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R ésum é

La chaîne d'approvisionnement du textile et de l'habillement (TC) est un r éseau tr ès h ét érog ène compos é de sousindustries, qui traitent diff érents mat ériaux et un large éventail d'activit és. Les acteurs de la chaîne d'approvisionnement sont souvent situ és à l'international, ce qui complique leur int égration et aboutit à des r éseaux de chaîne d'approvisionnement complexes. Au cours des derni ères d écennies, le nombre de saisons de mode a consid érablement augment é alors que la dur ée de vie des produits de mode s'est r éduite. De nos jours, les clients s'attendent à porter des v êtements personnalis és en harmonie avec leur corps et les tendances actuelles de la mode. Les tendances de la mode ne se terminent souvent pas longtemps, donc les clients s'attendent également à un d élai de livraison court. Dans cette direction, l'int égration de la chaîne d'approvisionnement TC joue un r ôle important non seulement dans le fonctionnement, mais aussi dans la pr édiction des futures tendances de la mode et la r éduction du d élai total. Compte tenu de la structure complexe de la chaîne d'approvisionnement des TC, des processus reposant sur les technologies de l'information et de la communication (TIC) sont introduits sur le march é. Les processus bas és sur les TIC aident à comprendre les activit és enchev êtr ées mais importantes de mani ère fluide et g érable et fournissent une base de connaissances en conception pour aider à divers processus de prise de d écision. Cependant, les processus existants bas és sur les TIC traitent d'une interaction assez simple entre les mod èles Business-to-Business (B2B)

et Business-to-Consumer (B2C), alors qu'ils ne sont souvent pas int égr és de mani ère syst ématique. Alors que les mod èles B2B traitent principalement de l'interaction de professionnels, notamment des concepteurs, des fabricants et des fournisseurs, les mod èles B2C traitent plus étroitement avec la plate-forme de commerce électronique et les consommateurs finaux. La communication limit ée via les processus bas és sur les TIC agit souvent comme un goulot d' étranglement dans leur int égration et a un impact sur l'ensemble de la chaîne d'approvisionnement. N éanmoins, une int égration correcte et compl ète des mod èles B2B-B2C peut faire face aux d éfis émergents, aider à synchroniser les activit és de la chaîne d'approvisionnement et aider les acteurs de la chaîne d'approvisionnement à prendre des d écisions éclair ées. Par exemple, toutes les informations importantes collect ées via le processus bas é sur les TIC via le mod èle B2C peuvent être collabor ées avec B2B pour r épondre aux demandes du march é. Dans cette direction, notre travail de recherche s'est concentr é pour combiner les cr éateurs, les porteurs de v êtements et les fabricants en regardant les changements auxquels l'industrie de la mode est confront ée en raison de la r évolution 4.0 de l'industrie de la mode.

La r évolution 4.0 de l'industrie de la mode est l'une des raisons de la prolif ération r écente et rapide des technologies dans l'industrie de la mode telles que les outils de CAO 3D, les PLM de mode, les achats en ligne, en configurateurs. ligne de v êtements, ce qui conduit à la diversit é des donn ées de mode. Des outils de cr éation de v êtements CAO 3D ont d éj à ét é utilis és par le designer professionnel pour personnaliser le v êtement selon le choix des consommateurs. De plus, les outils de CAO 3D facilitent le processus de cr éation et permettent aux concepteurs de visualiser le confort et l'ajustement du v êtement avant la production finale. De nombreuses entreprises de mode ont mis en place des configurateurs de v êtements en ligne afin que les consommateurs puissent concevoir leurs propres styles. Ces plates-formes ont ajout é des consommateurs en tant que co-concepteurs dans le processus de v êtements personnalis és. Cependant, les solutions num ériques existantes int ègrent rarement la mode du consommateur, les exigences fonctionnelles et les param ètres techniques du produit aux étapes de conception, de production et traitent rarement de services complets bas és sur les donn ées (recommandations, ajustement, gestion des connaissances, etc.) n écessaires aux interactions dans l'environnement complexe de la chaîne d'approvisionnement textile.

Dans le cadre du projet FBD BModel, financ é par le programme europ éen H2020, nous avons initialement cr é é une structure d'un syst ème de conception interactif par calcul cloud (CC IDS) pour cr éer une int égration dynamique entre les concepteurs, les consommateurs et les fabricants. CC IDS est associ é à un nombre de services intelligents bas és sur les donn ées, pour permettre à de petites s éries de v êtements de mode innovants de haute valeur, de r épondre aux besoins personnalis és des consommateurs en termes de pr éf érences de mode et de renforcer la proximit é entre les cr éateurs et les consommateurs de mode.

La complexit é du processus de d éveloppement de produits sera consid érablement r éduite gr âce à un tout nouvel environnement de conception de produits virtuels interactifs avec l'exploitation du big data de la mode en appliquant BIRCH, des algorithmes de for êt al éatoires adaptatifs et le exploration d'associations en mode incr émental pour étendre continuellement la connaissance du mod èle existant.

En outre, le mod èle de pr édiction 3D Ease utilisant l'algorithme d'approximation fonctionnelle de la fonction de base radiale du r éseau de neurones artificiels (RBFANN) . En particulier, sur la base du service de recommandation intelligent d évelopp é, nous avons d évelopp é un processus de conception de produit innovant en effectuant à plusieurs reprises le cycle d'exploitation des connaissances -recommandation de conception -ajustement des v êtementsévaluation en ligne du concepteur et du consommateur -ajustement -mise à jour de la base de connaissances. Le processus complet mentionn é ci-dessus a ét é suivi pour concevoir et mettre en oeuvre un service bas é sur les donn ées, compos é de cinq modules nomm és comme suit:

1. Mod èle de s égr égation des profils biom étriques 2. Mod èle de pr édiction de l'ajustement du style 3. S élection de jeux d'attributs fr équents 4. Mod èle de comparaison de drap é de tissu

Mod èle de pr édiction d'aisance 3D

Ces modules sont consid ér és pour construire l'architecture de service, et conduire ensuite à l'architecture d évelopp ée impl ément ée à l'aide de l'API Web pour valider la connectivit é du syst ème et de la base de connaissances des consommateurs et des concepteurs.
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GENERAL INTRODUCTION

Fashion industry supply chain is a very heterogeneous network consisting of sub-industries, which deals with different materials and a wide range of activities. The supply chain actors are often located internationally which makes their integration more complicated and results in complex supply chain networks. In the recent decades, the number of fashion seasons has increased considerably where as the lifespan of fashion products has reduced.

Nowadays customers expect to wear customized clothes harmonizing with their body and current fashion trends.

The fashion trends often do not stay for long therefore the customers also expect short lead-time [START_REF] Chan | The effects of strategic and manufacturing flexibilities and supply chain agility on firm performance in the fashion industry[END_REF]. In this direction, the integration of T&C supply chain plays an important role for not only in functioning but also in predicting the future fashion trends and reducing the total lead-time. Considering the complicated structure of T&C supply chain, there are information and communication technology (ICT)-enabled processes introduced in market. ICT-enabled processes help to understand tangled, yet important activities in a smooth and manageable way, and provide a design-knowledge base to assist in various decisions making processes. However, the existing ICT-enabled processes deal in a fairly simple interaction between Business-to-Business (B2B) and Business-to-Consumer (B2C) models, whereas they are often not integrated in a systematically manner [2]. While, B2B models mainly deal with interaction of professionals including designers, manufactures and suppliers, B2C models deal more closely with e-shopping platform and end consumers. The limited communication through ICT-enabled processes often acts a bottleneck in their integration and impact the entire supply chain. Nonetheless, a proper and complete integration of B2B-B2C models can deal emerging challenges, help in synchronizing the supply chain activities, and assist supply chain actors in making informed decisions. For instance, all important information which is collected via ICT enabled process via B2C model can be collaborated with B2B to meet market demands [3]. Currently, numerous ICT-enabled processes and digital platforms have been developed in the textile supply chains. For example, the Italian SQETCH online B2B platform can help fashion brands and designers to connect to textile/clothing manufacturers and make relevant matching between them. The Amazon Group just developed a connected system of on demand apparel manufacturing, combining a number of garment production devices, and a computing device, permitting to optimally organize production orders according to productivity and other factors. Also, the concepts of 3D virtual reality-based co-design and open innovation have been used in Decathlon, Nike and Adidas for realizing customized products (garments, footwear). The French start-up Primo1D has successfully integrated a passive RFID tiny puce into a sewing thread for online tracking of the whole fabric/clothing manufacturing processes. The digital platform adopted by ZARA enables vertical control of all activities of suppliers during the production processes and shortens the clothing life cycle. However, the existing digital platforms can only process relatively simple interactions, in which B2B (interactions of professionals) and B2C (e-shopping with consumers) models have not been systematically integrated. Moreover, these existing digital solutions rarely deals with full data-based services (recommendations, functional properties computation, knowledge management, etc.) needed in the complex textile supply chain environment, and consumer's fashion and functional requirements and their lifestyles. Also, the existing virtual product modelling often leads heavy computation. In this situation, it is necessary to develop an integrated knowledgebased (B2B and B2C) digital technology platform with advanced data-based multi-services for more easily linking together consumers, retailers, marketers, designers, testing and certification companies, as well as manufacturers, and proving a complete virtual environment for demonstrating products' fashion and functional performances and their interactions with consumers. Based on the proposed new fashion big data business model(FBD BModel) digital platform shown in figure. 1, novel business models will be created to transform the traditional, labour intensive, fashion textile industry into a digitized knowledge-based supply chain. According to proposed FBD BModel Our research work aims to develop a digital platform in collaboration with 12 project partners. Further, in collaboration with other project partners proposed FBD BModel system is divided into two parts as follows:

• Supply chain production design system (SCPMS).

• Cloud computational interactive-design system (CC IDS).

Out of two mentioned parts of FBD BModel system, we have worked on CC IDS in collaboration with project partners by developing an integrated co-design garment fashion data-driven service architecture.

In my Ph.D. research, we propose an intelligent data driven service for recommendation of personalised fashion design solutions. Proposed interactive fashion recommendation data driven service structure for personalized garments, in order to solve the systematic integration of B2B and B2C model. We built data-driven service architecture for dynamic integration between designers, consumers, and the fabric suppliers. The complexity of the product development process will be drastically reduced through a complete and interactive product design data-driven service architecture with fashion professional and non-professional knowledge base exploitation by applying data mining techniques (BIRCH, adaptive random forest algorithms and association mining) and Radial basis function artificial neural network. The proposed interactive design System is associated with the data-driven services, for enabling small series innovative high-value fashion garments, to meet consumer's personalized needs in terms of fashion preferences. Especially, based on the proposed intelligent recommendation service for the product configurator knowledge base by knowing the implicit behaviour of users, we have proposed an innovative data driven service to make the customized garment design process efficient and interactive to professional designers by combining the historical order transaction of customized garments over online configurator and logged virtual garment creation activities of professional designers. By repeatedly performing the cycle of knowledge exploitation -design recommendation -garment fitting -designer's and consumer's online evaluation -adjustment -and continuous knowledge base updating the resultant proposed system architecture increases the proximity between designers and fashion consumers. further chapter shows the complete implementation of real fabric's digital profile creation so that the collected information of the real fabric can be stored in relational database with the existing virtual fabric library. An overview of fabric properties affecting the garment ease and garment design process are explained with the help of the literature of fabric. Drape properties extraction process by using the image analysis process to get the statistical attributes values.Then this chapter shows the complete process drape image contour process of real fabric. So that real fabric can quickly be mapped with the existing virtual library and used to generate useful insights for the designers and the end users and for the fabric suppliers.

3. Computational tools for processing online garment configurator's knowledge base (chapter3) First, chapter starts with the brief of incremental clustering technique. Then detailed overview of used techniques in our research work like, clustering, classification and association mining explained to their respective algorithms highlighting pros and cons, which helped to take decision to apply these algorithms on collected data. Also, how the explained computational algorithms organized to build the system corresponding to online configurator's data. to make the customized version of shirt specific to their choice.

2. Availability of more personalised design solutions: Consumer behavior is continuously changing due to the intense digital transformation process. Close interaction with digital platforms increases their expectation towards to have more personalised and attractive products [4]. Handling the personalized request of consumers have turned easier and more feasible by using the digital platform like, 3D CAD tools which makes initial garment prototyping step more easier than the traditional way of creating the new garment style. Virtual try-on which, plays best role to see the fitting effects over the 3D avatar of specific consumer morphology.

Also the fashion PLM(Product life management) software solutions are designed to speed-up the product development process by integrating the different phase of product manufacturing. The big brands like Decathlon, Nike, Adidas are using the innovative 3d virtual reality-based solutions for realizing the customized garments.

3. Increase of personalized garment demand: Earlier companies were focused to increase their market value.

But with industry 4.0 (mass personalization) has shifted the trend from company's value to the consumer demand [START_REF] Martin | The age of customer capitalism[END_REF]. Introduced personalized product in the fashion industry adapts the unique needs of the each customer [START_REF] Hu | Evolving paradigms of manufacturing: from mass production to mass customization and personalization[END_REF]. Computer configuration is one of the best example fulfilling the needs of the each consumers needs. A possible range of the possible combination of the unique feature sets predicted before hand that customer would like to choose . Common denominator usually needs to be identified by the producer so that the best set of building block for customers to reach their needs [START_REF] Tseng | Design for mass personoauthor m ade n odatenalization[END_REF]. Also, the pervasive internet connectivity with the digital platform and digital product creation process, increased the possibility of personalized garment.

The research based on consumer survey done by Deloitte shows that,the customers are more likely to pay a high amount to get more personalized experience for garment and accessorise; price is not a barrier for them [START_REF]Made to order: The rise of mass personalisation[END_REF]. Utilization of new digital technologies in fashion industry open the ways to serve its customers in an efficient and effective mode. survey report of US and EU purchasing managers shows that, 54% have said that the proximity to consumer is becoming more important and 22% have mentioned it will become more important in coming years [START_REF] Berg | Fashion industry trends to watch in[END_REF]. Key components of industry 4.0 are as follows, which adds most evolutionary business models with smart digital value chain [START_REF] Wang | Industry 4.0: a way from mass customization to mass personalization production[END_REF]: cyber-physical system built by embedding the networks and computer monitors to control the physical process. RFID system is one of the example of the cyber physical system.

Mobile and cloud computing and internet of things, which make it easier to exchange with intelligent system using its intelligent components to achieve the common objective.

Knowledge discovery models with big data and data mining Huge amount of datasets that business models collects from the end-to-end digital process Internet of service channel offer the organizations and participants to utilize the internal and cross organizational services [START_REF] Zonichenn | The Role of Internet of Services (IoS) on Industry 4.0 Through the Service Oriented Architecture (SOA)[END_REF].

Fashion industry with innovative digital platforms internet of things, cloud computing made its way to establish real time communication and data exchange easier between the internal stakeholders of the production, product development, and design process. Usage of digital solutions at different level of fashion supply chain to automate the process, consequently generates relatively big amount of data with different data types and structure. This leads the fashion industry leaders to refocus on the process and to the business model to create value out of the hidden data at step of digitization in fashion industry. Mass-customization is the process where mass production is combined with user's needs and based on the knowledge collected from existing user base, specific choices of product as per their need is provided and usually huge number of options generated for end users. Where as Mass-personalization is the process where tailoring is done according to the specific consumer's needs and preferences. Due to the vast and latest technologies use in the fashion industry to interact with the customers, it took them far from the mass customization. Because the personalize experience over the fashion online and offline software solutions like Virtual designing, 3D technologies, digital showrooms, 3D printing, digital changing room, and interactive mirrors has been integrated into the fashion industry to create a highly personalized experience for consumers and diverse amount of data [START_REF]Which trends present opportunities and threats on the European apparel market?[END_REF]. In the literature, mass personalised production framework proposed to bridge the gap between the mass customization and mass personalization, which combines the enterprise information system with the manufacturing execution system and combines the multiple sources for data collection and data mining and artificial intelligence to find the hidden patterns out of collected data [START_REF] Wang | Industry 4.0: a way from mass customization to mass personalization production[END_REF].

5.

Rapid fashion industry growth with modified consumer base: Fashion apparel industry report predicts that e-commerce fashion industry expected to rise worldwide from $ 481.2 billion in 2018 to $712.9 billion by 2022. Also, potential e-consumers are projected to grow more than 1.2 billion by 2020 [START_REF]The State of the Ecommerce Fashion Industry: Statistics, Trends & Strategy. Enterprise Ecommerce Blog -Enterprise Business Marketing, News, Tips & More[END_REF]. Consumer interest shift from the standardized garments to more personalized garments with personalized specification have been witnessed. Zalando Europe's biggest online fashion retailer had mentioned that changes in fabric or design can have a big impact on garment return. Zalando flagged this issue to that major denim brand and resultant brand had took back the changes [START_REF]Online clothing retailers hunt for better fit to cut costly returns[END_REF]. Selection and focus on styling attribute occurred due to the existence of many personalized solutions in the market Online configurator platform directly involves them into the designing process of the garment. However, it is a known fact that the garment wearer is not professional designers to build the best suitable design style for themselves. Hence, it leads to have a intelligent recommendation system with personalised styling advice [4].

6. Customers as co-designers: As we know, configurator being the buzzword from last few years in the online shopping world. It's an alluring way to catch the eyes of the customers so that they can customize products and get their own style. As all the industries expanding their businesses to online or digital world, so the concept of product configurator has been used in almost all the industries, be it the automobile industry, electronic commerce industry. Fashion industry has been using the concept of product configurator from last few years, so that they can provide an seamless experience in their online stores. Implementation of product configurator can proved to be a great technological advancement in the fashion industry. Product configurator in fashion industry is an great opportunity to retrieve the valuable data about the customer behaviour and preference.

