membrane module, that captures the filtration-related decreasing retention of salt. The surrogate model is used to generate additional data that is trained in a new ANN surrogate model. This model is embedded in a membrane process plant model and the optimal process design is solved by deterministic global process optimization, avoiding the utilization of inaccurate approximations through heuristics or short-cut models. [START_REF] Hu | Artificial intelligence for performance prediction of organic solvent nanofiltration membranes[END_REF] proposed predictive methodologies that will fast-track the industrial implementation of organic solvent nanofiltration (OSN) membranes. The problem in this is a little bit more complicated respect the membrane gas separation because they had to consider all the interaction and the possible connection between solvent-membrane, solute-solvent, and solute-membrane. They proceed to generating a large dataset for training the ANN. Furthermore they use the principal component analysis (PCA) technique to choose the best parameters to train the network. They used three different artificial intelligence (AI) models (artificial neural network, support vector machine, random forest) to predict the membrane performance.
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Dataset generation

In the Section 1.3.1 we described the mathematical programming model, that we refer as cell-model, that we use as starting point/reference model for our work. The cell model has some inconvenients: the convergence of the local search is time-consuming and for many starting points the solver cannot find any feasible solution. These problems increase when the demand in purity and/or recovery are high. These observations pushed us towards ML. We use the ANN to represent the behavior of a single membrane in Fig. 2.2 so the main equation of the membrane Eq. 1.31, and the other constraints that refers to the cell Eq. 1.24-1.30, will be substitute with the new constraints representing of the ANN predictor. To train the ANN we need to generate a dataset to span all the feasible region. We want to show that the chosen architecture allows to accurately represent the membrane behavior. As mentioned before for generating the dataset we used the commercial simulator MEMSIC Bounaceur et al. (2017). The simulator is written in FORTRAN. It takes an input vector (that depicts the feasible region in the most optimal manner), and evaluated the output variables by solving the system of Eq. 1.10. Our model has three inputs, and we need model accuracy in the entire input space since we cannot know in advance what are the operating conditions of each membrane in the optimal system design. Drawing inspiration from the literature [START_REF] Bhosekar | Advances in surrogate based modeling, feasibility analysis, and optimization: A review[END_REF] and [START_REF] Eason | Adaptive sequential sampling for surrogate model generation with artificial neural networks[END_REF], we have taken into account three distinct methods of generating datasets:

System Level

Stage Level

• Random Generation: is uniformly distribution in the search space • Grid Search : points are sampled in a regular grid

• Latin Hypercube: is a statistical method for generating a quasi-random sample of parameter values from a multidimensional distribution. We show all the results obtain with three different techniques of generation in Section 2.6.1.

Latin Hypercube

Grid Search Random search 

INPUT and OUTPUT variables

In the Fig. 2.4, we report the input and the output of the stand-alone simulator. The input variables are:

• φ pressure ratio • x in i fraction of the component i entering in the membrane • θ stage cut The output variables are:

• x i fraction of the component i in the retentated output flow • y i fraction of the component i in the permeated output flow • st dimensionless representation of the Area. Furthermore, for each simulation the convergence of the algorithm is represented by a 0/1 flag. An important point to be made is that the stand-alone version of the MEMSIC only represents the behavior of ONE membrane, it is not able to represent a system of membranes.

We start from the definition of the input and output of the simulator to choose the variables of the ANN. The variables of our ANN are showed in the Fig. 2.5 with i ∈ 1, ..., n -1, where n is the number of components. We assume that the numbers of components for each mixture of gas and the permeabilities are fixed.

We can observe that some of the output variables are redundant. For example the y i variables can be calculated as:

y i = x in i -x i (1 -θ) θ (2.1)
.

In some preliminary experiments, we made tests with different outputs, and with two separated ANN for concentrations (x and y) and dimentionless area (st). As input takes the number of components n comp , the permeability for each components in the mixture P erm i , the input concentration of gas i x in i , the stage cut θ(percentage of permeate flow in output), and the pressure ratio φ (P down /P up ). As output the dimensionless area st, the gas concentration x i of gas i in the retentate, and the concentration y i of gas i in the permeated.

Misclassified points

Now we will focus on the stand-alone simulator of MEMSIC. As explained in the section above the simulator has some issues. The convergence problems are often due to the boundary values of the inputs.

As can be seen from the Fig. 2.6, the points where the simulator does not converge are concentrated in a single region. Therefore we decided to use a support vector machine (SVM) model to remove them from the dataset. For safety, we removed all the points are above the separation hyperplane.

SVM

No matter the technique used to generate the dataset, there are input points where the simulator cannot converge, particularly at the boundary values of the input and output variables. For example, there exist input concentration and pressure ratios where it is not possible to obtain a given stage-cut. Fig. 2.6 illustrates in dark red the points in the 2-dimensional grid of φ and θ where the simulator fails for input gas concentration x in 1 = 0.049 and x in 1 = 0.6. These points must be removed from the dataset. To identify the problematic area, we built a binary classification problem, where we assign label equal to 1 to all the grid points where the simulation fails, and zero to the others. Then we build a separation hyperplane by training a linear support vector machine (SVM) [START_REF] Piccialli | Nonlinear optimization and support vector machines[END_REF] for separating the two classes, getting an accuracy equal to 99.9% on the grid dataset. We want to not only avoid the points where the simulator will not converge, but also their neighborhood where the simulation may be not reliable due to precision The structure of ANN: it has three inputs: (i) φ pressure ratio (ii) x in i concentration of gas i (iii) θ stage cut and two outputs: (i) x i concentration of gas i in the retentate (ii) st dimensionless area.

problems. To avoid these physically meaningless domains, we require the points in all the generated dataset to be below the hyperplane with a certain tolerance, to be sure that we stay in a region where the simulation is reliable. We also use the SVM hyperplane as a constraint in our optimization model to be sure that our feasible region does not include meaningless points.

Neural Network

In this Section we explain how we represent the behavior of the membrane by using a shallow multi-layer perceptron (MLP) network. In our preliminary results we varied different ANN parameters, before finding the ideal model. We capture the nonlinear input-output relation using a shallow, multi-layer perceptron network, with one layer of neurons and sigmoid activation. This simple network has useful theoretical approximation properties [START_REF] Pinkus | Tdi-subspaces ofc (rd) and some density problems from neural networks[END_REF]. Additionally, because the trained network is then inserted into an optimization problem as equality constraints, the single layer keeps these constraints simple and limits the nonlinearities. Thanks to the simple Fig. 2.7 architecture, the only hyperparameters are the number of neurons in the hidden layer, and the batch size.

If we call N the number of the neurons in the hidden layer, n the number of the input and m the output variables, we will define the simple function that link the inputs and the outputs of the ANN as:

y k = f (x; w, b) = N j=1 w 2 k,j σ( n i=1 w 1 j,i x i + b 1 j ) + b 2 j k k = 1, ...., m (2.2)
Figure 2.6.: We report the dataset with respect to input variable with highlighted in dark red, the points where the simulator cannot converge. The recall that φ is the pressure ratio and θ the stage-cut.

The objective is to minimize the training error, i.e. the distance between the output predicted by the network ŷ and the real output of the simulator y. We used the Mean Square Error (MSE): where P is the number of samples. Thus,the problem that we are solving is the following: We use a back-propagation process, mini-batch. The optimizer chosen is Adam, a stochastic gradient descent algorithm. [START_REF] Ruder | An overview of gradient descent optimization algorithms[END_REF] showed that this algorithm has a better performances that a lot of algorithms in different tasks. Adam's Keras implementation does not ask to specify the training learning rate, as it is generated and updated according to the optimizer algorithm. The update is based on the mean of the first moments (the mean) as in RMSProp but, unlike the latter, Adam also uses the mean of the second moments of the gradients (the variance not centered).

Mathematical programming for ML model

We report in this Section the mathematical model which refers to ML. These constraints represents the ML regression model:

x s,j = k∈N w 2 k,x j • σ(λ k,s ) + b 2 x j ∀s ∈ S, ∀j ∈ C (2.3) st s = k∈N w 2 k,st • σ(λ k,s ) + b 2 st ∀s ∈ S (2.4) λ k,s = w 1 k,φ • φ s + w 1 k,x in j • x in s,j + w 1 k,θ • θ s + b 1 k ∀k ∈ N, s ∈ S, ∀j ∈ C (2.5)
where N is the set of neurons in the hidden layer and σ(t) = 1 1+exp (-t) , w 1 , w 2 , b 1 , and b 2 are the weights and bias of the ANN. The following equations connect the stage variables with the ML regression model variables:

G s = θ s F s (2.6) A s = st s F s P up • π 1 s (2.7) φ s = P down s P up (2.8)
y s,j = 1 -x s,j (2.9)

and the SVM-derived separation constraints:

α φ • φ s + α x in j • x in s,j + α k,θ • θ s ≤ β ∀s ∈ S, j ∈ C (2.10)
where α and β are the coefficients of the separating hyperplane. Constraints (2.9) link the output fraction of retentate and the permeate. The constraints (2.7) and (2.6) are needed since the simulator is dimensionless. The constraint (2.6) allows the relationship between the stage cut and the flows. The architecture of the ANN is defined in Fig. 2.5. We proceed to make a K-fold Cross Validation procedure: the number of neurons and the batch size. To fix the network hyperparameters.

Results

In this Section we show the computational results for the case-study CO 2 H 2 . We want to achieve different levels of purity.

I We first build a reference model using a large number of points, neglecting the computational cost, aiming only at a high accuracy on the entire input space. This step has two aims: showing that the chosen architecture allows to accurately represent the membrane behavior, and setting a target accuracy to reach with a smaller dataset. We show the results only for the membrane POLARIS (CO 2 selective).

Dataset Comparison

As explained in Section 2.2 we can choose between several ways to generate the dataset to train the ANN. We decide to do a comparison between the generation by using a Latin Hypercube, random, and grid-search. In this Section, we report the results for the train and the GO for these three types of dataset generation. The results below refer to the generation of 343000 points, we call this dataset 343K 1 . And it is the baseline of this thesis. We abbreviate:

• Grid Search: grid • Latin Hypercube: hyper • Random Search: random.

1 At the beginning of this work, to make sure we covered the entire search space, we started with the generation of 1 million points. The time for this process was very long, we are on the order of weeks. Looking at the literature, we then wondered whether we would not be able to achieve the same results in terms of purity with a smaller dataset. So we sample for the Grid-search 70 points, to obtain a dataset of 343k points. And we proceed to generate the same amount of points for the Latin Hypercube and the Random Search. Where times are more than halved and purity accuracy is obtained as with the same 1mln point dataset.

Dataset Generation and SVM

The following input variable bounds allow us to cover the region of interest for the casestudy:

0.1 ≤ x in 1 ≤ 0.98 0.002 ≤ φ ≤ 0.65 0.1 ≤ θ ≤ 0.9.
To choose the dataset size, we started with grid generation and sampled each interval's variable with 70 points, resulting in a dataset of 70 3 = 343, 000 points. Then, we generated the same number of points with the hyper technique and the uniform random distribution. All the input and output variables are between 0 and 1 except st which varies in our dataset between 0.1 and 26.4, therefore we normalize st by dividing its values by 10.

Once the dataset is generated, we proceed to do the SVM procedure, to delete all the points where the simulator does not converge and their neighborhood, as explained in Section 2.3.1.

