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study, we use another database where the classification is binary (Crack and No crack). The purpose of this case study is to obtain better results than the research where we collected the database in terms of performance of prediction. We also use explainable models such as LIME to understand how models make their predictions. For the third case study, we use a database of RC shear wall images and its purpose is to predict the stage of cracking of each image based on mechanical properties such as both normalized updated stiffness strength. For complementary results, we have used explainable methods. It is also necessary to verify the deep learning models so that we can see the limitations.
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Abstract -With the growth of Building Information Modelling (BIM), object recognition, Artificial Intelligence (AI), and Augmented reality, the traditional construction sector is undergoing its digital revolution. Related maintenance operations are greatly facilitated thanks to these new technologies. It is thus accepted that 75% of the overall cost of a building relates to its operation and maintenance. Looking at these figures, we understand that the maintenance of aeronautical buildings constitutes a key issue for the field because it allows the optimization of productivity, the gain of significant savings, and customer satisfaction. Examples of predictive maintenance applications include managing data specific to the aircraft building in question to anticipate problems to avoid reducing unplanned production shutdowns and repair and maintenance costs. These machine learning techniques are essential for the visibility of possible failures specific to an aeronautical building and the optimization of systems based on predictive information, the combination of optimization and learning algorithms.

Predictive maintenance in aeronautical buildings is a modern industrial technique facilitating the detection of failures before the appearance of physical symptoms (structural problems). This is possible through automation the integration of new technologies and the connectivity of data and objects between them. Moreover, the recent epidemic crisis has reinforced the need to establish new models. The development of artificial intelligence (AI) combined with the digitalization of data management provides powerful tools to improve modeling, analysis, learning, and anticipation of structural failures. This will make it possible to establish a generic methodology for predictive maintenance in aeronautical buildings.

For this thesis, we will first of all, provide a state of the art of AI and Maintenance in Airport infrastructure (MAI). Therefore, we will use an advanced bibliometric analysis to collect and analyze relevant documents from the scientific database Web of Science (WoS). This analysis gives us some useful guidelines to help researchers and practitioners understand the main challenges and the most relevant scientific issues related to AI and MAI. Secondly, we have performed a statistical analysis to determine the most frequent incidents in the Airport Infrastructure. Also, we have ranked the most frequent origins of incidents in Airport facilities.

Based on the statistical analysis, we implemented different deep learning models to perform the classification of pavement cracks in runways since it is the most frequent incident in the Airport Infrastructure. The purpose is to perform a classification of pavement cracks which is composed of three classes Longitudinal crack, Transversal crack, and alligator crack. This research aims to compare the performance of different pre-trained models that are based on transfer learning to interpret their impact. The second case study is also about pavement cracks. For this case Résumé -Avec l'essor du Building Information Modeling, de la reconnaissance d'objets, de l'intelligence artificielle et de la réalité augmentée, le secteur traditionnel de la construction vit sa révolution numérique. Les opérations de maintenance associées sont grandement Sur la base de l'analyse statistique, nous avons mis en oeuvre différents modèles d'apprentissage profond pour effectuer la classification des fissures de la chaussée des pistes, car il s'agit de l'incident le plus fréquent dans l'infrastructure aéroportuaire. Le but est d'effectuer une classification des fissures de chaussée qui est composée de trois classes : fissure longitudinale, fissure transversale et fissure crocodile. L'objectif de cette recherche est de comparer les performances de différents modèles pré-entraînés basés sur l'apprentissage par transfert afin d'en interpréter l'impact. La deuxième étude de cas concerne également les fissures de la chaussée. Pour cette étude de cas, nous utilisons une autre base de données où la classification est binaire (Crack et No crack). Le but de cette étude de cas est d'obtenir de meilleurs résultats que la recherche où nous avons collecté la base de données en termes de performances de prédiction. Nous utilisons également des modèles explicables tels que LIME afin de comprendre comment les modèles font leurs prédictions. Pour la troisième étude de cas, nous utilisons une base de données contenant des images de murs en béton armé et l'objectif est de prédire the stade de fissuration pour chaque image en se basant des propriétés mécaniques comme la rigidité normalisée et la résistance de force normalisée. Pour renforcer les résultats, une méthode d'interprétabilité a été utilisée. Il est également nécessaire de vérifier les modèles de Deep Learning (DL) pour en voir les limites. 

.2.1. Definition

According to the description of [START_REF] Kohonen | An introduction to neural computing[END_REF] [START_REF] Kohonen | An introduction to neural computing[END_REF], a neural network is a set of interconnected artificial "neurons" that exchange information with each other [START_REF] Kohonen | An introduction to neural computing[END_REF]. A neural network mainly comprises a neuron model, a threshold, and an activation function. The connections have numeric weights regulated during training, so a wholly trained network will answer correctly when presented with a 2D image to recognize. The network is composed of different layers of feature-detecting "neurons." Every layer has many neurons that respond to various combinations of inputs from the previous layers. Figure 1.2 shows that the layers are based so that the first layer detects a set of primitive patterns in the information, the next one detects patterns of ways, and so on. In a biological neural network, every neuron is linked to other neurons thanks to synapses, and it receives input signals from its dendrites and creates output signals along its axon. Once a neuron is excited, it directly sends signals to the connected neurons to modify the potential within these neurons. For example, if a neuron can exceed one threshold, it will activate to become triggered, and its activation is communicated to successor neurons. Similarly, artificial neural networks are inspired by biological ones, as shown in Also, as part of neural networks, Fusion neural networks (FNN) enable improving the system's accuracy. A fusion neural network is composed of different layers of different neural networks to enhance accuracy. Moreover, it allows for the parallel processing of multiple networks for speed [START_REF] Du | Fused DNN: A deep neural network fusion approach to fast and robust pedestrian detection[END_REF].

Neural network applications can improve maintenance services inside aerospace infrastructures to avoid other problems, such as the safety of passengers during aircraft operations and the increased costs for maintenance departments. Plus, these infrastructures are vital economically for any region in the world [START_REF] Peneda | Critical Factors for Development of Airport Cities[END_REF].

Consequently, airport buildings need to modernize maintenance management by using artificial intelligence so that safety will be increased inside these kinds of facilities.

Furthermore, artificial intelligence methods, such as machine learning and IoT concepts, are spreading into different fields (LeCun et al., 2015). For instance, convolutional neural networks and image processing are also used in structural engineering to detect damages and cracks due to earthquake hazards.

Cracking is generally detected based on visual examinations from an engineer, and significant cracks in airport facilities are present in airport pavements (Lahna et al. 2022). If the reparation is made in time, the road may be protected and with fewer costs. However, this will create problems in the daily schedules in airports and may also impact the safety of passengers. With the development of image processing and pattern recognition technology, an increased number of experts have applied computer graphics technology for the road to detect the origin.

Therefore, artificial intelligence is needed for security threats, especially inside an airport where safety is primordial. For instance, some researchers performed iSecureHome, an algorithm that enables the detection of the real-time emotions of residents [START_REF] Kaushik | iSecureHome: A deep fusion framework for surveillance of smart homes using real-time emotion recognition[END_REF]. In contrast, costs allocated for maintenance inspections will be reduced. Therefore, predictive maintenance, such as computer-assisted detections, will be essential in airport infrastructures for the next decades.

Internet of Things (IoT) and other concepts

The introduction of smart devices and the Internet of Things (IoT) enables the achievement of the required level of inspection in maintenance departments by detecting defaults at a low [START_REF] Boyes | The industrial internet of things (IIoT): An analysis framework[END_REF]. According to the literature review, these concepts were combined with BIM for different applications. One of these applications is predictive maintenance. Moreover, the principle of this method is to collect additional data from building automation systems Furthermore, airport facilities are also dealing with the rise in electricity consumption due to increased traffic. Therefore, innovative methods such as Building Integrated Photovoltaics are necessary to utilize non-conventional sources of energy. For example, intelligent buildingintegrated photovoltaics (BIPV) was applied in Qatar to reduce electrical consumption in residencies and participate in the renewable energy age (Mühlbauer, 2017). Also, BIPV is essential to predict load and electricity supply to facilitate energy management. Therefore, BIPV may be installed on airport roofs since it is already a tendency for classical building roofs.

Indeed, research on BIPV was done in Brazilian airports (Zomer et al., 2013).

To sum up, Figure 1.4 shows the process from data collection to feedback. Also, some companies such as Lufthansa use these kinds of technologies to indicate north wind in Zurich airport.

Convolutional neural networks for multi-label image classification

A convolutional Neural Network is a specific case of the neural network described in the previous paragraph. The design of a CNN was motivated by the discovery of a visual mechanism, the cat's brain's visual cortex. CNN is used in many fields such as image and pattern recognition, speech recognition, and natural language processing.

A CNN is composed of repeated convolutional and pooled layers, that are followed by one or more fully connected layers. The convolution layer slides multiple filters across the image to generate a matrix, and the pooling layer samples from the convolutional layer.

As shown in Figure 1.6, CNN is composed of two major parts:

• Feature Extraction: In this part, the neural network performs a series of convolution operations and pooling operations throughout which the features are detected.

• Classification: The fully connected layers function as a classifier on top of these extracted features. They will assign a likelihood for the object on the image to be what the algorithm predicts. 

. Continuous trigger functions:

There are three other commonly used activation functions, called Sigmoid, Tanh, and Softplus.

They are respectively defined as Equations ( 2), (3), and (4). In particular, Softplus is the smooth approximation of the rectifier which is commonly used for multi-classification cases.

𝑠𝑜𝑓𝑡𝑝𝑙𝑢𝑠 = ln(1 + 𝑒 ! ) (2) 𝑓(𝑥) = tanh(𝑥) = 2 1 + 𝑒 "#! -1 (3) 𝑓(𝑥) = 1 1 + 𝑒 "! (4)

Pooling layer

The pooling/subsampling layer enables to amelioration of the features by reducing the resolution. It makes the features resistant to noise and distortion. Among pooling/subsampling layers, there are two types: max pooling and average pooling.

In both cases, the input is divided into non-overlapping two-dimensional spaces. For example, in Figure 3, layer 2 is the pooling layer. Each input feature is 28x28 and is divided into 14x14 regions of size 2x2. In terms of calculation, average pooling is based on the average of the four values in the region whereas max pooling is defined by the maximum value of the four selected values. Figure 1.9 presents an example of the conversion of both maximum and average poolings. Therefore, modelers use the following four main steps to manually process:

• Data collection (laser scans, photogrammetry),

• Data preparation,

• Geometric modeling,

• Semantic enrichment with additional information, such as topological relationships and material specifications [START_REF] Kadhim | The creation of 3D building models using laser-scanning data for BIM modelling[END_REF].

Initially, data is collected using laser scanners, then primitive shapes are detected (e.g., planes, cylinders, cones, spheres) and labeled. Afterward, the primitives are fitted to know solid shapes to obtain their geometric parameters. In addition, their relationships to other objects need to be obtained to have a complete BIM in the Industry Foundation Schema (IFC) format which is a data format that enables different types of construction-related information to coexist in a single related model. Even though there is considerable attention in research on BIM, it is in its infancy (Golabchi et al., 2013).

Fig. 12 summarizes the BIM creation process starting from laser scanning point clouds. . Hence, a team of researchers computed the impact of airports on the regional economy of Turkey and they concluded by using the two stages least squares method that a 1%-point increase in the airline traffic per capita implies an increase in GDP at a rate of 0.017% [START_REF] Baltaci | The Relationship between Air Transport and Economic Growth in Turkey: Cross-Regional Panel Data Analysis Approach[END_REF]. Similarly, another team of researchers justified that American airports add significantly to regional economic development [START_REF] Florida | Up in the air: the role of airports for regional economic development[END_REF]. On the other hand, researchers also worked on analysis to establish all protection measures around airports [START_REF] Haefner | Disaster Management at Frankfurt Airport[END_REF]. Furthermore, they recommend dealing with different risks to avoid disasters that can imply disaster management which results in "an act of solving an organization of problems under pressure of Secondly, Facility Management is also described as « an integrated approach » for design, construction, maintenance, operation, and support services that permit facilities to reach their primary goals (Crockatt & Ogston, 2011). Thirdly, International standards characterize another aspect of Facility management by illustrating it as « an organizational function which integrates people, place, and process within the built environment to improve the quality of life of people and the productivity of the core business ». In the previous definition, the word « people » is repeated twice to highlight its importance in the management of any facility. This definition is in Figure 1.13 since « people » appears as a component of facility management.

In the aerospace domain, the three-dimensional (3D) modeling of aerospace buildings plays an important role in different applications. As previously shown, one of these applications is maintenance planning. The objective is to develop strategies in operational situations, Maintenance is defined as a set of operations that enables keeping the equipment or an object in good condition by making repairs and upgrading or correcting problems or improving any parts of the equipment (Puķīte and Geipele, 2017). In addition, the previous figure also shows that maintenance is linked only with renovation and rehabilitation. Indeed, maintenance strategy is based on actions of rehabilitation and renovation to keep its object or equipment in service. As regards rehabilitation, it is characterized as the synonym of renovation but should not be confused with maintenance, preservation, reconstruction, and repair (Enno and Tower, 1982). Therefore, this opinion is corroborated by other articles that define rehabilitation as an extension of the effective life of the facility without significant modifications to its original characteristics. However, renovation has a different goal which is to improve existing infrastructure by repairing, replacing, and adding some parts of a facility beyond minimum property standards. Retrofitting is synonymous with renovation but with specific changes related to energy efficiency, security, fire protection, and modern amenities.

As regards the restoration, it allows to renewal or repair of hugely damaged elements of any infrastructure to keep its original characteristics as rehabilitation does without significant changes. Contrary to maintenance, restoration is a process of bringing back an object to its original state. As for refurbishment, it has the same properties as "rehabilitation" since it permits extending the effective life of a facility but it provides a new updated version of the structure in contrast to rehabilitation (Riley and Cotgrave, 2011). Finally, demolition and reconstruction are the most significant ways to upgrade infrastructure since it needs to demolish and rebuild the infrastructure from the beginning. As shown in Figure 1.15, building expansion is the main reason for reconstruction.

To sum up, all these terms have links and differences that distinguish them and the type of intervention is fixed and chosen by different parameters that enable to determine a strategy for upgrading infrastructure such as airport buildings (Teo and Lin, 2011).

Regarding the concept of maintenance, 3 major types of maintenance are illustrated in Figure 1.16 and are described in the next paragraphs: reactive maintenance, preventive maintenance, and predictive maintenance. -Preventive maintenance (PM) is maintenance that is performed on an asset to reduce the likelihood of failure, decrease unexpected downtime, and extend the useful life of a machine (Schmidt and Wang, 2018). However unplanned failures still occur, which increases the cost of maintenance (Riley and Cotgrave, 2011). To illustrate this type of maintenance, there are different types of examples in industry such as a machine that will not need to be rebuilt after a specific period.

Objectives and research questions

Objectives

Predictive maintenance maximizes the availability of engineering systems, to prevent downtime, reduce downtime and increase safety. Over the last decade, machine learning has started to play an important role in the domain of predicting failures in industries and thus contribute to predictive maintenance. Important approaches have been proposed to exploit machine learning based on data obtained from engineering systems and on deep learning methods that can extract all features automatically. After a statistical analysis of airport facilities, we focus on performing the prediction of cracks in runways by using different methods that will be detailed in the next chapters. Additionally, we also performed models related to structural cracks in RC walls under seismic loads. To satisfy performance, reliability, and confidence criteria, we will show that the developed models are robust, generalizable (accuracy, simplicity, and consistency), and explainable. We will show that a limited amount of data is enough to reach the objectives. We highlight explainability methods to understand how models make their predictions. It allows you to check the models, see what their limits are, and learn from them. Among these methods, we use LIME.

Research questions

This thesis addresses the following Research Questions (RQ)

(A) Artificial Intelligence and predictive maintenance in airport buildings: A bibliometric analysis (State of the Art)

• What is the current level of research in the MAI?

• Who are the most productive authors in the MAI?