Integrating the technology of product configurator to any business can provide the opportunity to looks at the customers as co-designers and make their journey seamless and their customized request patterns for the product can provide the insights about their preferences. In this research we utilized the association mining technique to study the correlation between the various attributes and characteristics of the product. CF have also been used in the fashion industry to get the user preferences on the basis of his/her past feedback and ratings are given to the products; also to create the personalized ranking [START_REF] He | Ups and Downs: Modeling the Visual Evolution of Fashion Trends with One-Class Collaborative Filtering[END_REF]. This filtering technique has been applied to estimate the user's fashion-awareness personalized ranking functions by evaluating their previous experience or feedback [START_REF] Bennett | The Netflix Prize[END_REF][START_REF] He | Ups and Downs: Modeling the Visual Evolution of Fashion Trends with One-Class Collaborative Filtering[END_REF].

An overview of fashion recommendation model based on fashion product and user base

3. Hybrid filtering (HF) Hybrid filtering (HF) is a combination of previously mentioned filtering techniques and has been widely used in e-shopping platforms and to resolve Well known problem of Cold-start, content over specialization of collaborative and content based filtering systems, which can be resolved by combining both the techniques [START_REF] Wei | Collaborative Filtering and Deep Learning Based Hybrid Recommendation for Cold Start Problem[END_REF][START_REF] Balabanović | Fab: content-based, collaborative recommendation[END_REF][START_REF] Stern | Matchbox: large scale online bayesian recommendations[END_REF]. Another problem is content over-specialization in content-based model occurred due to the content defined and associated with the user's profile which restricts the recommendation and HF is one solution defined to solve this problem [START_REF] Poonam | Survey on Collaborative Filtering, Content-based Filtering and Hybrid Recommendation System[END_REF]. HF technique provides more accurate and effective recommendations than a single algorithm because the shortcomings or weaknesses of an algorithm can be solved by another algorithm. Hybrid filtering can be done in the following ways:

• Separate implementation of content-based and collaborative filtering algorithms and then to aggregate the results to know the final and more accurate output.

• Integration of some content-based filtering model's attributes into collaborative filtering model.

• Incorporate some features of Collaborative filtering into content-based.

• Create unified recommendation system that combines both collaborative filtering technique and contentbased filtering attributes and improve the accuracy and efficiency of recommendation process [START_REF] Isinkaye | Recommendation systems: Principles, methods and evaluation[END_REF].

Former studies also have shown hybrid filtering models as efficient and with great accuracy on recommendation results in fashion industry [START_REF] Guo | An Interactive Personalized Recommendation System Using the Hybrid Algorithm Model[END_REF]. The filtering technique selection procedure depends on the domain of business, type of available data and the application attribute that requires to be analyzed [START_REF] Sammut | Encyclopedia of machine learning[END_REF]. In the literature of recommendation filtering techniques explicit feedback has been used widely, which includes ratings for the product on a defined scale. In contrary, there are many chances over the platform where users do not provide rating and feedback for the product; or due to the limitation of the systems. So the other option used by the recommendation model to be dependent on the users behaviour over the platform as known as implicit feedback, which is a great option to build recommendation model to avoid the explicit bias behaviour of user's over platform [START_REF] Douglas | Implicit Feedback for Recommender Systems[END_REF]. Also, there are many practical situations where system does not allow to collect the explicit feedback from users like in the previous study of collaborative filtering with the implicit feedback has proposed a solution for the TV show recommendation engine [START_REF] Hu | Collaborative filtering for implicit feedback datasets[END_REF]. In our research work for creating a

Garment fitting recommendation services we are working on the implicit feedback which includes purchase history for customer, set of fashion elements which can be customized over the platform, Body measurements attributes corresponding to the selected garment type, Also fabric properties which are accessible to customer via online platform.

4. Social media based recommendation system Social media based recommendation system includes the implicit taste of users by considering there social media interactions. Also social media based recommendation model binds historical data as well social networking activities to create more accurate, trending and useful suggestions [START_REF] Tsujita | Complete fashion coordinator: a support system for capturing and selecting daily clothes with social networks[END_REF][START_REF] Jaradat | Deep cross-domain fashion recommendation[END_REF]. Because of social network integration it has clearly shown that, friends usually have similar tendency for choosing items [START_REF] He | A social network-based recommender system (SNRS)[END_REF] and it make easy to track down the wearing habits off community [START_REF] Shen | Fashion recommendation and social networking based on commonsense computing[END_REF].

Design oriented personalized recommendation system:

The existing literature have also shown many garments design oriented personalized recommendation systems. Author [START_REF] Keung Wong | A decision support tool for apparel coordination through integrating the knowledge-based attribute evaluation expert system and the T-S fuzzy neural network[END_REF] has proposed a system to create the apparel item set by evaluating attribute coordination of different apparel sets based on knowledge base using Takagi-Sugeno fuzzy neural network (TSFNN), and solves an inevitable decision making problem.

Another system has been introduced in the literature with the functionality where the user can sketch his apparel, supported by an interactive genetic algorithm based design model, and a user-friendly interface.

Proposed system has enhanced the ease of designing own cloths without dealing with the garment pattern's complicated parameters [START_REF] Mok | An IGA-based design support system for realistic and practical fashion designs[END_REF].

However, In the literature of fashion recommendation systems for supporting user's wishes and needs, various recommendation models have been introduced using the paradigm recommendation filtering techniques, social media based and also the specific design oriented models introduced. But rarely a platform which combines the professional and non-professional users. Professional users are referred as those users who have technical knowledge related to that textile fashion industry like designers, pattern maker, fabric selectors and garment wearer referred as non-professional users. The proposed system in this research work is specifically targeting the online garment configurator and the digital garment design process, where recommendations and suggestion are generated based on the matching bio-metric profile. Further, the proposed model divides the population based on their bio-metric profile so that designers and end users both can get the suggestion form the developed data driven services. Also the 3D ease allowance prediction model built on the anthropometric data, digital shirt measurement and different fabrics with their mechanical properties to calculate ease automatically.

Modules explored in thesis

Proposed data driven service is strongly associated with the historical knowledge base of online garment configurator's user base and the offline virtual garment creation process followed by the designers and their activities. Virtual try-on knowledge base built by logging the digital garment creation process followed by the designers. The whole process includes five modules as follows and shown in Figure . 1.1 : to segregate the whole customized shirt order transaction knowledge base into sub datasets to make the process scalable. Parameters for user's bio-metric profile segregation model have been selected based on experts knowledge. As men's formal shirt sample has been considered to build the model and parameters to build the user's bio-metric profile are selected as per the expert's knowledge like collar size, height, weight to do the initial segregation of user's based on their selected bio-metric parameters.

2. Fitting style prediction model: Best fitting style classified based on the bio metric parameters of the online shirt configurator and which includes the first module's output to reach out to the right section of the data to choose the best fitting style. Suitable section of data to classify the fitting over the bio metric data means that the only the population matching to the user's bio-metric profile is considered to get the fitting style prediction.

3.

Frequent attribute set selection: Best fitting style prediction then further used in the third module to get the best set of shirt attribute combination including shirt fabric. This module generates the n number of frequent attribute set of tables, where n is equal to the number of fitting types of shirt available in the whole knowledge base. Same number of association rule tables is generated Programmatically.

Fabric drape comparison model:

Offline experiment conducted to build the knowledge base for the fabric.

Prediction value for fabric then further used in this module to find the nearest fabric based on the drape of fabric. Fabric drape image profile creation steps allows to add new real fabrics into system. So that aesthetic view of garment can be predicted by matching the drape of the fabric. This module predicts the alternate fabric choice corresponding to the predicted fabric, so that fabric choices can be made without affecting the look of the garment. Because most of the styles of the garment usually affected by the drape of the fabric which is dependent on the mechanical properties of the fabric.

5. 3D ease prediction model: In the last module action performed by designers on virtual try-on has been logged into knowledge base. Experimental data contains the pattern's structure line data to know the grading rules applied by the designers, then five fabric with different fiber composition tested to evaluate the 3d ease on the garment over the key body parameters of shirt.

Machine learning models

In this section a small introduction of the utilized machine learning algorithm is given.

Supervised

According to this paper [START_REF] Sotiris B Kotsiantis | Supervised machine learning: A review of classification techniques[END_REF] , supervised learning algorithms are those type of algorithm which requires the assistance. In this the input data is divided into two groups of data sets, one is test data set and other is train data set.

The output variable of the train data set needs to be predicted. Then the algorithm try to capture the pattern of the train data set and implement it into the test data set for prediction. In this paper [START_REF] Dey | Machine learning algorithms: a review[END_REF] , some of the famous supervised machine learning algorithm are described, such as Decision tree, Naive Bayes, Support vector machine.

Unsupervised

According to this [START_REF] Dey | Machine learning algorithms: a review[END_REF] study, Unsupervised learning algorithm try to learn the patterns or features of the input data and memorize it. Whenever the new data is introduced, it try to identify the class of data by making use of previously learnt patterns of the data. These learning algorithm are mainly used for clustering of data. Two main algorithms are explained in this paper [START_REF] Dey | Machine learning algorithms: a review[END_REF], K-Means clustering and Principal component Analysis.

Rule-based machine learning

In computer system, the Rule-based machine learning is a type of machine learning method that identifies and evolves the rules to store and implement. This study [START_REF] Bassel | Functional network construction in Arabidopsis using rule-based machine learning on large-scale data sets[END_REF] [41], describes the characteristics of Rule-based machine learning, which identifies and executes the set of rules, that represents the knowledge captured by the system. this is different than that of other machine learner, which can only identify the single model and universally applied to any situation, so as to make the predictions.

Clustering

The study [START_REF] Berkhin | A survey of clustering data mining techniques[END_REF], provides the overview of the basic concept of clustering in data science. Clustering is known as data modeling technique. This is applicable to handle the large set of data having data points with different attributes.

Clustering is the process of dividing a large set or a large population of data points in a same group, which are more similar to the data points in that group, than those present in the other groups. These groups of data points are known as clusters. It simply means to segregate the data points into clusters, which contain the data points with identical traits and properties. In our service architecture we have utilised the BIRCH clustering model to create the one of modules of service architecture named as bio-metric profile segregation model. Detailed explanation on clustering is given in the further chapter 3.

Classification

Classification is the major component of data mining along with clustering and association rule analysis. Classification simply means, the analysis of the large data so as to generate the set of rules. And in future with the help of those rules, we can classify the whole data. According to this study [START_REF] Kesavaraj | A study on classification techniques in data mining[END_REF] is used to classify each and every data point in a large set of data. In data analysis part, the classification model or classifier helps us to predict or identify the class or category of the data points on the basis of their attributes. The aim of using the classification is to effectively and precisely identify the class or category of data. This study [START_REF] Kesavaraj | A study on classification techniques in data mining[END_REF] gives an example of application of classification technique in banking industry, so as to identify the loan applicants, if they belong to low, medium or high credit risk.

The classification of data can be defined in two steps. First is also known as supervised learning, in which the classifier is constructed which describes the concept, pattern or class of the data. The second step is also known as unsupervised learning. In this step the efficiency or to what extent our classifier can be accurate is measured. Then the process of classification takes place. Adaptive random forest classifier is utilised to create the one of modules of service architecture named as Fitting style prediction model. Detailed explanation on classification has given in the further chapter 3.

Association mining

Most of the machine learning algorithm work on the numeric database , so they are mathematical in nature. But when it comes to the Association mining rule , it is well versed working with non-numeric database or we can say the categorical type of the data. The FP growth has been utilised to create the one of modules of service architecture named as frequent attribute set selection. Detailed explanation on association mining has given in the further chapter 3.

Radial basis function neural network

Radial basis function neural network (c) is a feedforward neural network model and has already proved its universal approximation ability with no local minima problem [START_REF] Bianchini | Learning without local minima in radial basis function networks[END_REF]. RBFNN is a neural network that uses radial basis functions as activation functions. The RBFNN architecture contains three layered feed-forward neural network [START_REF] Sun | A radial basis function neural network with adaptive structure via particle swarm optimization[END_REF][START_REF] Petravidnerova | PetraVidnerova/rbf keras[END_REF]. First layer of RBFNN receives input and distributed the input signal to hidden layer and neuron in the input layer corresponds to each predictor variable, second layer which is hidden layer uses radial basic function functions;means each neuron in hidden layer consist of a radial basic function like Gaussian function at the end finally third layer makes the output layer and has a weighted sum of outputs from the hidden layer. The RBFNN has been utilised

to create the one of modules of service architecture named as 3D ease prediction model. Detailed explanation on RBFNN implementation has given in the further chapter 3.

Contribution

• It will rejuvenate the consumer's attribute selection process for customizing their garments corresponding to the professional designer knowledge base and vise versa, and designers can get the real time insights based on consumer's perception and behavior towards a specific garment style. This service can help designers to capture the design (consumer wants) and perception about a particular style in the mind of a consumer in turn can give customized options to them. This mechanism of getting real time insights of the consumer's about garment styling can be a new horizon for the digital platforms of fashion brands where , 3D garment visualization, 2D pattern design and the consumer garment configurator modules work together and an appropriate service to fit with industry 4.0 solutions.

• In this service, the integration of professional and non-professional knowledge base helps in the evaluation of the recommendations by the designers and the consumers and the continuous database logging process.

Thus evaluated results and recommendation can be used to analyze the insights of consumer behavior.

• In the virtual garment evaluation process the "best set of attributes with positive correlation" which helps the consumers to design their style and mapping of technical parameters, are meant to be paramount for the designers.

• The establishment of the data-driven service architecture and implementation with a complete pipeline to run the algorithms in five defined modules of the system with continuous knowledge update. Clustering, classification, association mining and radial basis function artificial neural network has been used to build the complete co-design platform utilizing the knowledge base.

Chapter 2

Customised fashion garment's data acquisition process

The main objective of this chapter is to bring forward sample data sets of five different modules mentioned in chapter 1 and data extraction process and details of data extraction process followed to feed the knowledge base:

1. Bio-metric profile segregation model.

2. Fitting prediction model.

3.

Frequent attribute set selection model.

Fabric drape comparison model.

5. 3D ease prediction model.

Data mining and data extraction

Data acquisition plays an important role to build a successful data mining model.Some basic terminologies used for defining data in the data mining process are datasets, datapoints, attributes, label, identifiers [START_REF] Kotu | Data Mining Process[END_REF]. Data mining is the process of converting the historical data into the useful information by applying the various statistical methods and machine learning to discovery the beneficial knowledge based on the data set domain. Standard data mining process involves various steps to extract the useful patterns to build the decision support model. The data mining process involves various steps, which are as follows [START_REF] Kotu | Data Mining Process[END_REF]:

1. Problem comprehension based on the business domain.

Sample data extraction.

3. Selection of the appropriate method to solve the problem.

4. Based on the problem develop model.

5. Implementation of model on collected data to see the results.

6. Final model deployment in the real environment.

Data acquisition model for personalized garment

Data extraction is the process, which read the data from the original source and transformation is the process, which converts data into a usable format and load the final data into destination data model. This entire process is known as the ETL (Extraction, transformation,load). These series of operation allows source data to be syntactically and semantically harmonized [START_REF] Taniar | Integrations of Data Warehousing, Data Mining and Database Technologies: Innovative Approaches[END_REF]. The term semantic harmonization means combining the multiple data sources and represent that data into a form where items of data shares the meaning [START_REF] James | Nine principles of semantic harmonization[END_REF]. Data acquisition is the very first step before doing any statistical or mining activity. General data acquisition step includes gathering data from different sources, and storing them in scalable data storage unit. There are two phases of the personalized garment with an online application to build the data-driven service to correlate the consumers and designers needs and produce helpful insights to improve the process. First phase, which includes the components used by the online configurator for personalizing the garment. This phase includes three major components for the personalized online garment configurator. They are body measurement, type of fabric for garment and styling attributes, Order data of customized shirt. All three components are equally important for garment wearer and designer in different aspects, but keeps more meaning to the consumers by putting under the quick data analysis model. Second phase, includes the virtual garment design process of the personalized garment. This phase includes the five major components for designing the personalized garment to design the digital garment before the final production. They are body measurement, garment measurement, Pattern grading rules, fabric and garment ease and two modules fabric drape comparison model and 3D ease prediction model Figure . 2.1 represents the data acquisition model .

1. First phase for data acquisition includes, internal data of consumers from online web application of brand; the brand is providing the men's shirt customization. Collected data contains their personalized garment's specific version with their chosen attributes, their bio-metric profile and pre-defined set of attribute values.

(a) User's bio-metric profile (Men's shirt).

(b) Predefined styling attributes including fabric range.

(c) Order data of customized shirt.

2. Second phase for data acquisition includes the, experimental data collected with the help of three professional designers. Experiment conducted in five stages:

(a) Fabric attributes affecting the virtual fabric in 3D CAD tool.

(b) 3D avatar measurement corresponding to the selected key body parts for the garment ease. (c) Pattern grading rules based on the 2D pattern structure line data.

(d) Virtual garment measurement corresponding to the selected key body parts for the garment ease. (e) virtual garment ease calculation over the key body parts.

Data transformation and loading

1. Data structure type (a) structured data is the highly organized form of the data and can easily be formalized relational database is the exam- Structured query language also known as SQL is very popular programming language to manage, manipulate the structured data.

(b) semi-structured data It is a form of structured data that does not fit to the formal structure of data models like relation databases. But it doesn't mean that it can not be stored with the formal structure.

XML, JSON objects, CSV files are the example of the semi-structured data. This structure can have multiple hierarchies of fields with in the object [START_REF] Rusu | Converting unstructured and semi-structured data into knowledge[END_REF] . Object parser's can be used to convert to semistructured data to structured data to be saved in to a formalized structure like relational databases. As it the semi structure data do not follow the predefined schema, it is flexible to build the quick and flexible communication between the internet applications.