Datasets comparison

We train the neural network for all the three datasets obtained after the SVM procedure, and evaluate the resulting model. We use ADAM as optimizer with default setting, set a maximum number of epochs equal to 20000, without early stopping and use a random weights initialization.

For each dataset, we perform a 5-fold validation grid search on the following values of the hyperparameters batch size (BS) and number of neurons (N): BS ∈ [256, 512] and N ∈ [32,64,128,256,512]. We use as loss the mean square error (MSE), and the results on the average MSE were comparable on all the three datasets. For all the datasets, the best configuration was with BS = 256 and N = 64 with similar values of MSE. To get a better measure of the model quality, we look into the absolute error distribution of the output variables on the training set, since we aim to perform well on the whole input space. Fig. 2.8 shows that the hyper dataset performed best, having the lowest absolute error quartiles on the output variables. This is the most important error measure for the case study because we need high precision on the concentration x 1 and the area st for every feasible input. We can not know in advance the operating conditions of each stage that allow to reach the required performance in the multistage system. Therefore, to test the behavior of the model in the interesting areas, we need to evaluate the accuracy when embedded in the optimization model with more than one stage.

The variables and constraints in the model represent not only the operating conditions of each stage, but also the interconnections between the stages, according to a superstructure representing all the allowed possible configurations [START_REF] Ramírez-Santos | Optimization of multistage membrane gas separation processes. Example of application to CO2 capture from blast furnace gas[END_REF]. In Section 1.3.1 describes the complete optimization model, i.e. the flow conservation constraints, both at the system level and the stage level, membrane functioning constraints, and performance requirements. Clearly, we are interested in an accurate model not only in terms of performance but also in terms of error on the flows. The flows can be either at the system level (input flow, retentated, and permeated flow in output) or internal: internal flows are the ones going from one membrane to another, or in self loop to the membrane itself.

To have a deeper understanding of the performances of the models generated by means of the three datasets, we run a Multistart algorithm on the resulting optimization models with 150 iterations, i.e. we run 150 local searches starting from randomly generated initial points. We use KNITRO Byrd et al. (2006) as local solver, and generate randomly in the original variables the starting points following [START_REF] Ramírez-Santos | Optimization of multistage membrane gas separation processes. Example of application to CO2 capture from blast furnace gas[END_REF].

It is known that the differential equations 1.3 are numerically difficult for high x 1 purity [START_REF] Neveux | A comparison of process synthesis approaches for multistage separation processes by gas permeation[END_REF], so, we want to verify that the neural network has a good accuracy for this case. Our goal is producing an output satisfying some purity and recovery constraints with a multistage system of CO 2 selective membranes. We consider three levels (90%, 95%, 99%) of purity with recovery as high as possible for a two stage system. The requested recovery is 99% for all purity cases, with the exception of the 99% purity. Indeed, when a 99% purity is requested, a two-stage system allows a recovery of at most 95%.

For each combination of performance requirements, we perform a multistart optimization procedure, and simulate using MEMSIC the best solution found, i.e. take the design obtained corresponding to the best solution (membranes area, applied pressures, split flows percentages) and use a MEMSIC simulation to re-calculate flows and gas concentrations. The following analyzes the difference between the best solution found and its simulated counterpart. Table 2.2 reports: simulated purity the purity of the simulated solution. This value compares the actual feasibility to the performance constraint. The purity requirement is always satisfied to equality in the stationary points found by the multistart algorithm, due to the cost minimization (higher purity means higher cost), so the comparison to the simulated solution is a stress test H 2 absolute error the absolute error in the retentate and permeate outputs for the hydrogen concentration Flows (% error) relative errors on retentate and permeate output flows. The neural network created with the hyper dataset so accurately recapitulates the MEMSIC simulator that, for all considered cases, the simulated gas purity meets or exceeds the gas purity set by the optimization constraint. Furthermore, the percentage error on the flows is reasonably low. The grid generated dataset never reaches the required purity and produces a higher error on the flows. No matter what machine model is used in the optimization process, there is a huge improvement in terms of efficiency and numerical reliability with respect to the discretized model of [START_REF] Ramírez-Santos | Optimization of multistage membrane gas separation processes. Example of application to CO2 capture from blast furnace gas[END_REF]. The local optimization by KNITRO is at least 10 times faster, and the number 2 for permeate flow G with Gsim obtained in the simulation and Gopt obtained by the optimization, define: |Gsim -Gopt| as absolute error and

|G sim -G opt |
1+G sim * 100 as relative error.

36Chapter 2. CHAPTER II -SURROGATE MODEL and DATASET GENERATION of infeasible runs becomes negligible. But Table 2.3 shows that, despite the final model being accurate and reliable, the time needed to obtain the model (cross-validation and training) is very high (> 5 days). For this reason, we wish to reduce the dataset size without reducing the quality of the model. As the hyper generation is the more performing strategy, in terms of quality and computational time, we retain this dataset generation strategy for all the following experiments. The model built by using the 343K dataset generated by hyper will constitute our target in terms of accuracy, aiming at reaching a similar performance with a much smaller training dataset.

Comparison between cell and ML

We want to show the results obtained for the ML and cell model. In the Table 2.4 we report the results for combination on purity 99% and both recovery 90% and 95%. It is clear that the ML is the best model in terms of flows, percentage of error and purity. The cell model for the highest purities overestimated the purity, while the ML model manages to perform accurately even for very high purity and recovery situations.

The Table 2.5 shows the times per 50 iterations of Multistart for the model with cells and ML. The time using the ML is almost 40 times reduced. These times only refer to the GO phase, we should also consider generation, cross and train. So the times for ML are higher for large datasets, but we propose a procedure to reduce it in the next Chapter 3.

However, referring not only to time, but also to the goodness of the model the ML seems to be the best. The number of stationary points we find is always greater, as shown in Table 2.6, so the ML explore more feasible space.

Mix of two different membranes

In this Section we mix two different membranes to purify the hydrogen. All the results for the 343K dataset shown were done by using the membrane POLARIS(A). We mix two different membranes in series A(CO 2 selective) and B(H 2 selective), the operation conditions are reported in We report the simulated purity and the percentage errors on the flows (permeated and retentated) coming out of the system. And the ML is the only one to achieve the required purity and to have a smaller error on the flow.

cell ML Purity-Recovery 99%-90% 99%-95% 99%-90% 99%-95% Time (seconds) 672.55 694.90 18.73 17.38

Table 2.5.: Time for the model with cell and ML for the combination of purity and recovery 99%-90% and 99%-95%.

for the ANN in Section 2.6.1. For the membrane B the ANN optimal model find is N=64 and BS=256, with training error equal 5.40E-07. The ANN structure does not change, as shown in Fig. 2.9.

In the following Table 2.7 we report the results for the solutions find for the combination on purity and recovery: 90%-99%,95%-95%, 99%-90% and 99%-95%. For the case 95%-99% the GO does not find optimal solutions. We obtain very accurate solutions. The required purity is achieved for all combinations and furthermore the errors on the output flux rates are very low, almost zero. The results are therefore very promising; we will explain in more detail in Chapter 4. cell ML Purity-Recovery 99%-90% 99%-95% 99%-90% 99%-95% # Feasible solution 42 40 48 47 

ANN OUTPUT NUMBER

In this Section we add the results for the two different models with two and three outputs for the ML model. In Fig. 2.9-2.10 we show the two ANNs studied. In one we choose to consider x i , y i , and st while in the other one x i and st. The most difficult variable to predict in our problem is precisely the dimensionless representation of the area, i.e. st. Because in the dataset with which we draw the ANN the area is expressed in a dimensionless way (st) but when it is introduced in the mathematical model it will be dimension (A), Fig. 2 The results shown in Table 2.8 are those for the best model (BS=256 and N=64) obtained by cross-validation, we only report the results for the worst k-fold. For each of the variables considered in the two different ANNs, we report the minimum, maximum error, mean, and quartiles. The minimum error are precisely those referring to the case of the two outputs, for both the variables. There is a difference of one order of magnitude between the two models, plus on the variable st, which is the one we want to be most precise about, we have a very low error for the two outputs model.

In Fig. 2.11 we report the box plot for both the two output variables calculated with the three-output and two-output model. Furthermore, looking at the error on the st we have that the maximum error is two orders of magnitude lower than on the 3 output. The model with two outputs is chosen. , trained on the hyper dataset with two and three outputs. We report for the worst k-fold the minimum, maximum and mean error for each variable and the quartiles for them.

x in i φ θ . . . . .
In Table 2.9 we finally report the results for the training of the two networks and see that for the case of the model with only two outputs, the total error drops by almost an order of magnitude. We can conclude that the best model is the one with only two output variables.3 

CHAPTER III -DATASET AUGMENTATION

The ML model is extremely accurate for even the highest purities and recoveries. For very large datasets, the generation, cross and train times are extremely high. However, considering the extraordinary results in terms of model accuracy, we wondered whether it would be possible to develop a data augmentation model. That is, starting with a small set of points and gradually adding them in the areas of greatest interest. So in the following section we proceed to show (i) baselines i.e. by implementing the technique of generating points of different sizes; (ii) adding points by following the gradient descent;

(iii) adding points using the GO algorithm, Fig. 3.1. 

State of the Art

The size of the training dataset is important [START_REF] Satyanarayana | A dynamic adaptive sampling algorithm (dasa) for real world applications: Finger print recognition and face recognition[END_REF]. Increasing the number of sampling points may increase the ANN accuracy, but it has many drawbacks: generating the data points via the simulator is computationally expensive, the network training becomes more time consuming, and the model itself becomes more complex. These papers typically choose bounds for the ANN input variables and generate sample points within these bounds Ibrahim et al. ( 2018 This work develops and compares data augmentation techniques to trade-off between the desired characteristics: solution accuracy, computational time [START_REF] Devabhaktuni | Neural network training-driven adaptive sampling algorithm for microwave modeling[END_REF], and dataset dimension. Data augmentation has received significant attention in the recent machine learning literature due to the increasing need of producing accurate datasets in reasonable time [START_REF] Brendel | Decision-based adversarial attacks: Reliable attacks against black-box machine learning models[END_REF] [START_REF] Zhou | Deep domain-adversarial image generation for domain generalisation[END_REF]. In chemical and process systems engineering, prior research (i) starts from a small dataset, (ii) integrates new points into areas of interest and (iii) decides a set of stopping criteria [START_REF] Eason | Adaptive sequential sampling for surrogate model generation with artificial neural networks[END_REF]; [START_REF] Asghari | Application of neural networks in membrane separation[END_REF]; [START_REF] Garud | Smart sampling algorithm for surrogate model development[END_REF].

Several authors propose sampling-based approaches to automatically augment the data-driven ANN with additional input/output pairs in a region of interest [START_REF] Eason | Adaptive sequential sampling for surrogate model generation with artificial neural networks[END_REF]; Alison [START_REF] Cozad | Learning Surrogate Models for Simulation-Based Optimization[END_REF]; Aroonsri Nuchitprasittichai (2012); [START_REF] Garud | Smart sampling algorithm for surrogate model development[END_REF]. Adding points to the dataset is important because the membrane behavior is represented by the dataset used for training rather than by mathematical equations [START_REF] Niu | Artificial intelligence-incorporated membrane fouling prediction for membrane-based processes in the past 20 years: A critical review[END_REF].