• Who are the most cited authors in the MAI? In this respect, the study is based on both prior literature review and experimental parts on the CNNs applied to cracking classification. This will help to answer the following research questions:

• What are the definitions of the main keywords of this article?

• Which CNN model is the most accurate?

• What is the impact of transfer learning on accuracy and loss?

• What is the impact of transfer learning in terms of speed of implementation?

(D) Convolutional neural networks for multi-label image classification applied for pavement cracks by using another dataset and by implementing the explainable method "LIME" This will help to answer the following research questions:

What are the definitions of the main keywords of this article?

What is the impact of image processing?

What is the methodology for obtaining both updated strength and stiffness values?

What is the interpretation that can be made after performing LIME?

Collection of data

To address the issues of this research we have exploited 3 main data sources.

• Data Set for bibliometric analysis: The first data source is a data set extracted from the Web of Science (WoS) scientific database. We retrieved 489 scientific documents by exploiting a query that contained a set of keywords and after making some exclusions. Each document represents a record or row in the dataset. This row eventually contains information related to the author/co-author's name, the title of the article, the name of the organization, the keywords, the name of the journal, the publication date, the volume, the pages, the International Standard Serial Number (ISSN), the Digital Object Identifier (DOI), the Uniform Resource Locator (URL), and the abstract. In addition to the article information, we can also get statistics on the institutions/universities, the countries, the sources/journals, the authors, and the collaborations.

• Data Set for statistical analysis: A list of 312 damages in airport infrastructure was obtained from the French database of incidents called "Aria" and from the Google public database by searching the following keywords in English and French:

- 

Research scope and contributions

In this subsection, we will briefly present our contributions. To address the first objectives (see Sub-section 1.2.2 point (A)), we use a data mining technique known as bibliometric analysis.

This method is used to study the state of the art of AI models applied to Maintenance in Airport

Buildings. Thus, it uses data analysis and visualization tools such as Biblioshiny, VOSviewer, and Power BI. To collect the data (489 documents) we used a specific query applied to the Web of Science database. In addition, the study gives some information about the publication years, shear wall images and its purpose is to predict the stage of cracking of each image based on mechanical properties such as both normalized updated stiffness strength. To measure the impact of transfer learning, we compare different pre-trained neural networks with a classical neural network. For complementary results, we have used explainable methods. It is also necessary to verify the deep learning models so that we can see the limitations.

Organization of the manuscript

The organization of this thesis is presented in 

Publications

This section presents the scientific articles published or under review. Furthermore, these articles constitute part of the results of this thesis:

Conference paper Maintenance costs represent a significant part of airport infrastructure operating costs.

Therefore, Maintenance management methods are becoming increasingly essential, knowing that any damage can substantially affect airport infrastructures. To avoid this, many tools related to BIM will detect all possible failures and solve them before their appearance. This type of management is called "Predictive maintenance." This study conducted a bibliometric analysis to evaluate the current level of research on the Maintenance of Airport Infrastructure.

Thanks to the Web of Science database, a search of documents coping with MAI has been realized. It is a world-leading publisher-independent global citation database. The investigation identified 489 papers, and the data collected was analyzed utilizing a bibliometric tool called Bibliometrix from the Web of Science database (WoS). Key findings are presented and discussed, followed by potential future research avenues.

Keywords: Maintenance, Airport Infrastructure, Bibliometric Analysis, Artificial Intelligence, Disaster

Introduction

The main objective of this chapter is to evaluate the current level of research on MAI. To give a complete analysis, we used a bibliometric method defined as "the statistical method that determines the popularity and impact of specific articles, authors, and publications from data" 

Bibliometric techniques

To realize Bibliometric analysis, an extraction is needed from a database such as the Web of Science (WoS). Bibliometric is a world-leading publisher-independent global citation database with a robust research engine that can track contents across "disciplines and time from over 1.7 billion cited references from over 159 million records" (p. 1) (Web of Science, 2020). For the case of this research, an analysis was realized on the 1st of January 2023 within the Web of Science database using a combination of the following keywords: "Infrastructure" Or "Building" Or "Facility" Or "Airport" And Or "Prediction" Or "Maintenance" Or "Facility

Management" Or "Building information modeling" And "Artificial intelligence" Or "Machine

Learning" Or "Deep Learning" Or "Digital twin" And "Damage" Or "Disaster". By searching with this previous combination of keywords, relevant documents were selected in English. 

Bibliometric analysis

This chapter will present and analyze the literature review from our bibliometric analysis.

2.3.1. Primary information about articles in WoS dealing with MAI

Table 2.1 illustrates the yearly scientific production of documents on MAI. Table 1 shows To evaluate the dynamics of the growth of the productivity of the journals, their impacts and number of citations, and their network collaborations, Table 2. 

Authors based on the total number of publications

As regards the top authors based on the number of articles in MAI, Table 2.5 shows the ranking of the ten most relevant authors on MAI published in the WoS database. Therefore, three authors have written more than seven articles, while the fourth author, the tenth, has published between 5 and 6 papers. As realized for sources, the dynamics of the growth of the productivity of the journals, their impacts and number of citations, and their network collaborations, Table 2.7 presents the most productive authors according to the number of publications (NP), the number of citations (TC), and the impacts (h-index, g-index, m-index). 

Element h_index g_index m_index TC NP PY_start

Top scientific production and most cited country

The distribution of the top scientific production countries is shown in Then, the second word with the highest number of occurrences is "Model" (60), followed by "Damage Detection" with 46 occurrences and "Classification" with 45 occurrences, and "Damage" and "Neural networks" share the 5 th position with 34 occurrences. 

The current level of research on Maintenance in airport buildings

To analyze the current level of research on Maintenance, this section will compare different keywords to make appropriate interpretations thanks to the Web of Science and Science Direct Data Set. 

Conclusion

The Also, the most frequent words on MAI are "prediction," "model," and "damage detection".

Globally, this field is showing interest from the academic and professional world since the number of publications is increasing and new topics related to predictive maintenance are being developed, such as BIPV, Sensor integration, and facial recognition.

These technologies allow for better security and amelioration of predictive home maintenance that can also be used in airport infrastructure. In fact, with these technologies, safety guards may detect dangerous individuals and suspicious luggage to increase passenger flows. Even though the number of publications is growing, the current level of research still needs to be higher since the technologies related to MAI are not developed well, and data, as mentioned in the previous sections, need to be explored more. There are four significant challenges that airport infrastructure deals with which are: Security, Maintenance, energy, and Meteorology.

All these terms were highlighted and illustrated in the previous sections. Then, this study helps airport infrastructure to ameliorate their performances in terms of security, innovation, and durability by satisfying the needs of passengers and infrastructure."

Introduction

Maintenance in airport infrastructure (MAI) is attracting huge interest from both practitioners and academics, knowing the increase in the total number of deteriorations which is happening 

Methodology

The research conducted in this paper is exploratory and follows the methodology framework depicted in 

Data collection and assumptions

A list of 312 incidents was examined to find a statistically representative sample of damage types in airport infrastructure. An assumption was made to determine the sample size of the list of incidents needed to do a statistical analysis. This study considered only incidents from 1987 and assumed that there were 5,000 incidents in airport infrastructure in 20 years. Also, Yamane established a simplified formula to calculate sample sizes. This formula was used to calculate the sample sizes in Tables 2 and3 and is shown in Equation 5. A 95% confidence level and a

sampling error e = 0.05 are assumed for that formula (Adam, 2020).

𝑆 = $ $%&×()) ! (eq.5)
Where S: Sample size N: Total number of incidents in all airport infrastructure for 20 years e: Level of precision or Sampling of error which is ± 5% Therefore, by using equation 5, the number of incidents needed to evaluate a statistical analysis of the most frequent types of damages and origins of incidents in airport infrastructure is 312.

Statistical methods

The damage types and the damage origin categories that need to be considered are performed by implementing a statistical analysis on the frequency of appearance of all damage types and damage origin categories encountered in a typical considered list of incidents. The frequency of appearance P is calculated by dividing the total counts of each damage or damage origin category (n) by the total number of damages in all case studies (S) as described in Equation 6:

𝑃 = + , (eq.6)
Moreover, other parameters were computed in the next section for statistical analysis such as the mean and the standard deviation.

3.2.3. Definition of terminologies used in this study

This paragraph details the different terminologies that were used to compute the frequencies for damage types and damage or damage origin types. Therefore, this section allows an understanding of all tools used to perform the statistical studies that are detailed in the next section.

Results

Most frequent types of damages

The damage type rankings are calculated in descending order for all case studies in Figures Therefore, the results show that better maintenance may improve the efficiency of airport infrastructure and reduce the number of incidents.

Most evolution of damages in airport infrastructure

This study showed that the number of damages to airport infrastructure is between 15 and 30 damages except in 2020 as detailed in 

Distribution of damages in Airport Infrastructure Around the world

This study illustrates the repartition per continent of damages in airport infrastructure in the world thanks to Figure 3.10 It shows that Europe has the greatest number of damages in airport infrastructure with 181 out of 312 which is the total number of case studies that were considered in the study. Thus, America and Asia follow in the ranking with 54 and 50 respectively. 
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As regards the origins of damages, wear is always ranked first in every continent as illustrated in Table 3.3. 

Discussion

The nine most important damage types in the three most frequent damage categories (cracking, delay/disorganization, and structural collapse) are ranked based on their frequency of appearance. The results also showed that structural disaster (cracking, structural collapse, collapse of materials) represents 58.33% of the total number of damages in all case studies that were considered in this study.

The paper discusses the eight most important origins of damage categories. The three most frequent origins of damages (Lack of maintenance, Unknown reason, and hydraulic) are also ranked based on their frequency of appearance. The results demonstrate that lack of maintenance is predominant as the origin of damages with 29,17%.

Conclusion

The main objective of this chapter is to identify the most damage types and the most frequent origin of damage categories in airport infrastructure This section is a statistical analysis to determine the most important incidents in airport infrastructure. This study was made thanks to data extracted from the Google database. The most important damage types are ranked based on their frequency of appearance. The results indicated that Cracking is the most frequent damage in all case studies with an average frequency of around 22,12%.

Origins of damages

Europe

Delay/Disorganization and structural collapse follow in percentages of 21,47 % and 14,74 % respectively. The results also demonstrated that structural disaster (cracking, structural collapse, collapse of materials) represents 58.33% of the total number of damages in all case studies that were considered in this study and that cracking represents 50% of the total number of structural damages and more than 85% of them are located in runways.

Furthermore, the chapter discusses about the eight most important origins of damage categories. The three most frequent origins of damages (Lack of maintenance, Unknown reason, and hydraulic) are also ranked based on their frequency of appearance. Indeed, wear is the most frequent origin of damages in all case studies with an average frequency of around 29,17%. Unknown reasons and hydraulic issues follow in percentages being 13,78% and 13,14% respectively. Natural disaster is the fourth origin of damage to airport infrastructure with 12,18%. Additionally, this study proved that the number of damages to airport infrastructure is between 15 and 30 damages except in 2020 when the number decreased due to COVID-19, and that Europe has the greatest number of damages to airport infrastructure with 181 out of 312 which the total number of case studies that were considered in the study.

Thus, America and Asia follow in the ranking with 54 and 50 respectively. Africa has a smaller number of damages because of the lack of information on the continent. This study focuses on the damages and their origin which are important to consider for future research. Future work involves the implementation of automated classification algorithms (e.g., Convolutional neural networks) for the most important damage types to detect them as part of predictive maintenance methods. Application of the findings of this paper will guide researchers in investigating methods for automatically detecting these damages as part of predictive maintenance methods. Similarly, a convolutional neural network was also used to learn the cracking structure from raw images without preprocessing. Though these contributions have shown some progress in classifying pavement cracks thanks to deep learning or machine learning, in this article, the methodology will focus on a diversity of CNN models by using transfer learning. Therefore, the three main types of pavement runaways' cracks are:

Introduction

Longitudinal cracks

Longitudinal cracks are parallel to the center-line roadways. These longitudinal cracks are caused by heaving or joint failures or inducing load (Hammouch et al., 2022). Furthermore, it is essential to understand the origin of cracks to select the proper repair. For this type of crack, multiple parallel cracks occur a few meters from the initial crack. This case happens when there is deterioration and implies that crack repairs would not be the right solution. 

Inception V3

Inception V3 is a different version of GoogleNet and was introduced by Szegedy. 

Xception

The Xception model was proposed in 2017, a further model for the inception model. Xception is an efficient architecture that relies on two main points:

• Depthwise Separable Convolution

• Shortcuts between Convolution blocks, as in ResNet

Xception offers an architecture made of Depthwise Separable Convolution blocks and maximum pooling linked with shortcuts as in ResNet implementations (Chollet, 2017).

The specificity of Xception is that a Pointwise Convolution does not follow the Depthwise Convolution, but the order is not reversed, like MobileNet. To summarize, Xception is advanced and fast, producing more accurate results. 

Transfer learning

Due to a few labeled data for supervised learning, performing an adequate deep neural network is impossible. Regarding airport infrastructures, the need for labeled data is explained by the difficulty of obtaining information about previous incidents from several maintenance departments collaborating with airport services. In these cases, transfer learning can increasingly improve the performance of learning (Yang et al., 2022). The primary purpose of this method is to transfer knowledge between corresponding source and target domains. Shows the contrast between the processes of conventional machine learning and transfer learning.

In conventional machine learning models, they perform by learning each task separately with different learning systems. In contrast, transfer learning models extract the knowledge from based tasks to target tasks, as shown in 

Fixed feature extractor

The pre-trained model is a feature extractor in which the weights in the feature extraction layer are frozen while the fully connected layer is removed (Gao and Mosalam, 2018).

Fine-tuning

This method has an architecture of a pre-trained model and initializes the weights in the feature extraction layer (Vrbančič and Podgorelec, 2020). That means the consequences in the feature extraction layer are not frozen.

These two types of transfer learning will be tested in section 4 to compare the results after implementing the different neural networks described previously. 

Related works

Methodology

This study aims to develop and evaluate deep-learning models for pavement cracking classification. Using the classified cracking, this study assessed several different CNN models.

In addition, this study analyzes the effect of transfer learning of a deep CNN model on evaluating performance.

Dataset

The task-specific dataset used in this study consists of three major classes of cracking images: cracking in airport pavements, cracking in internal walls, and cracking in external walls. 

Experimental description

In this study, four different deep network architectures that use transfer learning were applied:

MobileNet, ResNet, Xception, and InceptionV3. Also, these networks will be used twice to compare Fine-tuning and Fixed feature extractor ways of Transfer Learning. Finally, to evaluate the impact of Transfer learning, classical convolutional neural networks will be performed, such as LENET.

Also, these networks were implemented by using the same parameters:

• Activation function: Relu On the other hand, all pre-trained neural networks were applied in fine-tuning and feature extraction. The objective is to compare results from both methods of transfer learning. As regards the acceptable tuning method, 20% of layers were frozen for each neural network.

To determine the most performant deep network, many parameters were computed to compare the neural networks and measure the impact of transfer learning. 

Results

The screening performances of all CNN models tested in this study are displayed in Tables 4.2

and 4. 

Discussion

To discuss the comparison of classifier results on one dataset, a non-parametric statistical test was performed. Some authors [START_REF] Demsar | Statistical Comparisons of Classifiers over Multiple Data Sets[END_REF] have conducted many statistical tests while studying their adequacy in terms of what they measure and their safety on the following assumptions made on the data: H0: The null hypothesis defined no difference between the performance of the classifiers (classification models).

Ha: reject the null hypothesis that there is a statistically significant difference between the classifiers (classification models).

Thus, the Friedman test analyzes significant differences in classifier performance when comparing more than two classifiers on one dataset. This test is defined as follows (as shown in Equation 10:

𝑋 - # = 12𝑁 𝑘(𝑘 + 1) PQ 𝑅 . # . - 𝑘(𝑘 + 1) # 4 S ( 10 
)
Where:

N is the number of observations. K is the number of the evaluated methods.

Rj is the average rank of the jth of k classifiers.