(c) Unstructured data is the form of data, which can not be formalized to save in predefined database models and it is very difficult to convert the unstructured data to structured data. Many application on the internet generate the unstructured data like PDF, word documents, videos, animated files, multimedia, and graphics. Unstructured data do not have any rules to be stored in to the database, and it is too expensive to convert he unstructured data to structured data. Finding the suitable data base to store the data depends on the structure of the data. Structured data as explained earlier can be stored can easily be stored to any model supporting the relational database management system model, one example is MSSQL, MYSQL, etc. Unstructured data can easily be stored in the NOSQL database models and can be referred as nonrelational database. MongoDB, Casandra are famous database models providing the best support to the unstructured data, which can then further utilized to build the application as earlier it was quite difficult with the relational databases. Depending on the data structure of the raw data finding the technologies which allows the persistent storage of the data.

Data conversion

Identification of the data structure helps to decide the final data model for storing the data for the further analysis to generate the actual information. Before, storing the data into the target model, it needs to be transformed according to the target model. Following this process, the data which we collected from an online shirt configurator were in csv files format and it lands in the category of structured data and the experimental data collected from designers was in CSV. and in the form of image file. Then, further according to components mention in phase 1 of section 2.1.1 was mapped to the schema created in relational database (Microsoft SQL Server). CSV files converted and mapped corresponding to the data schema, using the python and structured query language. Similarly phase 2 in section 2.1.1 was also mapped with schema using the python and structure query language. Fabric component in phase 2 was in two forms CSV and image file, as image file can not be directly used to map with the data stored in relational database model.

Required information from the image file was extracted by implementing image processing model and saved in numerical fields. Detailed description of the fabric image processing and attribute extraction process has given in section 2.3.1.

Preliminary knowledge extraction to create relational schema

• Online configurator data of men's shirt further investigated using the structured query language programming by running the query and the following numbers associated with the configured shirts have been found and shown in the table. 2.1 . Also for each style attribute, cuff, collar and fabric labels have identified. • Corresponding to the online configurator data, we have conducted experiments with professional designers to create the virtual try-on based on the styling attributes to build the knowledge base and log the designer's activities starting from the 2D pattern creation, virtual fabric choice, and 3D ease allowance evaluation process.

Count

Only one fitting type which is "Regular" to make the process less time-consuming figure 2.2 shows the process followed by designers to create a final virtual garment. -Collected data mapped corresponding to its schema defined in a relational database and a total of 60 fields identified from the 2D pattern structure line data.

• 3D avatar measurements corresponding to eight different body dimensions acquired for the shirt, where five key body parts selected by designers mapped to save in database schema. Five key body parts are across back, across front, bust, waist, pelvis.

• 3D virtual shirt measurement corresponding to selected key body parts by designer mapped to save in database schema.

• Five virtual fabrics with different fiber compositions and their mechanical properties and then collected parametric information mapped to the relational database schema. Further, these five fabrics have used to visualize the ease difference during the virtual try-on process.

• Finally, the evaluated ease values collected corresponding to each key body part for all 8 different body measurements combined with 8 different sizes of shirts and 5 different fabrics. Collected information then saved into relational database schema to build the 3D ease allowance prediction, model.

• Integration of real fabric to the existing virtual fabric library using the drape image profile. Following parameters considered after reviewing the fabric drape image profile literature and in further section will show complete drape image profile creation process:

-Amplitude (A) is half the difference between maximum and minimum radii. It gives the depth of the drape profile with respect to the radius of draped fabric image [START_REF] Kumar | Woven textile structure: Theory and applications[END_REF]: AA in below equation represents Average amplitude

AA = 1 n n i=1 p i -v i 2 (2.1)
where p i is the maximum radius of the draped fabric image profile, v 1 is the minimum radius of the draped fabric image profile.

-Average distance: average distance from zero or mean of contour

AD = 1 n n i=1 p i + v i 2 (2.2)
maximum peak: p max is the maximum radius of peak from center.

maximum valley: v max is the maximum radius of valley from center.

-N is the number of peaks in the draped shadow.

Literature of fabric drape and other parameters 2.3.1 Real fabric's drape image profile creation

Why fabric integration is important? A garment's quality depends on the fabric and fabric quality depends on its fiber composition and mechanical properties. Fabric drape is the reason that, influences the garment fit, look and feel. Fabric properties thickness, compressibility, bending properties, extensibility, dimensional stability, and surface properties also affects the fabric's aesthetics view [START_REF] Wang | Physical and mechanical testing of textiles[END_REF]. Fabric drape analysis has attracted many researchers, due to the wide use of virtual garment creation 3D CAD tools. All these CAD tools introduce a well-defined virtual fabric library to get quick insights based on the fabric material properties. Designers need to select fabric according to the garment type and then based on the chosen fabric final virtual look created to analyze the fit of the garment.

Consequently, correlations between drape and mechanical properties have become an attractive research area. In further section a review of literature related to fabric drape and its influential mechanical properties

Fabric mechanical properties influence on fabric drape

The important influential factors for fabric's drape are bending, shear, formability, the weight of fabric per unit area, and thickness. In literature, relations between the physical or mechanical properties, and the drape coefficient with agreement and disagreement on the set of properties.

Generally, the fabric drape is very close to the fabric stiffness, because the higher the stiffness the higher will be the value of drape coefficient and vice versa. In the literature, the author revealed that fabric drape got affected by the three basic fabric parameters: Young's modulus, the cross-sectional moment of inertia, and weight [START_REF] Chu | Investigation of the factors affecting the drapeability of fabrics[END_REF]. Also, bending rigidity and weight per unit area and including drape coefficient gives better agreement by combining them into a single [START_REF] Morooka | Relation between drape coefficients and mechanical properties of fabrics[END_REF].

Drape coefficient and geometrical profile of drape

Drape coefficient and mechanical properties relationship has been realized previously by researchers and drape coefficient used widely to describe the fabric drape. Despite that, there are many cons that are associated with the drape coefficient and fabric drape relationship. It has been observed from the studies of the fabric drape that the drape coefficient is a widely used parameter. But cannot be used to describe the fabric drape. Because drape coefficient values could be similar for different shapes of hanging down fabrics and causes the different appearance of the fabric. So drape coefficient is not sufficient to define the aesthetic appearance [START_REF] Kumar Pattanayak | Prediction of drape profile of cotton woven fabrics using artificial neural network and multiple regression method[END_REF].

Hence, to describe the fabric drape close to realistic one is achieved by integrating the geometrical factors, such as the number of nodes, drape distance ratio, fold depth index, and amplitude to radius ratio [START_REF] Kumar Pattanayak | Prediction of drape profile of cotton woven fabrics using artificial neural network and multiple regression method[END_REF].

Virtual fabric drape measurement system using the geometric parameters

The fabric simulation process consists of mechanical properties, a drapeometer, a high-quality digital camera to create the 3D drape image of the real fabric.

The drape image analysis technique has provided great accuracy to process the fabric drape contour to know the better drape shape of the fabric.

In the literature, the author has developed an algorithm to build a virtual fabric drape measurement system for the assessment of the suitability for the newly designed fabrics [START_REF] George | The concept of virtual measurement[END_REF] and to build the drape image profile for the measurement of drapeability important fabric aesthetic attributes such as number of fabric folds, fold variation and depth of fold presented and implemented together with the drape coefficient [START_REF] George | The concept of virtual measurement[END_REF]. By following the concept from the literature of drape image analysis, we have analyzed the fabric drape contour images of the real fabric to integrate with the existing virtual fabric library of garment fashion knowledge base schema. So that the designers can get a quick assessment of the new fabric material.

The following steps has been followed to build the parametric fabric drape image profile:

Fabric drape edge detection process

Fabric drape contour images have been collected with the help of textile engineer.

• Drapeometer developed by Lectra R is used to generate 3D simulation or virtual drape of fabric that some of node are so small, which can affect statistical operations such as, average. So, to reduce the effect of such small values on the attributes which are based on statistical operations.In Figure .2.10 it can be clearly seen that the dimension of tenth node is very low in comparison with other dimensions and can affect the value of average amplitude attribute. In the conditional node removal process, method checks peak must higher than mean of signal and remove all peaks lower than mean of signal and also delete the valley corresponding to the deleted peak. shows first two peaks (marked with green "x" symbol) are too close each other and there is no valley found between them.Ideally, each peak should have its own valley point, so this is marked as noise.

•
Further, noise elimination process counts valleys and peaks and If no valley found between two peaks then out of two peaks peak with higher dimension is considered and others are eliminated. Similarly in the case of valley, if there is no peak between two valleys then the valley with lowest dimension is considered and others are eliminated. 

Geometric parameter extraction form drape contour image

Following parameters extracted from drape contour image using Polar coordinate technique:

• Amplitude (A) is half the difference between maximum and minimum radii. It gives the depth of the drape profile with respect to the radius of draped fabric image [START_REF] Kumar | Woven textile structure: Theory and applications[END_REF]: AA in below equation represents Average amplitude

AA = 1 n n i=1 p i -v i 2 (2.3)
where p i is the maximum radius of the draped fabric image profile, v 1 is the minimum radius of the draped fabric image profile.

• Average distance: average distance from zero or mean of contour

AD = 1 n n i=1 p i + v i 2 (2.4)
• maximum peak: p max is the maximum radius of peak from center.

• maximum valley: v max is the maximum radius of valley from center.

• N is the number of peaks in the draped shadow. All these features are considered to create drape image profile and results are saved into knowledge base.

Conclusion

Chapter starts with the brief explanation of data mining and steps to build the model. Then, how the data ETL process followed to find the data structure corresponding to the defined components of system .

In this chapter we bring forward the sample datasets related to our data-driven service architecture. Also, the complete process to create the drape image profile for real fabric for quick integration of real fabric into existing system and suitability of new fabric material based on its aesthetic drape attribute can quickly be accessed.

Next, the reason of choosing geometric drape image profile explained by looking into the literature and then the fabric drape edge detection process explained in detail.

the process of integration of the real fabric by calculating geometric attributes from the 3D drape contour image and how the mechanical properties of fabric influence the drape of fabric.

Another, essential part of the knowledge base creation is to combine the online and offline platforms associated to garment buyers and designers .

In the next chapter, detailed description on computational tools and their utilization to build the data-driven service model. • This study [START_REF] Gupta | Clustering Validation of CLARA and K-Means Using Silhouette & DUNN Measures on Iris Dataset[END_REF] gives an idea about the concept of partition clustering. Partition clustering divides the data set into a set of disunite clusters. This type of clustering is used to classify the considerations in a large data set, into multiple groups or clusters on the basis of identical attributes.

In the literature some of studies has proposed the clustering methods under supervised learning process.

Supervised clustering is applied on the already classified data with an intention of increase the class purity and identify the high probability density clusters corresponding to the single class [START_REF] Christoph F Eick | Supervised clustering-algorithms and benefits[END_REF]. But as per the review over the clustering algorithms and the data learning process whether it is supervised or unsupervised depends on the available data. Clustering is a fundamental technique in data mining and nowadays many applications has already been utilized the clustering methods to speed up the fashion recommendation system process. Choice of clustering algorithm depends on the type of data such as numerical categorical data or the available data is of mixed type [START_REF] Balaji | Clustering algorithms for mixed datasets: A review[END_REF]. Also with the great extent of clustering technique in data mining application in the real time environment non-incremental clustering algorithms can not be used effectively due to their processing technique of data. Non-Incremental clustering method works on the complete set of data and keep the complete data into memory and hence the online application where new data is continuously pouring into system can not be clustering algorithm n the top of that. Once we are finished with that, we go back and reassign the data points to the nearest centroids. These are two passes through data.

BIRCH Algorithm

When we are dealing with very large data sets, we can minimize the number of passes through data with the help of BIRCH Algorithm. Then comes the BIRCH Algorithm which is a perfect fit for the large amount of data set. It is a very fast technique and helps in reducing the number of passes, to scan the data set for clustering. BIRCH stands for Balanced Interactive Reducing and Clustering using Hierarchies. It uses hierarchical methods to cluster and finally reduce the data. It needs only single pass through the data set.

How does it works?

BIRCH Algorithm make use of the tree structure to create a clusters. It is known as the CF Tree, where CF Tree stands for clustering feature tree. Each and every node of the tree is composed of several clustering features(CFs).

From the Figure . 3.1, we can see how the clustering feature (CF) looks like. 

-→ LS = N i=1 -→ X i (3.2) SS = N i=1 ( -→ X i ) 2 (3.3) Centroid = LS N (3.4) Radius = SS N -( LS N ) 2 (3.5) 
BRICH Algorithm maintains the cluster by constructing the CF Tree. CF Clustering feature is the summary of the cluster statistics. A CF tree is a height balanced tree with two parameters B and L. Where B is the branch parameter and L indicated threshold for each leaf node. Each non leaf node has at most B entries. (Maximum B entries is possible in non-leaf node). Leaf node has at most L CF entries with each satisfy a maximum of T max (diameter of the cluster). Page size in bytes represents our memory. STEPS

• Step 1 To create the CF Tree out of data points.

• Step 2

The algorithm scans all leaf entries, then creating a small CF Tree excluding the outliers and grouping sub clusters to a large cluster. Then to find out, the data point is included in this clusters, if it is the threshold or exceeding the diameter, we can say it is an outlier, and we will divide the cluster into another one.

• Step 3 The exiting cluster algorithm is used to cluster the leaf entries.

• Step 4 Redistribution of the data points takes place, to its closest centroids of cluster found in the previous step.

Advantages

• BIRCH Algorithm helps in reduction of I/O cost.

• Every clustering decision is made without scanning all the data points.

• It uses the observations, that data space is not uniformly occupied and not all data points are equally important.

• It tackles with the noise or outliers in the data efficiently.

• It is scalable.

Disadvantages

• It does not perform well for non-spherical data, because the cluster statistics is mainly based on the R (radius), D(diameter) are related to the spherical shape [START_REF] Iyer | Comparative study of data mining clustering algorithms[END_REF].

• This data clustering effect is not good enough on the high dimensional features.

• BRICH clustering being a type of hierarchical clustering algorithm. which lacks in the ability of adjustment.

Because , once the decision of merging and splitting has been taken, it can not be undo, nor can do the swapping of the objects within the cluster. If this step is not performed carefully then it will lead to degrade the quality of upcoming cluster.

In this thesis, BIRCH algorithm has been chosen based on advantages shared by the algorithm over the traditional clustering algorithms and to build the scalable data-driven service module named bio-metric profile segregation model in chapter 1 with capability of handling the incremental data and the large data set. Experimental study conducted by the author [START_REF] Zhang | BIRCH: A new data clustering algorithm and its applications[END_REF] has argued based on the evaluation of BIRCH's running time, memory usage, clustering quality, stability and scalability, BIRCH is the best available clustering method for handling very large datasets.

Though we could not get the large dataset from the participating brand. We worked only with 4898 number of records. But as we wanted to achieve the continuous integration of new users from online garment configirator of men's shirt via web platform. Also, BIRCH model keeps assigning the closest group to new user based on the bio-metric profile and it acts as the pre-processing step for the other algorithm. Here, the other algorithm which is utilized to find the suitable fitting type from the group associated with the bio-metric profile of user. Implementation and evaluation process of BIRCH algorithm to do the grouping of user profile based on bio-metric profile is explained in next chapter.

Data classification using incremental classification algorithm

Classification is the major component of data mining along with clustering and association rule analysis. Classification simply means, the analysis of the large data so as to generate the set of rules. And in future with the help of those rules, we can classify the whole data. According to this study [START_REF] Kesavaraj | A study on classification techniques in data mining[END_REF] is used to classify each and every data point in a large set of data. In data analysis part, the classification model or classifier helps us to predict or identify the class or category of the data points on the basis of their attributes. The aim of using the classification is to effectively and precisely identify the class or category of data. This study [START_REF] Kesavaraj | A study on classification techniques in data mining[END_REF] gives an example of application of classification technique in banking industry, so as to identify the loan applicants, if they belong to low, medium or high credit risk. The classification of data can be defined in two steps. First is also known as supervised learning, in which the classifier is constructed which describes the concept, pattern or class of the data. The second step is also known as unsupervised learning. In this step the efficiency or to what extent our classifier can be accurate is measured. Then the process of classification takes place.

Adaptive random forest classifier

Adaptive random forest classifier is an multiple learning algorithm method which is used for the classification and some statistical processes like regression. In this paper [START_REF] Heitor | Adaptive random forests for evolving data stream classification[END_REF] author has described how the Adaptive random forest classifier is implemented for the classification on online data. This is one of the most commonly used method in the field of machine learning. This method is preferred in the field of machine learning because, it has low input demand and high learning performance. Adaptive random forest classifier consist of re-sample method which is effective and adaptive so that it can easily cope up with different situations without any critical optimization of the various data sets. Following characteristics are highlighted by author based on the experiments conducted on different dataset [START_REF] Heitor | Adaptive random forests for evolving data stream classification[END_REF]are considered to choose the ARF classifier to build the incremental classification model, because of continuous user accounts arrival on online garment configurator system:

• ARF obtains good classification performance on both delayed class label availability and immediate class label availability settings, especially on real world data sets.

• ARF can be used to process data streams with a large number of features wth small number of decision tree.

• ARF can train its base trees in parallel without affecting its classification performance.

Hence, based on the characteristics of the ARF classifier mentioned by author we have utilized the algorithm to classify bio-metric profiles according to the fitting associated with them in historical data. Incremental data handling approach of ARF classifier helps to build the data-driven service model named as fitting style prediction model mentioned in chapter 1. This model can continuously receive the user data and trained parallel to predict based on the most current data.

Association rule mining to filter best frequent attribute sets for garment configuration

Most of the machine learning algorithm work on the numeric database, so they are mathematical in nature. But when it comes to the Association mining rule , it is well versed working with non-numeric database or we can say the categorical type of the data. Association rule mining helps to find the relation between the items sets based on the if-then associations and one of the popular pattern discovery methods in knowledge discovery in database [START_REF] Hipp | Algorithms for association rule mining-a general survey and comparison[END_REF].Association mining rule is used in data science to analyse the frequently occurring pattern in the different type of database( relational and transnational). Then finding the association or correlation of those database. Association mining rule has two components, one is antecedent or "if" component , another is consequent or "then" component.