This paper develops a data augmentation algorithm, ADORO (Augmentated Dataset driven-by Optimization by Random Oscillation), that guides the dataset generation into all interesting regions found by our Multistart optimization algorithm in different scenarios. Prior work perturbs points close to a global solution, so our focus on Multistart is effectively an acknowledgment that, in process operation, there may be limited variation around a few data points [START_REF] Qin | Advances and opportunities in machine learning for process data analytics[END_REF]; [START_REF] Thebelt | Maximizing information from chemical engineering data sets: applications to machine learning[END_REF]. In our case, only perturbing around the global solution leads to generating too few additional data points and only focusing on solutions that, after scrutiny, turn out to be non-robust. Considering different operating conditions improves both the quality and the robustness of the machine learning model.

We compare the new algorithm ADORO with more traditional adversarial augmented data (AAD) approaches from the machine learning literature [START_REF] Papernot | Practical black-box attacks against machine learning[END_REF]; [START_REF] Volpi | Generalizing to unseen domains via adversarial data augmentation[END_REF]. These adversarial data augmentation techniques are mainly used in image recognition, natural language processing, and computer vision. But the AugLiChem [START_REF] Magar | Auglichem: Data augmentation library of chemical structures for machine learning[END_REF] library has been developed for chemical structures: AugLiChem perturbs crystals through random perturbation, or axis change, random rotation etc.

Our paper develops two data augmentation algorithms. First, the adversarial data augmentation algorithm (AAD) iteratively adds new points to our dataset by following the gradient descent of the loss. AAD adds points where our network struggles most to be accurate. Second, ADORO adds perturbed points (the neighbors) of the local optimal found through the Multistart optimization algorithm.

Data augmentation

Surrogate models have the advantage of reducing computational time in the optimization phase, as they lead to simplified models. Nevertheless, to be effectively used in an optimization strategy, a surrogate model needs two key elements: a high quality in terms of accuracy and a reasonable overall "creation" time. High accuracy is necessary for a large span of the variables to obtain a correct description of the optimization problem (feasible region and objective function shape). It is not possible to predict which search space points will be sampled by the optimization method (directly, or along the standard local search procedures), and a wrong evaluation of the constraints (and/or objective function) on such points can lead the optimization to the "wrong" search space portion, preventing the global optimization method to find the best local optimal solutions. The computational time needed to produce the surrogate model must be comparable (or smaller) than the time gained moving from an equation based model to the surrogate one.

In the previous section, we proved that an accurate surrogate model can be produced by means of an ANN and data obtained through simulation. The goal of the rest of the paper is to investigate different data augmentation techniques to maintain (or improve) the accuracy, reducing drastically the overall time needed to calibrate the ANN. Indeed, data augmentation techniques allow densifying the dataset only in some regions, thus obtaining high quality models with a reduced dataset. To assess the quality of the process and the produced models, we will focus on several quality indicators, as shown in Fig. 3.2. dimension of the dataset (minimize) (iii) achieve 99% purity on the product (in our case 99% per cent H2 in the retentate) (iv) time of the procedure (minimize) (v) error on each flow (e.g. the flow passing from one membrane to another etc) (minimize).

GOALS

DIMENSION OF THE DATASET

OBJECTIVE

In the first step, we will focus on finding a model that is accurate enough to obtain using a Multistart-like global optimization method solutions that lead to feasible solutions in the simulation validation procedure.

We know that with 343K points we are able to achieve the target accuracy, but we want to keep the computational time low. For this reason, we aim to build a dataset of at most 125K points allowing us to reach a comparable model quality. To this aim, we have different possibilities: try datasets of different sizes up to 125K, or start with a smaller dataset, and use data augmentation techniques to improve the obtained model. In the latter case, we need to decide the size of the initial dataset and/or the number of iterations of data augmentation. By using Latin hypercube, we generate datasets of different sizes that we call data ini . Our idea is to exploit the quality of the current model, to add points in the area where the model is not good enough.

We propose two different strategies, the first one based on the literature on adversarial data augmentation, the second one is new, and exploits our optimization procedure, see Fig. 3.1:

• AAD (Adversarially Augmentated Dataset)

We add to the training set a perturbation of each point of data ini in the direction of the gradient descent of the loss function.

• ADORO (Augmentated Dataset driven-by Optimization by Random Oscillation)

We add to the training set a random perturbation of the stationary points produced by the Multistart optimization procedure in different interesting scenarios. The two methods that we investigate are a "classical" AAD and a new strategy ADORO that aims at combining the information obtained by the optimization into the dataset augmentation procedure. In what follows we describe the two techniques and report the results we obtained with this two procedures starting from different data ini and with a different size of the augmentation step.

AAD

A quite common technique to improve the accuracy of the network (i.e. the training error) is the adversarial data augmentation. The main idea is to enrich the dataset with a perturbed version of the input. The perturbation is aimed at introducing samples where the initial model produces a large prediction error. The procedure for the AAD algorithm is shown in Fig. 3.3. We perturb each point of data ini by using the gradient of the loss multiplied by a scalar factor α. The new points are calculated as follows:

z new i = z i + α∇L( u i , z i ) i ∈ data ini (3.1)
where z i is the i-th vector of input values in data ini , u i is the corresponding output, and L is the loss function.

The parameter α influences the performance of AAD, and after some tests, we chose the value of α = 0.4.

The AAD procedure is an iterative one: the initial dataset is used to obtain a starting model, then the dataset is augmented by the new points (3.1), a new model is trained, and the augmentation procedure is repeated until some stopping condition is met. The AAD procedure doubles the number of points of the dataset at each iteration. We have two stopping criteria for our procedure: training error ≥ 1.2e -6 or len(data ini ) ≤ 100K. For all datasets, the procedure was stopped by the limit in size of the final dataset. By convention we refer to the final datasets as 10K+, 20K+ and 50K+. The results for the AAD procedure can be found in the Results Section 3.3.2, at the end of this chapter.

We can conclude that the AAD strategy adds new neighbor points to each point in the starting set, where the neighbor is determined by the calculation of the loss gradient.

We then improve the model by taking into account precisely the relative error that is obtained on each sample in the dataset.

ADORO

The AAD procedure aims to improve the model everywhere taking into account the relative error obtained on each sample.

The main idea of ADORO is to enlarge the dataset on the basis not only of the information on the accuracy, but also by exploiting the information provided by the optimization procedure. Indeed, we are interested in having an accurate model in the "interesting" areas, that are the regions explored by the optimization algorithm.

The main idea is to add samples only in the regions that are explored by the optimization procedure, and where the surrogate model is not accurate enough with respect to the results obtained by simulation, as shown in Fig. 3.4.

Given the initial model, ADORO performs the following steps: S1 the Multistart optimization procedure is run for different combinations of purity and recovery to span all the areas of potential interest S2 all the stationary points found by the procedure are simulated, and they are kept only if there exists a significant discrepancy between the surrogate model output and the simulation S3 for each retained point a given number of perturbed points is produced and added to the dataset S4 the model is trained on the augmented dataset. We stress some interesting aspects:

• We consider multistage systems, thus each stage can operate in different conditions, and we check the accuracy of each stage. Therefore for each stationary point, we simulate and check the accuracy of as many points as the number of stages (we use two stages in the experiments). • The pool of stationary points produced by the Multistart algorithm is in general not large enough to influence the ANN training, see Table 3.1, where we report the number of distinct local optima found for each purity/recovery combination and for each starting dataset (10K, 20K, 50K). In order to produce a robust augmentation procedure, we consider a large number of scenarios in terms of purity and recovery constraints. This should differentiate the points used as starting points for perturbation. More formally, our augmentation procedure works as follows. Let Q be the set of sample points obtained by the Multistart procedure. Let z q be the input variables of the surrogate model on these points, and u opt , and u sim denote the value of the output variables obtained respectively by the optimization and the simulation. For each of these points, we calculate the discrepancy between the optimization and the simulation:

d q = 2 k=1 |u sim q,k -u opt q,k | (3.2)
If d q > ε, we add this point and a pool of randomly generated points around it.

In principle, the augmentation procedure may be repeated several times until a termination condition is met. However, in our experiments, a single iteration was enough to reach a good quality model.

In the Section 3.3.3 we will report all the results for the ADORO procedure.

Results

In this Section we show the Results for the case study H 2 CO 2 , so for a binary gas and using the same membrane CO 2 selective. We do not emphasize on the goodness of the solutions found from the point of view of process engineering (design, cost, etc.) but we try to validate the three different strategies used and demonstrate their functionality.

Only in the next chapter we show the goodness of the solutions found and address two different binary and ternary system case studies.

Sampling

The baseline of this new procedure is considering the results obtained with the very large size dataset to investigate the impact of the dataset size on the computational time for the procedure. We need to decide the size of the initial dataset, generated by means of Latin hypercube. To this aim, we generate datasets of different size, whose characteristics are reported in Table 3.2 and we label them according to their initial size. The first two rows report information related to the size of the datasets: the size the original random generation and the number of residual samples after filtering the points using the SVMgenerated hyperplane (to remove the numerical instability points of the simulator). The last three rows report the computational times (in hours) of the different phases of the model generation: dataset generation by means of simulation, cross-validation and final training.

We retain the same procedure used for the baseline dataset for the cross-validation. The best choice turns out to be 64 neurons and BS=256 for each dataset.

Not surprisingly, given a number of neurons and a batch size, the largest dataset present a smaller training error, but still significantly higher than the one achieved with 343K points. However, if we look at the computational time, training the model with 125K is still too expensive, see Table 3.2.

In Fig. 3.5, we visualize the absolute error of the two output variables (x i and st) in the form of box plots. The error slightly reduce for both variables passing from 10K to 20K. Not surprisingly, a larger improvement is observed for the case of 50K and 125K. It is worth to notice that the reduction passing from 50K to 125K is less significant than the one obtained from 20K to 50K, if compared with the increase in size of the dataset. Finally, we use the obtained models in the optimization procedure and we compare the obtained solutions in term of accuracy with respect to the simulation in Table 3.3.

We can observe that the models obtained using 10K and 20K datasets are not accurate enough to obtain an optimal solution that satisfies the requested purity constraint. It is worth noticing that, in terms of flows, the smaller dataset can perform better than the larger ones.

These results seem in contradiction with the quality presented in the box plots, but it is not the case. Indeed, the overall quality of the model is not enough to guarantee good performance of the overall optimization strategy, in particular in terms of feasibility of the obtained solution. Small errors in the prediction of two output variables can impact strongly the shape of the feasible region, shifting the "real/original" local optima (full equation/simulation) or even removing them. In fact, not only the st variable error is amplified by the conversion to the dimensional area, but the combination of 2 (or We compare the best solution with its simulated counterpart in terms of system outputs. The models built with less than 50K points never reach the required purity, whereas the 50K dataset always produces a feasible solution but underestimates the purity when the performance requirement is 95% and 99%. On the other hand, the 125K only produces a feasible solution for purity equal to 99%.

more) membranes leads to an error propagation that is difficult to anticipate (as the overall design is decided by the optimization procedure). These considerations lead us to the study of methods that instead of working with a larger starting dataset, increase it selectively after evaluating its quality. The computational time of 125K is already too high: around 45 hours for the crossvalidation of the 125K dataset. Furthermore, this time is not compensated by better results in the optimization phase. Thus, we selected as starting dataset for data augmentation only the 10K, 20K and 50K. In what follows we describe the two techniques and report the results we obtained with these two data augmentation procedures starting from different data ini and with a different size of the augmentation step.