Ff is defined as follows in Equation 11:

𝐹 -= (𝑁 -1)𝑋 - # 𝑁(𝑘 -1) -𝑋 - # (11)
For all observations realized, the Friedman test provided a very small 𝑝-value (i.e., 𝑝 -𝑣𝑎𝑙𝑢𝑒 < 0.05), which shows that the performances of all the classifiers are not equivalent (which means that there is a difference in performance between the five classifiers used). To make the Friedman test, four evaluation metrics were chosen to do the analysis. Ff is about 52,92. Also, the critic value F((k-1), (k-1)(N-1)) is obtained by using an F table with alpha=0,05 and with 8 and 32 degrees of freedom. Therefore, the critical value is lower than Ff, which is 52,92. Then, H0 is rejected with a significance level of 5%. Thus, the Nemenyi posthoc test used to compare all classifiers between them is applied to the target significance level of 5%. This test shows us to what extent there is a statistically significant difference between the classifiers or not. In this study, we used the Nemenyi post hoc test given by the Critical Difference (as shown in Equation 12)). A critical difference (CD) threshold is calculated to establish the level of performance significance between the classifiers.

𝐶𝐷 = 𝑞 / X 𝑘(𝑘 + 1) 6𝑁 ( 12 
)
With 𝑞 𝛼 the critical value of the Nemenyi posthoc test.

With nine classifiers, 𝑞 𝛼 value is 3,102. Thus, the CD is about 5,37. If the difference in average ranks between two classifiers is more significant than the CD value, then there is a statistical difference between classifiers. was also performed.

As shown in

• The statistical analysis conducted by the Friedman test followed the Nemenyi post hoc test recommended for comparing multiple classifiers in multiple datasets [START_REF] Demsar | Statistical Comparisons of Classifiers over Multiple Data Sets[END_REF]. Also, statistical tests are necessary to determine some consistency in the experiment by indicating the importance of the results from comparing classifiers.

• However, these measures need to be stated in the other research listed in Table 4 to give a complete study for the classification of pavement cracking.

As regards our study, the amount of data is very limited due to the difficulty of obtaining more pictures of pavement cracks on airport infrastructure. That is why transfer learning was used and it shows efficient performances even though the amount of data is not significant.

Conclusion

This study created a dataset for three essential pavement crack types using images from a public database. The photos from RGB color space were converted into binary images by using image MobileNet has a higher performance for confusion matrix among transfer learning networks.

Hence, deep learning models with transfer learning help to accurately identify the various affect states, thereby improving the interaction between humans and computers. On the other hand, convolutional neural networks with three layers CNN3 that were used performed bad performances in terms of accuracy and loss in the validation process, F1 score, MCC score, precision, and specificity but demonstrated higher performances on accuracy and loss in the training process with the least number of epochs.

Introduction

This kind of technology can improve maintenance services inside airport structures to avoid different problems such as the safety of passengers during aircraft operations in the runways and the increased costs for maintenance departments. Plus, these infrastructures are essential economically for any region in the world (Lahna et al. 2023). Then, the airport buildings still have to improve the management of maintenance by using artificial intelligence to ameliorate the safety inside these kinds of buildings while costs allocated for maintenance inspections will be reduced. Predictive maintenance such computer assisted detections have an essential role in airport infrastructures for the next decades. In this article, the cracking that will be treated is pavement cracking in runways. The study will focus on analyzing two different deep neural networks applied to cracking classification. This study will compare with previous research that uses classical neural networks to estimate the impact of Transfer Learning. Furthermore, the purpose of this article is also to perform Local Interpretable Model-agnostic Explanations called "LIME". In different convolutional neural networks. Finally, these implementations allow to evaluation of different parameters such as accuracy, loss, Matthew's correlation coefficient, specificity, precision, and F1 score.

Additionally, this paper highlights the impact of transfer learning for limited data of 2D images of pavement cracks. This article aims to perform two convolutional neural networks and interpret the importance of transfer learning compared to classical neural networks for limited data. In this article, the pre-trained networks used are DenseNet and EfficientNet.

Research Objectives

The inspection of damage in pavement grounds is usually conducted based on the length and width of the cracks and is made generally by experts relied on during inspections.

Due to limited data for supervised learning, performing an adequate deep neural network is impossible. Regarding the collected data, the need for labeled data is explained by the difficulty of collecting homogeneous data of images of cracks in pavement grounds. In these cases, transfer learning can improve learning performance. The primary purpose of this method is to transfer knowledge between corresponding source and target domains. Shows the contrast between the processes of conventional machine learning and transfer learning. Unconventional machine learning models, perform by learning each task separately with different 104 learning systems. In contrast, transfer learning models extract the knowledge from based tasks to target tasks.

Also, these deep learning models evaluate parameters such as accuracy, loss, Matthew's correlation coefficient, specificity, precision, and F1 score. And other graphs also compare these networks for cracking classification cases.

The research conducted in this paper follows the methodology framework depicted in as DenseNet and EfficientNet. In this section, these architectures will be detailed.

DenseNet 201:

DenseNet201 is made up of densely connected blocks. Each layer gets additional inputs from all previous layers, then it passes its feature maps to all subsequent layers. A concatenation is performed between layer blocks that receive knowledge from all previous layers (Figure 5.2). Figure 5.4: Relationship between prediction and explainability, localization of the crack in the image. In yellow, are the characteristics that led to the prediction of the "crack" class.

Research dataset

Experiment

Table 5.1 presents the list of hyperparameters and the details of the data augmentation of our experiment and their values. Hyperparameters allow you to optimize the training process of deep models. Data augmentation is performed only during the model training phase. The list of hyperparameters is as follows:

• the "binary cross-entropy" loss function which measures the precision of the model;

• updating the network weights and the loss function with the "Adam" optimizer with a learning rate of 0.0001.

• the input images of the model have a size of 180x180 in RGB channels.

• the evaluation metrics that denote the learning performance, the correctly classified image portion.

f 107 Several other parameters are included: the number of epochs, and the size of the mini-batch.

Their values are fixed with those commonly found in the literature. 

Parameters

Classifier training

This study performed the extraction of the characteristics of the input data with a pre-trained model (on Imagenet). For that, the lower layers used for the classification are therefore removed as shown in Figure 5.9. Furthermore, pre-trained models are usually neural networks that have been previously trained on a large data set. In its design, the pre-trained model allows learning transfer to reuse learned feature maps. This type of model is improved by adding a set of complementary layers to customize this model according to our classification task:

• a normalization layer that guarantees that each input pixel corresponds to that of the pretrained network;

• a data augmentation layer that consists of generating additional data by performing a series of random transformations such as rotation, zooming, and mirroring. The goal is to help the model generalize better with various data;

• of a layer the completely connected layer to flatten the output of a layer into a vector;

• a dropout layer, a regulator in the network to reduce overfitting. The dropout on a layer activates the deletion of certain output neurons by defining an input unit.

• an output layer, which corresponds to the final layer with a single output unit whose output is a scalar between 0 and 1. It has a sigmoid activation function determining the presence or absence of the crack. ResNet and EfficientNet. In this section, these architectures will be detailed.

Methodology

In the proposed method, the constructed neural networks have an architecture based on Denset201 and EfficientNetv2-B3. Tables 5.4 andTable 5. where y_c designates the predicted class, p_c predicted probability.

Table 5.4: Architecture for DenseNet201 fine-tuned Table 5.5: Architecture for EfficientNetv2-B3 fine-tuned To know the classification performance, all trained models are evaluated with the same test sets. They contain images that are not seen by the model, neither during training nor during validation. The performance test result obtained is reported in Table 5.6. We adopt the standard evaluation metrics given by previous equations where TP denotes the true positive, TN is the true negative, FP is the false positive and FN indicates the false negative of the predicted class. 

Results

Train and validation loss and accuracy

Accuracy

Confusion matrix

The results in the table indicate that very few observations are misclassified by the models. As 

Interpretations of LIME

In image processing, neural networks have become essential because of their performance.

However, their evaluation requires clear visual explanations for a better understanding of operation by humans. The experiments carried out on our data led to two main results. First, the series of data transformations during training made it possible to produce efficient classifiers. Second, the explainability strategy which is similar to the domain of segmentation in the field of computer vision produces a heat/feature map that justifies the predictions of the learning model. It is an extension of the classification, which involves localizing the location of the crack.

Feature maps emerge as a response to this concern. This is an essential element in the To explain the prediction of a class (cracks or not), our study provides visualization maps that show the important regions of an image during the prediction. These maps represent for end users, an object of interpretation and verification concerning the classifier's decision. For the case of an image with a crack, the contour of the part is selected while images without cracks show a dominant surface during localization.

Therefore, these results can be implemented in a proposed system based on a drone and a DSLR camera in order to detect automatically pavement cracks in airport infrastructure. In future work, we plan to evaluate the second part of our approach based on object detection approaches. This work can serve as an aid to a user to annotate new images and form new datasets. 

Introduction

Research Objectives

The inspection of damage in concrete elements is usually conducted based on the length and where Si is the strength for cycle i and Smax and the maximal strength. Ki=Si/Ui and Kmax is the maximal stiffness for the cycle i. 

Research Database

The database is based on images of thirteen RC shear wall specimens and their concrete properties are summarized in Where Si is the strength for cycle i and Smax and the maximal strength. Ki=Si/Ui and Kmax is the maximal stiffness for the cycle i.

Dataset

Class 

Classification method

In this study, both pre-trained neural networks were applied.

Also, this network was implemented by using the same parameters:

• Activation function: Relu

• Classifier: Softmax

• Epochs: 60

• Optimizer: Adam precision. Therefore, transfer learning has a positive impact in this case by ameliorating the performance of the algorithm for the test set. However, the CNN model has the best performance for the updated stiffness classification in the grayscale database by obtaining 82,86% accuracy and 82,86% precision. For both classifications, both grayscale databases give the best performance for one of these deep learning models.

Confusion matrices for updated strength

The results in the table indicate that very few observations are misclassified by the models. As such, Figures 6.11 and 6.12 give the confusion matrix which shows the proportions of predictions compared to the ground truths for both updated strength and stiffness. 

Interpretations of LIME

In image processing, neural networks have become essential because of their performance.

However, their evaluation requires clear visual explanations for a better understanding of operation by humans. Images tagged "lime_positive_pred" represent pixels that contribute positively to the highlighted prediction.

we displayed the actual image, the image returned by the file function, the mask, and the combination of image and mask. This will help us compare and see which pixels contributed to the prediction. For the case of an image with few cracks, the surface is selected in the area of cracks while images without significant cracks show a dominant surface in the area where there are no cracks. For the case of an image with breaks, a surface is selected around the break or inside the break.

With LIME, our approach brings a significant gain to the process of classification and understanding of neural networks. It is a solution that sheds light on crack repair and can be extended to other areas of imaging such as fault detection in part manufacturing. With this proposal, we mask the black-box nature of neural networks, something essential for the deployment of AI on a large scale.

Discussion

To discuss the comparison of classifier results on one dataset, a non-parametric statistical test was performed. Some authors [START_REF] Demsar | Statistical Comparisons of Classifiers over Multiple Data Sets[END_REF] have conducted many statistical tests while studying their adequacy in terms of what they measure and their safety on the following assumptions made on the data: H0: The null hypothesis defined no difference between the performance of the classifiers (classification models).

Ha: reject the null hypothesis that there is a statistically significant difference between the classifiers (classification models).

Thus, the Friedman test analyzes significant differences in classifier performance when comparing more than two classifiers on one dataset. This test is defined as follows (as shown in Equation 10).

For all observations realized, the Friedman test provided a very small 𝑝-value which shows that the performances of all the classifiers are not equivalent (which means that there is a difference in performance between the five classifiers used). To make the Friedman test, three classifiers were chosen to do the analysis. Based on the post-hoc Nemenyi test, we assume that there are no significant differences within the following groups: CNN and DenseNet. All other differences are significant.

Conclusion

Beyond crack classification, how to justify the result of the model or classifier. This amounts to providing additional information by highlighting the patterns in the image that contributed to the identification of a class (classes 1, 2, and 3).

The experiments carried out on our data led to two main results. First, the series of data transformations during training made it possible to produce efficient classifiers. Second, the explainability strategy which is similar to the domain of segmentation in the field of computer vision produces a heat/feature map that justifies the predictions of the learning model. It is an extension of the classification, which involves localizing the location of the crack.

Feature maps emerge as a response to this concern. This is an essential element in the predictions and deployment of AI models, for the different actors impacted by these predictions and in particular for users who do not have experience in deep learning. To this end, little work is carried out for the production of characteristic maps. Notably To explain the prediction of a class (class 1, class 2, class 3), our study provides visualization maps that show the important regions of an image during the prediction. These maps represent for end users, an object of interpretation and verification concerning the classifier's decision.

For the case of an image with few cracks, the surface is selected in the area of cracks while images without significant cracks show a dominant surface in the area where there are no cracks.

Therefore, these results can be implemented in a proposed system based on a HoloLens application and a GPU server in order to detect automatically wall cracks in airport buildings.

The proposed system illustrated in Figure 6.15 is composed of two modules which are: [START_REF] He | Deep Residual Learning for Image Recognition[END_REF] Image acquisition thanks to Hololens including the conversion of coordinates, and (2) Crack detection using CNN including the physical equations of the walls. The output from the system is to determine the stage of cracking. Also, these networks were implemented by using the same parameters:

• Activation function: Relu On the other hand, all pre-trained neural networks were applied in fine-tuning and feature extraction. The objective is to compare results from both methods of transfer learning. As regards the acceptable tuning method, 20% of layers were frozen for each neural network. 

General conclusions and future works

In this part, we will briefly present the summaries, suggestions, limitations, and future work concerning the Maintenance of airport buildings. Before any development, we thought it appropriate to present the different steps of AI development, the development of Maintenance and its application in Airport facilities, their main characteristics, and specificities. It emerges that Maintenance contributes significantly to the new challenges in Airport infrastructure. Thus, it is identified as a new way of predicting and detecting all incidents in Airport facilities to optimize costs of reparation and to avoid the interruption of any airline traffic that may create delays. We have noted that maintenance employees are confronted with several challenges due to airline traffic that increased yearly after COVID-19. To meet these new challenges, an approach consists of digitalizing or automating the maintenance called "Predictive maintenance" with the introduction of deep learning models and Image processing. Beyond these challenges, we have presented the all technologies that constitute the foundation of predictive maintenance in the future.

In particular, we focused on a combination of technologies to highlight the approaches and strategies of Maintenance in Airport facilities. We mention that corrective and preventive maintenance does not fully address the issues related to Maintenance in Airport facilities. This is because scheduled maintenance or corrective maintenance does not ensure the continuing operation of any airport. Consequently, we have focused on predictive maintenance which consists of anticipating the most frequent damages by predicting them.

To predict the damages in Airport facilities, several approaches can be exploited. After ranking the most frequent damages in this type of facility, we have focused on a deep learning model to predict cracks in pavement runways. This case study has an important function in resolving the tasks in Airport activities. In particular, Image processing and Deep learning offer new opportunities for reducing maintenance costs and avoiding delays. These maintenance costs are very often due to the interruption of airport activities that suffer from deterioration without being identified in advance. For example, sudden damage in runways also leads to huge losses in airport activities.

To address the objectives and research questions of the study, several methods were developed, including data mining and deep learning techniques. In particular, we have developed different databases to implement deep learning models for one of the most frequent damages in Airport structures which are: runways and concrete walls. Runways and concrete walls necessitate particular maintenance due to their weakness and frequent utilization. Also, the most frequent words on MAI are "prediction," "model," and "damage detection".

Globally, this field is showing interest from the academic and professional world since the number of publications is increasing and new topics related to predictive maintenance are being developed, such as BIPV, Sensor integration, and facial recognition.

These technologies allow for better security and amelioration of predictive home maintenance that can also be used in airport infrastructure. In fact, with these technologies, safety guards may detect dangerous individuals and suspicious luggage to increase passenger flows. Even though the number of publications is growing, the current level of research still needs to be higher since the technologies related to MAI are not developed well, and data, as mentioned in the previous sections, need to be explored more. There are four significant challenges that airport infrastructure deals with which are: Security, Maintenance, energy, and Meteorology.