The first component antecedent is found within the data set and another component consequent is which is found by combing with that of first component. We can understand this with an example. If a customer buys a formal shirt , he's 75 percent likely of buying a formal trouser. In this association mining rule, formal shirt is antecedent and formal trouser is consequent. This can be fashion industry's association mining rule. By performing the analysis of the resulting data set association mining rule can not only help enhancing the customers service, but also enhance the company's overall revenue. Association mining rule help to improve the business operations in various industries:

In supermarkets the data is collected by making use of the bar code scanner. Thus the database obtained is known as market basket database. Which is having the large number of records and transactions of the past. By analysis we can have the knowledge that which group is inclined towards which set of products or offers in the supermarket.

Association mining rule also help in providing the assistance in medical field. As we know, the process of diagnosis is not that easy in medical field. Relational association mining rule help us to find the most probable causes of illness by considering various factors and symptoms in the past data.

Association mining in the literature of product configurators

In 2007 this paper [START_REF] Song | Optimising product configurations with a data-mining approach[END_REF] described the optimization of product configurators using data mining. The data mining approach is discussed so as to reduce the rapidly surging manufacturing cost. They elucidated the data mining algorithms, which explains the Rules, clustering steps and the approach proposed at the end determining the prime configurators from rules. They introduced a new concept for controlling the complexity and diversity in a product.

Data mining algorithms were used to draw the product configurator patterns. A new procedure for forming the cluster was also introduced in the paper. The prime configurator which were derived from the data mining algorithms were endorsed to customers to control their buying practices and behaviour with marketing strategies. The concepts proposed in the paper were tested on the industrial data and implemented in the industry. The proposed data mining configurator was used to configure a lot of product families [START_REF] Song | Optimising product configurations with a data-mining approach[END_REF]. After this in 2011 another study [START_REF] Mavridou | Mining affective needs of automotive industry customers for building a mass-customization recommender system[END_REF] elucidated the need of automotive industry customers, so as to build a mass customization recommendation system. In this paper, they describe a mass customization framework, which utilizes the data mining techniques, so as to get the output data which implicit the relationship between the needs of customer and vehicle design parameters. This framework was applied in the form of a software which interacts with the user in order to suggest the initial configuration to customer according to their needs. The only factor that stimulates the building such a framework is to intensify the configuration process and saving the time for customers by suggesting a configuration according to their personal needs. The innovation approach proposed in this study was the integration of cognition and emotional aspects which leads to reflect the customer needs. This is the first recommender system, that utilizes the CE methodology for mass customization in automotive industry. A case study was included based on a survey for customers of automotive industry belonging to various countries was conducted, so as to illustrate the application of the proposed framework. It has been concluded from the study that there is a positive opinion of the users on the usefulness and accuracy of the proposed recommender system in the automotive industry [START_REF] Mavridou | Mining affective needs of automotive industry customers for building a mass-customization recommender system[END_REF]. In 2015 an empirical study [START_REF] Zhang | Implications of product configurator applications: An empirical study[END_REF] was conducted to elaborate the various implications of using product Configurator application. They elucidated the various implications of products Configurator, when applied to any business activates. On the basis of the belief that, it will be advantageous for the companied or businesses to know the challenges and difficulties before they jump on to any product Configurator project. This paper also highlights the number of areas to be improved in any business of company after the implication of product configurator. In their study, they used nominal scale, which allows an easy questionnaire, but the analysis is less exact as compared Likert scale. So there is a scope of extension of the study using quantitative methods based on Likert scale. [START_REF] Zhang | Implications of product configurator applications: An empirical study[END_REF] A report [START_REF] Ardissono | The CAWICOMS Project[END_REF] of a project was presented, in which main objective of the project was to provide an technological solution for the enhancement of the web interface which can be easily adaptive by the customers. And another objective is to propose a strategy or an idea to integrate the configuration systems along with supply chain. They focused on the two aspects, one is future of configuration systems. And second is online selling methods, in this they have included both B2B (business to business) and B2C (business to customer) segments of e-commerce industry. They tried to describe the demand for a personalized uses interface of the users having different expertise and experiences (B2B). And also for the integration of products which can be configurable (B2C). In order to explain the scalability of the project, a framework is designed which is Java Based and component oriented. [START_REF] Ardissono | The CAWICOMS Project[END_REF] In a study [START_REF] Stegmann | Generating personalized recommendations in a model-based product configurator system[END_REF] on the configuration systems, elucidated the overview of ideas and concepts for the support of customers by providing the recommendation in the various strategies of the configuration process. They have briefly explained the structure of the model based configuration system. The focus of this study was on the integration of the various methods and techniques in the emerging field of mass customization. [START_REF] Stegmann | Generating personalized recommendations in a model-based product configurator system[END_REF] Then, a study [START_REF] Hansen | Product configurators in electronic commerce-extension of the configurator concept towards customer recommendation[END_REF] was conducted in electronic commerce industry, which described the concept and application of product configurators in electronic commerce. Basically they elucidated the ways to magnify the product configurator with functionality of consultation. They have described various methods and processes used for the realization. They depicted how the concept of configurators can be inclined towards the customer recommendation side. In their paper the basic and common functions of a product configurator and how configurator functions can be extended towards a consultation interface by the use of various approaches and techniques. Furthermore, the techniques for the realization of the consultation interface in the configuration process are mentioned, after the information is retrieved, data mining approached are used which can be content based, rule based or collaborative. The have enlightens the basic structure of traditional product configurator and how it is extended with consultation interface. [START_REF] Hansen | Product configurators in electronic commerce-extension of the configurator concept towards customer recommendation[END_REF] In 2015, this research study, [START_REF] Kar | Fuzzy association rule mining for fashion product development[END_REF]describe the techniques or methods to reduce the new product development (NPD) cycle time. The FARM approach (A type of association mining technique) has been utilized for the development of any fashion product. To check the feasibility and viability of this proposed approach, it has been implemented in a well-established fashion company of Hong Kong. The purpose of using the FARM approach in the company was to assist the fashion designers with the knowledge support so that they can develop new fashion products with more efficiency and in an innovative manner as well. The approach has been adopted by the company for almost six months and what they found is, association rule provided the fashion designers with the better reference while developing their new fashion products. During this time period, company was able to improve the customer satisfaction taking the efficiency of the new product development (NPD) to higher levels, provided with a good knowledge assistance to the fashion designers in New product development (NPD). Ultimately, this study contributed the fashion industry in providing the knowledge of customer perception and choices during the development of fashion products, boosting the innovation and technological advancement in the fashion industry. [START_REF] Kar | Fuzzy association rule mining for fashion product development[END_REF] As we got to know from previous research work, there is continuous advancement in the innovation and technology, when it comes to the product customization in every industry. The concept of product configurators contributing almost all the industries (electronic e-commerce, automobile and fashion etc.) to provide a seamless experience to their customers. Integration of products configurator and association mining techniques leverage the fashion designers to design the fashion products according to perception and choices of the customers. The proposed data-driven service includes the association mining techniques to assess the maximum possible co relation among the various attributes of the product( Men's Shirt).

FP-Growth

The FP growth is the improved version of Apriori approach. In this the pattern is generated and there is not need of the candidate generation. This algorithm presents the pattern in the form of a tree, which is known as FP tree. This tree is useful in maintaining the association among the item set. This paper [START_REF] Ms Mythili | Performance evaluation of apriori and fp-growth algorithms[END_REF] explains in detail the working of the FP growth in data set. The FP growth algorithm includes the generation of the FP tree, which includes following steps.

• Start the scan throughout the transnational database so as to find out all the frequent items.

• In this step the items found in the previous step are arranged in the descending order of their support.

• Start drawing the FP tree with "Null" as its root.

• Extract the primary transaction from the transaction database. Take out all the non frequent items and list out the remaining.

• Start constructing the primary branch of the FP tree so that each node corresponds to the frequent item.

• In this step we can start the new transaction throughout the database taking out all the non frequent items.

• Place the transaction within the FP tree by using any prefix.

• Carry on with the above steps until all the transactions of the database are processed.

Comparison between Apriori and FP growth

This paper [START_REF] Ms Mythili | Performance evaluation of apriori and fp-growth algorithms[END_REF] has compared the Apriori algorithm and FP growth algorithm. And it was found that FP growth algorithm approach is more efficient in many aspects. The concept of Apriori algorithm is based on the activity of multiple passes over the database. In the algorithm a large dataset can be used. It is very easy to implement.

The main problems with this algorithm is that, it requires high time for the execution and repeated scans throughout the database. FP growth algorithm is efficient in generating the frequent item sets. And needs only two scans throughout the database. The study [START_REF] Ms Mythili | Performance evaluation of apriori and fp-growth algorithms[END_REF] Describes that how Apriori and FP growth differ from each other. The various aspects are listed below.

• The structure of the storage in Apriori is based on array, whereas FP growth is tree based.

• Apriori approach applied to the database requires more run time as compared to FP growth approach.

• The database of Apriori is of dense type, whereas FP growth has medium and large data set.

• Apriori approach utilizes large amount of memory, whereas FP growth utilizes less amount of memory.

• The number of database scans are higher in case of Apriori approach, whereas in FP-growth it requires only two scans throughout the database.

Based on the listed comparison to build the frequent attribute set selection rule model, we have chosen the fpgrowth algorithm. So that this module for getting the best rules on attribute selection can be used to help consumers for creating best version of their shirt.

integration with the historical data. Next chapter contains the implementation of presented schema as shown in Figure .3.2. Computational tools, which are used to build the model based on data collected from offline experiment conducted with professional designers are explained in next chapter with their implementation and evaluation. to predict the most relevant garment fitting style according to the user's biometric profile.

Reason behind the combining clustering and classification algorithms

(c) Third operational model includes an association mining algorithm (fp-growth) to predict the most relevant garment style attribute rules by filtering the knowledge base.

Process 2

(a) Fourth operational model includes the neural network (Radial Basis Functional Neural Network) to predict the 3D ease values corresponding to five key body parts across back, across front, bust, waist, pelvis to the new designer to utilize the 3D ease value for recreating the existing 2D pattern based on these value.

3D ease prediction model takes 3D body measurement, garment measurements, and fabric mechanical properties to predict the 3D ease value.

Process 3

(a) Fifth operational model includes the nearest neighbor algorithm to predict the most relevant fabric parameters by comparing the draping effects of real and virtual fabrics existing in the virtual fabric knowledge base with unsupervised learning. So that similar fabric's performance can be analyzed in the existing knowledge base corresponding to specific fitting styles and specific design of garment.

We proposed the generalized service structure with service implementation and knowledge base creation steps.

We have considered one customized garment sample of men's formal shirt with regular fitting. The combination of the design knowledge base, the design recommendation engine as well as the online evaluation of the recom- • Build the CF Tree: The first step is building CF Tree and loads data into a cluster feature tree (CF Tree). CF Tree is a compressed form of data.

CF = (N, -→ LS, SS) (4.1) 
BIRCH algorithm becomes highly efficient by using summary statistics for minimizing large data sets. CF Tree is built with CFs and each CF is composed of three summary statistics [START_REF] Zhang | BIRCH: an efficient data clustering databases method for very large[END_REF]:

-The count represents the number of data values in the cluster.

-Linear sum is the sum of individual coordinates and helps to measure the location of the cluster.

-→ LS = N i=1 -→ X i (4.2)
-Squared Sum is the sum of squared coordinates and helps to measure the spread of the cluster.

SS = N i=1 ( -→ X i ) 2 (4.3)
A cluster feature tree is a tree structure composed of CFs. A CF tree represents a compressed form of data, preserving any structure in the data. A CF tree has the following parameters:

-Branching Factor B. It determines the maximum children allowed for a non-leaf node.

-Threshold. It gives the upper limit to the radius of a cluster in a leaf node.

-Number of Entities in a leaf Node L.

• Global Clustering: The second step is clustering the sub-clusters. After the creation of the CF Tree existing clustering algorithm on CF Tree Leaf nodes(sub-clusters) is applied to combine sub-cluster into clusters.

Building prediction model by applying BIRCH incremental clustering algorithm

The customized garment order data-set contains 5291 records, which includes male-female both genders. Order dataset contains about 4898 records for customized men shirts and 393 women shirts data. In this step we set up an unsupervised incremental clustering model, permitting bio-metric profile corresponding to the chosen customized garment(man shirt) to be classified according to the user bio-metric profile. First, we acquired the data from fashion e-shopping digital platform specifically for men's customized shirt. • First selection of appropriate threshold T value, where T is the upper limit to the radius of BIRCH cluster in a leaf node and radius is obtained by merging the new samples.

• Best value for threshold T has been selected based on the initial collected data and analyzing the silhouette score.

• Figure. 4.3 shows silhouette score for choosing the best threshold value to setup initial model and to find the cluster of biometric profiles. silhouette score value ranges between (-1,1).

• Silhouette score calculated to evaluate the cluster's formation corresponding to threshold value. In Figure. • Random forest classifier requires multiple passes over input data and it becomes infeasible if classifier is handling streaming data.

• Random forest to streaming data application requires an online bootstrap aggregating process; and limiting each leaf split decision to a subset of feature. • ARF uses the drift detection method to cope with evolving data stream.

• Once the drift is detected ARF uses a threshold value to detect the warning and resultant create a background trees that a trained along the ensemble without affecting the existing ensemble's prediction. Drift detection raises warning signal , which then replaces the respective background tree.

• In ARF votes are weighted using the test then train accuracy method.

Building shirt fitting style prediction model

In previous step, we segregated the users profile by considering the bio-metric parameters. shows the 3 different types of fitting style with its count value. Secondly, we performed interleaved test then train method to evaluate the ARF classification model. [START_REF] Krawczyk | Ensemble learning for data stream analysis: A survey[END_REF] In the context of incremental classification prediction can not be measured by applying cross validation measures are not applicable, like it's used in case of the static and batch learning. The prequential evaluation is sequential analysis where the sample size is not fixed initially and the model is evaluated as new data is collected . The prequential evaluation first uses each instance to test the model and then train the model. Table 4.2 shows the mean performance using accuracy and kappa score measure for individual classifier trained over sub datasets processed in step 1. kappa score ranges between 1 and -1 where 1 implies perfect agreement and values less than 1 indicates less than perfect agreement [START_REF] Sim | The Kappa Statistic in Reliability Studies: Use, Interpretation, and Sample Size Requirements[END_REF].

Process 1:Third module prediction for most relevant fitting style rules

This step focuses on the garment development process in which fashion designer work takes an important space affecting the buyers decisions. In the online garment configuration module each and every attribute of the garment helps the buyer to make their own version of garment. So, here the question comes that how designer quickly can know the preference of buyers and the pattern of selecting style attributes. It is necessary to explore the relation ship between the styling attribute and buyers style selection behaviour, and to get the right product at right time.

Inevitably, profitability of the business can be raised by making the satisfactory product on time for consumer. In this step, model builds the best combination of customized shirt attributes for the predicted fitting style in step 2. Set of attributes for a specific fitting style(Super Slim Fit, Comfort fit, Regular) calculated in this step applying association [START_REF] Tan | Association analysis: Basic concepts and algorithms, Introduction to Data Mining[END_REF].

l = P (A ∩ B) P (A)P (B) (4.6)
[80] has given lift measure interpretations as follows: 

Lif t =                        = 1 if A

Implementation of Association rule mining to extract rules for shirt feature sets

• Frequent itemset generation process finds all itemsets which satisfy the minimum support threshold value.

• Proposed system generates n tables for each cluster. Let proposed system receives different fitting type element f 1 , f 2 , f 3 , ..., f s with repetition .Let d be the number of distinct elements namely

d = |{f 1 , f 2 , f 3 , ..., f s }|
, and let these elements be {g 1 , g 2 , ..., g n }. Finally, let c j be the count of g j .Thus n i=1 c i represents total number of frequent pattern set tables generated by step 3. Similarly in continuation similar number of tables corresponding to each frequent pattern table will be generated in database.

• From the frequent itemsets generated in previous step, rule generation step extracts the rules satisfying minimum support and confidence condition.

To generate frequent item sets from transaction database we have used FP growth algorithm. FP growth algorithm have been used in large transaction database, because of the use of compact data structure FP-tree to get frequent itemsets directly from this structure; without generating the candidate sets explicitly like in Apriori algorithm [START_REF] Rakesh Agrawal | Fast algorithms for mining association rules[END_REF]. Following steps have been followed to generate the frequent feature sets of the customized shirts transaction database.

• Create frequent itemsets by applying FP growth to the shirt's feature dataset with minimum support value 0.1 to cover most of the features in itemsets.

• Fetch data from database D contains all the records of shirt's feature transaction data. Corresponding to each fitting type (Comfort Fit, Regular, Super slim fit), which is considered as labels for the classification model let C contains distinct class; FP-growth algorithm applied to get the frequent item set corresponding to each fitting class.

• Using the frequent itemsets, system generates association rules satisfying the minimum support and minimum confidence(0.8) conditions.

• Table . 4.3 and Table . 4.4 shows the statistics for each fitting class rules collection in cluster 1 and cluster 2.

• Rules extracted from database by matching the fabric name in antecedents to get the best shirt feature combination.

• Association rule's A ⇒ B usefulness and positive correlation is measured using lift l, where l¿1, which indicates positive correlation between the antecedent and consequent item or feature set.

• For example cluster 1 is predicted for input vector weight, height, collarsize, let these elements be w = 80, h = 190, c = 42 cluster 1 is predicted for the given input vector and step 2 predicts fitting type Regular, and step 3 will read data from association rules table for regular fitting. Table 4.4 shows the count of association rule table corresponding to each available fitting type in the system; Corresponding to regular fitting there are 39 rules in the system, which are used to build the best shirt feature combination for regular fitting. Then, the rules further filtered by matching antecedents with specific shirt feature. Let say, the rules related to cuff extracted to know, which other feature of shirt "go together", like collar style, fabric type, Collar white. Also, evaluation metric confidence and lift used to get the strongest rules for the prediction, and only rules with confidence value greater than 0. 