AAD

In this Section we report the results for the "classical" data augmentation technique. Fig. 3.6 shows the box plot for the prediction errors of the ANN on the two output variables, x 1 and st for the 3 new datasets generated by the AAD algorithm (starting from 10K, 20K and 50K respectively). It is worth notice that the 50K even with a larger number of samples, cannot reach the performance of the 20K dataset. The dataset 20K shows the best performances for both variables.

In Fig. 3.7 we report the details of the computational time for each iteration, including the initial phase:

• gen: time needed to generate data ini (10K, 20K and 50K)

• cv: cross-validation to define the best hyperparameters for the ANN • train: training of the best ANN on data ini . For each loop we distinguish:

• gen grad: time needed to generate the new points, compute the loss and simulate the new points • train bis: the training time for the augmented dataset data grad , starting from the ANN weights obtained in the previous train phase. The number of iterations depends on the size of the initial dataset. The overall computational time of the procedure is comparable for the 3 cases, the cross validation being the most expensive phase. The AAD phase takes almost the same time as the building phase for 10K and 20K. The re-training phase is a cheap one thanks to the warm start from the previous ANN weights.

We proceed to evaluate the accuracy of the method when embedded in our optimization procedure. We report here the case for the higher requests in Table 3. 4.

In all the cases the optimization underestimates the purity, leading to solution that are feasible (but we will see in the final comparison that are very expensive). In particular, the underestimation error of the 50K+ is 3 times larger than the one obtained by the 10K+ and the 20K+. The 10K+ performs better in terms of flows than the 20K+. 

ADORO

As with the AAD algorithm and Sampling, in this Section we are concerned with studying the results inherent in the ADORO procedure.

A parameter of the procedure to be set is the number of points to add at each step. We considered 5K, 10K, and 20K points for all three initial datasets. The dimension of the augmented datasets is reported in Fig. 3.5. By convention we call the datasets by a combination of the size of the initial dataset and the size of the added samples, for example, the 20+10K uses the 20K data ini and adds 10K samples using the optimization/simulation/randomization procedure.

For sake of clarity in all the figures and tables, we represent the datasets in order of magnitude, from smallest to largest.

It turns out from the experiments, that the data ini equal to 50K leads to disappointing results since the model obtained by ADORO has similar performance to the initial dataset and underestimates constantly the actual purity of the solution leading to unnecessarily complicated configurations. Furthermore, it was already less interesting given the larger size of the dataset. For this reason, we omit the results on data ini equal to 50K.

In Fig. 3.9, we report the box plot for the training error for the six datasets produced by ADORO. For the output variable x 1 , only the datasets starting from 10K show a clear improvement thanks to the addition of points. The 20K case is oscillating (reduces for +10K and increases for +20K). For the output variables st, both the 10K and 20K seem to benefit from the data augmentation.

In Fig. 3 monotonously increasing in the number of samples. This phenomenon is probably am- For the datasets from 20K, only the case with +20K needs a time larger than around double the generation (1.98 hours). We recall, thou, that this time is still significantly smaller than the cross-validation time (7 hours) and thus of the overall initialization phase (around 8 hours). For the case of 10K, the case with +20K needs more than three times the initial generation (1.6 hours) but is still much smaller than the initialization phase (around 4 hours).

We can now evaluate the quality of the solutions of the optimization procedure in the different scenarios, see Table 3.6.

The ADORO strategy starting with the 10K dataset always produces feasible solutions apart from the model 10+5K that fails for the purity 99% (error of 0.002). When starting with the 20K dataset the performances slightly deteriorate, mainly when adding 20K points.

In some cases, the purity is underestimated, resulting in solutions with higher purity than requested. The model showing the best performance is 10+20K since it always produces a feasible solution without underestimating too much. The model 20+10K on the other hand is very close to feasibility, and very accurate where it reaches feasibility, being an interesting alternative.

Evaluating via simulation the accuracy of the model on the best solution found by optimization ADORO: different sizes of the starting dataset and the increment step 

Discussion

We now summarize the experimental results using some global metrics to compare the two proposed augmentation strategies. We include as a reference the pure sampling datasets (10K, 20K, and 343K). We compare the overall cost, and the simulated purity of the best solutions, plus the overall computational effort (optimization and model fitting).

The design costs are normalized to have a more readable scale by dividing the cost by 544 euros/ton, i.e. the cost of the objective function obtain with 343K for 90% purity and 99% recovery.

Design cost and purity

Looking at the objective function allows us to evaluate also the cost of underestimating the purity, which could lead to unnecessarily complicated configurations or too expensive designs, which is what happens for the solution found by the model built by using AAD. In Fig. 3.11, we have selected the best solution in terms of the trade-off between feasibility and size of the dataset both for ADORO and for AAD. We plot both the normalized objective function value (histograms) and the effective purity (dots and connecting lines). It turns out that ADORO produces the best results since the cost is similar (and sometimes even better) to the one found with the 343K dataset. AAD pays the price of underestimating the purity, obtaining much higher objective function values.

It is worth noticing, that the cost of the solution obtained using ADORO (40K) is smaller than the one obtained with the pure sampling strategy (see Fig. 3.11 c). We can explain this result, considering that ADORO refines the prediction model only around the interest points (local optima), and therefore that it needs fewer points than a pure sampling in order to obtain a model of equal or better quality.

Computational effort

In Table 3.7, we summarize the time needed for building and using a machine learning model instead of the original model based on the discretization of differential equations. Performing 1000 iterations of Multistart with the original model can take up to 10 hours when the purity required is high. Furthermore, the optimization suffers from high numerical instability leading to many unfeasible local searches. For all ANN models, the optimization time is significantly reduced: two up to 3 orders of magnitude. When we use an ML model built with ADORO, also the time needed to build the model is competitive. Indeed, if we use the ADORO model to study different combinations of purity and recovery the overall time of building the model and the optimization process is comparable to or even smaller than the one necessary for the model based on the discretization of the differential equation. Furthermore, the numerical issues are highly reduced, allowing the optimization strategy to better explore the search space. 

Model

CHAPTER IV -CASE STUDY HYDROGEN PURIFICATION

In this last chapter, we show the case study for hydrogen production from a process engineering point of view. We report the results obtained for a binary system using two different types of membranes (H 2 selectivity and CO 2 selectivity), and for a ternary gas system. The process designs obtained with AAD are much more complex, using partial and self-recycling streams, which strongly decrease the robustness and operability of the process. So we decide to analyze the obtain results only for the 343K algorithm and ADORO. 

Case-Studies description

In this Section common conditions, used algorithms and addressed degrees of freedom applied to the different case-studies are presented. Multistart algorithm is used in each case study with a constant number of iterations. We solve the two-stage system problem using the 343K sampling algorithm and ADORO. Only in the sampling case, the tests are done with two different types of membranes. We try to increase the degrees of freedom of the system and consider a ternary system. In Table 4.1 we report a summary of the different case studies solved, and explain which membranes and algorithms are used.

We evaluate the solutions found through the GO by using the weights of the ANN trained with 343K dataset (hyper). For this case study two commercially available membranes have been chosen POLARIS(A), membrane developed for CO 2 capture applica- tions Merkel et al. (2012a[START_REF] Merkel | Power plant post-combustion carbon dioxide capture: An opportunity for membranes[END_REF], available on the market and UBE-BH(B) membrane commercially available for H 2 purification. We investigate different kind of processes: (i) mono and multistage and (ii) mono and multi material. We study the solutions for the combinations of different types of membranes AA and AB 1 . The main expectation by mixing CO 2 and H 2 selective membranes in the same process is to achieve higher purity and recovery with lower costs. The targeted product is the H 2 , so from the membrane A (CO 2 selective) the retentate side will be the stream of interest while for the membrane B (H 2 selective) the permeate side will be targeted. In a two stage process membrane A should be able to first separate the hydrogen on the retentate and then refine the permeate (CO 2 + H 2 ) from the membrane A through the use of membrane B, Fig. 4.3.

The surrogate model obtained using ADORO data augmentation technique has been evaluated in the GO algorithm. Tests have been performed in a simple case study starting with the binary system by using membrane A. We report the results obtained using ADORO with the 10K+20K dataset size (same notation as in Section 3.2.2), because it is the model showing the best performance since it always produces a feasible solution without significant underestimation.

Having established that the surrogate model obtained using the ADORO algorithm 1 we tried also to use BB membranes but the GO algorithm doesn't find solutions for any combination of purity and recovery. membranes the orders of magnitude for the areas vary in the thousands of m 2 . And this will obviously affect the increase in the cost of the o.f. since the cost of the area is part of the CAPEX, see Section 1.3.2. The process design results obtained for the binary system clearly show that for a two stage membrane process the POLARIS CO 2 selective membrane gives the best results in objective function and process operability with architecture with less streams splits and self-loop than the AB configuration. H 2 is produced on the retentate side at high pressure.

Looking at the different configurations found for AA case, we obtain retentate split self loop for the highest 99% recovery rate. In this Section we show the results obtain by the sampling technique, already explained in the Chapter 2, for a ternary system. Our initial goal was to solve this case-study using ADORO algorithm, but because of a lack of time, only the preliminary results solving this case-study with an 80000-point dataset(80K) by using the Multistart algorithm will be reported. We augmented the degree of freedom of the problem, so try to solve it with such a small set of points is extremely challenging. For the sake of brevity, we report results not for all combinations of the two membrane types, but only for: AAA, AAB, BBA. And for 99% of purity and 90% of recovery.

343K

Design with three stage membrane process

As we can see in the Fig. 4.16-4.17-4.18 the designs are obviously more complex than the case of a binary system. There are self-loops and a lot of recycled flows. Looking at the Table 4.6, the results for the prediction of ML are not accurate, in fact asking for a purity of 99% we get at most a simulated purity of 96% using BBA membranes. This clearly means that our model needs to be improved. The accuracy of the model (cells with the discretization step or surrogate model from ML) is one of the key of the process synthesis methodologies. In Table 4.7 we reported the o.f. costs, they seem reasonable. In the more expensive case (BBA), the cost is 3.95 times the reference cost, which seems to be not so excessive considering that the designs are very complicated but especially since we are using three membranes. However, the obtained designs for the ternary mixture is of very high interest. 1. Even if the process architecture can be highly improved (and maybe simplified), the impact of a few percent of N 2 on the global structure (3 stage, high pressures, self-loop, splits) is significant. 2. Even if the cost functions have to be compared with high caution, the use of two