All these terms were highlighted and illustrated in the previous sections. Then, this study helps airport infrastructure to ameliorate their performances in terms of security, innovation, and durability by satisfying the needs of passengers and infrastructure." 

Limitations of the proposed approaches

Web of Science, an extensive database that includes much scientific research, doesn't cover all the aspects of this research., This work used specific keywords, and the extractions were limited in terms of the number and type of publications. Second, this article also shows that publications in this area are increasing as the academic world has demonstrated a vital interest. Moreover, this literature review has described some advantages and disadvantages. Indeed, the article used multiple synonyms in keywords, so the number of exciting publications is more important.

On the other hand, this literature review has negative points. Indeed, using keywords for the search implies that all published papers on maintenance need to be covered. Furthermore, the fact that the terms « Learning » and « Machine » were counted separately from "Machine learning" without adding the word « Digital twin» has shown incorrect values of occurrences.

As regards the statistical analysis, the list of incidents is very limited even though it fulfills the Yamen formula. We should collect data to increase the number of incidents in Airport infrastructure so that a binomial distribution can be approximated to a Gaussian distribution if some mathematical conditions are met [START_REF] Walker | DE MOIVRE ON THE LAW OF NORMAL PROBABILITY[END_REF]. However, this analysis gives some indications about the most frequent incidents and their origins in Airport infrastructure.

Concerning the implementation of deep learning models to predict pavement cracks and to classify them, there are still many challenges and improvements. We have not considered the physical aspects of the pavement grounds and the mechanical explanation of the propagation of cracks. However, a mechanical study will provide additional information that contributes to a better understanding of the processes. Concerning the implementation of deep learning models to predict the stage of damages based on the updated strength values and to classify them, there are still many challenges and improvements. Even though we have considered the physical aspects of the reinforced concrete walls and the mechanical explanation of the propagation of cracks, we did not compute the same thing with the updated stiffness value which is an important parameter for mechanical properties.

Suggestions for future works

As regards the bibliometric analysis, we can improve the results by refining the initial query or by adding other keywords to the query. To collect more documents, we will also exploit several scientific databases (Scopus, Springer, Google Scholar, Science Direct, and IEEE). To further improve our analysis, we will also take into account documents (articles, thesis, books, etc.) written in languages other than English. Regarding the statistical analysis, we will collect a huge number of incidents to convert a binomial distribution into an approximated Gaussian distribution. Also, we will make sure that these mathematical conditions are met for the five continents. To improve the deep learning models, we will study the mechanical behavior of pavement cracks to consider them for future deep learning models. In addition, we will perform new deep-learning models for reinforced concrete walls that are under seismic load. As regards the reinforced concrete wall classification, the purpose is to compare the experimental results

with the numerical results from the software ABAQUS by realizing the same methodology as shown in Chapter 6.
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  facilitées grâce à ces nouvelles technologies. Il est ainsi admis que 75 % du coût global d'un bâtiment concerne son exploitation et son entretien. Au vu de ces chiffres, on comprend que la maintenance des bâtiments aéronautiques constitue un enjeu clé pour le domaine car elle permet l'optimisation de la productivité, le gain d'économies importantes et la satisfaction client. Des exemples d'applications de maintenance prédictive incluent la gestion des données spécifiques à la construction aéronautique en question pour anticiper les problèmes afin d'éviter de réduire les arrêts de production imprévus et de réduire les coûts de réparation et de maintenance. Ces techniques de Machine Learning (ML) sont essentielles pour la visibilité d'éventuelles pannes spécifiques à un bâtiment aéronautique et l'optimisation des systèmes basées sur des informations prédictives, la combinaison d'algorithmes d'optimisation et d'apprentissage. La maintenance prédictive dans les bâtiments aéronautiques est une technique industrielle moderne facilitant la détection des pannes avant l'apparition de symptômes physiques (problèmes structurels). Cela est possible grâce à l'automatisation et à l'intégration des nouvelles technologies et à la connectivité des données et des objets entre eux. Par ailleurs, la récente crise épidémique a renforcé la nécessité d'établir de nouveaux modèles. Le développement de l'intelligence artificielle combiné à celui de la digitalisation de la gestion des données fournissent des outils puissants pour améliorer la modélisation, l'analyse, l'apprentissage et l'anticipation des défaillances structurelles. Cela permettra d'établir une méthodologie générique de maintenance prédictive dans les bâtiments aéronautiques. Pour cette thèse, nous allons tout d'abord fournir un état de l'art en matière d'intelligence artificielle et de maintenance des infrastructures aéroportuaires. Par conséquent, nous utiliserons une analyse bibliométrique avancée pour collecter et analyser les documents pertinents de la base de données scientifique Web of Science (WoS). Cette analyse nous donne quelques lignes directrices utiles pour aider les chercheurs et les praticiens à comprendre les principaux défis et les questions scientifiques les plus pertinentes liées à l'Intelligence Artificielle et à la Maintenance des infrastructures aéroportuaires. Deuxièmement, nous avons effectué une analyse statistique pour déterminer les incidents les plus fréquents dans l'infrastructure aéroportuaire. Nous avons également classé les origines d'incidents les plus fréquentes dans les installations aéroportuaires.

1 .

 1 Artificial intelligence revolution Artificial Intelligence (AI) was developed in 1943 and continues to spread rapidly starting from 2000 marking the beginning of the period called the "High-speed development period" (Zhang et al., 2019). AI has different definitions. In the Dartmouth Conference, as shown in Figure 1.1, it was stated that AI is the reaction of a machine similar to the intelligence of a person (Moor, 2006). However, Nils J. Nilsson thinks that AI is the subject of knowledge by expressing knowledge and acquiring it (Kuipers et al., 2017). In addition, AI includes many technologies such as computer vision, machine depth learning, virtual reality, and big data (Zhuang et al., 2017). The amount of data increased exponentially in many areas with a set of improved algorithms and more powerful computer hardware. That is why, it becomes necessary to maintain the development of new technologies of AI for organizations (Brynjolfsson and A.N.McAfee, 2017). Recently, artificial intelligence techniques such as machine learning and data science, are spreading in different fields (LeCun et al., 2015). These techniques are also used in structural engineering to detect damages and cracks.
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 11 Figure 1.1: Timeline diagram showing the evolution of AI from (Bellini et al., 2022)
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 12 Figure 1.2: An artificial neural network model from (Millan, 2020)
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 13 Figure 1.3: Similarity between biological and artificial neural network
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  BAS), IoT devices and sensors, and Computerized maintenance management systems (CMMS). Afterward, data is stored to be cleaned by removing irrelevant inputs and transformed by being normalized or encoded (Nargesian et al., 2017). After processing it, the data is divided into both training and testing sets. The training set is used to detect the anomaly patterns, whereas the testing set enables to validation of the model. Plus, the utilization of the system to detect faults via notification allows for alerting the maintenance managers to collect feedback that will ensure continuous improvement (Bouabdallaoui et al., 2021). Additionally, other systems, such as sensor integration and facial recognition systems, are frequently used to strengthen security, energy efficiency, and convenience in an innovative home system (Kumar et al., 2022). For example, a sensor and facial recognition system (FRS) enables to detection of anomalies in a home, like the quality of water and home appliances but also enhances the intelligent home system (SHS) security (Gota et al., 2020). For instance, a team of researchers explored the detection of hazardous materials inside passengers' luggage to avoid any delays in passenger flows (Ravishankar et al., 2022).
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 14 Figure 1.4: Process from data collection to model improvement by using IoT and other smart devices 1.1.2.3. Automated detection
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 15 Figure 1.5: General framework of the prototype
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 16 Figure 1.6: An example of Convolutional Networks architecture from (Zhu et al., 2018)
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 1718 Figure 1.7: An example of the multiplication of an input matrix by a 3x3 Kernel matrix
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 18 Figure 1.8: An example of a CNN feature extraction with ReLU
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 19 Figure 1.9: Example of Max and Average poolings
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 1 Figure 1.10: A representation of a fully connected network
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 111 Figure 1.11: Applications of BIM related to Operation & Maintenance and Demolition and Renovation based on literature review
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 112113 Figure 1.12: Scan to as-is BIM creation process

Facility

  Management has been « one of the fastest growing professional disciplines for some years » ([START_REF] Barrett | Facilities management : towards best practice / by Peter Barrett and David Baldry[END_REF] but it has also several definitions, according to the literature review. Firstly, Facility Management is defined as a profession that encompasses multiple disciplines to ensure the functionality of the built environment by integrating people, place, processes, and technology according to the International Facility Management Association (IFMA). Indeed, Figure1.13 illustrates these components of Facility Management.
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 1 Figure 1.13: The components of Facility Management

  revamping purposes[START_REF] Kawashima | As-built modeling of piping system from terrestrial laser-scanned point clouds using normal-based region growing[END_REF], retrofitting old sites, and preparation for dismantling (Veldhuis & Vosselman, 1998) during the lifecycle of industrial facilities (Son, 2013). As regards significant costs related to the maintenance and operation phase of facilities, the urgency of developing new FM practices is understood by owners and contractors (Golabchi et al., 2013). To illustrate, the most important Facility Management tasks are summarized in Figure 1.14.
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 114 Figure 1.14: Major Facility Management based on literature review
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 1 Figure 1.15: Terminology for upgrading of constructed facilities from (Teo and Lin, 2011)
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 116 Figure 1.16: Types of Maintenance Based on the Literature Review

  Collapse in Airport Infrastructure -Fissures in Airport Infrastructure -Leak in Airport Infrastructure -Electrical Failures in Airport Infrastructure -Computing Failures in Airport Infrastructure The link to the database is https://github.com/lahnat/airport-infrastructure.git. • Data Set for CNN-based models for pavement cracking classification: The training data comprises 419 images, and the testing one counts 64 photos. These images showing the three types of pavement cracks were uploaded from several public databases (Google Images). • Another Data Set for CNN-based models for pavement cracking classification: The data Set is composed of images. The number of images used for the training and test dataset in two different classes (crack, no crack). The training dataset is divided into training and validation subsets with a distribution of 80% and 20% images. This set contains a total of 10,007 images obtained from previous research (Zhou & Song, 2020). It is used to train and validate the model and the test data (test set) is used to test the performance of the model. The second dataset contains images from civil constructions. This set contains 1,200 images, including 600 images with cracks, and 600 images without cracks. It is available on the site (Özgenel, 2019). For training deep models, the dataset (training data -the dataset is batched) forms batches of data (data batches against 64 images making up a single batch • Data Set for CNN-based models for RC wall classification based on the updated strength values. The database of images is composed of 378 images for both strength and stiffness classifications that were examined to classify the updated strength and stiffness of nine RC shear walls. The details of training, validation, and testing set per class are illustrated in Chapter 6. The total number of images is 378. These images showing the three types of stages of cracks were obtained from (Yiqiu & S., 2021) for specimens C1 to C6 and M1 to M4, and the rest of the images (SW, CSW-2, CSW-3) were obtained from (Kisa et al., 2021). Concerning the classification process, the taskspecific dataset used in this study consists of three prominent classes of damage stages based on updated strength values in reinforced concrete walls as shown in Table 6.3 for both parameters updated stiffness and strength described in Equations 14 and 15.

  title, abstract, and author/indexing keywords of the articles. This data mining technique enables us to quantify the most important concepts, application areas, scientific contributions of the methods, and thematic and main trends of AI applied to Maintenance in Airport Buildings. The results of the analysis highlight the technological and scientific progress in the Maintenance of airport buildings based on machine learning models such as Deep Neural Networks. In addition, it highlights the characteristics of these approaches including their limitations and possible challenges.Regarding the purposes of the second point (see Sub-section 1.2.2 point (B)) we exploit a database to realize a statistical analysis. The objective of this study is to investigate and identify the most frequent damages and their origins in airport infrastructure. This result allows us to determine the most frequent type of damage in Airport facilities to perform deep learning models that will permit us to predict the most frequent damages. The result showed that cracks are the most frequent type of damage and that wear is the most frequent origin of incidents in airport infrastructure Concerning the third point (see Sub-section 1.2.2 point (C)), we exploit the main results of the statistical analysis. We perform different convolutional neural networks to predict pavement cracks. This classification is composed of three classes: Longitudinal cracks, Transversal cracks, and Alligator cracks. Knowing the difficulties of accessing crack images in Airport facilities, we collected a public database of cracks to use different neural networks and transfer learning. This study allows us to obtain good results to compare some parameters of the algorithm performed for different pre-trained neural networks which are Precision, Precision, F1-score, Loss, Accuracy, Mathew coefficient, and Confusion Matrix. Finally, a statistical analysis conducted by the Friedman test followed by the Nemenyi post-hoc test was made for comparing multiple classifiers in multiple datasets (Demsar, 2006). Concerning the point (see Sub-section 1.2.2 point (D)), we use another database from other research papers (Özgenel, 2019) (Zhou & Song, 2020). The purpose is to obtain better results for the classification of pavement cracks. For that, we performed both pre-trained neural net networks DenseNet 201 and EfficientNet. to predict pavement cracks. This classification is composed of two classes: Cracks, and No cracks. This study allows us to compare some parameters of the algorithm performed for different pre-trained neural networks which are Precision, Precision, F1-score, Loss, Accuracy, Mathew coefficient, and Confusion Matrix. Finally, an explainability method called "LIME" was made. It is accomplished by developing methods to understand how models make their predictions. It allows us to check the models, see what their limits are, and learn from them. Concerning the last point (see Sub-section 1.2.2 point (E)), we use a database of RC
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 117 After the general introduction (seeChapter 1), we will answer the research questions of this study. Thus, in Chapter 2 we provide a bibliometric analysis of the application of Artificial Intelligence and Maintenance in Airport Buildings. Chapter 3 proposes a Statistical Analysis used to determine the most frequent damages in airport facilities. Chapter 4 presents convolutional Neural Networks for multi-label image classification applied for pavement cracks and Chapter 5 shows the same methodology applied for another database and another type of classification. Also, Chapter 5 highlights explicability methods by using LIME. Finally, chapter 5 is dedicated to the conclusion or review of the contributions proposed during this thesis and future works.
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 117 Figure 1.17: General diagram of the organization of the manuscript
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 21 Figure 2.1 illustrates that filtering based on publication years, languages, categories, and research areas narrowed the journals to 489 in the Web of Science.
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 21 Figure 2.1. Process of collecting the most important publications about MAI

  only documents from 2013 on MAI in the WoS database. After that, only a few papers were published on MAI before 2013. The first clear jump in MAI publications occurred in 2016, with 11 documents, then the number of publications reached 91 in 2020. Since then, the number of papers published on HSC and available in the WoS database has been kept above 100 yearly.
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 22 Figure 2.2 presents the evolution article publications from 2013. As illustrated below, the number of publications is increasing year after year.
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 22 Figure 2.2: Annual scientific production of publications related to MAI
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 23 Figure 2.3: Average citations related to MAI per year
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 24 Figure 2.4: Most cited sources adapted from Bibliometrix.

3

 3 presents the most productive journals according to the number of publications (NP), the number of citations (TC), and the impacts (h-index, g-index, m-index). H-index (Hirsch, 2005) is the number of publications for which the author has received at least h-citations. G-index is an author-level measure proposed by (Egghe, 2006) that is computed based on the distribution of citations received by publications of a given author and a set of articles ranked in descending order of the number of citations they received. Finally, the m-index (Skemer et al., 2005) is the number of publications for which the author obtained at least h-citations.
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 2 Figure 2.5 shows that most documents are articles with 75 % (389 out of 489). Proceeding paper holds the second position with 14% (70 out of 489).
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 25 Figure 2.5: Ranking of publications by type of documents
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 27 Figure 2.7: Most frequent words related to MAI
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 22 Figure 2.12: Co-occurrence network showing the collaboration links between author's keywords
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 213 Figure 2.13: Conceptual structure map-method: MCA
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 214 Figure 2.14: Map of country scientific production showing the collaboration between countries

Figure 2 .