Process 2: Fifth module 3d ease prediction model

After, collecting the buyer's historical data from the online garment configurator and performing the clustering and classification to discover the hidden knowledge. Further, we have conducted the experiment with the help of designers to collect the complete process information starting from the 2d pattern creation to the 3d garment ease evaluation by designer on 3d avatar to get the fit and comfort insight before the final production of the garment.

Ease allowance considered one of the most conclusive parameter for analyzing the fitting and comfort of the garment over 3D CAD tools [START_REF] Thomassey | A template of ease allowance for garments based on a 3D reverse methodology[END_REF]. Following sections highlight the process of collecting the information from designer to actually reach to the final ease prediction model:

Generalization of garment pattern structure line creation rules

Every designer have their own rules for creating any specific garment fitting style, which actually depends on the target population and the designer's expertise. So to collect such information it is always to ask designers to provide information manually or the information can be retrieved directly from the platform by enabling the 3d cad tools to generate the parametric information corresponding to each garment pattern structure line. so that the combination of points can be named and assigned a required numerical value. In a similar way we have collected the pattern structure line point and their values with the help of designer to realize the rules followed by the designers to create the different size. And after processing the parametric information we can extract the general rules followed by designers to do the adjustment and also these adjustment can be used to provide the recommendation about user specific profile to the new designers. Following points have been explored.

Key positions on men's shirt

A men's shirt is generally composed of front panel, back panel, yoke, collar, collar stand, sleeves and cuff. 

Description on the men's shirt cut pieces and patterns

A cut piece is a fabric cut according to the garment pattern. By sewing these cut pieces, we obtain a desired garment. A cut piece derives from its corresponding garment pattern but it is not the same. The outline of a cut piece is usually formed by a series of operations of symmetry division and splice on the garment pattern according to the desired pattern Figure .4.8 and Figure .4.9 shows the shirt pattern and patter pieces with description of its elements.

Key structural lines and control points on a men's shirt pattern

In Figure .4.12, the control points should be clearly and automatically identified for the patterns of each given shirt before applying the following adjustment rules. These control points constitute the key parameters of the patterns (pattern parameterization).

• Collar structural line on the pattern and its corresponding position on the garment Figure. (c) Key positions to be adjusted on the garment : Step 2:Determining the moving direction of the control points: moving to left and top is for increasing the size, i.e. the moving direction of the pattern control points A 1 , B 1 in our example.

Step 3: Determining the step size in different directions of the control points 98 • Neckline adjustment in yoke.

Step 1: Determining the baselines see Figure Step 2: Determining the moving direction of the control points. Moving to right is for pattern size Step 2: Determining the moving direction of the control points: moving to right and top enables to reduce the size, i.e. the moving direction of the pattern control points E 1 , E 2 , G 1 , G 2 , I 1 , I 2 in our example;

Step 3: Determining the step size in different directions of the control points:

E 1 , E 2 : horizontal direction : dx E1 = dx E2 = dB 4 = 1cm; vertical direction : dy E1 = dy E2 = 0; 103 G 1 , G 2 : horizontal direction : dx G1 = dx G2 = dB 4 = 1cm,
To ensure that the shape of the side seam is not deformed, it will be consistent with the change of the bust point;

vertical direction : dy G1 = dy G2 = 0;

I 1 , I 2 : horizontal direction : dx I1 = dx I2 = dB 4 = 1cm
, To ensure that the shape of the side seam is not deformed, it will be consistent with the change of the bust point;

vertical direction : dy I1 = dy I2 = 0;

• Sleeve adjustment Due to the decrease of the bust, the armhole arc will become shorter, causing the adjustment of the corresponding sleeve cap arc. Step 2: Determining the moving direction of the control points (see Figure .4.17).

Step 3: Determining the step sizes of the control points in different directions: Step 2: Determining the moving direction of the control points: moving to left and top enables to increase the size, i.e. the moving direction of the pattern control points C 1 , C 2 , D 1 , D 2 in our example;

E 3 , E 4 : Horizontal direction : dx E3 = dx E4 = 1cm,
Step 3: Determining the step size in different directions of the control points:

C 1 , C 2 : horizontal direction : dx C1 = dx C2 = 0; vertical direction : dy C1 = dy C2 = 0; D 1 , D 2 : horizontal direction : dx D1 = dx D2 = dSW 2 = 0.6cm;
vertical direction : dy D1 = dy D2 = 0;

Step 4: Checking the length of the armhole arc: Step 2: Determining the step size in different directions of the control points:

E 1 , E 2 : horizontal direction : dx E1 = dx E2 = 0; vertical direction : dy E1 = dy E2 = 0.7cm; O 1 , O 2 : horizontal direction : dx O1 = dx O2 = 0;
vertical direction : dy O1 = dy O2 = 0.7cm;

• Sleeve adjustment Due to the decrease of the armhole arc, the corresponding sleeve cap arc will be adjusted. Step 2: Determining the moving direction of the control points (see Figure 4.21).

Step 3: Determining the step sizes of the control points in different directions: E 3 , E 4 : Horizontal direction : dx E3 = dx (E4 = 0.7cm, it is consistent with the decrease of the armhole arc on the front and back parts.

V ertical direction : dy (E3 = dy E4 = 0;

Grading rule extraction from the pattern structure line data

• Regular Shirt Pattern and Rule Extraction, data which we collected by processing the shirt size [START_REF] He | A social network-based recommender system (SNRS)[END_REF][START_REF] Keung Wong | A decision support tool for apparel coordination through integrating the knowledge-based attribute evaluation expert system and the T-S fuzzy neural network[END_REF][START_REF] Sotiris B Kotsiantis | Supervised machine learning: A review of classification techniques[END_REF][START_REF] Bassel | Functional network construction in Arabidopsis using rule-based machine learning on large-scale data sets[END_REF][START_REF] Berkhin | A survey of clustering data mining techniques[END_REF][START_REF] Bianchini | Learning without local minima in radial basis function networks[END_REF][START_REF] Petravidnerova | PetraVidnerova/rbf keras[END_REF][START_REF] Taniar | Integrations of Data Warehousing, Data Mining and Database Technologies: Innovative Approaches[END_REF][START_REF] Rusu | Converting unstructured and semi-structured data into knowledge[END_REF][START_REF] Wang | Physical and mechanical testing of textiles[END_REF] pattern's data from designers. Before providing the parametric information of shirt pattern, they have created the the pattern in CAD 2D pattern creation tool and then each point with the assigned value named with self-explanatory set of words.

• This data contains 54 parameters with non-negative values. These parameters can be categorized in to two classes:

-Constant class parameters : These parameters contains a constant value, which remains similar for all sizes.

-Variable class parameters: This class of parameter signifies that there is a variation in the values of parameters for 10 different sizes.

• We analysed, that out of all 54 parameters 33 are static and 21 are variable parameters. The value of variable class of parameters contributes to the extraction of the rule for pattern adjustment. That how the variable class parameters are modified to create the new size pattern by using addition and subtraction operation.

• Table .4.6 shown the list of parameters, which belongs to the variable class. Each parameter's value to create the respective size is used to create the pattern of new size by using applying addition and subtraction operation adding or subtracting the given values to the base pattern measurement matrix. Following equation 4.8 has been used to extract the rules followed by designers to create the one size bigger and the equation 4.9 used to recreate the pattern structure line for one smaller size and bp 1 stands for first parameter of base pattern, rule bp1 stands for rule for first base parameter and new bp1 stands for first parameter for new base 
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4.5.7 Construction of garment ease prediction model

Background

The traditional way of garment creation was really time consuming and tough task and includes many steps where professional designers complete intervention was reacquired with good knowledge of fabric. In traditional method paper pen had been used to create pattern drafts, after that and then the 2D pattern of the garment draped over the 3D form body to see the complete design of the garment and then the ease of the garment measured. The whole process usually involves the close involvement of the professional designers.

By the time during 1980s research into virtual garment started to gain the pace, when film industry utilized the 3d generated images in the films. During that time physical accuracy for the textile graphics was considered less important than the aesthetic representation [START_REF] Power | Integrating 3D scanning data & textile parameters into virtual clothing[END_REF]. Later in 1987 Terzopoulos et al work came to the light with the simulation application for the mechanical cloth [START_REF] Volino | From early virtual garment simulation to interactive fashion design[END_REF]. However, with the continuous advancement in the field of garment simulation; first application was presented in 1990s with actual simulation of garment based on the components such as body modeling and animation, and collision detection and response [START_REF] Volino | From early virtual garment simulation to interactive fashion design[END_REF] and the time consuming traditional way of garment creation is replaced by the efficient computer aided design (CAD) tools.

Also, the use of 3D CAD tools for garment designing opened the gates for the more close customized garment creation process, where garment user can have the suitable cloth according to their body morphology. The reason behind to work more closely to the human morphology became possible due to the integration of complex 3D avatar of the wearer, virtualization of fabric with its mechanical properties, and the quick body scan to grab the virtual body measurements in more than 100 detailed parameters, automated 2D pattern creation process, automated pattern grading process and virtual sewing process with the pattern visualization over the body and quick ease measurement techniques for designers to analyze the comfort in advance before actual garment production. 3D CAD tools makes it easier for designers to work on different human morphology and, which makes the concept of garment customization specific to body morphology and style more easier and compliant for fashion industry. Also, by performing the complex calculation to calculate ease allowance using 3D avatar and 3D virtual garment measurements and needs designer's intervention to calculate the each for each body part. As, ease allowance is considered one of the most conclusive parameter for analyzing the fitting and comfort of the garment [START_REF] Thomassey | A template of ease allowance for garments based on a 3D reverse methodology[END_REF].

In more simpler words if, we explain the garment ease is the difference between the finished measurement of the garment and the measurement of the human body. Garment ease is one of the most important aspect which affects the wearer's the most, whether it is a design ease or wearing ease of garment. Wearing ease value is decided by the professional experienced designers to make the garment comfortable for the large population, on the other hand wearing ease for the customized garment deals with specific human body morphology and different type of fabrics to calculate the ease of the garment, this process leads designers to work more closely on key body parts of the garment. Garment style like tight loose, slim or super slim fit leads to add or subtract the ease values to maintain the shape of the garment, which is known as the design ease. Design ease is usually considered in addition to the wearing ease. As we know that the ease value is the difference between the garment and body measurement and usually it is a positive value, but incase of the few garments like swimsuits and other technical garment ease value is never positive it is always negative due to the nature of cloth used to make such garment like stretchy fabric is usually considered for such garments.

Such garments are usually smaller than the body measurement and the ease can be obtained partially as the fabric stretches to take the body shape. In case of other fabrics like woven and knit ease value is usually positive. Garment ease calculation needs the human body measurement, garment measurement and fabrics with its mechanical properties and these elements are key to achieve the satisfactory ease of the garment.

However, fashion industry has achieved a lot of success by adopting the 3D virtual garment creation tools, which completely automates the traditional way of creating garments and analyze the comfort of garment in advance before actual production. The process of calculating the ease for each body part professional designers and the expert of utilizing the 3D tool is required and this is a repetitive process if there is a fabric change or new size needs to be tested over the 3D avatar.

Whereas, in the literature optimized solution of calculating the ease of the virtual garment during the garment making process have been proposed like, author has proposed methodology to define, quantify and control the ease allowance in 3D virtual CAD tool by defining a template of ease allowance in 3D for personalized garments [START_REF] Thomassey | A template of ease allowance for garments based on a 3D reverse methodology[END_REF]. However it has been mention in the proposed study by author that to achieve the baseline ease allowance template the whole process of with basic garment design need to be performed to achieve the ease allowance template using consumer morphology and then once it is achieved it can be automatically utilized for the customized garment in the 3D CAD tool environment [START_REF] Thomassey | A template of ease allowance for garments based on a 3D reverse methodology[END_REF]. Another smart and efficient pattern making technique introduced by author, where proposed method is robust and well suited for loose and tight fitting garments, also collectively considered garment ease allowance, fabric elasticity, and draping to propose an versatile pattern making approach in 3D environment [START_REF] Liu | 3D interactive garment pattern-making technology[END_REF]. According to the proposed methodology scope of making efficient and quick patterns is realized, but these techniques still requires the involvement of the expert professionals to design the base line structure of pattern in 3D environment. Another, paper where author has developed a method of reconstructing 3D individual body shape for skirt in computerized pattern making system. Through this research work unique body shape reconstructed using ease allowance values for pattern making [START_REF] Young | Computerized pattern making focus on fitting to 3D human body shapes[END_REF]. In order to make the pattern making process quick and less time consuming based on the literature, we selected a mathematical algorithm to predict the ease allowance, which can reduce the professional designers intervention and can help the new designers to learn from the established prediction model based on the professional designers activity. We aim to automate the process of ease allowance prediction model based on the past action of professional designers, So that the garment pattern making process could become more easier for the new designers.

General scheme

The general scheme of 3d ease allowance prediction model is created based on the Figure.4.22 and used radial basis function artificial neural network(RBFANN) architecture to build prediction model. Following steps have been taken to build the 3d ease prediction model are as follows:

• A 3d garment ease prediction model is developed based on RBFANN. First inputs of the model are the key body parts(across back, across front, bust, waist, pelvis ) of 3d avatar extracted from the lectra 3D CAD tool. Another input is the garment measurement corresponding to each key body part of the actual garment, and the third set of input is the mechanical properties of fabric.

• Collected data divided into parts where input set contains 3D avatar body measurements, garment body measurements and fabric mechanical properties and output set contains ease allowance data corresponding to key body parts(across back, across front, bust, waist, pelvis).

• Proposed model tested and validated by splitting the initial data set into two subsets: First subset of data is used to train RBFANN, second subset of data is used to validate the trained model to evaluate that, how well the trained model is generalized. • Step 5: After the construction of virtual shirts ease data collected for key body parts of shirt (across back, across front, bust, waist and pelvis). Each key body part's five ease values obtained corresponding to 5 chosen fabrics to see the influence of fabric on the garment ease.

Learning data acquisition

• Step 6: All the 8 human body measurements, 8 different shirt sizes, and 5 fabrics with different fibre composition are utilized to evaluate the 3D ease of virtual shirt. This experiment resulted to 320 records to make the knowledge base, obtained records then further utilized to implement 3D ease non linear functional approximation prediction model.

4.

Learning data formalization Data and concept involved to train the prediction model are formalized as follows:

Let F = {f 1 , f 2 , .....f n } where n=5 are involved fabric set. Let F j P = {f j p 1 , f j p 2 , .....f j p m } where m=15 and f j p m is the m th mechanical property of fabric f j where f j (j {1, , 2..., n}). Let P = {p 1 , p 2 , ..., p n }, where n=8 be a set of male body measurements involved. Let P i BP M = {p i bpm 1 , p i bpm 2 , ..., p i bpm q }, where q=5 are the involved key body parts measurement set and values are extracted from 3D avatar of p i where p i (i {1, , 2..., n}).

Let P i BP GM = {p i bpgm 1 , p i bpgm 2 , ..., p i bpgm q }, where q=5 is the vector of involved key body parts garment measurements extracted from 3D virtual garment of p i where p i (i {1, , 2..., n}). Let P i E = {p i e 1 , p i e 2 , ..., p i e q }, where q=5 is vector of involved key body parts to measure the ease allowance fori t h person P p i where p i (i {1, , 2..., n}).

Implementation of radial basis function artificial neural network

• General overview of RBFANN architecture RBFNN is an artificial neural network that uses radial basis functions as activation functions. The RBFNN architecture contains three layered feed-forward neural network. First layer of RBFANN receives input and distributed the input signal to hidden layer and neuron in the input layer corresponds to each predictor variable, second layer which is hidden layer uses radial basic function functions;means each neuron in hidden layer consist of a radial basic function like Gaussian function at the end finally third layer makes the output layer and has a weighted sum of outputs from the hidden layer. The activation function for the each hidden unit in hidden layer for an input vector x j is calculated as per given eq. 4.10, where µ i is the i t h cluster center in the hidden layer and σ, also known as spread, was the smoothing parameter,

g i (x j ) = exp -||xj -µi|| 2 2σ 2 i , j = 1, 2, ..., h (4.10) 
To determine the cluster center k-mean algorithm is utilized and following steps are performed:

-Step 1. Intial set of cluster center was supplied to the hidden layer

-Step 2.
Then based on the Euclidean distance metrics used to assign the closest cluster center for the each input of the hidden layer.

-Step 3. New cluster center computed µ k .

-Step 4. If the cluster center changed then repeat the step 2 and step3, otherwise stop

The output layer neurons are fully connected to the hidden layer through the weights w i k. The k th output value for an input x j is calculated as per eq.4.11, where One random sample is used to get ease values predicted corresponding to five key body parts of shirt across back, across front, bust, waist, pelvis. Trained ease prediction model is utilized to predict the 5 body parts ease value, as prediction method of model is called over the input vector x= [34.71,37. In continuation, predicted ease values further utilized to recreate the pattern, corresponding to the same fabric and similar body dimension, which was chosen to predict the ease of the garment and visualized using the 3D CAD tool and evaluated by the designer. Utilization of ease prediction model can increase the efficiency of creating the pattern without having the much of professional experience and a quick insight and the impact of fabric change over ease can be considered at early stage during the virtual try on by visualizing the difference between the ease values.

y k (x j ) =

Discussion

As per the Figure . 4.26 interactive garment co-design system is incomplete without considering the professional garment designer's knowledge base. Though ease prediction model is built on the activities performed by designers in offline mode due to the utilization of 3D CAD Tool. So, to run an end to end process as shown in Figure Interactive garment co-design system in integration with web api system and second phase further takes the prediction of fitting type, fabric from the first phase including other style attributes, and drill down the virtual try on process with the help of the designers. After that complete virtual garment creation process and its activities logged into knowledge base. Based on the professional designers logged information of their activity non linear functional approximation prediction model using RBFANN created.