CONCLUSIONS

In this thesis we studied the membrane gas separation design problem by means of an hybrid optimization and machine learning strategy. Start from the mathematical model and the optimization methods developed by [START_REF] Bozorg | Optimization of membrane process architecture[END_REF], we were able to improve it and obtain a more accurate model. The design problem is represented as a non linear optimization problem. The methods proposed in [START_REF] Bozorg | Optimization of membrane process architecture[END_REF] were used as a tool for effectively solving various application case studies. Nevertheless, the proposal approach has some limitations: small accuracy when high purities are requested and an important execution time for several case-studies. Indeed the equations representing the physic of the membrane are a discretization of a system of non-linear differential equations, and high number of them is necessary to obtain a good accuracy. For this reason, in this thesis, we have proposed a ML model to represent the behavior of each single membrane. The resulting model is then plugged in the original NLP model. Reducing the number of non-linear constraints by switching from discretization to the use of ANN, allows a faster optimization (at least two order of magnitude). To trade off modelization complexity with computational time, a single-hidden-layer ANN was chosen. The introduction of the ML allows to reduce the optimization time, nevertheless the time to obtain the model is important. We therefore decided to produce a lower quality model with a small dataset training and then improve it through change the training strategy, data augmentation. Our aim was to obtain a high quality model with a smaller computational time. We compared a classical data augmentation algorithm, which adds points following the gradient descent, with our new proposed strategy that we call ADORO. ADORO refines the prediction model only around the interest points (local optima). More precisely: we train the ANN model, perform a Multistart step, then add points only around local optima that are not well described by the ANN model. It is already well-known that data-driven, machine learning models are vulnerable to inaccuracies outside the domain of their training data [START_REF] Schweidtmann | Machine learning in chemical engineering: A perspective[END_REF]. It is also well-known that adversarial data augmentation is a useful tool for increasing the trustworthiness of machine learning models. This work explores the possibility of augmenting the training data with points selected by Multistart optimization software. This data augmentation strategy implicitly uses the way optimization pushes decision variables to extremes to generate points where the neural network approximation and MEMSIC simulator disagree. One interesting item of note here is that global optimization over the entire decision-making problem to be of lesser interest: the new data augmentation strategy works best when we can generate many possible starting points, for instance using Multistart optimization. A weakness of our work is that we do not consider permeability as parameter. Changing the case study necessitates repeating the procedure. As future work to solve this problem, we propose to add permeability as a variable input to the ML model. This would make the ANN model more general, but this means more complex ANN architectures or higher number of neurons. We are confident that the added complexity would be justified, given that the new model would cover multiple case studies. Another generalization is to extend the model to a higher number of components. We presented some preliminary results of this case in the Chapter 4. We showed that the network architecture is resilient to the number of input variables and that one hidden layer is enough to obtain good quality results. the global optimum. Because of this property, the optimal solution can be found by using a local search as shown in A nonlinear programming problem (NLP) is a problem which includes at least one nonlinear function (objective function or the constrained). Several algorithms have been proposed to solve non linear optimization problems, such as Quasi-Newton [START_REF] Garcia | Superlinearly convergent quasi-newton algorithms for nonlinearly constrained optimization problems[END_REF], Genetic Algorithm Kramer (2017) etc.. When the problem contains both continuous and integer variables,the problem is called a Mixed Integer Non-Linear Programming(MINLP). And also for this type of problem exist algorithms for solving it such as Branch and Bound [START_REF] Clausen | Branch and bound algorithms-principles and examples[END_REF], etc. So before choosing the optimization strategy the problem must be classified. As explained in Chapter 1 the membrane gas separation is classified as an MINLP, where the objective function and some of the constraints are not linear and the variables are both continuous and integer. Moreover, this problem is non-convex so finding the local optimum doesn't guarantee to have find the global one. This problem is a constrained problem and is not easy to solve. The global optimization program's aim is to minimize the objective function but also to define the feasible region, by solving the constrained problem.

A.2. Global optimization algorithms

Most of the global optimization problems are represented as follows:

min x∈D f (x) (A.2)
where f : D → R is continuous and D ⊆ R n is:

D = {x ∈ R n : l ≤ x ≤ u} (A.3)
where l ∈ R n and u ∈ R n . defined, the dependent variables are defined by solving the simplified model. For both models, the cell-related variables are initialized based on the simplifying assumptions.

The GO strategy is a stochastic following the Multistart method or the Monotonic Basin Hopping (MBH) method. In the GO a local search on the random generating point is applied in a first stage. We choose KNITRO as a local solver, shown in [START_REF] Byrd | Knitro: An integrated package for nonlinear optimization[END_REF]. Once the local minimum is found, this point compared to the best value ever found by the algorithm Multistart, the algorithm is reported in Alg.1. The idea of combining global and local optimization characterizes some of the best stochastic GO algorithms. On the other hand, the MBH is based on the fact that there likely is a better solution close to a local optimum, assuming that this local optimum is not the global one, [START_REF] Wales | Global optimization by basin-hopping and the lowest energy structures of lennard-jones clusters containing up to 110 atoms[END_REF]; [START_REF] Locatelli | Global Optimization: Theory, Algorithms, and Applications[END_REF]. The MBH generates random a point, a local solver is applied on it and the first point of the procedure is defined. This point in the second step will be perturbed and locally optimized, if this solution is better than the previous one, the new local solution substitutes the old local solution. This procedure is applied until no improvements are found after a certain number of perturbations, as shown in Alg.2. The main difference between Multistart and MBH is that MBH doesn't restart each iteration from a new initial point but searches in the neighborhood of the local optimum considered.

Algorithm 1 Multistart algorithm

Input x 0 = RandomGeneration(), x * 0 = x 0 , k = 0

Output x * k , f (x * k ) while k ≤ N do k = k + 1 x k = RandomGeneration() z k = locmin(x k ) if f (zk) ≤ f (x * k-1 ) then x * k = zk elsex * k = x * k-1 end if end while return x * k , f (x * k )
transforming them with a given function, they send the output of this function to down streaming neurons. Neurons of successive layers are connected via weights. By changing these weights appropriately the underlying model between input data and labels can be learned. The learning is done by changing the weights incrementally so that the prediction of the model is more and more accurate. The key to have a good ANN is mainly lies in the choice of the architecture used to represent the connection between the neurons. ANN can be simple single-layer perceptrons up to multilayer neural networks. Also we consider the number of neurons, Batch Size, optimizer, and etc. To find the best architecture a cross-validation is used. Different types of cross-validation exists:

• Leave-P-Out cross validation (exhaustive method)

• Leave-one-out cross validation (exhaustive method)

• Holdout method (non-exhaustive method)

• K-fold cross validation (non-exhaustive method) We report the explanation for K-fold cross-validation. The dataset is split into K parts (the intersection will be empty), and for each iteration, a part of the dataset is used like a validation set and the rest of the dataset like a train set, this procedure is done cyclically. The training procedure is repeated K times with the same vector of hyperparameters on all the K couple of sets (training and validation sets) and this cycle is repeated as many times as the number of the vector of hyperparameters that must be tried. The goal of the cross-validation is to find the best combinations of hyperparameters, so the one that gives the lowest error on the validation set. There is two procedure that can be selected: grid search and random. In the grid search, all the possible combinations that we want of the output can be tried, but this procedure will ask a lot of time and could be useless for the evaluation. Because sometimes a good range of values is never tried. While with the random search, all the possible combinations on the range can be tried so the risk of wasting time for some evaluation is minimized. The idea is that when we find the best configuration if we change one hyperparameter the performance of the model could improve. In our case the size of the dataset is really huge so a random search for the K-fold Cross Validation procedure is better. So after the cross-validation we have to solve a nonconvex unconstrained problem. The algorithm used in this thesis is ADAM for smoother curves and it is a mixture between Batch Gradient Descent and SGD. In fact, the goal is to find a composite to overcome the limitations of both algorithms. We use a batch of fixed number of training examples, i.e. the mini-batch. In this case we fixed stepsize that allows to obtain optimal values of the error function weights. The gradient of the error function is updated with respect to the ANN weights. The calculation of the gradient proceeds from the deepest layer to the shallowest so we use the name 'backwards' and the gradient calculations of one layer are reused in the gradient calculation for the previous layer. Therefore, the gradient is efficiently calculated at each layer. This algorithm uses only a sample of the training dataset and this is where it gets its name 'mini-batch'. This leads to a lower process cost because the entire dataset is not used, but only a portion. This is extremely useful in cases, such as the one in question, where the training sample has a large size.

Multi-layer Perceptron

For more complicated problems a more complex network is needed. For that reason, Multi-layer Neural Networks are introduced. In this thesis, a Feed-Forward Neural Network (FFNN) is used, better known as Multi-Layer Perceptron (MLP). This is a generalization of the single-layer perceptron. In this algorithm, the network is composed of one or more hidden layers, inserted between the input and output layers. The neurons are organized in different layers with forward connections between them. In Fig. B.2 a MLP is shown. So the input nodes connect the input variables x i = 1, .., n to the network. Each layer l is made of neurons j = 1..J l with weights w l j and of biases b l j . The activation function of neuron j at the l-th layer is g l l . The output layer predicts y k , with k = 1, ..., m where m is the number of output variables. Also from the MLP, a set of oriented weights can be extracted w l j,i that connect the input nodes or the outputs with each hidden layer I to the neurons j. With these notations, the output of each artificial neuron j of the layer l is represented as follows:

y l j = g( n 1=1
w l j,i x i + b l j ).

(B.4)

The weights are learned by minimizing the prediction error on the based on a gradient descent approach or one of its extensions (Adam, rmsProp etc).
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 1 Figure 1.: Hydrogen Purification Plant. The source is Phoenix corporation.
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 2 Figure 2.: Superstructure for three membrane.
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 3 Figure 3.: Representation of the cell and surrogate model.
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 4 Figure 4.: Our KPIs are : (i) the objective function (minimize) (ii) dimension of the dataset (minimize) (iii) achieve 99% purity on the product (in our case 99% percent H 2 ) (iv) time of the procedure (minimize) (v) error on each flow (e.g. the flow passing from one membrane to another etc) (minimize).
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 1 Figure 1.1.: Example of membrane gas separation problem.
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 1 Figure 1.2.: Mechanisms for permeation of gases through membranes.
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 1 Figure 1.3.: Robeson Upper bounds for O 2 /N 2 .

  Figure 1.4.: Schematic representation of a membrane module in crossflow.
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 1 Figure 1.5.: Representation of all possible configurations between two membranes.
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 1 Figure 1.6.: Industrial air and gas compressor. Source Bozorg (2019).
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 1 Figure 1.7.: Industrial vacuum pump. Source Bozorg (2019).
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 1 Figure 1.8.: The problem is divided into three levels: (i) the system level has one given input, Feed, and two outputs, Retentate and Permate (ii) the single stage, the membrane s ∈ S with its inputs and outputs (iii) the single cell i ∈ C represent the behavior of the gas flow.
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 1 Figure 1.10.: Design with compressor and VP.
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 1 Figure1.11.: Hydrogen storage: several applications are shown for which it can be used. We pay particular attention to its importance as a raw material in the chemical industry and also as a reducing agent in the metallurgical industry Green (2021).
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 2 Figure 2.1.: Representation of the membrane behavior by using an ANN.
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  Figure 2.2.: The problem is divided into three levels: (i) the system level has one given input, Feed, and two outputs, Retentate and Permate (ii) the single stage, the membrane s ∈ S with its inputs and outputs (iii) the ML model represents the behavior of the gas flow.
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 2 Figure 2.3.: Representation of the three different structures used to generate the dataset.
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 2 Figure 2.4.: Representation of the input and output of the dimensionless simulator MEMSIC.As input takes the number of components n comp , the permeability for each components in the mixture P erm i , the input concentration of gas i x in i , the stage cut θ(percentage of permeate flow in output), and the pressure ratio φ (P down /P up ). As output the dimensionless area st, the gas concentration x i of gas i in the retentate, and the concentration y i of gas i in the permeated.

  Figure2.5.: The structure of ANN: it has three inputs: (i) φ pressure ratio (ii) x in i concentration of gas i (iii) θ stage cut and two outputs: (i) x i concentration of gas i in the retentate (ii) st dimensionless area.
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 2 Figure 2.7.: Representation of the activation function: Sigmoid Function.