 2 Figure 2.15 illustrates the comparison between the research made in Science Direct and Web of Science. It shows the case of the keywords "Maintenance and Operation and Airport building", "Maintenance and Operation and Residential building" and "Maintenance and Operation and Commercial building". Both databases Science Direct and Web of Science show the same percentage of the number of publications.
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 2 Figure 2.15 describes plots to show the evolution of the number of publications about maintenance in airports, and residential and commercial buildings starting from 2010. It shows that the number of publications about maintenance in the airport is very low compared to other types of buildings. According to figures, there is a lack of research in this specific aeronautic field: « Predictive maintenance » and « building ».
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 215 Figure 2.15: Annual productions on maintenance and operation in different types of buildings in the WoS database

Figure 2 . 16 :

 216 Figure 2.16: Comparative analysis between Science Direct and WoS databases

  main objective of this chapter is to provide a global view of the use of artificial intelligence for maintenance in airport buildings. The article presented a bibliometric analysis of MAI related to data extracted from the Web of Science database. This document included the following aspects that give us a holistic view of the research conducted in the fields: (1) the most productive authors, institutions, and countries in MAI and (2) the most cited authors, countries, and journals that published the most in MAI. During the 21st century, and based on the data collected from the Web of Science, publications related to MAI increased exponentially every year since 2013, as presented in Figure 2.2. From less than 20 documents published in 2016, this total number was raised at least eight times in 2022. Most publications were published in Computer Aided-Civil and Infrastructure Engineering, which dominates the top 10 most relevant sources of MAI with 23 publications.The study also shows that the ten most relevant affiliations on AI applications for aeronautics published in the Web of Science database were mainly from developed nations such as the USA and Australia and developing nations like China. Even if European countries are developed in aeronautics, especially in France, where Airbus is based, there needs to be more publications in this field of MAI compared to USA and China research. That's why it's interesting to make some research studies and analyses related to the literature review to give new perspectives of future relevant research in the field. Furthermore, this article illustrates the most affiliation with the most significant number of articles with Tongji University in the 1 st position, followed by Beijing University Technology) and the University of Tokyo. Concerning authors, LIU J and WANG JU are the authors with the most publications on MAI. As regards citations, Burton HV., Sun H., Harirchian E., and Lahmer T are the authors who have local citations.

  in airport buildings because of different reasons such as climate change for example[START_REF] Burbidge | Adapting European Airports to a Changing Climate[END_REF]. Therefore, maintenance practices are still poor since collecting data to inspect facilities is time-consuming and the budget and resources fixed for building maintenance are insufficient.These facts explain the reason why the maintenance of facilities and the quality of management are still poor and why incidents occur frequently in aeronautical buildings. In addition, the world knows diverse and severe disasters that are creating enormous economic effects and human impacts in many countries across the world (Kovacs et al., 2019)[START_REF] Agarwal | Humanitarian supply chain management frameworks[END_REF]. So, this implies a financial crisis and then limited budgets to repair when there are any failures in airport infrastructure (Coibion et al., 2020). To elaborate innovative methods that may be used as predictive maintenance techniques in airport buildings, a statistical analysis is needed to determine the most frequent types of damages and origins of incidents in airport infrastructure. This study will enable us to work on efficient methods that may improve and modernize the maintenance of airport infrastructure. Generally, industrial plants, including airport buildings, have an impact on various applications. Some of these include maintenance, and strategic planning of their operations (Kawashima et al., 2014).Most of these innovative methods are based on machine learning and data science and prevent downtime due to unscheduled maintenance, reducing costs and increasing safety since collaborative intelligent manufacturing will be prioritized after the COVID-19 pandemic crisis[START_REF] Shen | The US COVID-19 pandemic in the flood season[END_REF]. The inexistence of innovative methods based on artificial intelligence will result in time lags for these maintenance operations.The research presented in this paper is exploratory, not causal. It does not seek to solve the problem of detecting damages in airport facilities. It rather seeks to improve our understanding of the problem and the extent to which it has been resolved so far and provide a foundation for future researchers interested in solving it. This is why the main objective of this chapter is to identify the most important damage types given how frequent and what are the origins of these damages. We identified the most frequent objects based on a frequency-based, statistical analysis from the Google public database showing the incidents that occur in airport infrastructures located around the world. The most important damage types and the most frequent origins of these damages were ranked based on their frequency of appearance.
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 3131 Figure 3.1: Research methods
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 3233 Figure 3.2: Terminologies for types of damages
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 33 Figure 3.3: Terminologies for types of damage origins
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 35 Cracking is the most frequent damage in all case studies with an average frequency of around 22,12%. Delay/Disorganization and structural collapse follow in percentages being 21,47 % and 14,74 % respectively. These statistics are important since most aerospace statistics are performed to evaluate accidents or incidents related only to aircraft.
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 3435 Figure 3.4: Priority list of damage types for all case studies
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 36 Figure 3.6: Parts in percentage for each structural damage in airport infrastructures
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 3738 Figure 3.7: Priority list of damage origins categories for all case studies
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 39 Due to COVID-19, the graph also shows that the number of damages decreased in 2020 (Dai, 2020). That is because of the diminution of aerospace activity in the world (Xue et al., 2021). The number of damages in 2020 is about 10 and dropped by 60% from 2019 as mentioned in other publications (Bouwer et al, 2022).
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 39 Figure 3.9: Evolution of the number of damages in airport infrastructure
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 310 Figure 3.10: Distribution of damages in airport infrastructure around the world
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 1 shows the forms of longitudinal cracks.
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 41 Figure 4.1: Example of transversal and longitudinal cracks
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 4213 Figure 4.2: Example of an alligator crack
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 43 Figure 4.3: Example of a transversal crack

  Furthermore, this network has forty-four layers and includes three parts: the basic convolutional block, the improved Inception module, and the classifier. First, the essential convolutional part is applied for feature extraction. Second, the enhanced inception module is designed based on Network-In-Network (Nguyen et al., 2019), in which multi-scale convolutions are performed in parallel, and convolutional results of each branch are conjugated. Finally, auxiliary classifiers allow stable training results and higher gradient convergence. The architecture of Inception V3 is illustrated in Figure 4.4.
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 44 Figure 4.4: The central architecture of Inception V3 from (Ali et al., 2021)
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 45 Figure 4.5: Architecture of ResNet 101 from (Tao et al., 2019)
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 46 Figure 4.6: MobileNet architecture from (Hussain & Haque, 2018)
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 47 reveals the architecture of the Xception.
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 47 Figure 4.7: Xception architecture from (Kumar et al., 2021)

  Figure 4.8.
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 48 Figure 4.8: Comparison between convolutional Machine Learning and Transfer Learning from (Wang et al., 2019)
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 49 Figure 4.9: Transfer learning schemes
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 4 10 describes some pictures of each type. All photos are 100×100 pixels in resolution.

Figure 4 .

 4 Figure 4.10: Cracking classification (left: Alligator cracks; middle: Transversal cracks; right: Longitudinal cracks)
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 4 11 illustrates the conversion of all images.
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 411 Figure 4.11: Transformation of images
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 412 Figure 4.12: Detail of training and validation set per class

•

  Implementation of Python on the same computer • Training and validation sets were the same by respecting the ratio: 85% of images in the training set and 15% of pictures in the validation set.

  These measurements are Accuracy, F1 score, Specificity, Matthews Correlation coefficient, and Precision, are shown in the following equations 7,8 and 9: 𝑀𝐶𝐶 = 𝑇𝑝 × 𝑇𝑛 -𝐹𝑝 × 𝐹𝑛 F(𝑇𝑝 + 𝐹𝑝)(𝑇𝑝 + 𝐹𝑛)(𝑇𝑛 + 𝐹𝑝)(𝑇𝑛 + 𝐹𝑛) matrices are established in the next section to strengthen the interpretation of the results obtained from implementing different neural networks described previously.

3 :

 3 Comparison of training and validation losses The training accuracy curves of each of the networks are shown in Figure 4.13. It is observed that the convolutional neural network with three layers achieves high training accuracy with the least number of epochs. Among transfer learning models, whether the MobileNet model is in fine-tuning or feature extraction, it achieves high training accuracy with the least number of epochs. The training loss curves illustrated in Figure 4.14 show that CNN3 has a high training loss with the least number of epochs. As for training accuracy, the MobileNet model for finetuning and feature extraction methods achieves high training loss with the minimum number of epochs.

Figure 4 . 14 :

 414 Figure 4.14: Training accuracy for all neural networks described in the previous section
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 415 Figure 4.15: Training loss for all neural networks described in the previous section

Figure 4 .

 4 Figure 4.16 and Figure 4.17 show the confusion matrix of each transfer learning model for a convolutional neural network with three layers.

Figure 4 . 16 :Figure 4 . 17 :

 416417 Figure 4.16: The confusion matrix of each transfer model: left: Xception; middle: MobileNet; right: InceptionV3
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 4 18, which is based on the post-hoc Nemenyi test, it is assumed that there are no significant differences within the following groups: Xception feature, CNN3, MobileNet feature, Resnet feature, InceptionV3 fine-tuning, InceptionV3 feature, and MobileNet fine-tuning; MobileNet feature, Resnet feature, InceptionV3 fine-tuning, InceptionV3 feature, MobileNet fine-tuning, and Xception finetuning; Resnet feature, InceptionV3 fine-tuning, InceptionV3 feature, MobileNet fine-tuning, Xception finetuning, and ResNet 101 fine-tuning. All other differences are significant.
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 418 Figure 4.18: Critical diagram from the Nemenyi test

  processing. Four pre-trained networks, MobileNet, ResNet 101, Xception, and Inception V3, were compared with the convolutional neural network with three layers (CNN3). Using neural networks that use transfer learning gives very high accuracy, precision, F1 score, specificity, and loss. ResNet 101 achieves the highest precision, specificity, F1 score, and MCC score. The results show that the convolutional neural network with three layers shows the best performance in terms of accuracy and loss during the training process with 100% and 0%, respectively. On the other hand, MobileNet and Inception V3 models in fine-tuning are ranked respectively second and third with 98,83% and 98,60% for accuracy and with 0,0388 and 0,0755 for the loss score. As regards the validation process, MobileNet, and Xception, in fine, achieved the same performance as the Inception V3 model in feature extraction in terms of accuracy with 82,81%. However, the Inception V3 model in feature extraction has the highest version in terms of loss score, with only a score of 0,5707. Plus, the Xception model in fine-tuning is ranked second with 0,6607, and the MobileNet model in fine-tuning is third with 0,6845. As regards the metrics of the algorithms, the ResNet 101 model with fine-tuning has the highest version for crack pavement classification based on an F1 score of 0.8262, a specificity value of 0.8279, a precision of 0,8264, and an MCC score of 0,7392. In terms of performance parameters, the ResNet 101 model is followed by the Xception model in fine-tuning where theF1 score is about 0,8179, the specificity value is equal to 0,8209, the precision value is 0,8232, the MCC score reaches 0,7376. Finally, the MobileNet model in fine-tuning is ranked third thanks to an F1 score of about 0,8179, a specificity value equals 0,8153, a precision value is 0,8222, and an MCC score reaches 0,7368. On the other hand, the convolutional neural networks show the worst performance with an F1 score of 0,3961, a specificity of 0,4050, a 100 precision of about 0,4111, and an MCC score of 0,1189. Therefore, transfer learning ameliorates the performance of a crack pavement classification. Furthermore, the accuracy and loss in training and validation processes are well performed for the MobileNet model.
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 51 Figure 5.1: Flowchart for predicting the pavement cracks
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 53 Figure 5.2: Architecture of DenseNet201 from (Attallah, 2021)
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 555 Figure 5.5: Example of images

  It includes three (03) subsets: the training data (training set), validation data (validation set), and the test data (test set) with a distribution of 60%, 20%, and 20% images. Concerning the first dataset, we have 1984 images in the testing set, 1984 images in the validation set, and 6,032 images for the training set. The second subset is used only for testing. Figure 5.6 illustrates some examples of images.

FigureFigure

  Figure 5.6: Example of images
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 58 Figure 5.8: Concept of layer block.
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 59 Figure 5.9: Transfer learning from (Deng et al., 2009)

  5 illustrate the structure of the neural networks trained in our methodology. As input, we have a color image of size 180x180 pixels. As output, the sigmoid activation function indicates a binary classification denoted by

  Figure 5.11, show a decrease in their values over the epochs. They become almost constant in the twentieth epoch, which denotes the generalization capacity of the models.
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 510 Figure 5.10: Train and validation Loss. (a) EfficientNetv2B3 (b) DenseNet201

such,

  Figures 5.12 and 5.13 give the confusion matrix which shows the proportions of predictions compared to the ground truths. For example, on the second test set, out of 600 images with cracks, only one (respectively 0) image is misclassified with DenseNet201 (respectively EfficientNetv2-B3). Again, eighteen (18) (respectively 24) images are poorly predicted out of 600 crack-free images with DenseNet201 (respectively EfficientNetv2-B3). The training and evaluation tasks are executed on a MacBook Air with an Apple M1 chip and 16 GB RAM. The development environment uses the open-source Python framework, TensorFlow, to code the entire task to implement. According to the following confusion matrices, the Efficientv2b3 model has the best classification performance.
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 512 Figure 5.12: Dataset 1 confusion matrix (a) individual classification rate by DenseNet-201 (b) individual classification rate by Efficientv2-B3.

Figure 5 . 13 :

 513 Figure 5.13: Dataset 2 confusion matrix: (a) individual classification rate by DenseNet-201 (b) individual classification rate by EfficientNet v2-B3

Figure 5 .

 5 14 therefore shows examples of crack locations. On each line, we have an image and the zoning of the parts of the image that allowed its localization with LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016). For the case of an image with a crack, the contour of the part is selected while images without cracks show a dominant surface during localization. With LIME, our approach brings a significant gain to 117 the process of classification and understanding of neural networks. It is a solution that sheds light on crack repair and can be extended to other areas of imaging such as fault detection in part manufacturing. With this proposal, we mask the black-box nature of neural networks, something essential for the deployment of AI on a large scale.
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 514 Figure 5.14: Location of cracks

  predictions and deployment of AI models, for the different actors impacted by these predictions and in particular for users who do not have experience in deep learning. To this end, little work is carried out for the production of characteristic maps. Notably (Dong et al., 2020; König et al., 2021) train classifiers to create crack segmentation maps. Another type of detection involves creating bounding boxes that place a crack inside a rectangular box (Wang et al., 2020). It is worth noting that different crack classification approaches use various learning algorithms, evaluation metrics, and datasets to recognize cracks in images. This leads to difficulties in comparing different architectures and performances. In recent years, research has been carried out for the classification of cracks (on tiles, walls, tarmac, etc.). Our study proposes a conceptual and implementation framework for a classifier based on deep learning. We present how to use convolutional neural networks to predict the presence or absence of a crack on an input image. This work achieves a performance of 99% in terms of accuracy with convolutional neural networks based on the pre-trained DenseNet and EfficientNet models. In terms of confusion matrices, the EfficientNetv2b3 model has the best classification performance. Additionally, different standard evaluation metrics, such as F1 score, precision, and Recall, were performed for both EfficientNet and DenseNet models. That revealed values between 96% and 100% which are very good results. These results were obtained by (Zhou & Song, 2020) with the utilization of other neural networks such as Resnet. However, the explainability of the prediction was not performed by these researchers.

  The proposed system illustrated in Figure5.15 is composed of three modules which are:[START_REF] He | Deep Residual Learning for Image Recognition[END_REF] Image acquisition thanks to a drone and DSLR camera (2) Crack detection using CNN, and (3) Image-based 3D modeling. The output from the system is a 3D model and its associated images containing cracks.Regarding the image acquisition, Unmanned Aerial Vehicles (UAVs) are ideal so that image processing algorithms are applied to inspect cracks across the runway area. Similarly, a team of researchers performed an image-based system to recognize automatically cracks in building facades using UAVs (Pereira et al.,2015).For the crack detection part, CNN is proposed to distinguish between two classes: Crack and No crack. Finally, a 3D model based on point cloud is obtained thanks to the DSLR camera, which is a camera that operates with a fixed, digital sensor. This 3D model enables us to build a 3D representation within the context of the digital twin and to participate in the progress of Building Information Modelling (BIM).