Model predicts the 3d ease value for the virtual shirt, which is utilized by for recreating the pattern based on the predicted ease values of key body parts. Then model is compared with BPANN using accuracy curve and has shown that model is more generalized corresponding to the 20% validation dataset. Sample data which is utilized to train the RBFANN model is based on the 8 different subjects tested with 8 different size of virtual shirt and then tested against 5 different fabrics of unique fibre composition. More samples can be included to increase the accuracy of model and to make it more generalized other factors like young, old generation and different types of morphologies should be considered for future work. Though the proposed model predicts the ease value could be utilized for the pattern creation with different fabrics and could keep the track on wearing ease of consumer corresponding to new fabric.

Process 3: Fifth module mapping of real fabric drape with existing virtual fabric library 4.6.1 Importance and requirement of fabric drape process integration

In the literature of CAD clothing design tools fabric drape has been considered as an essential and key parameter and previous research work has shown that mechanical properties are highly correlated to the drape of the fabric [START_REF] Hu | Effect of fabric mechanical properties on drape[END_REF]. If, garment and fabric simulations are realistic enough then this digital information can help fabric and garment manufacturers to take an adequate action before actual production. It has also been noticed that, similar size garments with similar styles made from different fabrics have shown variations at different levels of fit [START_REF] Ff Cui | Study of the relationship between jacket-business wear fitness and fabric drape[END_REF]. Correct drape measures and detailed description for the Virtual clothing makes it possible for designers that how good a garment will look on the avatar. Also, drape is a great indicator to know the garment conformity and body contour.

Hence, the proposed system has used 3D CAD tool to build the virtual fabric knowledge base by collecting parametric information of complex fabric simulation structure. It has been reported in research work of [START_REF] Lim | Drape simulation of three-dimensional virtual garment enabling fabric properties[END_REF] where different fabrics compared using their mechanical properties and how these properties affects the fabric drape stiffness, garment ease and fit of the virtual garment. Consequently, to build collaborated garment design knowledge base virtual fabric's and real fabric's drape image profile created and analyzed by comparing the drape contour of fabric.

So that the existing insights for similar drape fabric can be used for the new fabric at designing phase of the virtual garment. Hence, to achieve the collaborated designer and consumer based system, fabric drape data has been considered as an essential part. We have used the fabric drape image analysis process to build the connection between the real and virtual fabric drape. Following parameters extracted from drape contour image using Polar coordinate technique:

• Amplitude (A) is half the difference between maximum and minimum radii. It gives the depth of the drape profile with respect to the radius of draped fabric image [START_REF] Kumar | Woven textile structure: Theory and applications[END_REF]: AA in below equation represents Average amplitude

AA = 1 n n i=1 p i -v i 2 (4.12)
where p i is the maximum radius of the draped fabric image profile, v 1 is the minimum radius of the draped fabric image profile.

• Average distance: average distance from zero or mean of contour

AD = 1 n n i=1 p i + v i 2 (4.13) 
• maximum peak: p max is the maximum radius of peak from center.

• maximum valley: v max is the maximum radius of valley from center.

• N is the number of peaks in the draped shadow.

In this step, the real drape contour image integrated to the virtual fabric library by creating the drape profile using polar coordinate technique. The polar coordinate method has been used widely and successfully to analyse fabric drape a low-stress mechanical property. Integration of the virtual fabric knowledge base could help the designers; therefore, new real fabric integration into the knowledge base and finding nearest virtual fabric in the existing library can be used to visualize their designs using the proposed fabric and a reliable 3-D presentation can be seen before production, can be analyzed. The proposed data driven service can be used by designers and technologists to get insights of new fabric by correlating with existing fabrics and garment fitting styles knowledge base. is to create an entry point for an application where requests can be accepted on a port of a server to interact with the application. It hides the real implementation of the application and provides a programming language-neutral model to flexibly interact and integrate the application [START_REF]What is a web service? Library Catalog[END_REF]. It encourages programming language independent, cross-technology interaction between applications. Using web services enterprises expose their Applications As Service over the internet [START_REF] Quan | Web services composition: A decade's overview[END_REF].

W3 defines the Web Service as

"A Web service is a software system designed to support interoperable machine-to-machine interaction over a network. It has an interface described in a machine-processable format (specifically WSDL). Other systems interact with the Web service in a manner prescribed by its description using SOAP messages, typically conveyed using HTTP with an XML serialization in conjunction with other Web-related standards." [START_REF]Web Services Architecture[END_REF].

An application is the concrete implementation of a business process that processes the real data and a web service works one layer above to provide an interface to send and receive the data to the software. The interface defines the semantics to the request payload and response as a contract between the service and its consumer. It includes different endpoints, the data type of the request, the fields in the request/response payload.

The Web service acts as a Provider of services or an agent on behalf of its owner (the real application) to serve its requester. The requester could be a person or an enterprise who wishes to consume the provider ser- 

Application Programming Interface

Web API (Application Programming Interface), is the definition of the interface, which defines Service Level Agreement (SLA) between the service provider and consumer which includes the resources exposed through URL and the agreement could be specific to different uses. It also defines the set of specifications for request and response messages in XML or JSON format. Web API uses web services to interact with the applications. The benefit of API implementation provides the abstraction for the modules or application so that the complexity of the applica-tion can hide and a clean contract can be shared with the consumer. Historically, API was used as synonymous to web services but recent trends (Web 2.0) has adopted the REST (Representational State Transfer) and ROA (Resource Oriented Architecture) and maintained a distance from SOAP-based web services. The characteristics of good designed API should be easy to learn and hard to misuse. It should be easy to use, read and maintain. It should be sufficient to provide the requirement and easy to expand for the new requirements. The principle of "API Should Do One Thing and Do it Well" (4). The good API should be well documented to make consumers life easy so the opensource tools kike Swagger provides rich documentation along with the application. Which also carry other important features like try the API on the fly while reading the documentation. API Gateways are used to provide access control along with monitoring the performance of the application. API Gateway plays a very important role to provide access to the authentic users using their unique identification eg. providing a unique API key. It is also used to monitor API performance and capacity management.

RESTful service

REST (Representational State Transfer) is an architectural style web service which mainly focuses on system resources, its state and how to transfer the resource over HTTP. It uses the HTTP explicitly to access the resource following the protocols defined in RFC 2616 [START_REF] Martin | The age of customer capitalism[END_REF]. Under the RESTful design, each resource can be found using its own resource identifier. Resources could support operations like GET, POST, PUT, PATCH, DELETE etc. to interact with the application and its data and it asks developers to explicitly use method implementation in corresponding to the protocol. The basic REST protocol follow the CRUD (create, retrieve, update, delete) operation on resources using the one-to-one mapping using. proxies, failovers. In this scenario the application should not rely on the state but the application request should be stateless so that the payload should have all the data required by the server to process the request, and can be passed to another proxy or load balancer or failover node etc independently not to wait for the state and decrease the response time.

The Prediction API

The Garment fitting prediction API using RESTful services allows users/fashion designers to access the Prediction model for the garments fitting based on the rules defined by the designers and analysis of the historical data.

API allows access of the application using HTTP (Hypertext Transfer Protocol). And provide users an amazing experience to integrate it with their application seamlessly and hassle-free. The prediction model is exposed using REST Architecture Style and leveraging HTTP standards. The API uses the URI (Uniform Resource Identifiers) and predefined data types to reduce the numbers of round trips to identify the resources. These operations need to be conjugated with the URI to do the operation and it returns the JSON structured data with application type 'application/json'.

In general, GET method is prescribed to fetch the data from the API with regards to the parameters provided in the request URI. This method is idempotent and used to get read only queries. POST method is non-idempotent and used to create a new resource and resource data is expected to pass in the body. Prediction API again accepts the data in JSON and validates it before processing. This method always creates a new resource and never expects to modify the existing resource. PUT and PATCH are useful methods to modify the resources. The DELETE operation is useful to remove the resource from the application. The data structure of the request and response is well documented in the swagger and can be found in the API documentation section. REST web services are stateless by architecture and increase the performance by simplifying the design, saving the bandwidth and including the statelessness of an application by excluding synchronizing the application data with external applications/servers.

API Documentation

Swagger is an opensource tool to generate Open API documentation to develop design, document and consume Swagger UI also provides interactive 'try it' functionality to try the exposed endpoint. -"AA average amplitude": 20.01, Parameter for fabric simulation, which is retrieved after drape image processing.

-"AD average distance": 188.51, Parameter for fabric simulation, which is retrieved after drape image processing.

-"MP maximum peak": 219.48, Parameter for fabric simulation, which is retrieved after drape image processing.

-"MV minimum valley": 155.81, Parameter for fabric simulation, which is retrieved after drape image processing.

-"number of peaks": 8, Parameter for fabric simulation, which is retrieved after drape image processing.

-"Weight in gmsqare": 141.42, Offline inserted information into system -"ImageUrl": url of fabric image. Offline inserted information into system

• Method : GET Recommendation/get image Filename or method request url given in above method in ImageUrl attribute. Output: Download file link will provide the fabric image. This methods URL can also be seen in the GetVirtualFabricDetail fabric: -"Processed drape image" "AA average amplitude": 35.57, Drape parameters calculated by applying an image processing model.

-"AD average distance": 207.6, Drape parameters calculated by applying an image processing model.

-"MP maximum peak": 253.27, Drape parameters calculated by applying an image processing model.

-"MV minimum valley": 146.49, Drape parameters calculated by applying an image processing model.

-"number of peaks": 4 Drape parameters calculated by applying an image processing model.

• Method: GET Recommendation/GetGarmentEase, figure.4.42 shows input interface for method GetGar-mentEase. Method shows the collection of shirts with different sizes [START_REF] Sotiris B Kotsiantis | Supervised machine learning: A review of classification techniques[END_REF][START_REF] Bassel | Functional network construction in Arabidopsis using rule-based machine learning on large-scale data sets[END_REF][START_REF] Berkhin | A survey of clustering data mining techniques[END_REF][START_REF] Bianchini | Learning without local minima in radial basis function networks[END_REF][START_REF] Petravidnerova | PetraVidnerova/rbf keras[END_REF][START_REF] Taniar | Integrations of Data Warehousing, Data Mining and Database Technologies: Innovative Approaches[END_REF][START_REF] Rusu | Converting unstructured and semi-structured data into knowledge[END_REF][START_REF] Wang | Physical and mechanical testing of textiles[END_REF], their garment ease allowance values are calculated (offline with the help of designer) for five body parts (across back, across front, bust, waist, pelvis) with 5 various fabrics.

This method can be used to calculate the ease allowance values for different fabrics. The corresponding outputs are:

-"3dBodyLength": 34.71, 3D body length "means the length of model fitting model HTTP 201 success response will be returned. Rating description has shown in table.4.17.

• Method: POST Recommendation/NewUser. Figure .4.45 shows the interface to insert new user information into system. "PersonalIdentifier": 1236, "WeightKg": 100, "HeightCm": 175, "collarsizecm": 45, "Age": 45, "Fabric": "1 024.1ROGNA1 1", "Fit": "Regular", "collar": "High 3 Buttons", "Cuff": "Square Single with Pipe", "Placket": "Real front", "Pocket": "Rounded", "Collarwhite": "n", "Cuffwhite": "n", "gender": "men", "flag": 0, Flag attribute should remain 0 if, we want to feed data to machine learning model. "flagfit": 0 Flagfit attribute should remain 0 if, we want to feed data to machine learning model.

Output: Http 201 response with information of new user added into system using this method. By calling DataPartitioning/birch, DataPartitioning/arf methods, the newly added record will be integrated in the existing machine learning model without affecting previous learning results. 

Rating Id

Conclusion

The two stages of Garment Co-Design Interactive Design System are: 1) Creation of design knowledge base as per the chapter one, and two; 2) Development of an online design recommendation and a data updating mechanism as explained. The professional design knowledge base includes past successful design cases, garment fitting styles and predefined set of attributes, design rules characterizing relations between consumer preferences, their body shapes and design solutions (online bio-metric data, offline 3D garment, body measurements, virtual and real fabric). Then, relevant data on fabrics and garments extracted and saved in relational database management system and then combined with the bio-metric profile classification results, and finally relations between all involved technical parameters of fabrics, garments, bio-metric profile, and consumer/design. These extracted relations constitutes to build garment style rules using knowledge base. Based on the complete knowledge base, the stage of online recommendation mechanism aims to match each formalized consumer profile and recommend the most relevant ones to the concerned consumer with combination of configurable attributes of shirt corresponding to the digital garment, which in parallel created by the designers with 3D ease allowance for 5 key body parts of shirt. A number of interactions can be realized between the consumer and the designer by repeatedly performing the cycle of design recommendation -virtual fitting visualization -interactive performance evaluation and selection -design parameters adjustment (Figure.4.26). The involved producers (garment maker and fabric producer) can also evaluate recommended design solutions by providing technical and environmental restrictions. This process also enable to update the database by progressively integrating data of newly developed fabrics and garment collections using the recommendation API, and learning new knowledge from the latest successful design cases and design rules. Then, in chapter 2 fashion data acquisition, transformation, and load process with the detailed transformation of structured and unstructured data and their conversion to the form and then mapped to the relational database schema. The detailed process of fabric drape image profile steps mentiones, so that the successful mapping with the existing virtual fabric library.

General conclusion and perspectives

In chapter 3 detailed explanation given for the computational tools. These computational tools are used to build the data mining model over online garment configurator's historical data. The first three modules and their general schema of connecting the clustering, classification, and association mining; and another 2 modules of the system fabric drape comparison model and 2d ease prediction model using artificial neural networks explained in the next chapter with their implementation. In chapter 4 modeling of data-driven service with the proposed system architecture explained. How five modules combined together to build the whole system. Finally, in chapter 4 modeling of data-driven service and the application of the presented model explained with the implementation of REST Web service. Web service implementation presented with an overview of the web service with a brief explanation of the general web service flow diagram.

Then, REST protocol followed for implementation of the CRUD operations corresponding to their relevant methods like GET, POST, PUT, PATCH, DELETE operations. Then the prediction API with the detailed description of the dynamic API documentation for the developers with testing of exposed URI's with live database.

Using web API methods all different modules like users customization garment data, biometric data, fabric virtualization and drape properties, Men's formal shirt's pattern data are connected via common output object JSON.

Finally, the developed API is validated with the demo platform built to act as a client to the REST API service to see if the starting from entering the new user profile, how the relational database logs the complete information starting from the prediction of the system, and then how the predicted to style and other attributes can be mapped with designers data and how directly the designers getting the direct insights from the information of user profile by simply calling the API method. Also, designers can recreate the pattern based on the user's feedback by accessing the 3D ease prediction model to get the ease value corresponding to the change of garment measurement or body measurement or change of fabric. This is the demo client http://gfrs-visual.ensait.fr/ for testing and validating the proposed service which is exposed on the server with the http://gfrs.ensait.fr/.

Perspective Due to the limited time and the multiple phases of software development and each phase with their specific deliverable to the European Commission, also to work in collaboration with companies and university partners, we ended up with some of the limitations. The current work is still far from being perfect. In future research few steps are required in the following direction.

• In the current study, we have only used the one business case of customized garment shirts for men to create a combined knowledge base for designers and end-users. But to generalize the knowledge base creation process for customized garment more cases needs consideration and analysis to generalize the personalised garment knowledge base.

• Real time evaluation of developed service requires a common digital platform for designers as well as users.

So that the analysis of combing the different knowledge bases can be seen.

• Developed service integration process is still ongoing with one of the project partners the University of Manchester.

• System should be extended to utilize the user rating and designer's rating data. La révolution 4.0 de l'industrie de la mode est l'une des raisons de la prolifération récente et rapide des technologies dans l'industrie de la mode telles que les outils de CAD 3D, les PLM de mode, les achats en ligne, en configurateurs, ligne de vêtements, ce qui conduit à la diversité des données de mode. De nombreuses entreprises de mode ont mis en place des configurateurs de vêtements en ligne afin que les consommateurs puissent concevoir leurs propres styles. Ces plates-formes ont ajouté des consommateurs en tant que co-concepteurs dans le processus de vêtements personnalisés. Cependant, les solutions numériques existantes intègrent rarement la mode du consommateur, les exigences fonctionnelles et les paramètres techniques du produit aux étapes de conception, de production et traitent rarement de services complets basés sur les données (recommandations, ajustement, gestion des connaissances, etc.) nécessaires aux interactions dans l'environnement complexe de la chaîne d'approvisionnement textile. Dans le cadre du projet FBD_BModel, financé par le programme européen H2020, nous avons initialement créé une structure d'un système de conception interactif par calcul cloud (CC_IDS) pour créer une intégration dynamique entre les concepteurs, les consommateurs et les fabricants. CC_IDS est associé à un nombre de services intelligents basés sur les données de mode et de renforcer la proximité entre les créateurs et les consommateurs de mode. La complexité du processus de développement de produits sera considérablement réduite grâce à un tout nouvel environnement de conception de produits virtuels interactifs avec l'exploitation du big data de la mode en appliquant BIRCH, des algorithmes de forêt aléatoires adaptatifs et le exploration d'associations en mode incrémental pour étendre continuellement la connaissance du modèle existant. En outre, le modèle de prédiction 3D ease utilisant l'algorithme d'approximation fonctionnelle de la fonction de base radiale du réseau de neurones artificiels (RBFANN) . En particulier, sur la base du service de recommandation intelligent développé, nous avons développé un processus de conception de produit innovant en effectuant à plusieurs reprises le cycle d'exploitation des connaissancesrecommandation de conception -ajustement des vêtements -évaluation en ligne du concepteur et du consommateur -ajustement -mise à jour de la base de connaissances.
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Résumé en anglais

The fashion industry 4.0 revolution is one of the reasons for the recent and rapid proliferation of technologies in the fashion industry like 3d CAD tools, fashion PLMs, e-shopping, Garment online configurators which leads to the diversity in fashion data. Many fashion companies implemented online garment configurators so that consumers can design their own styles. These platforms added the consumers as the co-designers in the process of customized garments. However, the existing digital solutions rarely integrate consumer's fashion, functional requirements, and product technical parameters at the design, production stages and rarely deal with full data-based services (recommendations, fitting, knowledge management, etc.) needed for interactions in the complex textile supply chain environment. In the frame of the FBD_BModel project, funded by the European H2020 Program, we originally created a cloud computational interactive design System(CC_IDS) structure to build dynamic integration between designers, consumers, and manufacturers. CC_IDS is associated with the number of intelligent data-driven services to enhance the proximity between designers and fashion consumers.