  Figure 2.8.: Box plots of the absolute errors on the two output variables with BS = 256 and N = 64 on the 343K datasets obtained with regular grid, Latin hypercube and uniform random generation.
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 2 Figure 2.9.: The structure of ANN with two outputs.
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Figure 3

 3 Figure 3.2.: To define a good solution our KPIs are : (i) the objective function (minimize) (ii)dimension of the dataset (minimize) (iii) achieve 99% purity on the product (in our case 99% per cent H2 in the retentate) (iv) time of the procedure (minimize) (v) error on each flow (e.g. the flow passing from one membrane to another etc) (minimize).

Figure 3

 3 Figure 3.3.: General procedure for the dataset augmentation using the algorithm AAD.
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 34 Figure 3.4.: General procedure for the dataset augmentation for the algorithm ADORO.

  Figure 3.5.: Box plots of the absolute errors on the two output variables with BS = 256 and N = 64 on the sampling datasets with 10K,20K,50K and 125K.

  Figure 3.6.: Box plots of the absolute errors on the two output variables with BS = 256 and N = 64 with 10K+,20K+ and 50K+.
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 3 Figure 3.7.: All the steps involved in AAD procedure for each of the three data grad . They represent respectively the new dataset 20k+,10k+ and 50k+. The one where we spend the smallest amount of time is the 10K dataset, because although it is the one for which we have the larger number of loops, it is the one where the initial step is cheaper.
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 3 Figure 3.8.: Training times in seconds. The datasets are ordered by the size of the dataset.
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 15 Figure 15: We compare the best results obtained by the optimization with the two augmentation strategies (AAD 10K and 50K, and ADORO with 10+10K and 10+20K datasets) and the pure sampling (10K, 20K and 342K). Histograms represent the cost of the design. The (simulated) purity is reported as a dot and a line connecting the same strategy with different dataset sizes. The horizontal line represents the target purity. 25 Figure 3.11.: We compare the best results obtained by the optimization with the two augmentation strategies (AAD 10K and 50K, and ADORO with 10+10K and 10+20K datasets) and the pure sampling (10K, 20K and 342K). Histograms represent the cost of the design. The (simulated) purity is reported as a dot and a line connecting the same strategy with different dataset sizes. The horizontal line represents the target purity.
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 4 Figure 4.2.: Membrane schematic functioning

FigFigure

  Figure A.2.: Convex(left) and non-convex(right) function.

  Figure B.2.: Multi-layer perceptron.
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  Ainsi, le temps de calcul pour résoudre le problème et pour trouver la solution optimale est très important. Le problème est d'autant plus difficile à

	un ensemble de données est nécessaire. Dans la deuxième partie de cette thèse, nous
	montrons comment générer ces données de manière efficace en ne considérant des points
	que dans les zones pertinentes à l'optimization global. Nous introduisons différentes
	techniques d'augmentation des données pour maximiser la précision du modèle tout en minimisant le temps total de la procédure. Dans la littérature, plusieurs chercheurs pro-Introduction
	posent une approche basée sur l'échantillonnage. Une première étape consiste à partir
	d'un petit ensemble de données. Une deuxième intègre de nouveaux points dans la zone Membrane separation processes have been widely used in industry during the last decades. d'intérêt. Une troisième définit un ensemble de critères d'arrêt. Their fields of application are very broad and mostly address liquid and gas treatments.
	Their main advantages Lin et al. (2015a) are compacity thanks to very high specific Ce travail est organisé comme suit : transfer area (thousands of m 2 /m 3 ), reduced footprint, modularity and flexibility, easy • Le chapitre I illustre brièvement le processus de séparation des gaz par membrane. scale-up with applicability of the concept of numbering-up instead of more complex Nous expliquerons les différents matériaux membranaires, la conception des mem-scale-up methodologies for competitive processes (packed column, thermal processes), branes,et le mécanisme de transfert de matière dans une membrane. Nous intro-solvent-free processes, low energy requirements mostly dedicated to pressure or vacuum duisons le concept de perméabilité et la configuration de l'écoulement. Nous portons devices. Desalination, water purification, medicine, and health care are of the most une attention particulière aux variables qui caractérisent le modèle d'apprentissage known applications with membrane processes based on reverse osmosis, ultrafiltration, automatique. Le modèle mathématique utilisé comme base de référence est présenté microfiltration or dialysis technologies. More recently, gas treatment field offers new and ainsi que toutes les hypothèses simplificatrices qui y sont faites. L'algorithme highly challenging opportunities to the academic and industrial membrane community. d'optimisation globale que nous utilisons pour résoudre le problème est présenté Among the numerous potential applications of membrane gas separation, some of them et discuté. L'étape fondamentale de validation des solutions est réalisée grâce à are of very high interests Baker (2012): un simulateur "maison" MEMSIC. La fin du chapitre évoque les inconvénients que • H 2 purification from different systems présente cette technique, et motive l'introduction de l'apprentissage automatique. • N 2 / O 2 from air • Le chapitre II présente les contraintes de l'apprentissage automatique et la façon • Natural and biogas (CO 2 / CH 4 ) purification dont nous les intégrons dans le problème d'optimisation. La technique de généra-• CO 2 capture and purification for different sources (flue gases from thermal plant, tion de jeux de données pour l'entraînement du réseaux de neurones est présentée et expliquée en détail. La phase d'échantillonnage est également décrite. Le sim-steel industry, cementeries) and for different uses (Methanol, DME, etc.
	ulateur est présenté, et ses problèmes de convergence sont mis en évidence. Nous
	expliquons comment le résoudre grâce à la Machine à Vecteur de Support (SVM).
	Nous montrerons le choix des meilleurs hyperparamètres pour le réseaux de neu-
	rones.Les différentes méthodes présentées sont comparées.
	• Le chapitre III présente les deux algorithmes d'augmentation de données dévelop-
	résoudre qu'il y a d'étapes et que la pureté requise du produit est élevée. L'introduction pés. Le principe général est de commencer à partir d'un petit nombre de points, et
	d'hypothèse simplificatrices a en plus l'avantage d'éliminer de nombreuses solutions ir-d'en ajouter uniquement dans les zones qui nous intéressent. Ces algorithmes sont
	réablisables en pratique. développés dans le but de réduire les temps de calcul et d'augmenter la précision du
	De nos jours, de nombreuses techniques d'apprentissage automatique sont développées modèle d'apprentissage automatique. Une comparaison entre les deux algorithmes
	pour tenter de résoudre ce problème en introduisant un modèle de substitution. Il s'agit d'augmentation des données est présentée. Tous deux procèdent en perturbant
	d'une technique utilisée en ingénierie lorsqu'un résultat ne peut être évalué facilement ou les points du jeu de données initial pour en ajouter de nouveaux dans les zones
	directement, et qu'un modèle de substitution doit être utilisé à la place. Les expériences d'intérêt. Nous proposons un jeu de données augmenté par optimisation par oscil-
	et/ou les simulations sont souvent utilisées pour évaluer la relation entre les objectifs de lation aléatoire (ADORO) qui ajoute des points en suivant le solution stationnaire
	conception, les fonctions de contrainte et les variables de conception. Dans la première trouvée par l'optimisation globale. Dans le cas de jeu de données augmenté de
	partie de cette thèse, nous montrons la nécessité d'introduire un modèle de Machine manière adversariale (ADA) les points sont perturbés par descente de gradient.
	Learning. L'objectif est d'approcher le comportement de la membrane, phénomènes • Le chapitre IV présente une comparaison de deux études de cas différentes. Nous
	physiques, en utilisant un Réseau Neural Artificiel, plutôt que resoudre le systeme com-partirons d'un modèle d'apprentissage automatique pour introduire un problème
	plexe d'équations différentielles non linéaires. Pour entraîner le réseau neuronal artificiel, simple à deux composantes. On montre comment complexifier le modèle, et com-

Table 1 .

 1 1.: Variables of our model.

Table 1 .

 1 2.: Optimization model variables. Table 1.3.: Variables and parameters necessary to calculate the device energy consumption.

	F in	flow entering the Device
	P in	pressure of the flow entering the device
	P out	pressure of the flow entering the device
	γ	1.36
	T	308.15 K, Temperature
	R	8.314 JK -1 mol -1 , Gas constant
	η	the efficiency and assumes different values depending on the device

Table 1 .

 1 4.: Cost equations used to determine product gas separation cost.

		Operational expenditures
	CLI = cost coef 1 • I tot	Contract and material maintenance cost
		+ Local taxes and insurance
	DLC = cost coef 2 • t op	Direct labor
		Labor overhead cost
	EC = cost coef 3 • W tot	Energy cost
	M RC =	

s∈S A ms • cost coef 4 M embrane replacement cost OP EX = CLI + DLC + EC + M RC T otal operational expeditures Capital expenditures

Table 1 .

 1 5.: Cost equations used to determine product gas separation cost.

		Coefficients of the objective function
		Membrane related coefficients	
	K m	linear cost coefficient	EU R/m 2
	α mem α press mem	exponential cost coefficient pressure related exponential	--
	a	total frame's cost coefficient	EU R
		Compressors related coefficients	
	β cp	exponential compressor coefficient	-
	b cp	total compressor coefficient	EU R 2000 • EU R/kW h
	η c	efficiency compressor	
		Vacuum pump related coefficients
	C vp	VP cost	EU R/kW
	η vp1	efficiency vp (log. part)	-
	η vp0	efficiency vp (constant part)	-
		Expander related coefficients	
	β exp	exponential expander coefficient	-
	b exp	total expander coefficient	EU R/kW h
	η exp	efficiency expander	
		Other coefficients	
	Φ	mechanical efficiency	-
	cost coef f	Total facility investment coefficient	-
	cost coef f 1 Contract and material maintenance cost	-
		+ Local taxes and insurance coefficient	
	cost		

  Table 2.3.: For the dataset of size 343K generated by three different techniques we report: (i) Dataset size after SVM filtering and (ii) overall computational time (cross-validation + training). The data generation time is around 11 hours, that have to be added to the overall computational time.

		grid	hyper random
	Dataset size	340912 341042 340990
	Time (hours)	173.6	123.7	196.7

Table 2

 2 

	.1. We generate a dataset of 343K for each of

Table 2 .

 2 4.: We compare the solutions found with the cell model and ML model. For the casestudy 99% purity and 90%-95% recovery the models generated by hyper for the ML.

Table 2

 2 

	.6.: Number of feasible solutions find with the cell and ML model for the combinations
	of purity and recovery 99%-90% and 99%-95%.

  .

	Input layer	Hidden layer	Output layer
	input concentration			x i	retentate concentration
	pressure ratio		. . .	y i	permeate concentration standardized area
	stage cut			st	
	Figure 2.10.: The structure of ANN with three outputs.
			HYPER BS=256 N=64		
	output	THREE OUTPUTS		TWO OUTPUTS
		error x 1 error y 1 error st error x 1 error st
	min	1.02E-07 1.42E-08 1.12E-07 1.29E-08 3.11E-09
	max	0.0920	0.0192	0.3441		0.0665	0.1878
	average	0.0029	0.0013	0.0149		0.0018	0.0138
	quartil I	0.0010	0.0005	0.0051		0.0006	0.0069
	quartil II	0.0022	0.0010	0.0109		0.0013	0.0131
	quartil III	0.0038	0.0017	0.0194		0.0023	0.0191
	Table 2.8.: Analysis of the ANN for N=64 and BS=256		

  Table 3.1.: This table shows for each PURITY-RECOVERY combination number of locally optimal solutions found via Multistart. The more stringent the performance constraints are, the more difficult it is to find optimal solutions.