Figure 5 .

 5 Figure 5.15: A proposed system to detect automatically pavement cracks in airport facilities

  damage. Many field investigations for building damage detection in post-earthquakes have demonstrated a need for knowledge of structural cracks under seismic loading. More specifically, damages in the shear walls of buildings are frequently observed in post-earthquake hazard events and airport infrastructures (Lahna et al., 2023). Therefore, accurately predicting the stiffness of damaged RC walls at any damage stages is critical for the damage and loss estimation of the whole structure. Recent advancements in machine learning and computer vision have provided powerful techniques to extract structural element images to evaluate the mechanical properties of seismically damaged RC columns (Miao et al., 2023) to perform semantic analysis of wall images based on deep neural networks (Zhao et al., 2022). (Aladsani et al., 2022) applied a machine-learning model to predict the drift capacity of reinforced concrete walls. Building data can facilitate understanding the strength and stiffness of reinforced concrete walls under seismic loads. Understanding the effects of variables on reinforced concrete walls is significant for optimizing the data collection and modeling process. Remote sensing techniques are essential in determining building damage information because of their non-contact, low cost, and fast response capacities (Dong & Shan, 2013). Other artificial intelligence methods have recently shown their efficiencies, such as digital twin and deep learning methods (Kaur et al., 2020). Previous research on detecting damages in structural walls subjected to earthquake events has focused chiefly on building a dataset of reinforced concrete walls or investigating the performance of this type of wall using visual inspection (Brando et al., 2017). Furthermore, the studies that evaluated building cracks using machine learning techniques did not consider the mechanical properties of reinforced concrete walls (Kim et al., 2019). This paper aims to predict the strength and stiffness of each cycle for nine wall specimens to describe the damage stage associated with each image. Based on cyclic moment drift for each of the nine wall specimens, the dataset is to classify all images before performing different convolutional neural networks. Additionally, this paper highlights the impact of transfer learning for limited data of 2D images of concrete cracks of RC shear walls. This article aims to perform various convolutional neural networks and interpret the importance of transfer learning compared to classical neural networks for limited data. Research in this domain started with Thrun in 1996, who first discussed the learned knowledge played in generalization for the first time (Thrun & Pratt, 1998). In 2005, (Ando & Zhang, 2005) tried to discover a structure and hypothesis to transfer knowledge from supervised to unsupervised learning. An improvement in learning performance was realized when the data could be in different features (Pan & Yang, 2010). Similarly, researchers performed transfer learning by mapping the source and target domains into a new space (Pan & Yang, 2010). Many achievements were reached, such as the transferability of features pre-learned from the ImageNet dataset by using different fine-tuning strategies on other datasets, the evidence that the transferability of parts is reduced when the distance between the based task and target task gets bigger (Yosinski et al., 2014) and the transferability of each layer parameters of a pre-trained AlexNet by fine-tuning the network layer by layer (Almisreb et al., 2018). In this article, the pre-trained networks used are DenseNet and Inception V3.

  width of the cracks[START_REF] Flah | Classification and quantification of cracks in concrete structures using deep learning image-based techniques[END_REF]. Generally, the maximum width of damages is the main visible criterion that structural experts rely on during inspections.[START_REF] Luna | Seismic Behavior of Low-Aspect-Ratio Reinforced Concrete Shear Walls[END_REF] demonstrated that the crack width is not a reliable indicator to show the overall severity of the damage in RC shear walls. Thus, more studies are mandatory to evaluate the stage of damage based on more reliable accessible data after earthquakes. Strength and stiffness are among the most important properties that can describe the confirmed stage of damage present in structural elements. This study tests RC shear walls to predict the strength and stiffness of every 2D image containing cracks.Due to limited data for supervised learning, performing an adequate deep neural network is impossible. Regarding the collected data, the need for labeled data is explained by the difficulty of doing experiments on concrete walls that are very expensive. In these cases, transfer learning can increasingly improve learning performance (Pan & Yang, 2010). The primary purpose of this method is to transfer knowledge between corresponding source and target domains. Shows the contrast between the processes of conventional machine learning and transfer learning. In conventional machine learning models, they perform by learning each task separately with different learning systems. In contrast, transfer learning models extract the knowledge from based tasks to target tasks. Also, these deep learning models evaluate parameters such as accuracy, loss, Recall, precision, and F1 score. And other graphs also compare these networks for cracking classification cases.The research conducted in this paper follows the methodology framework depicted in Figure6.1.

Figure 6 . 1 :

 61 Figure 6.1: Flowchart for predicting the updated strength of RC shear walls

Figure 6 . 2

 62 Figure 6.2 illustrates the definition of stiffness (Ki) and strength (Si). It also shows the precap and postcap regions. The precap region is the interval between the origin and the x-value of Smax. At this point, the curve is mirrored to eliminate identical values of Si with different values of displacements. This method ensures a decreasing curve of the strength and was used for other studies (Madani & Dolatshahi, 2020).
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 6263 Figure 6.2: Stiffness and Strength definitions

Figure 6 . 4 :

 64 Figure 6.4: Details of test wall specimen (Units in mm)

•Figure 6 . 6 :

 66 Figure 6.6 illustrates the methodology of the research study by showing the steps that were involved to realize the classification of damaged RC shear wall images based on the updated stiffness and updated strength values.

Figure 6 . 7 :

 67 Figure 6.7: Cracking classification for the nine RC shear walls (left: Class 1; middle: Class 2; right: Class 3)

Figure

  Image processing. (a) From the original image to binary image (b) From the original image to grayscale image

  The training and evaluation tasks are executed on MacBook Air (M1, 2020) with an Apple M1 chip and 16 GB RAM. The development environment uses the open-source Python framework, TensorFlow, to code the entire task to implement.

Figure 6 . 11 :

 611 Figure 6.11: Confusion matrix for the classification of the updated strength. (a) CNN; (b) DenseNet; (c) Inception

Figure 6 .

 6 13 therefore shows examples of crack locations. On each line, we have an image and the zoning of the parts of the image that allowed its localization with LIME (Local Interpretable Model-agnostic Explanations) (Ribeiro et al., 2016). The image tagged "lime_negative_pred" represents a visualization showing pixels that contribute negatively to the prediction category. The visualization shows that some pixels in the middle contribute negatively to the prediction, meaning they could contribute positively to another category.

(

  Dong et al., 2020; König et al., 2021) train classifiers to create crack segmentation maps. Another type of detection involves creating bounding boxes that place a crack inside a rectangular box (Wang et al., 2020). It is worth noting that different crack classification approaches use various learning algorithms, evaluation metrics, and datasets to recognize cracks in images. This leads to difficulties in comparing different architectures and performances. In recent years, research has been carried out for the classification of cracks (on tiles, walls, tarmac, etc.). Our study proposes a conceptual and implementation framework for a classifier based on deep learning. We present how to use convolutional neural networks to predict the stage of damage on an input image based on its associated values of updated stiffness and strength. Regarding the updated strength classification, the DenseNet model has the best performance in the grayscale database by reaching 88,89% accuracy and 89,68% precision. Therefore, transfer learning has a positive impact in this case by ameliorating the performance of the algorithm for the test set. However, the CNN model has the best performance for the updated stiffness classification in the grayscale database by obtaining 82,86% accuracy and 82,86% precision. For both classifications, the grayscale databases give the best performance for one of these deep learning models. In terms of confusion matrices, the CNN model has the best classification performance based on updated stiffness values in the grayscale database, whereas the DenseNet model has the best classification in the grayscale database regarding the classification based on updated strength values. Therefore, we can conclude that the transformation of images into grayscale has a positive impact in terms of performance since it ameliorates performances compared to RGB or Binary images.

Figure 6 .

 6 Figure 6.15: A proposed system to detect automatically pavement cracks in airport facilities

Figure 7 . 1 :

 71 Figure 7.1: Cracking classification (left: Alligator cracks; middle: Transversal cracks; right: Longitudinal cracks)

Figure

  

Figure 7 . 3 :

 73 Figure 7.3: Cracking classification for the nine RC shear walls (left: Class 1; middle: Class 2; right: Class 3)

Figure 7 . 4

 74 illustrates the conversion of all images.

Figure 7 . 4 :

 74 Figure 7.4: Transformation of images

•

  Training and validation sets were the same by respecting the ratio: 85% of images in the training set and 15% of pictures in the validation set.

Figure 7 . 5

 75 Figure 7.5 illustrates the definition of the stiffness (Ki) and strength (Si) that were described in the previous chapter. It also shows the precap and postcap regions. The precap region is the interval between the origin and the x-value of Smax. At this point, the curve is mirrored to eliminate identical values of Si with different values of displacements. This method ensures a decreasing curve of the strength and was used for other studies (Madani & Dolatshahi, 2020).This analysis enables to inclusion of mechanical properties such as the updated strength values before realizing the classification of RC wall images.

Figure 7 . 5 :

 75 Figure 7.5: Stiffness and Strength definitions

Figure

  Image processing. (a) From the original image to binary image (b) From the original image to grayscale image In this study, one convolutional neural network was applied with the architecture in Figure 7.7 with an input size of 290x160x3.

Figure 7 . 7 :

 77 Figure 7.7: Architecture of the convolutional neural network

Firstly, we have

  realized a state-of-the-art study about AI techniques applied to the maintenance of airport infrastructure. To address the main questions related to maintenance in Airport facilities, we used data mining techniques named Bibliometrics. The bibliometric analysis was performed using the processing and analysis tools Biblioshiny, and data visualization tools such as VOSviewer and Power BI. We collected 489 scientific documents published between 2013 and 2022 in the scientific database WoS. This bibliometric study provides an overview of the most important concepts, topics, and application areas of AI. In addition, the analyses highlight the AI methods, their particularities, the main trends, results, and performances. Additionally, the descriptive analyses focus on the publication trends, sources, articles, authors, co-authors, references, affiliations, and most productive countries. In addition, we have visualized networks or clusters of collaboration between authors and institutions. We also presented the potential, the main challenges, and the future research directions of AI methods. The most important results show an exponential use of AI techniques related to Maintenance in airport buildings, However, we showed that the emerging themes in AI are Deep Learning, and Machine Learning techniques. Most publications were published in Computer Aided-Civil and Infrastructure Engineering, which dominates the top 10 most relevant sources of MAI with 23 publications.The study also shows that the ten most relevant affiliations on AI applications for aeronautics published in the Web of Science database were mainly from developed nations such as the USA and Australia and developing nations like China. Even if European countries are developed in aeronautics, especially in France, where Airbus is based, there needs to be more publications in this field of MAI compared to USA and China research. That's why it's interesting to make some research studies and analyses related to the literature review to give new perspectives of future relevant research in the field. Furthermore, this article illustrates the most affiliation with the most significant number of articles with Tongji University in the 1 st position, followed by Beijing University Technology) and the University of Tokyo. Concerning authors, LIU J and WANG JU are the authors with the most publications on MAI. As regards citations, Burton HV., Sun H., Harirchian E., and Lahmer T are the authors who have local citations.

  Following a bibliometric analysis of AI applied to maintenance in Airport infrastructure, we have performed a statistical analysis. The purpose is to determine the most frequent incidents in Airport infrastructure and their origins. The three most frequent incidents are cracking, delay/disorganization, and structural collapse, and are ranked based on their frequency of appearance. The results also showed that structural disaster (cracking, structural collapse, collapse of materials) represents 58,33 % of the total number of damages in all case studies that were considered in this study. This study also discusses the eight most important origins of incident categories. The three most frequent origin of incidents (wear, Unknown reason, and hydraulic) are also ranked based on their frequency of appearance. The results demonstrate that wear is predominant as the origin of damages with 29,17 %. This study marks the first study specifically aimed at identifying the most damage types and the most frequent origin of damage categories in airport infrastructure. The contribution is therefore the discovery of the most frequent damage types and the most common origin of damage categories in airport infrastructure. The presented research has room for improvement and some limitations of this study can direct future research Based on the statistical analysis of Airport infrastructure, this research created a dataset for three essential pavement crack types using images from a public database to perform deep learning models and Image processing for the classification of pavement cracks in runways.The photos from RGB color space were converted into binary images by using image processing. Four pre-trained networks, MobileNet, ResNet 101, Xception, and Inception V3, performance in the grayscale database by reaching 88,89% accuracy and 89,68% precision. Therefore, transfer learning has a positive impact in this case by ameliorating the performance of the algorithm for the test set. However, the CNN model has the best performance for the updated stiffness classification in the grayscale database by obtaining 82,86% accuracy and 82,86% precision. For both classifications, the grayscale databases give the best performance for one of these deep learning models.In terms of confusion matrices, the CNN model has the best classification performance based on updated stiffness values in the grayscale database, whereas the DenseNet model has the best classification in the grayscale database regarding the classification based on updated strength values. Therefore, we can conclude that the transformation of images into grayscale has a positive impact in terms of performance since it ameliorates performances compared to RGB or binary images. To explain the prediction of a stage of damage (class 1, class 2, class 3), the study provides visualization maps that show the important regions of an image during the prediction. These maps represent for end users, an object of interpretation and verification concerning the classifier's decision.

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

  

Sindagi et al., 2019). On

  

	1.1.2.4. Deep learning

Machine learning is a part of artificial intelligence (AI) with the idea that an algorithm can learn and adapt to new data without human intervention (El Naqa et al., 2015). Also, machine learning helps analyze a critical amount of data permanently available worldwide to assist in decision-making and predict what will happen in the future (Jordan and Mitchell, 2015). For instance, machine learning methods enable the detection of objects in the point cloud present in a random building (Park and Guldmann, 2019). For this, 3D data can be illustrated in point clouds, multi-view images, and volumetrics. First, point clouds are massive datasets that prohibit 3D Convolutional Neural Networks (CNNs) unless down sampling is used. A team of researchers developed a deep neural network (PointNet) that takes point clouds as inputs and outputs segmented labeled clusters. Secondly, multi-view CNNs have been used to facilitate the 3D problem to a series of 2D problems, where standard CNNs can be applied for image analysis. LabelFusion also segments objects in images by taking multiple-view images. Finally, volumetric representations have also attracted attention. VoxelNET was used for car, pedestrian, and cyclist detection (Dou et al., 2019). This work uses a region proposal network and depends on randomly sampling points from voxels (the other hand, deep learning is the core technique for learning-based image processing tasks.

Therefore, it is attracting the interest of researchers and engineers in point cloud processing

[START_REF] Zhou | 3D shape segmentation using multiple random walkers[END_REF]

. Also, it is capable of learning unsupervised from data that is unstructured or unlabeled.

As described before, many technologies are performed based on deep learning to facilitate the maintenance of airport infrastructure. For example, the weather is one of the parameters studied to predict meteorological parameters using Deep Gaussian Processes (Coulibaly et al., 2022).

Hanaoka et al., 2013). To

  

	innovation and new technology are essential to ensure a high-quality service offering and
	complete safety for customers. Among the new technologies, predictive maintenance
	techniques are more and more predominant in the research world as illustrated in Frankfurt
	Airport where researchers introduced RFID-based maintenance to improve the planning,
	control, and documentation of technicians (Legner and Thiesse, 2006). In Italy, Francesco
	Abbondati and his team introduced the I-BIM (Infrastructure Building Information Modeling)
	to ameliorate the management of digital processes for Lamezia Terme which is the main airport
	in the south of Italy (Abbondati et al., 2020). In Tehran Airport, researchers opted for the
	Markov chain method. This works by collecting data to build up deterioration models so that
	they can solve pavement management problems (Ansarilari and Golroo, 2019). In the US
	airports, some researchers decided to be involved in maintenance and rehabilitation activities
	for airport pavements by using a combined supervised machine learning and reinforcement
	learning approach (	
	electricity is an essential element for any airport facility as shown in the 2016 IEEE that
	occurred in Florence	(Ihara and Tanaka, 2016). This conference paper proposes how to
	manage electricity in case of disaster. Plus, a team of researchers worked on wind damage to
	airports by studying the Columbia Regional Airport case with the accident caused by high wind
		avoid these
	difficult scenarios and to ensure the efficiency and effectiveness of airport facilities, continuous

time". Although airport buildings represent an important part of the economy of any city, the literature review has shown different disasters that can appear in this infrastructure. First, on

June 17, 1985, (Henry and[START_REF] Henry | Wind Damage to Airport: Lessons Learned[END_REF]

. Moreover, some papers work on lessons and challenges for airports in case of earthquake disasters (

Barua and Zou, 2022). This

  

	approach allows for reduced maintenance and
	rehabilitation costs. Therefore, airport buildings need new technology to improve one of the
	most important infrastructures for a city and may be an economic instrument for a
	region (

Crockatt and Ogston, 2011).