The complexity of the product development process will be drastically reduced through a whole new interactive virtual product design environment with fashion big data exploitation by applying BIRCH, adaptive random forest algorithms, and association mining in an incremental mode to continuously extend the knowledge of the existing model. Also, the 3d Ease prediction model using the functional approximation algorithm radial basis function artificial neural network (RBFANN). Especially, based on the developed intelligent recommendation service, we developed an innovative product design process by repeatedly performing the cycle of knowledge exploitation -design recommendation -garment fittingdesigner's and consumer's online evaluation -adjustment -knowledge base updating.
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Garment industry, digital garment process, decision support system, garment simulation, Data mining, Incremental machine learning algorithm, intelligent garment recommendation, Image processing, data-based service, Radial basis functional artificial Neural network
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 1 Figure 1: The proposed B2B2C fashion big data business model for digital textile and digital clothing supply chain
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 2312 Figure 2: The proposed data-driven service architecture of (API)
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 4111 Modeling of data driven service (chapter4) First, system architecture of proposed data-driven service is explained including recommendation engine architecture. Then the complete flow to process the prediction request explained in the five steps. Second, web service implementation with an overview on the web service with a brief explanation of general web service flow diagram. Then, REST protocol for implementing the CRUD operations and how they are associated with GET, POST, PUT, PATCH, DELETE operations.Then the prediction API with the detailed description of dynamic API documentation for the developers with testing of exposed URI's with live data base.In this chapter, we state the technology advancements occurred in the fashion industry due to the industry 4.0 revolution and its impact over the consumer behaviour. An overview of traditional data filtering techniques over the web based fashion platforms and design based recommendation model based on the online configurator fashion platform presented to build the concept that how the techniques to build recommendation varies based on the consumer interactions over the various kind of web based online platforms. Detailed overview of our research work which is divided into modules and the proposed data-driven service architecture. Fashion industry 4.0 revolution impact Following factor came in light with fashion industry 4.0 revolution: Fashion industry 4.0 and advanced digital technologies: The Fashion industry is quickly advancing to Industry 4.0 standards by opting the digital solutions at every level of the textile supply chain. In few years, the fashion industry has witnessed explosion in the number of web-based solutions to give more personalized solution to consumers like, fashion e-shopping platforms not only selling online clothing, but also giving options to consumers to design or customize their cloths by selecting or making combination of style attributes over online garment configurator. Here, online garment configurator means where e-shopping platform of fashion companies allows the user to make their own configured garment by choosing the styling attributes they like e.g shirt with various list of styling attributes on online platform allows users to choose the attributes they like

4 .

 4 Diverse amount of data and consumer proximity Fashion industry 4.0 has opened the trend of data exchange with the internal stakeholders of fashion industry. It is one of the key characteristics of Industry 4.0 that, it makes possible for the production companies to connect the production, product development and product usage and makes it possible to realize the value added process to reach to the requirements of the customers and build close proximity with them. It has already been mentioned in "The state of fashion 2019" Mckinsey's
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 11 Figure 1.1: Introduction of proposed service's module
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 21 Figure 2.1: Data acquisition model for personalized garment

Figure 2 . 2 :

 22 Figure 2.2: 3D simulation process of virtual shirt

  simulated fabric drape images are represented in the form of mesh point structure as shown in Figure.2.3 which is further used in image processing method.
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 235024 Figure 2.3: Simulation in drapeometer

Figure 2 . 5 : 51 Figure 2 . 6 :

 255126 Figure 2.5: Gray scale image
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 27 Figure 2.7: Gray scale image conversion to binary image

Figure 2 . 8 :

 28 Figure 2.8: Binary image after morphological dilation

Figure 2 . 9 : 1 .

 291 Figure 2.9: Fabric drape contour image after edge detection

Figure 2 . 10 :

 210 Figure 2.10: Drape contour with very smallest node

Figure 2 . 12 :

 212 Figure 2.12: After node elimination process eliminated peak and valley is unmarked.

Figure 2 . 13 : 56 Figure 2 . 14 :

 21356214 Figure 2.13: Peak and valley in signal of drape with new sine wave signals after node elimination process

Figure 2 . 15 : 57 Figure 2 . 16 :

 21557216 Figure 2.15: Fabric drape contour with very less distance between two nodes

Figure. 2 .

 2 17 shows the resultant plot after eliminating peaks and valleys. Final drape contour comparison 2.19 and new sine wave recreated by counting number of peak, valley and dimension of the signal as shown in Figure. 2.18.

Figure 2 . 17 : 59 Figure 2 . 19 :

 21759219 Figure 2.17: Peaks and valleys after removing noises on the original signal

Figure 2 . 20 :

 220 Figure 2.20: Four features from contour of drape between Polar coordinate System and Cartesian System

  single parent node and many child nodes. Hierarchical clustering is the combination of two different methods, Divisive clustering and Agglomerative clustering. Agglomerative clustering works, just identical to bottom up approach. Where each node is recognised as independent cluster. Then clusters are merged with identical clusters. Linkage of the clusters can be accomplished by single, centre and complete methods. On the other hand, divisive clustering algorithm is based on the top down approach. In which clusters are identified as independent clusters. Which can be further segregated into the number of clusters based in the criteria like distance and density.

  Research paper has shown the comparison of the four supervised clustering algorithms named as top down splitting (TDS), Supervised clustering using evolutionary computing (SCEC), Single Representative Insertion/Deletion Steepest Decent Hill Climbing with Randomized Restart (SRIDHCR) and Supervised clustering deviates SPAM with the traditional clustering algorithm Partitioning Around Medoids (PAM) and shown the enhancement in the class purity by 9% to 25% [60].
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 31 Figure 3.1: CF Tree

  mended design solution by designers and consumers, constitutes a closed-loop, permitting to continuously update the knowledge base with increasing business cases of e-shopping (fashion big data environment). The structure of the proposed garment knowledge base is shown in Figure.4.1. This chapter provides the detailed description of data mining techniques to build the prediction model.
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 42421421 Figure 4.2: Proposed service architecture
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 43 can be clearly seen that threshold value 1.7 predicts 2 cluster with maximum silhouette score 0.3846 which indicates better cluster formation. Hence threshold value 1.7 chosen to set up biometric profile prediction model. BIRCH model predicted 2 clusters on initial dataset corresponding to the threshold value 1.7 and its formation and total record count has shown in Figure.4.4 and Table.

4 . 1

 41 and in the Figure. 4.4 it can be clearly seen the spherical data point spread and this is one of the advantage of the BIRCH clusterinfg that it performs well on the spherical data points.
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 43431431 Figure 4.3: Selection of appropriate threshold value
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 44 Figure 4.4: Cluster formation with silhouette score 0.3846

Figure. 4 . 7 shows

 47 collar and collar stand. Collar stand is usually covered by collar (See figure.4.27 and Figure.4.27) but it is a very important part, linking body and collar.

  4.10. 
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 4594464559547 Figure 4.5: Men's shirt key positions
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 48 Figure 4.8: Description of shirt pattern

Step 1 :

 1 4.10) are A 1 , A 2 , B 1 , B 2 ii. Moving of the control points • Neckline adjustment in front panel Figure.4.13. Determining the baselines on the front panel (red lines): bust line (B.L.) in horizontal

Figure 4 . 9 :

 49 Figure 4.9: Description of shirt pattern cut pieces

Figure 4 . 10 :Figure 4 . 11 :B 1 :

 4104111 Figure 4.10: Collar structural line

  .

4 . 14 . 99 Figure 4 . 12 :Step 3 : 2 : 2 :• 1 :

 414994123221 Figure 4.12: Sleeves structural line

Figure 4 . 13 :Step 3 :F: 2 .

 41332 Figure 4.13: Front neck adjustment

Figure 4 . 14 :

 414 Figure 4.14: Over shoulder collar adjustment

Figure 4 . 15 :

 415 Figure 4.15: Collar and collar stand adjustment

( c )

 c Key positions to be adjusted on the garment: i. Bust; ii. Waist circumference; iii. Front and back hem; (d) Steps of adjustment: i. Determination of the step size 34 and 36 are two neighboring garment sizes and their variation at bust girth is dB=4cm, namely we need to reduce the bust by 4cm in the shirt of size 36.For this purpose, we need to move the corresponding control points on the shirt of size 36. These control points (see Figure.

  4.12) are E 1 , E 2 , G 1 , G 2 , I 1 , I 2ii. Moving of the control points• Front and back parts adjustment

Figure 4 . 16 : 1 :

 4161 Figure 4.16: Garment circumference adjustment

  4.16);

Figure 4 . 17 :Step 1 :

 4171 Figure 4.17: Sleeve circumference adjustment

  4.17);

4 . 1 :

 41 it is consistent with the increase of the Shoulder fitting adjustment (a) Scenario : A consumer finds from the try-on of a shirt of size 34 that the shoulder width is a little tight but the other positions are very fitful and the shoulder width of size 36 is more relevant for him. (b) Objective of adjustment Based on the shirt of size 34, we will change its shoulder width into that of size 36. (c) Key positions to be adjusted on the garment Shoulder line on the body structure (front panel, yoke); (d) Steps of adjustment: i. Determination of the step size 34 and 36 are two neighboring garment sizes and their variation at shoulder position is dSW=1.2cm. Therefore, the objective of adjustment is to increase the size of shoulder width by 1.2cm in the shirt of size 34.For this purpose, we need to move the corresponding control points on the shirt of size 34. These control points (see Figure.4.11) are C 1 , C 2 , D 1 , D 2 ii. Moving of the control points • Front and yoke adjustment Step Determining the baselines (see Figure.4.19);
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 4195 Figure 4.19: Front yoke adjustment

  4.11) are E 1 , E 2 ii. Moving of the control points • Front and back panel adjustment

Figure 4 . 20 :Step 1 :

 4201 Figure 4.20: Front back panel adjustment

Figure 4 . 1 :

 41 Figure 4.21: Sleeve adjustment

Figure. 4 .

 4 [START_REF] Bennett | The Netflix Prize[END_REF] shows general architecture of radial basis function artificial neural network.

h 1 wFigure 4 . 23 :

 1423 Figure 4.23: Architecture of RBFANN[START_REF] Ko | Short-term load forecasting using SVR (support vector regression)based radial basis function neural network with dual extended Kalman filter[END_REF] 
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 424 Figure 4.24: RBFANN accuracy curve

Figure 4 . 25 :

 425 Figure 4.25: BPANN accuracy curve

  .
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 4264 Figure 4.26: Interactive garment co-design system in integration with web api

Figure 4 . 28 :

 428 Figure 4.28: General web service diagram

1. POST -to create a resource 2 .

 2 GET -to retrieve the resource 3. PUT, PATCH -to update the resource 4. DELETE -to remove the resource[START_REF] Rodriguez | RESTful Web services: The basics[END_REF] In response to the request, it includes the response code eg shown in Figure.4.29.

Figure 4 . 29 :

 429 Figure 4.29: Response code example

the

  RESTful services. Swagger is embedded in source code which automatically generates all the source code and hence implements bottom-up API development. It lists all the exposed URIs with operation type as shown in Figure.4.30, 4.31, 4.32. It also documents all the request parameters, request and response body supported by the API.
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 4 Figure 4.30: Exposed endpoints
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 4 Figure 4.31: Exposed endpoints
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 4 Figure 4.33: authorization window where service token needs to be added
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 436 Figure 4.36: GetVirtualFabricDetail method interface

Figure 4 . 37 :

 437 Figure 4.37: Input interface for Get image method which takes filename as input

Figure 4 . 38 :

 438 Figure 4.38: Output image file received after using download button

Figure 4 .

 4 Figure 4.39: input interface for Get nearestFabricDrape method which takes number of peaks, MV minimum valley, MP maximum peak, AD average distance, AA average amplitude as inputs

Figure 4 . 40 :

 440 Figure 4.40: Input interface for uploadDrapeImage method which takes a jpg or png file as input

Figure 4 . 43 •

 443 Figure 4.42: input interface for GetGarmentEase method which takes garment size and BodyPart as inputs

Figure 4 . 43 :

 443 Figure 4.43: Virtual garment generated from the recommended design solution

Figure 4 .

 4 Figure 4.44: input interface for designerRating method which takes JSON object as input with following attributes rating, designerId, and recommendation Id

Figure 4 .

 4 Figure 4.45: input interface for NewUser method which takes JSON object as input with following attributes to insert the new user profile into the database

Figure 4 .

 4 Figure 4.46: getclosesizeinotherfitting method interface

Figure 4 .

 4 Figure 4.47: getvirtualcolormapimage method interface
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 448 Figure 4.48: ShirtPattern method interface

Figure 4 . 49 :

 449 Figure 4.49: ShirtPatternRule method interface

Figure 4 .

 4 Figure 4.50: updatePatternRule method interface

Industry 4 .

 4 0 and the rapid growth in advanced technologies in the fashion industry and digitalization at every step of the fashion supply chain has opened way to data proliferation and a centralized business model to build interaction between fashion supply chain actors based on their knowledge base. Unfortunately, there is a lack of connectivity between the fashion supply chain actors, and no direct communication can be formalized. In our research project, we have worked on the two key fashion supply chain actors in the direction of personalized fashion design solution, one is the final user or the garment buyer and the other is a professional user or the garment designer. Various fashion companies adapted and working with advanced online platforms to grab more consumer's attention and to fulfill their needs. Some of the fashion companies working more closely with the final consumer by giving them the option to customize their clothes by choosing different style attributes and fabric. Also, the designers work more closely on such customized requirements using the 3D CAD tools. Although, various recommendation systems have already been developed and used by the fashion industry for predicting the relevant fashion garment based on the items in historical data and the neighboring consumer profiles history. But hardly any platform which works together by combining the professional and non-professional user's knowledge base of designers and users and building mutual real-time insights. We developed an innovative product design web service (REST API) by repeatedly performing the cycle of knowledge exploitation -design recommendation -garment fitting -designer's and consumer's online evaluation -adjustment -knowledge base updating.First, in chapter 1 we introduced the fashion industry 4.0 and its impact on the fashion industry. How new technologies and digitized platforms adapted by the fashion industry and the state of the fashion industry in 2019 as per the "Mckinsey survey report". After that different recommendation models with different filtering techniques in the fashion industry described to create the base of our recommendation system in our thesis.
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Collaborative filtering (CF): Collaborative

  

	based on the uniquely user profile than seeing the other similar user profile. So suggestions generated by users. Item-based collaborative filtering first invented by amazon.com [20].
	by model is dependent on the specific user behaviour. Another, advantage is the transparency. due to the • Model-based filtering approach has been used to solve the problem of data scalability and sparsity by
	specific user's profile exploitation it has been sure that given recommendation result has only user's action training model with the training data set. The building process of the model can be done using machine
	influence. Also content based systems are capable enough to recommend new item without waiting for learning or data mining algorithms. In semantic review work [21] has shown a list of widely used in RS like
	the initial rating. K Means, Support Vector Machines (SVM), Bayesian, Decision Tree, Decision Tree, k Nearest Neighbors,
	• Despite of dealing with some of shortcoming of collaborative filtering technique, content based model also Clustering, etc.
	contains some disadvantages like, limited content analysis because of domain knowledge is required to
	build the good set of keyword to map the items with users profile and lack of descriptive information fails
	to do the distinction between the items. Other issue is over specialization problem or serendipity problem
	[16] is well known issue in content-based model because of finding the best match with user profile with
	great system accuracy, regardless the usefulness and resultant suggestions are most likely to be well
	known to the user.
	Previous research work in the area of the fashion industry has already applied CBF technique for the clothing
	recommendation by analyzing the content based image, fashion keyword library analysis for providing best
	1. Content-based filtering: Content based filtering (CBF) techniques build recommendation model by parsing
	out of garment knowledge base. [17, 18, 19].
	description set defined for items and same description of items previously rated by users picked to analyze
	and create the user's profile. Content based recommendation are simple and efficient to build the recom-2. filtering (CF) eventually became popular and successful after the
	mendation model which keeps user independence live by creating the user profile based on his past actions. successful modeling of the user preference for the Netflix prize. CF technique is the process of evaluating
	Content based model collects user past action via explicit and implicit feedback. Explicit feedback needs the items based on the other user's opinion, but also maintains the personalized suggestion of the item by
	user's involvement like giving rating on binary or numerical scale and textual comments. Implicit feedback recommending the most appropriate opinion of other users.
	doesn't need direct involvement of users and the information is processed on the basis of user behaviour over
	• Memory-based and model-based collaborative filtering algorithms. Memory-based algorithms use all
	platform like item cancellation and returns indicates the negative feedback and frequent interaction with few
	historical user item data to create recommendations. It can be divided further as user-item based collab-
	items indicates the positive feedback. There are evident advantages and disadvantages of the content based
	orative filtering and item-item based collaborative filtering. User-Item filtering works by finding the same
	system, which are briefly as follows [15]:
	user on the basis of similarity of ratings and recommend the items that similar user liked. Item-item col-
	• User independence can easily be maintained because content based model process the information laborative filtering is based on the similarity value calculated between items based on their ratings given

Configured shirt Cuff Fitting Type Collar Fabric user profile

  

	4898	13	3	27	15	4349

Table 2 .

 2 

1: Count of available configured shirt and its attributes

  1. First reason for opting clustering in the proposed data driven service structure is to build a scalable model by splitting up the data in small relevant groups based on the bio-metric profile corresponding to the personalized men's formal shirt. So that model's baseline for the final recommendation can be constructed based on the bio-metric profile.