		10K 20K 50K
	90%-90%	16	23	36
	90%-95%	2	19	11
	90%-99%	4	2	10
	95%-90%	11	4	9
	95%-95%	4	2	3
	95%-99%	2	1	5
	99%-90%	4	5	10
	99%-95%	5	2	2

Table 3 .

 3 

		10K	20K	50K	125K	343K
	initial size 10000 20000 50000 125000 343000
	final size	9957 19886 49735 124282 341042
		computational times (hours)	
	generation	0.33	0.66	1.64	4.08	11.2
	cross-val.	3.5	7	16	45	123.7
	training	0.15	0.19	0.34	1	3

  .8 we report the training time. It is worth noticing that the time is not

	Evaluating via simulation the accuracy of the model
	on the best solution found by optimization
	AAD for different sizes of the starting dataset
			10K+ 20K+ 50K+
		90% purity, 99% recovery	
		simulated purity 0.898 0.894 0.899
	H 2	ret		0.002 0.006 0.001
	(abs error) perm		0.004 0.013 0.001
	Flows	ret		0.03	0.07	0.25
	(% error)	perm		0.05	0.13	0.49
		95% purity, 99% recovery	
		simulated purity 0.963 0.953 0.955
	H 2	ret		0.013 0.003 0.005
	(abs error) perm	0.003 0.011 0.006
	Flows	ret		1.54	1.02	0.92
	(% error)	perm		2.47	1.66	1.49
		99% purity, 95% recovery	
		simulated purity 0.991 0.991 0.993
	H 2	ret	0.001 0.001 0.003
	(abs error) perm		0.005 0.011 0.002
	Flows	ret		0.53	1.03	0.48
	(% error)	perm		0.71	1.36	0.64
	Table 3.4.: The AAD data augmentation allows to reach the required purity when the starting
	size of the dataset is 50K apart from the 90% case. However, in general the purity is
	underestimated, resulting in solutions with purity higher than requested. In general,
	the AAD technique does not provide a better model than just sampling 50K points
	with a Latin hypercube strategy.			
		overall dataset size	
		at the end of ADORO	
			data ini size	
		added points 10K	20K	
		+5K	14911 24576	
		+10K	19893 29275	
		+20K	29853 38673	

Table 3 .

 3 5.: For each data ini , we report how many points are retained in the dataset by adding 5K, 10K, and 20K and filtering with the SVM for numerical instabilities.

Table 3 .

 3 6.: The columns are in ascending order with respect to the size of the final dataset. It turns out that ADORO is able starting from 10K and 20K to produce a better model than the one with 50K points. Therefore ADORO succeeds in enforcing feasibility and high quality solution with a dataset of size lower than or equal to 50K.

Table 3 .

 3 7.: Comparison between the computational time needed by the overall procedure with and without an ML model. We consider ML models built with datasets of different sizes, including both the time for building the model and the (negligible) time for performing 1000 Multistart iterations. Then we add as a baseline the time needed to perform 1000 Multistart iterations when modeling the membrane behavior by the discretization of the differential equation

		# samples	building model optimization
			time	time
	discretization-based	-	-	1-10 hours
	Pure sampling	∼150K/300K	> 50 hours	minutes
	AAD	∼100K	15 hours	minutes
	ADORO	∼50K	7 hours	minutes

  4.1. CO 2 / H 2 membrane separation Fig.4.1 present the CO 2 / H 2 trade-off. The CO 2 / H 2 separation with polymeric membrane offers remarkable and unconventional opportunities because of the very different behavior of membrane material. Contrary to the O 2 /N 2 case presented in the Introduction , some polymers present selectivities α CO 2 /H 2 greater or lower than 1 depending on the material, meaning that it will be possible to find H 2 or CO 2 selective materials. It brings a great opportunity for process design by adding a supplementary degree of freedom. Fig.4.1 exhibits two boundary lines which represent the performance limit for CO 2 /H 2 separation as reported inMerkel et al. (2012a). As already explained in Section 1.2.2, the top line represents the limit for CO 2 selective membranes. CO 2 selective membranes are more used for processes which operate at room temperature and are based on polar, rubbery polymers, as reported in the following papers[START_REF] Lin | Materials selection guidelines for membranes that remove co2 from gas mixtures[END_REF];[START_REF] Lin | Plasticization-enhanced hydrogen purification using polymeric membranes[END_REF];[START_REF] Car | Peg modified poly(amideb-ethylene oxide) membranes for co2 separation[END_REF];[START_REF] Lau | Silica nanohybrid membranes with high co2 affinity for green hydrogen purification[END_REF];[START_REF] Grainger | Techno-economic evaluation of a pvam co2-selective membrane in an igcc power plant with co2 capture[END_REF];[START_REF] Zhao | Co2-selective membranes containing sterically hindered amines for co2/h2 separation[END_REF];[START_REF] Lau | Silica nanohybrid membranes with high co2 affinity for green hydrogen purification[END_REF]. The lower line represents the limit for H 2 selective membranes. In this area the polymers are mostly glassy (or metallic or ceramic materials)[START_REF] Berchtold | Polybenzimidazole composite membranes for high temperature synthesis gas separations[END_REF];[START_REF] Chung | Surface modification of polyimide membranes by diamines for h2 and co2 separation[END_REF];[START_REF] Shao | Polymeric membranes for the hydrogen economy: Contemporary approaches and prospects for the future[END_REF];[START_REF] Liu | Process intensification in hydrogen production from coal and biomass via the use of membrane-based reactive separations[END_REF]. As explained this is not a general behavior of membrane to propose reverse selectivity, many commercial polymers provide higher selectivity for H 2 than for other gases such as N 2 or CO 2 , as reported in[START_REF] Yuan | Consideration of a nitrogen-selective membrane for postcombustion carbon capture through process modeling and optimization[END_REF];[START_REF] Pathare | Design of membrane cascades for gas separation[END_REF];[START_REF] Kookos | A targeting approach to the synthesis of membrane networks for gas separations[END_REF];[START_REF] Marriott | The optimal design of membrane systems[END_REF];[START_REF] Scholes | Effects of minor components in carbon dioxide capture using polymeric gas separation membranes[END_REF];[START_REF] David | Mixed gas separation study for the hydrogen recovery from h2/co/n2/co2 post combustion mixtures using a matrimid membrane[END_REF]. Membrane processes are, for most of them, pressure driven separation processes. The fastest components (highest permeabilities) are preferentially recovered on low pressure side (permeate) while the slowest ones are collected on the high pressure side (retentate), as shown in[START_REF] Sridhar | Membrane-based gas separation: Principle, applications and future potential[END_REF].The CO 2 /H 2 separation, chosen as a case study to illustrate the proposed methodology, Figure 4.1.: CO 2 / H 2 Trade-off for polymeric membranes.is of very high industrial interest. Numerous studies focus on membrane technology applied to H 2 purification and/or CO 2 capture from syngas produced from Integrated Gasification Combined Cycle or Blast furnace Gas in the steel industry. Both CO 2 and H 2
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	selective materials commercially exist that exhibit quite interesting selectivities (around
	10-20) for both H 2 and CO 2 selective membranes Merkel et al. (2012b); Lin et al. (2014a);
	Arias et al. (2016); Lin et al. (2014b, 2015b); Ritter and Ebner (2007)

Table 4 .

 4 1.: Case-studies and different techniques used.

Table 4 .

 4 3.: Objective function normalized cost, by dividing the o.f. cost by 544 euros/ton, for the different designs, for each combination of purity and recovery.

		heat-cooler
		vacuum pump
		compressor
		mixer	
		splitter	
	Figure 4.4.: Equipment used in the membrane gas separation.
		343K
	purity-recovery AA	AB
	90%-99%	1	6.35
	95%-99%	1.72 no feasible
	99%-90%	0.99	2.58
	99%-95%	1.43	6.31

Table 4 .

 4 5.: Parameter of the designs obtained for case study 99% purity and 95% recovery. See Fig.4.8-4.15 for the full design. higher degrees of freedom.4.4. H 2 purification from a ternary CO 2 / H 2 / N 2 mixture

				ADORO 10K+20K
		I stage II stage I stage	II stage
	Area	4082.95 445.35 4681.06	472.87
	P up	50		50	
	P down	3.3	1	1	4.47
	θ	0.685	0.338	0.309	0.704
	H 2 ret	0.989	0.549	0.990	0.457
	H 2 perm	0.387	0.070	0.409	0.071

Table 1.6.: Coefficient used to calculate the specific separation cost.

The reported tests were done concerning hyper, as the generation of the dataset, but we have also done for datasets generated with grid and random and the conclusion is always that at 2 outputs we perform better the output variable st.

is sufficiently accurate, we moved on to evaluate a more complicated case-study. We consider a gas mixture containing 3 gases which are H 2 , CO 2 , and N 2 . The targeted product is still H 2 with purity and recovery rate objectives. For the three components system a three stages process is considered, considering all the possible combinations of the two different membranes (A and B). Our goal is to find optimal solutions and improve the accuracy through the ADORO algorithm. We are not going to show this procedure in this Chapter but we show only some preliminary results obtained by the sampling techniques.

Common conditions for the case-studies

The flow in input, FEED, is 1000 mol/s and the percentage of the binary system is equal to 0.4 for CO 2 and 0.6 for H 2 ; the percentage of the ternary gas is equal to 0.39 for CO 2 , 0.59 for H 2 and 0.02 for N 2 . We assume that all the membranes have the same pressure on the feed (and retentate) side (uniform P up ), and we assume that the pressure on the permeate side (P down ) is greater or equal than 1 and lower than the pressure on the feed/retentate (P down ≤ P up ). Therefore, whenever a permeated flow goes in input to a stage with higher pressure P up , the flow needs to go through a compressor. The input flow enters the membrane with a certain pressure equal to 50 bar. The pressure down, so the pressure on the permeate flow, can vary between 1 and 30 bar; instead, the pressure up between 50 and 100 bar. For the binary system, the pressure up was uniform (the same for all the membrane modules) while for the ternary we decide to use the pressure up not uniform. This decision makes the model more complicated. The global solution found with a ternary system AAB with uniform pressure up will be the same as the ternary system BAA's solution, due to the symmetries. Based on that we do not need to explore all the combinations between the different membrane materials. While if we use the not uniform pressure up all the combinations must be study, so symmetries can't be deleted.

In this case-study the use of a compressor is allowed. The used conditions are the following, shown in Table 4.2:

The different equipments used in the process are summarized in Fig. 4.4. Heat exchanger (heater-cooler) allow to control temperature. The mixer device allows streams mixing (sum of the component fluxes, lowest pressure, averaged temperature) at the inlet of a membrane while the splitter allows the sreams splitting at the outlet of a membrane The results for the CO 2 and H 2 case-studies are reported in this section. In the Fig. 4.5-4.6-4.7-4.8 are reported the optimal process designs found through GO for the case with the same type of membrane (AA), while in the Fig. 4.9-4.10-4.11 the designs with the two different membranes (AB) is presented. Table 4.3 reports the objective function (o.f.) values for different combination on H 2 purity and recovery.