  

Statistical studies used to determine the most frequent damages in airport facilities

  

	• Which MAI's most influential institutions, countries, and journal outlets are related to
	MAI?
	• What are the potential research avenues on the MAI?
	(B) Airports are major economic hubs that have exhibited substantial growth and profits in recent
	years. Although airport infrastructure represents an important part of the economy of cities,
	studies have shown that many incidents that have led to flight disruptions have often occurred
	in airport buildings. Also, the maintenance cost of airport buildings has increased significantly
	necessitating a call from professionals to investigate efficient methods of curbing the same.
	Hence, cost reduction is possible by innovating methods thanks to predictive maintenance
	techniques, which are based on artificial intelligence. However, working on the innovation
	of techniques that modernize maintenance in airport buildings is very hard due to the many
	types of cause incidents that exist. Incidents can be caused due to different reasons (Structural,
	Electrical, Hydraulic, Computing, Unknown, etc.) This paper tackles this challenge by
	investigating and identifying the most frequent damages and their origins in airport
	infrastructure. The following questions to better understand the problem and serve as the
	point of departure for researchers who are interested in solving it:
	• What are the most frequent types of damages in airport infrastructure in terms of
	frequency of appearance?
	• What are the most frequent origins of incidents in airport infrastructure in terms of
	frequency of appearance?
	• What is the evolution of the numbers of damage to Airport Infrastructure?

(C) Convolutional neural networks for multi-label image classification applied for pavement cracks

  

	different types of pavement cracking: Longitudinal cracks, Transversal cracks, and Alligator
	cracks. With the increase in traffic volume, pavement cracking has become the most frequent
	in aerospace infrastructures. To determine the impact of transfer learning, these pre-trained
	networks were performed: VGG16, MobileNet, Xception, ResNet 101, and Inception V3. Also,
	comparative evaluations of results from these deep neural networks have been performed in
	terms of the following parameters: accuracy, specificity, F1 score, Matthew's correlation
	coefficient, and Jaccard. Finally, other variables were tested to interpret the impact such as the
	type of transfer learning and the choice of optimizers.
	Deep Learning is designed to imitate the function of the human cerebral cortex. Deep Learning
	algorithms are represented by neural networks with many hidden layers. Convolutional neural
	networks are deep learning algorithms that enable to training of huge datasets dealing with
	thousands of parameters. These algorithms have as input 2D images that convolve them with
	different filters to obtain the desired outputs. In this article, CNN models are used to detect

Image-based classification of damaged RC shear walls under seismic loadings based on both updated strength and stiffness values

  

	This will help to answer the following research questions:
	What are the definitions of the main keywords of this article?
	Which CNN model is the most accurate?
	What is the impact of transfer learning in terms of speed of implementation?
	What is the interpretation that can be made after performing LIME?
	(E) This study will focus on the analysis of a classical neural network applied to an RC shear wall
	classification. This study will use classical neural networks to perform Local Interpretable
	Model-agnostic Explanations called "LIME". Finally, this implementation allows to evaluation
	of different parameters such as accuracy, loss, Recall, precision, and F1 score.
	Additionally, this paper highlights the importance of a mechanical analysis before realizing the
	classification of 2D images. This article also highlights the importance of image processing that
	ameliorates the results. Furthermore, this article performs Local Interpretable Model-agnostic
	Explanations called "LIME".
	This study will focus on the analysis of two different deep neural networks applied to cracking
	classification. This study will compare with previous research that uses classical neural
	networks to estimate the impact the Transfer Learning. Furthermore, the purpose of this article
	is also to perform Local Interpretable Model-agnostic Explanations called "LIME". In different
	convolutional neural networks. Finally, these implementations allow to evaluation of different
	parameters such as accuracy, loss, Matthew's correlation coefficient, specificity, precision, and
	F1 score.
	Additionally, this paper highlights the impact of transfer learning for limited data of 2D images
	of pavement cracks. This article aims to perform two convolutional neural networks and
	interpret the importance of transfer learning compared to classical neural networks for limited
	data. In this article, the pre-trained networks used are DenseNet and EfficientNet. This study
	will compare with previous research that uses classical neural networks to estimate the impact
	the Transfer Learning. Furthermore, this article performs Local Interpretable Model-agnostic
	Explanations called "LIME".

Published) Chapter 2 State of the Art of Artificial Intelligence and Maintenance in Airport Infrastructure: A Bibliometric Analysis Abstract

  

	infrastructure.	Academic	Perspective	Procedia,	5	(2),	192-200.

1. Tarik

Lahna, Bernard Kamsu-Foguem, F. Henry Abanda. (2022)

. Causes of damages to airport https://doi.org/10.33793/acperpro.05.02.5341 (Maintenance in airport infrastructures (MAI) has tempted scientists and practitioners worldwide. It is explained mainly by the critical maintenance function in this field.

  It also allows the assessment of the level of collaboration network between authors, institutions, and countries. More broadly, this research approach enables the analysis of a vast amount of publications data at the macroscopic and microscopic

(Berkeley Library)

. This research used

Bibliometrix and Biblioshiny (Aria & Cuccurullo, 2017)

. This research approach is suitable for assessing a discipline's status using various indicators, such as the most influential and cited publications, journals, authors, institutions, and countries (Schaer, 2013). levels. Previous studies have used this method to analyze different research fields and domains, like BIM (Oraee et al., 2017) and airport capacity management (Dixit and Jakhar, 2021).

Table 2 .
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1: Main information about MAI publications from WoS

Table 2 .

 2 2 demonstrates the most relevant sources in this subject, Computer-Aided Civil and Infrastructure Engineering, ranked first with 23 publications. Also, Construction and Building Materials and Applied Sciences Basel holds the second and third positions with 20 and 18 documents. Finally, remote Sensing and IEEE Access stand at the fourth and fifth positions with 16 and 12 papers, respectively.

	Sources

CIVIL AND INFRASTRUCTURE ENGINEERING CONSTRUCTION AND BUILDING MATERIALS APPLIED SCIENCES-BASEL REMOTE SENSING IEEE ACCESS AUTOMATION IN CONSTRUCTION INTERNATIONAL JOURNAL OF DISASTER RISK REDUCTION JOURNAL OF BUILDING ENGINEERING SENSORS STRUCTURE AND INFRASTRUCTURE ENGINEERING SUSTAINABILITY ENERGIES ENGINEERING STRUCTURES STRUCTURAL HEALTH MONITORING-AN INTERNATIONAL JOURNAL JOURNAL OF COMPUTING IN CIVIL ENGINEERING JOURNAL OF STRUCTURAL ENGINEERING BUILDINGS SCIENTIFIC REPORTS STRUCTURES WATER

  

Table 2 .

 2 

2: Most relevant sources based on the total number of publications on MAI Concerning the most cited sources on MAI, Figure 2.4 shows that Computer-Aided Civil Infrastructure Engineering is leading with 673 citations, followed by Automation Construction and Engineering Structures with 537 and 459 citations, respectively. Construction and Building Materials is fourth with 414 citations.

Table 2 .3: Source

 2 

	Element	h_index g_index m_index TC NP PY_start
	2016 IEEE SYSTEMS AND						
	INFORMATION ENGINEERING						
	DESIGN SYMPOSIUM (SIEDS)	1	1	0,13	1	1	2016
	2016 INTERNATIONAL CONFERENCE						
	ON INFORMATION SYSTEM AND						
	ARTIFICIAL INTELLIGENCE (ISAI						
	2016)	1	1	0,13	7	1	2016
	2017 29TH CHINESE CONTROL AND						
	DECISION CONFERENCE (CCDC)	1	1	0,14	3	1	2017
	2019 IEEE SYMPOSIUM SERIES ON						
	COMPUTATIONAL INTELLIGENCE						
	(IEEE SSCI 2019)	1	1	0,20	3	1	2019
	2019 INTERNATIONAL CONFERENCE						
	ON CYBER-ENABLED DISTRIBUTED						
	COMPUTING AND KNOWLEDGE						
	DISCOVERY (CYBERC)	1	1	0,20	1	1	2019
	2020 54TH ASILOMAR CONFERENCE						
	ON SIGNALS, SYSTEMS, AND						
	COMPUTERS	1	1	0,25	1	1	2020
	2020 IEEE INTERNATIONAL						
	CONFERENCE ON BIG DATA (BIG						
	DATA)	2	2	0,50 21	2	2020
	25TH ACM SIGSPATIAL						
	INTERNATIONAL CONFERENCE ON						
	ADVANCES IN GEOGRAPHIC						
	INFORMATION SYSTEMS (ACM						
	SIGSPATIAL GIS 2017)	1	1	0,14 14	1	2017
	2ND INTERNATIONAL CONFERENCE						
	OF GEOMATICS AND RESTORATION						
	(GEORES 2019)	1	1	0,20	7	1	2019
	AD HOC NETWORKS	1	1	0,13	5	1	2016
	Infrastructure Engineering (with a total of 77 articles by the 1st of January 2022), followed by
	the remaining journals dealing with MAI, namely: Construction And Building Materials (with
	a total of 57 articles by the 1st of January 2022), Applied Sciences-Basel (with a total of 51
	articles by the 1st of January 2022), Remote Sensing (with a total of 48 articles by the 1st of

impact based on data of publications related to MAI Table

2

.4 presents the source growth on MAI published in the WoS database. Five journals were identified with the most significant growth: Computer-Aided Civil and Infrastructure Engineering, Construction and Building Materials, Applied Sciences-Basel, Remote Sensing, and IEEE Access. As a result, 276 out of 489 articles (or 56,44%) were published in these journals. First, significant growth is observed for the Journal of Computer-Aided Civil And January 2022), and IEEE Access (with a total of 43 articles by the 1st of January 2022). While this last group also experienced significant growth, it is less pronounced than Computer-Aided Civil And Infrastructure Engineering.

Table 2 .

 2 

4: Source Dynamics based on data of publications related to MAI

Table 2

 2 

	Authors	# Articles
	LIU J	8
	WANG Y	8
	LI H	7
	LI Y	7
	LIU Z	7
	WANG X	7
	ZHANG Y	7
	LEE S	6
	LIANG X	6
	HARIRCHIAN E	5

.5 shows that Kim J., Liu J., and Park S. are the authors who have published the most, with 8, 7, and 7 articles, respectively.

Table 2 . 5 :

 25 Most relevant authors based on the total number of publications on MAI 49

Table 2 .

 2 6 shows that Burton HV., Sun H., Harirchian E., and Lahmer T are the authors who have 20, 20,15, and 15 local citations, respectively. Shokrabadi M and Zhang Y. share the 5 th position (14 citations). According to that table, all top 10 authors have at least four citations.

	Authors	# Citations
	BURTON HV	20
	SUN H	20
	HARIRCHIAN E	15
	LAHMER T	15
	SHOKRABADI M	14
	ZHANG Y	14
	RASULZADE S	10
	JUAREZ-GARCIA A	9
	MA Q	9
	ROESLIN S	9

Table 2 .

 2 

6: Most locally cited authors based on the total number of publications on MAI

Table 2 . 7 :

 27 Author local impact based on the total number of publications on MAI

	ABDALZAHER MS	1	1	0,50	1	1	2022
	ABDELGHANY K	1	1	0,25	6	1	2020
	ABDULLA B	1	1	0,25	2	1	2020
	ABE N	1	1	0,17	27	1	2018
	ABOLHASAN M	1	1	0,25	6	1	2020
	ABOURIZK SM	1	1	0,14	16	1	2017
	ABOUTABIT N	1	1	0,14	27	1	2017
	ABU-SAMRA S	1	1	0,50	4	1	2022
	ABUDURUSULI A	1	1	0,50	13	1	2022
	ABUL HASAN M	1	1	0,33	9	1	2021
	2.3.4. Top 10 most affiliations					

Table 2 .

 2 

8 shows the classification of the top 10 most relevant affiliations on MAI. The affiliation with the most significant number of articles goes to Tongji University (1 st position) with 36 documents, followed by Beijing University Technology with 32 papers (ranked 2 nd ) and the University of Tokyo with 21 documents (3 rd position). Huazhong University SCI and 50 Technology and Dalian University Technology hold the 4 th and the 5 th positions with 20 and 19 documents, respectively. Texas AANDM University is ranked 6 th by 18 documents.

Table 2.8: Most relevant affiliations based on the total number of MAI

Table 2

 2 As regards the most cited countries based on the number of articles in MAI, Table2.10 shows the ranking of the ten most cited countries on MAI published in the WoS database. Therefore, the United States of America is leading first with 1512 citations. China and Australia are ranked 2 nd and 3rd with 1391 and 252 citations. Iran shows the 4 th position (217 citations), and South Korea follows in the 5 th (214 citations).

	Authors	# Articles
	Tongji Univ	36
	Beijing Univ Technol	32
	Univ Tokyo	21
	Huazhong Univ SCI and Technol	20
	Dalian Univ Technol	19
	Texas AANDM Univ	18
	Hanyang Univ	17
	Missouri Univ SCI and Technol	16
	Duy Tan Univ	15
	Tohoku Univ	15
	Country	# Articles
	China	111
	USA	82
	Korea	40
	Japan	22
	Australia	21
	India	19
	Italy	19
	United Kingdom	19
	Germany	11
	Brazil	9

.9. It indicates that China is leading with 111 documents. The United States and Korea are ranked 2 nd and 3rd with 82 and 40 documents. Japan shows the 4 th position (22 documents), and Australia follows in the 5 th position (21 documents). India, Italy, and the United Kingdom share the 6 th position with 19 document Table 2.9: Most relevant countries based on the total number of MAI

Table 2.10: Most cited countries based on the total number of publications on MAI

2.3.6. Top scientific publishers

Table 2.11 illustrates the top publishers on MAI. Elsevier is ranked first with 114 publications. Mdpi and Springer Nature are 2 nd and 3 rd , with 83 and 57 publications. IEEE Wiley followed them, ranked 4 th and 5 th with 46 and 21 documents. Table 2.11: Most relevant publishers based on the total number of publications on MAI

Singapore 190 Vietnam 184 Japan 174 Canada 168 Italy 166 Publishers # Articles Elsevier 114 Mdpi Springer Nature 83 57 IEEE 46 Wiley 21 Taylor & Francis 16 Asce Amer Soc Civil Engineers 12 Sage 8 Frontiers Media So 8 Techno-Press 7 52

  

Table 2 .

 2 Finally, the table shows two papers from Computer Aided-Civil Infrastructure Engineering are in the top 3 most cited papers.

	75%

12 presents the most cited papers in WoS between 2013 and 2023. Notably, the article by (Yang et al., 2018) is the leading first and published in Computer-Aided Civil Infrastructure Engineering with 287 citations. In this article, the authors study the development and implementation of crack detection using convolutional neural networks. In particular, the paper performs algorithms and computes parameters that evaluate their performances. The scientific article (Hong et al., 2018) published in Science of the Total Environment is in second place with 192 citations. The authors discuss the fundamentals of data mining applied in constructing

Table 2 .

 2 is the most cited reference with 56 citations. It was published in Computer-Aided Civil And Infrastructure Engineering. The article deals with crack detection using convolutional neural networks. In the second rank, the article (Breiman, 2001) ranked second with 31 citations. The purpose of this article is the detection of ventricular fibrillation using a Random Forest classifier.