	(a) First operational model includes an incremental clustering algorithm to predict the most relevant biometric
	profile influenced group for a specific consumer.	
	(b) Second, operational model includes incremental classifier algorithm (Adaptive random forest classifier)
	Mean performance Complete dataset
	arf -Accuracy	0.6400	
	arf -Kappa	0.3533	
	Table 3.1: Prequential evaluation of online ARF Classifier before clustering
	Mean performance Cluster 1 Cluster 2
	arf -Accuracy	0,7298	0,7773
	arf -Kappa	0,4405	0,587
	Table 3.2: Prequential evaluation of online ARF Classifier after clustering
		77	

2. Improve the classification accuracy of the fitting prediction model and. Following Table

.

3.1 shows the accuracy around 64% for adaptive random forest (arf) classifier without performing prior clustering over the data and on the other hand, Table

.

3.2 shows the improved accuracy number for each arf classifier trained over two identified clusters.

Table 4 .

 4 

			Cluster 1	
	Fitting type	FrequentItemset count	support
	ComfortFit	16		10%-87%
	Regular		58		10%-100%
	SuperSlimFit 15		10%-92%
			Cluster 2	
	ComfortFit	23		10%-89%
	Regular		58		10%-100%
	SuperSlimFit 19		10%-89%
	Table 4.3: Frequent itemset statistic for each fitting class
			Cluster 1	
	Fitting type	Number of Rules count	support	confidence
	ComfortFit	5		11%-46% 91%-97%
	Regular	39		11%-50% 87%-100%
	SuperSlimFit 4		10%-42% 93%-96%
			Cluster 2	
	ComfortFit	7		10%-27% 89%-95%
	Regular	35		12%-35% 80%-100%
	SuperSlimFit 5		11%-23% 90%-100%

80 and lift value greater than 1 considered. Matching rules for cuff are shown in Table.4.5. 4: Association rules statistic corresponding to each fitting class

Table 4 .

 4 

	Antecedent
	Id

5: Association rules for shirt feature cuff

Table 4 .

 4 Steps to build the knowledge base for digital garment creation process is as follows. 9: Continuation of table.4.8

	id W	C				TH	BR1	BR2	TREMT1 TREMT2 TRLT1
	95.00	100% Cotton			0.05 5.89	3.56	2.85	6.27	0.76
	288.00 100% Wool				0.07 17.66 11.77 5.80	3.94	0.69
	32.00	100% Silk				0.05 0.74	0.34	4.35	16.70	0.80
	342.00 100% Cotton			0.05 34.64 21.46 9.23	5.18	0.69
	192.00 94% Cotton 5% Polymid 1% Elasthane 0.06 9.93	8.71	4.73	27.23	0.65
			Table 4.8: Fabric data with mechanical properties
		id TRLT2 TRWT1 TRWT2 SRG1 SRG2 SRT1 SRT2
		1	0.67	5.30	10.35	0.81	0.81	14.72 14.72
		2	0.70	9.76	6.77	1.72	1.53	14.72 14.72
		3	0.81	0.85	3.33	0.17	0.17	9.81	9.81
		4	0.66	15.65	8.39	3.37	3.01	49.05 49.05
		5	0.53	7.51	36.94	1.84	1.35	15.00 15.00
	Abbreviation Description		Abbreviation Description
	W		Weight			TR LT2		TensileResistanceLTWeft
	C		Composition		TR WT1		TensileResistanceWTWarp
	Th		Thickness (unit cm)		TR WT2		TensileResistanceWTWeft
	BR1		BendingResistanceWarp	SR G1		ShearingResistanceGWarp
	BR2		BendingResistanceWeft	SR G2		ShearingResistanceGWeft
	TR EMT1	TensileResistanceEMTWarp	SR T1		ShearingResistanceTWarp
	TR EMT2	TensileResistanceEMTWeft	SR T2		ShearingResistanceTWeft
	TR LT1		TensileResistanceLTWarp			

Table 4 .

 4 10: Fabric properties description table for table.4.8, table.4.9

		3D Mannequins's key body measurement for shirt
	No across back across front bust	waist	pelvis
	1	34.71	37.04	86.98	87.98	73.89
	2	35.71	38.11	90.99	91.87	78
	3	36.73	39.85	95	95.96	82.01
	4	37.75	40.3	99.01	99.99	86.02
	5	38.86	41.49	103	104	90.04
	6	39.29	41.95	107	107.83 94
	7	40.67	43.42	110.99 111.41 98.01
	8	41.47	44.29	114.97 115	102.21

Table 4 .

 4 11: 3D Mannequins key body part's measurement data for virtual shirtFigure 4.22: Architecture of ease prediction model • Step 1: Eight different body measurements considered to construct corresponding 3D mannequin using 3D lectra CAD tool and the key body parts measurements are collected. Standard men's shirt size chart shown in table.4.7 has been utilised to construct the shirt pattern for the 3D mannequins constructed in step 1.

		Key body parts pattern measurements for shirt
	across back across front bust	waist	pelvis Size
	44.33	44.69	91.89	103.88 104.49 38
	44.93	46.03	96.54	107.6	109.12 40
	46	47.46	96.47	111.29 112.39 42
	47.11	48.09	98.31	115.07 116.27 44
	48.36	49.53	100.12 118.82 120.42 46
	49.48	50.65	102.02 122.87 122.96 48
	50.71	51.49	104.4	126.2	127.16 50
	52.09	52.59	107.78 130.53 131.09 52

• Step 2:

Table 4 .

 4 12: Pattern measurement for key body part's of shirt • Step 3: Each shirt pattern then further utilized to create the virtual shirt for the 3D avatar constructed in step 1 and the final shirt garment measurement data obtained as shown in table.4.12. Each and every virtual shirt created in 3D tool lectra then further tested against the five different fabrics with different fiber compositions and its mechanical properties. Detailed description of chosen fabric has displayed in table. 4.8, table.4.9, table. 4.10.

	• Step 4:

-

  Comparison of the RBFANN model with Backpropagation artificial neural network (BPANN) and the

			Epoch sigma mse	accuracy
			500	0.1	0.0188	0.7578
			500	0.25	0.0079	0.793
			500	0.5	0.0058	0.793
			500	1	0.0028	0.8047
			500	1.25	0.0027	0.7969
			500	1.5	0.0070	0.7617
			500	1.75	0.0153	0.7383
			500	2	0.0418	0.6562
			500	2.25	0.1161	0.4883
			500	2.5	0.2044	0.5234
			500	2.75	0.3204	0.4531
			500	3	0.3391	0.3711
		Table 4.13: Calculated and analyzed MSE for the different sigma values
				RBFANN
	Epoch loss	accuracy mse	val loss	val accuracy val mse
	499	0.002823 0.804688 0.002823 0.012685 0.781250	0.012685
				BPANN
	Epoch loss	accuracy mse	val loss	val accuracy val mse
	499	0.005803 0.683594 0.005803 0.006365 0.671875	0.006365

Table 4 .

 4 14: RBFANN and BPANN comparison differnce between the two models on the same data sample with 20% of validation set the accuracy curve for train and validation set is created. Accuracy curve data for 500 epochs for RBFANN and BPANN is shown in table. 4.15 and table. 4.25. Figure. 4.24 and Figure. 4.25 clearly shows that, the RBFANN model's accuracy curve corresponding to test set is more generalized as compare to the BPANN accuracy curve against the validation set. RBFANN and BPANN model comapred over the 500 epochs and result can be seen in table. 4.14.

	Epoch loss	accuracy mse	val loss	val accuracy val mse
	0	1.025581 0.191406 1.025581 0.876186 0.171875	0.876186
	1	1.020244 0.195312 1.020244 0.873400 0.171875	0.873400
	2	1.016299 0.199219 1.016299 0.870802 0.171875	0.870802
	3	1.012945 0.199219 1.012945 0.868433 0.171875	0.868433
	4	1.009710 0.207031 1.009710 0.866253 0.171875	0.866253
	..	...	...	...	...	...	...
	495	0.002823 0.808594 0.002823 0.012917 0.765625	0.012917
	496	0.002815 0.804688 0.002815 0.012571 0.781250	0.012571
	497	0.002913 0.808594 0.002913 0.012797 0.765625	0.012797
	498	0.002861 0.804688 0.002861 0.012664 0.765625	0.012664
	499	0.002823 0.804688 0.002823 0.012685 0.781250	0.012685

Table 4 .

 4 15: RBFANN accuracy curve

Table 4 .

 4 [START_REF] De | An investigation on the serendipity problem in recommender systems[END_REF]: BPANN accuracy curve

				04, 86.98, 87.98, 73.89, 44.33, 44.69, 91.89, 103.88, 104.49, 95, 0.05,
	5.89, 3.56, 2.85, 6.27, 0.76, 0.67, 5.3, 10.35, 0.81, 0.81, 14.72, 14.72] and then y vector returned
				BPANN			
	Epoch loss	accuracy mse	val loss	val accuracy val mse
	0	1.255189 0.230469 1.255189 0.973620 0.140625	0.973620
	1	1.065259 0.234375 1.065259 0.823501 0.140625	0.823501
	2	0.909692 0.230469 0.909692 0.702508 0.140625	0.702508
	3	0.780366 0.234375 0.780366 0.598431 0.109375	0.598431
	4	0.669734 0.234375 0.669734 0.511944 0.093750	0.511944
	..	...	...	...	...	...	...
	495	0.005829 0.683594 0.005829 0.006387 0.671875	0.006387
	496	0.005823 0.687500 0.005823 0.006382 0.671875	0.006382
	497	0.005820 0.687500 0.005820 0.006380 0.671875	0.006380
	498	0.005809 0.683594 0.005809 0.006372 0.671875	0.006372
	499	0.005803 0.683594 0.005803 0.006365 0.671875	0.006365

4.7 Implementation and deployment of Web API with the proposed ser- vice architecture 4.7.1 Web service

  Web service exposes an application to access it over the network, It defines a semantical interface where a service is running on a server, listening for the request on a defined port over the network, on a protocol such as HTTP. It also defines what are available resources and how to integrate and interoperate with them. In other words, Its purpose

A

Table 4 .

 4 

		Rating Description
	1	Strongly Disagree
	2	Disagree
	3	Neither agree nor disagree
	4	Agree
	5	Strongly Agree

17: Rating scale description 141

Chapter 3

Computational tools for processing online garment configurator's knowledge base

Data grouping using incremental clustering algorithm

The study [START_REF] Berkhin | A survey of clustering data mining techniques[END_REF], provides the overview of the basic concept of clustering in data science. Clustering is known as data modeling technique. This is applicable to handle the large set of data having data points with different attributes.

Clustering is the process of dividing a large set or a large population of data points in a same group, which are more similar to the data points in that group, than those present in the other groups. These groups of data points are known as clusters. It simply means to segregate the data points into clusters, which contain the data points with identical traits and properties .

Unsupervised traditionally clustering is an unsupervised method that is used to partition the data based on the similarity measures. Clustering is a fundamental learning method of data mining and mostly applied on unlabeled data. Two types of clustering methods are broadly used in data mining applications and known as hierarchical and Partition clustering [START_REF] Anil | Data clustering: 50 years beyond K-means[END_REF].

• According to the study [START_REF] Amutha | Different Data Mining Techniques And Clustering Algorithms[END_REF] , Hierarchical clustering works just like the binary tree mode. Which consist of only utilized as quickly as it is coming to system with non-incremental clustering techniques. Service structure which we developed in our research work is created with the vision of connecting the service with online user platform of shirt configurator, where real time user data will come continuously and to build a scalable system we have worked towards the integration of unsupervised incremental clustering algorithm BIRCH, which has been proved efficient to handle the large dataset and able to find number of cluster in run time [START_REF] Zhang | BIRCH: an efficient data clustering databases method for very large[END_REF].

Origin of BIRCH Algorithm

In data science, clustering technique is used to group the large amount of data into clusters, so that the objects or data points within the clusters have similar properties, but the objects or data points are not identical to those present in other cluster. Clustering method is of two types, hierarchical and partitioning. This paper [START_REF] Yogita | A study of hierarchical clustering algorithm[END_REF] presents some improved hierarchical clustering algorithm. This study [START_REF] Yogita | A study of hierarchical clustering algorithm[END_REF] explains, BIRCH clustering being a type of hierarchical clustering algorithm. which lacks in the ability of adjustment. Because , once the decision of merging and splitting has been taken, it can not be undo, nor can do the swapping of the objects within the cluster. If this step is not performed carefully then it will lead to degrade the quality of upcoming cluster. The idea came from, if we want cluster to be very large data sets. The way we used to do it with the traditional methods, very rough clustering at the beginning. Where we produce really tight clusters, but large in number. There are very small diameter clusters.

Then, we used to take on representative point from each cluster, then we try to do the hierarchical clustering on that. This is what we do. We might get the correct cluster. Then we do the second pass through a data and will fix everything. We did one pass through the data to produce some rough cluster. Then after taking the centroid of all the clusters. Then we do the proper clustering algorithm, we only work with this twice. We don't care about millions of the data points, which is small enough that can fit it in memory. Nowadays, memory is so large, we can fit a million of data points in the memory.

But if we have billion of data points and we are not able to fit them into the memory. After the process of clustering so we will have new sets of centroids for all the clusters. So we are making two passes through the data. Once, to produce the cluster, which are very tight and then we take the representative points then we can do the interactive 

Organization of computational techniques for the online configurator knowledge base

Modeling of data driven service 4.1 System architecture of proposed data-driven service

The proposed data-driven service to build the co-design recommendation system aims at recommending the most relevant garment design solutions adapting the morphology and the fashion requirements of any specific consumer, supplied bio-metric parameters (weight, height, collar size) have been collected with online configurator of men's formal shirt and denoted as (W,H,C) respectively. It strongly depends on the design knowledge base and historical data. The proposed recommendation model is composed of five operational modules in order to generate the five different design components (influenced body shape group, garment fitting style, design attributes-based rules, nearest virtual fabric, 3D ease prediction), which constitutes together the final recommended design solution.

These operational modules include below points as complete steps and their relation and dependency to process the request by passing, and the information between the modules can be seen in Figure . 4.1 Proposed service architecture mainly combine all these five operational modules into three processes shown in Figure . 4.2 respectively as process 1, process 2, process 3 then process 4 and process 5 is built to establish the communication between the web and mobile application: 

Association mining

Association rule mining is the data mining technique to study attributes or characteristics that goes together [START_REF] Demiriz | Re-mining item associations: Methodology and a case study in apparel retailing[END_REF].

Association rule mining algorithms extracts the frequent feature or itemsets. It uncovers the rules to measure the relationship between two or more attributes. This module works in two stages to process the data:

1. Finding frequent attributes set in data with in the range of defined support count value.

2. Using the frequent item sets to generate the association rules. Only the frequent attribute sets, fulfilling the minimum threshold value are used to generate the association rules.

Then filtering the rules based on the threshold value assigned for support, confidence and lift

Let I = i 1 , i 2 , i 3 , ...., i d be the set of all features of customized garment dataset and T = t 1 , t 2 , t 3 , ...., t N , where each transaction t i contains subset of features chosen from I. Let A,B be sets of items; an association rule is a derivation of the form A ⇒ B , where A ⊂ I , B ⊂ I, and where A and B are disjoint itemsets, that is , A ∩ B = ∅.

Extracted rules strength can be measured by calculating the support and confidence [START_REF] Daniel T Larose | Data mining and predictive analytics[END_REF] • Support s determines how often rule is applicable to a given dataset.

• Confidence c of the association rule A ⇒ B is the measure of accuracy of rule, which is determined as the percentage of transaction in dataset containing A that also contains B.

• Lift l computes the ratio between the rule's confidence and the support of the itemsets in the rule consequent armhole arc on the front and back parts V ertical direction : dy E3 = dy E4 = 0;

Further adjustment on waist fit

• Scenario : A specific consumer finds that his bust becomes more fitful after executing the adjustment in Section 2 but he wishes to further make the waist more fitful.

• Objective of the pattern adjustment:

Based on the adjustment realized in section 2, we further adjust the size of waist circumference.

• Key positions to be adjusted and associated principles: ii. Quantity of shrinkage J 1 , J 2 : |J 1 J 2 | [0, 3], the dart no bigger than 3cm.

Steps to integrate the real fabric with the existing knowledge base

Following steps have been followed for building the virtual fabric knowledge base using fabric drape image as follows: • Step 2 The Drape profile for each virtual fabric created using the polar coordinate technique and extracted parametric information added to the knowledge base; similarly for the real fabric drape image profile and respective parameters added, average amplitude, average distance, maximum peak, minimum valley, number of nodes of drape contour image. Detailed process is mentioned in the subsection 2.3.4.

• Step 3 The system builds insights for new fabric by finding the nearest sample from the existing virtual fabric library based on the geometric drape parameters extracted in above step.

• Step 4 Nearest neighbour(NN) ball tree model trained with 111 fabrics drape image profile consisting of five parameters. Theses parameters are average amplitude, average distance, maximum peak, minimum valley, number of nodes.

• Step 5 Every time when new fabric will come its system then this module will first process the image as per the step 1, step 2 and then after getting the geometric parameters of new fabric at step 2. These parameters are supplied to NN ball tree model to get the nearest virtual fabric samples from the existing library.

API Documentation

• Method 1: GET stylePrediction Based on this input data, the system delivers the following output:

-"R id,": "353", Recommendation id, which can be saved and further submitted with a rating method.

-"cluster": "1", Group number identified for an inserted biometric profile to know that, requested biometric profile's similar population.

-"fitingtype": "Regular", After identification of a group corresponding to biometric profile and best fitting style like (Regular, slim super slim will be predicted) -"design": "Plain", Predicted fabric's design details.

-"finish": "Easy-Iron and Easy-Care Technology",Predicted fabric's finish details.

-"material": "100% Cotton", Predicted fabric's material composition details.

-"structure": "Herringbone", Predicted fabric's structure details.

Appendix A

Published conference paper