When we look at the o.f. we see that there is a significant discrepancy between the solution found by using the same type of membrane and the one with different membranes. We report as in Section 3.4 the normalized cost, by dividing the cost by 544 euros/ton reference, the cost of the objective function obtain with 343K for 90% purity and 99% recovery. For the highest combination of purity and recovery for the case-study AA the cost is at most 1.72 times the reference cost, while for the AB case-study it is at most 6.35 times the reference cost. This cost difference is in accordance with the AA and AB process architecture differences (Fig. 4.5,4.6,4.7,4.8 and Fig. 4.9,4.10,4.11). In the AB case-study there are self-loop and a lot of split on the permeate side, which implies higher costs, due to the use of compressors. The larger is the flow passing through these components and the higher is the pressure swing, the higher is the o.f. costs.

Another element of difference between the case of two AA membranes and that of AB is the required area of the membrane. What we notice in fact is that for the two identical membranes the Global Optimization tends to have a larger and a smaller membrane, for all 4 combinations of purity and recovery we have one membrane of area varying between 2500-4000 m 2 and the other between 300-700 m 2 . On the other hand, for both 4.3.2. CO 2 selective and H 2 selective (ADORO)

In this section we study the solutions found through an iteration of the ADORO algorithm in the 10K+20K case. As explained we decided to only treat the AA membrane case study. Looking at the Table 4.4 the o.f. costs is at most 1.35 times the reference cost, so they are comparable to the 343K case for AA membranes. For both algorithms the pressure up is uniform, equal to 50 bar, while in the case of pressure down, ADORO increases it a little bit. For the area, ADORO finds solutions very close to the 343K case. For all combinations of purity and recovery the global optimization algorithm places a membrane with smaller area, between 300 and 700 m 2 , and a larger one, between 2500 and 4000 m 2 . In terms of design structure, the solutions found with ADORO appears to be a refinement of those found with the 343K sampling technique. 

Comparison between ADORO and 343K methods

The goal of the project was to find a tool which could be used by process engineers.

After the definition of some initial conditions this tool is able to reach the best design with minimal production costs. Our 343K algorithm is efficient and useful because it explores all the combinations and possibilities by itself. The solutions we found with AA membranes are feasible and technically relevant. Self-loops are potentially difficult to implement and control appears for a targeted recovery rate of 99%. The designs obtained with ADORO and the 343K dataset have the same global structure with the same number of stages and connections. Still, the operating conditions, the membrane's surfaces, and the down pressures are different. In this case and more generally for binary systems targeting these levels of purity and recovery, "classical" two (or three) stages process are found, which is fully relevant compared to industrial practices (air separation, biogas). We can notice that the solutions found with ADORO seem to converge on lower objective function values.

For the case 90%-99% the design for 343K is slightly more complicated. Although areas and pressures are similar, the balance between them is not the same, impacting the cost function.

In the case of 95%-99%, looking at the Table 2.2 we see that 343K is overestimating the required percentage of purity so the cost will be higher, while for ADORO is shown more accurately in the Table 3.6. The 343K solution refers to a purity percentage of approximately 96%. Although the design found with ADORO is more complicated and the areas are slightly higher.

The costs for the solutions found at 99% are comparable. This is because the designs, areas, and pressures are close, which leads to almost equal results. We note that the pressure down in the solutions found is reversed in the solutions found with the two algorithms. This shows that ADORO is only a refinement of the found solution and therefore the cost is lower. We report a summary for the solutions (99% purity and 95% recovery) found with the two different algorithms in Table 4.5. However we can explain this result, considering that ADORO refines the prediction model only around the interest points (local optima), and therefore that it needs fewer points than a pure sampling in order to obtain a model of equal or better quality.

The found designs with sampling and ADORO are similar and in agreement with the solution found by [START_REF] Bozorg | Polymeric membrane materials for nitrogen production from air: A process synthesis study[END_REF][START_REF] Bozorg | Optimal process design of biogas upgrading membrane systems: Polymeric vs high performance inorganic membrane materials[END_REF], through the cell model.

Both algorithms developed in this thesis allow us to find feasible solutions for the binary system. The following ternary system with different types of membranes is interesting to check and estimate their efficiency and applicability for cases with more variables and 

A. Appendix A

A.1. Optimization basis

An optimization problem consists of determining the points belonging to a set F where f , objective function, takes the lowest possible value. It is represented in the following form:

where f : F → R is the objective function and F ⊆ R n is the feasible region.

The local optimum is the minimizer in a small spatial region while the global minimum is the lowest value of the objective function in the entire feasible region. This is shown in Fig. A.1. To define the global minimum we need to explore the entire search space. However, this is often not practical and complex mathematical tools must be used, which often cannot be implemented. Exceptions to this are convex problems. A problem is convex when the objective function is convex. The global optimum is always a local optimum whatever the problem but the opposite implication is always true for convex problems: a local optimum is also And set of global minimum points is:

and the optimal value of the objective function is:

with x * ∈ X * . Most of the global optimization problems are unconstrained or have very simple constraints that only impose upper and lower bounds on the of variables. Different methods are used to solve global optimization problems:

• deterministic. The points at which the objective function is evaluated are determined using the function information already obtained during iterations of the algorithm • stochastic. The points at the function is sampled are random vectors distributed uniformly or according to laws that take into account the information extracted by the algorithm

A.2.1. Global optimization for membrane gas separation

We explain the optimization strategy implemented to solve membrane gas separation problem. Before explaining the GO strategy, shown in [START_REF] Bozorg | Optimization of membrane process architecture[END_REF], the following assumptions are made:

• the number of membrane is fixed; when we want to analyze different configurations with different numbers of membranes we do a separate test • all the connections between membranes are possible. If a flow is equal to 0 or very small we delete the corresponding connection • the pressure up is a variable but it is uniform, it will be the same for each membrane.

The pressure down is a variable and it is free • the gas permeabilities are fixed. These assumptions are made to have only a continuous variable rather than a discrete one. With the hypothesis on the pressure we know where we need a compressor and vacuum pump before the optimization procedure. It also fixes the number of stages. In fact, with these assumptions, the membrane separation problem is not an MINLP but an NLP. This in any case will not be easy to solve given the high non-convexity and non-linearity of the problem, even though we have eliminated all discrete variables. By using only continuous variables the convergence time is greatly decreased. It is really important to have good starting points for the GO. We need to distinguish two types of variables, namely dependent ones (membrane areas, pressures, etc.) and independent ones (flow compositions, etc.); the respectively correspond to the design and the auxiliary variables. In this phase, we do not solve the complete problem but we solve a simplified problem without considering the constraints related to purity/recovery and the objective function. All independent variables are declared via the random generation, which is done by solving a series of linear equations. Once the independent variables have been Algorithm 2 Monotonic Bassin Hopping

The GO algorithm can start from different initial points of the search space. It can be considered as the mix of Multistart and MBH. It is a meta-heuristic. The Multistart and MBH algorithms respectively work on random generation and random perturbation to satisfy the constraints at the generated and perturbed points. This phase is really important because it defines the convergence speed of the algorithm. Starting from a good initial point means having a faster convergence and a higher probability to find a feasible solution. If the random perturbation and generation are not carefully done, the local search procedure could be unable to find a feasible point, or could a point very far from the original one, making the search "completely random" and therefore losing the capacity to search in the neighborhood typical of MBH Bozorg (2019). However, we have to consider the numerical instability so sometimes we could find some unfeasible solutions. Besides, due to the highly non-convex problem, some solutions might be found that are not real minimizers.

B. Appendix B

B.1. Machine learning concept

Machine Learning (ML) is a field of artificial intelligence (AI). The goal is to build a method that learns from data to improve performance on a certain set of assignments. The importance of the ML algorithm is because it can be applied in a wide variety of applications, including medicine, agriculture, computer video, biomedicine, etc., where conventional approaches perform poorly. These ML algorithms aim to use historical data as input to do the prediction of new output values. Depending on what we are trying to solve different techniques can be used. Tagged data refers to samples that have been tagged with one or more labels.

• supervised learning: labeled data are used to train algorithms to classify data or predict outcomes accurately. The input data is fed into the model until the data is fitted appropriately. The performance of such algorithm is evaluated through some metrics, as the loss function until the error has been sufficiently minimized. This problem is divided into two types: (i) classification problem where test data has to be assigned to specific categories, and (ii) regression problems where a relationship between dependent and independent variables has to be found • unsupervised learning: an unlabeled dataset is used to train the algorithm.

These algorithms are really useful to explore, i.e. to discover hidden correlations or data grouping without human intervention • semi-supervised learning: a small number of labeled examples and a number of unlabeled examples are used • reinforcement learning: the model is trained by maximizing a reward in a particular situation. This technique is different from supervised learning because it doesn't need to label the input/output dataset. Reinforcement learning is a good balance between exploration and exploitation. .

In this work, we used two different algorithms of ML: an unsupervised method,and a supervised one.

B.1.1. Neural networks

Artificial neural networks (ANN) are inspired by biological neural networks, the animal brains. ANN represent the human nervous system, composed by cells namely biological neurons. These neurons are connected to each other, by so-called synapses. In an analog manner, ANNs are made of nodes representing the neurons. These neurons receive a series of data inputs from other neurons and send these into other neurons again. After

Perceptron

The Perceptron is the simplest algorithm of linear classification. It is represented in Fig. B.1. It is composed of two layers of nodes: n input nodes and one output node. Between the input and output nodes, the input values are linearly combined and passed through a so-called activation function. The activation function maps the input x (real value) to an output value f (x):

where w represents the weights of the perceptron, such that w • x = m i=1 w i x i with m number of input variables, b ∈ R is the bias. And define f as:

Through this operation, the sum of input weights is compared with a threshold. The perceptron is not appropriate for datasets which are not linearly the dataset is not linearly separable.

If the instance p is considered , x p is the input data, y p is the output data and ŷp is the prediction of the perceptron. The weights of the perceptron are randomly initialized. After feeding the ANN with the input data x p weights are updated as follows:

where η is a regular parameter called "learning rate". This is repeated iteratively until convergence is reached, where each cycle is called "epoch". The perceptron is considered as a modified version of the gradient descent algorithm. 

B.1.2. Support Vector Machine

Support Vector Machine (SVM) is a technique of supervised learning. This technique proceeds by learning from examples to assign labels to objects, as explained in the paper of [START_REF] Boser | A training algorithm for optimal margin classifiers[END_REF]. The SVM algorithm predicts the labels of objects in which side of the line the object will be on, as shown by [START_REF] Noble | What is a support vector machine?[END_REF]. In a one-dimensional system we can separate the space can be separated into two categories with a single point. In two dimensions, it requires a line. In tree dimensions a plane. The SVM does not select the line separating clusters but determines the maximum hyperplanes of separation, as represented in Fig. B.3. Calling "margin" the distance between the support vector and the nearest point of each cluster, the SVM selects the maximum margin separating the clusters [START_REF] Vapnik | Pattern recognition using generalized portrait method[END_REF].

When the data is linearly separable we can find, at least one best hyperplane. One side of the hyperplane gathers the so-called positive data points and the other side gathers the negative examples.

The SVM determines the hyperplane by computing the maximum Euclidean distance between the two nearest training data points belonging to different clusters, the nearest training example x i , y i they are the labels for each training examples. Where the distance between the support vector and optimal hyperplane is called δ. So we can model the problem to find the best hyperplane, which can be written as follows, [START_REF] Garg | Chapter 14 -a user behavior monitoring and profiling scheme for masquerade detection[END_REF]