	Cited References

12: Most globally cited documents Moreover, Figure 2.6 gives an overview of the top 10 most cited papers in our network of 489 documents (local citations) for MAI. This is to be distinguished from the most mentioned documents globally (global citations), which refer to the total number of citations worldwide. It has been found that MAI has attracted the attention of researchers in many other fields. For example, the article (Zhang et al., 2018) is the most locally cited document. This document is from the journal Structural Safety.

Figure 2.6: Most locally cited documents

As regards reference, Table

2

.13 shows that

[START_REF] Cha | Deep Learning-Based Crack Damage Detection Using Convolutional Neural Networks[END_REF] 

, 2001, MACHINE LEARNING, V45, P5, DOI 10.1023/A:1010933404324 31 CHA YJ, 2018, COMPUT-AIDED CIV INF, V33, P731, DOI 10.1111/MICE.12334 29 BREIMAN L, 2001, MACH LEARN, V45, P5, DOI 10.1023/A:1010933404324 27 HE KM, 2016, PROC CVPR IEEE, P770, DOI 10.1109/CVPR.2016.90 27 KINGMA D.P., 2014, P 2 INT C LEARN REPR 27 ANDREW ZISSERMAN, 2015, ARXIV, DOI ARXIV:1409.1556 26 REN SQ, 2015, ADV NEUR IN, V28, DOI 10.1109/TPAMI.2016.2577031 25 YANG XC, 2018, COMPUT-AIDED CIV INF, V33, P1090, DOI 10.1111/MICE.12412 25 FRIEDMAN JH, 2001, ANN STAT, V29, P1189, DOI 10.1214/AOS/1013203451 24 Table

  

2.13: Most local cited references 2.3.8. Most frequent words related to MAI According to the WoS database, Figure 2.7 highlights the most frequent keywords with the highest occurrences related to MAI. "Prediction" is the most frequent word with 80 occurrences.

Table 2 .14 implies

 2 

that there are fewer journals published on maintenance in Airport buildings than in other types of buildings. It also shows that there is a lack of research concerning maintenance and operation in airport buildings since the research has only 35 journals whereas the Commercial building has 244 journals related to maintenance and operation thanks to the Web of Science Database. Similarly, the Science Direct database also confirms that there is a lack of research related to Maintenance and Operation and Airport Building (8676 articles) compared to similar research on Commercial Building (69758 articles).

Table 2 . 14 :

 214 Research of maintenance and operation on different types of building

Table 3

 3 

.1 illustrates the most frequent types of cracks in airport infrastructure

Table 3 . 1 :

 31 Priority list of cracking types for all case studies

	3.3.2.

The most frequent origins of damages

  

	Type of cracks	Frequency of	Sample
		Appearance (%)	Size (S)
	Runways	85,51%	59
	Walls/ceilings	8,70%	6
	Bridge/Tunnel	2,90%	2
	Aircraft equipment	2,90%	2
		73	

The damage's origin rankings are calculated in descending order for all case studies in Figures 3.7 and 3.8. Wear is the most frequent origin of damages in all case studies with an average frequency of around 29,17 %. Unknown reasons and hydraulic issues follow in percentages being 13,78% and 13,14% respectively. A natural disaster is the fourth origin of damage to airport infrastructure with 12,18%.

Table 3 . 3

 33 

: Repartition of the origins of damages around the world Therefore, the previous research enables us to obtain more detailed results to investigate all sides of this data (Lahna et al., 2022).

Table 4 .

 4 

		Use of a type of convolutional neural networks called YOLO, CR-
		YOLO and others to compare different parameters such as F1-score,
	(J. Zhang et al., 2022)	precision, Recall
		This paper is a survey superposing all methods of crack detection in
		civil infrastructure that were published. Most of the methods were based
	(Ai et al., 2023)	in deep learning
		Use of convolutional neural networks by enhancing the results by
	(R. Ali et al., 2021)	reaching an accuracy of 98,16%
		Use of convolutional neural networks to evaluate the impact of transfer
	(Z. Xu et al., 2022)	learning to obtain the result of 93,19% as a precision score
	(Hammouch et al.,	Use of different deep learning networks to compare many parameters
	2022)	and the highest precision is equals to 93,04%
		Use of convolutional neural networks by enhancing the results thanks to
	(S. Zhou & Song, 2020)	image processing.
		Use of pre trained neural networks such as VGG 16 to detect cracks of
	(Qu et al., 2020)	concrete pavement
		Use of convolutional neural networks by enhancing the results with
	(L. Nguyen et al., 2018)	image processing to reach 80,25% as an accuracy average

1 summarizes the state-of-the-art techniques presented by numerous researchers for crack pavement detection and classification using manual features with conventional networks and model-based features with deep neural networks.

Table 4 . 1 :

 41 Summary of pavement crack classification methods that use deep learningAs described in Table4.1, many types of research were established previously that use different convolutional neural networks to detect pavement cracking.

3 .

 3 It was observed that the convolutional neural network with three layers shows the best performance in terms of accuracy and loss during the training process with 100% and 0%, However, the Inception V3 model in feature extraction has the highest version in terms of loss score, with only a score of 0,5707. Plus, the Xception model in finetuning is ranked second with 0,6607, and the MobileNet model in fine-tuning is third with

	0,6845.		
		Training	Validation
	Model	Accuracy (%)	Accuracy (%)
	CNN3	100,00%	65,62%
	Pre-trained MobileNet using transfer learning (Feature extraction)	96,50%	60,94%
	Pre-trained MobileNet using transfer learning (Fine tuning)	98,83%	70,31%
	Pre-trained ResNet101 using transfer learning (Feature extraction)	80,89%	75,00%
	Pre-trained ResNet101 using transfer learning (Fine tuning)	97,67%	82,81%
	Pre-trained Xception using transfer learning (Feature extraction)	90,91%	73,44%
	Pre-trained Xception using transfer learning (Fine tuning)	97,20%	82,81%
	Pre-trained InceptionV3 using transfer learning (Feature extraction)	94,17%	82,81%
	Pre-trained InceptionV3 using transfer learning (Fine tuning)	98,60%	70,31%

respectively. On the other hand, MobileNet and Inception V3 models in fine-tuning are ranked respectively second and third with 98,83% and 98,60% for accuracy and with 0,0388 and 0,0755 for the loss score. As regards the validation process, MobileNet, and Xception, in fine, achieved the same performance as the Inception V3 model in feature extraction in terms of accuracy with 82,81%.

Table 4 .

 4 

2: Comparison of training and validation accuracies

Table 4 .4: Performances

 4 

of different CNN models (F1 score, Specificity, Precision, MCC)

Table 4 .

 4 5 illustrates the value of ranking.

	Model	Xception Feature Extraction	Xception Fine tuning	MobileNet Feature Extraction	MobileNet Fine-tuning	ResNet 101 Extraction Feature	ResNet 101 tuning Fine-	Inception Extraction V3 Feature	Inception tuning V3 Fine-	CNN3
	Average	8,4	2,2	7,4	3,1	5,8	1,3	3,4	5,4	8

Table 4 . 5 :

 45 The average rankings for each classifier Based on Table4.5, the ResNet 101 fine-tuning model is ranked 1 st with an average of 1,3 and is followed by Xception fine-tuning and MobileNet fine-tuning with averages of 2,2 and 3,4,

respectively. Also, the three most performing neural networks are Fine-tuning models (Resnet 101; Xception; MobileNet). Additionally, the least efficient model is the Xception feature, with an average ranking of 8,4.

By computing both equations, Equation 10 and Equation 11, the chi-square equals 36,55, and

Table 5 .

 5 2 presents the number of images used for the training and test dataset in two different classes (crack, no crack). The training dataset is divided into training and validation subsets with a distribution of 80% and 20% images. This set contains a total of 10,000 images obtained

		Value
	Loss	Cross binary entropy
	Optimizer	Adam
	Batch size	32
	Learning rate	1e-4
	Input size	180x180x3
	Dropout rate	0.2
	Metric evaluation	Accuracy
	Epoch	30
	Table 5.1 : Training parameters
	5.3.2. Dataset	

Table 5

 5 

	.3 gives an example of

Table 5 . 3 :

 53 Dataset sample splitting with batch size to 64

Table 5 .6: Results of the classification

 5 

		Precision	Recall (%) F1 (%)
	(%)	(%)			
	DenseNet201	99.75	100	99.50	99.75
	EfficientNetv2-B3	99.85	99.90	99.80	99.85
	EfficientNetv2-B3	98.08	100	96.17	98.05
	Test 2				
	DenseNet201 Test	98.42	99.83	97.00	98.05
	2				

6.1 and 6.2 and Figure 6.4 where

  Table 1 their geometrical configurations are shown in Tables fcm is the mean compressive strength and Ecm is the secant modulus of elasticity of concrete.

	Specimen 𝐻𝑒𝑖𝑔ℎ𝑡 𝐻 (𝑚) 𝐿𝑒𝑛𝑔𝑡ℎ 𝑙 (𝑚)	Thickness e (m)
	C1	2,80	1,40	0,15
	C2	2,80	1,40	0,15
	C3	2,80	1,40	0,15
	C4	2,80	1,40	0,15
	C5	2,80	1,40	0,15
	C6	2,80	1,40	0,15
	M1	2,80	1,30	0,15
	M2	2,80	1,30	0,15
	M3	2,80	1,30	0,15
	M4	2,80	1,30	0,15
	SW	3,10	1,00	0,10
	CSW-2	3,10	1,00	0,10
	CSW-3	3,10	1,00	0,10
	Specimen	𝐸 01 (𝑁/𝑚𝑚 # )	𝑓 01 (𝑁/𝑚𝑚 # )
	C1	40		40
	C2	40		40
	C3	40		40
	C4	40		40
	C5	40		40
	C6	40		40
	M1	40		30
	M2	40		30
	M3	40		30
	M4	40		30
	SW	31,04		31,5
	CSW-2	31,42		32,8
	CSW-3	31,59		33,4
	Table 6.1: Concrete properties for wall specimen
		127		

Table 6 . 2 :

 62 Geometrical configurations for wall specimen

•

  Implementation of Python on the same computer • Training and validation sets were the same by respecting the ratio: 80% of images in the training set, 10% of pictures in the validation set, and 10% of pictures in the

	6.7. Results	
	6.7.1		
		testing set.	
	These measurements are Accuracy, F1 score, Recall, and Precision. Thus, the Recall formula
	is shown in Equation 16.	
	𝑅𝑒𝑐𝑎𝑙𝑙 =	𝑇𝑝 𝑇𝑝 + 𝐹𝑛	(16)

. Performance test results for both updated strength and stiffness values

  To know the classification performance, all trained models are evaluated with the same test sets (RGB, Grayscale, and Binary). They contain images that are not seen by the model, neither during training nor during validation. The performance test results for both classifications (updated stiffness and updated strength) are reported in Table6.5 and Table 6.6. We adopt the standard evaluation metrics given by previous equations where TP denotes the true positive, TN is the true negative, FP is the false positive and FN indicates the false negative of the predicted class. Results of the classification for the updated strength Therefore, we can confirm that the DenseNet model has the best performance for the updated strength classification in the grayscale database by reaching 88,89% accuracy and 89,68%

		Accuracy	Precision	Recall (%) F1 (%)
		(%)	(%)		
	CNN (RGB)	65,71	62,09	62,44	61,02
	CNN (Grayscale)	82,86	82,86	82,09	82,38
	CNN (Binary)	48,57	49,31	46,41	46,67
	DenseNet (RGB)	77,14	70,78	70,09	70,34
	DenseNet (grayscale)	65,71	66,89	63,85	62,31
	DenseNet (Binary)	62,86	62,86	62,39	62,11
	Inception (RGB)	37,14	36,67	40,26	29,81
	Inception (Grayscale)	37,14	23,61	34,10	22,91
	Inception (Binary)	60,00	47,22	61,54	50,16
	Table 6.5: Results of the classification for the updated stiffness	
		Accuracy	Precision	Recall (%) F1 (%)
		(%)	(%)		
	CNN (RGB)	63,89	67,33	63,73	66,15
	CNN (Grayscale)	38,89	43,75	44,44	32,54
	CNN (Binary)	66,67	66,03	66,83	58,56
	DenseNet (RGB)	58,33	61,90	58,49	59,72
	DenseNet (grayscale)	88,89	89,68	90,48	88,85
	DenseNet (Binary)	52,78	59,26	52,38	54,17
	Inception (RGB)	50,00	50,02	51,51	50,18
	Inception (Grayscale)	58,33	49,43	56,67	49,16
	Inception (Binary)	25,00	25,38	25,48	25,41
	Table 6.6:				

Table 6

 6 

	Model		CNN Inception DenseNet
	Average	1,71	2,83	1,46
	Table 6.7: The average rankings for each classifier
		CNN		INCEPTION DENSENET
	CNN	1.000000	0.001	0.648103
	INCEPTION 0.001000	1.000	0.001000
	DENSENET 0.648103	0.001	1.000000

.7 illustrates the value of ranking and Table

6

.8 shows the statistical p-values between pairs classifiers in the Nemenyi post-hoc test.

Table 6 . 8 :

 68 Statistical p-values between pairs classifiers in the Nemenyi post-hoc test.

Figure 6.13: Location of cracks

In future work, we plan to realize the same work in ABAQUS to compare our experimental results to the numerical ones.
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Statistical studies are used to determine the most frequent damages in airport facilities

Abstract

Airports are major economic hubs that have exhibited substantial growth and profits in recent years. Although airport infrastructure represents an important part of the economy of cities, studies have shown that many incidents that have led to flight disruptions have often occurred in airport buildings. Also, the maintenance cost of airport buildings has increased significantly necessitating a call from professionals to investigate efficient methods of curbing the same. Hence, cost reduction is possible by innovating methods thanks to predictive maintenance techniques, which are based on artificial intelligence. However, working on the innovation of techniques that modernize maintenance in airport buildings is very hard due to the many types of cause incidents that exist. Incidents can be caused due to different reasons (Structural, Electrical, Hydraulic, Computing, Unknown, etc.). A public database of incidents was collected to investigate and identify the most frequent damages and their origins in airport infrastructure.

Several incidents were collected at the closing in February 2019 at Taoyuan Airport runway due to the discovery of a pothole during a routine inspection. This pothole is about 45cm in length, 30cm in width, and 3cm in depth. After collecting a necessary number of incidents in airport infrastructures, the result showed that cracks are the most frequent type of damage and that wear is the most frequent origin of incidents in airport infrastructure. These findings help in better understanding the problem and serve as the point of departure for researchers who are interested in solving it. Furthermore, the constructed neural networks have an architecture based on DenseNet and Inception. Tables 6.4 and Figure 6.9 illustrate the structure of the neural networks trained in our methodology. As input, we have a color image of size 290x160 pixels. Fail to reject the null hypothesis that data is normal for column CNN (p=0.129273>=0.016667)

Keywords

Fail to reject the null hypothesis that data is normal for column inception (p=0.034516>=0.016667)

Rejecting the null hypothesis that data is normal for column DenseNet (p=0.002829<0.016667) Using Levene's test for homoscedasticity of non-normal data.

Fail to reject the null hypothesis that all variances are equal (p=0.392687>=0.050000)

Rejecting the null hypothesis that there is no difference between the distributions (p=0.000003)

Using Nemenyi post-hoc test. Differences are significant if the distance between the mean ranks is greater than the critical distance.

The statistical analysis was conducted for 3 populations with 24 paired samples. The familywise significance level of the tests is alpha=0.050. We rejected the null hypothesis that the population is normal for the population DenseNet (p=0.003). Therefore, we assume that not all populations are normal.

Because we have more than two populations and populations and one of them is not normal, we use the non-parametric Friedman test as an omnibus test to determine if there are any significant differences between the median values of the populations. We use the post-hoc Nemenyi test to infer which differences are significant. We report the median (MD), the median • the "binary cross-entropy" loss function which measures the precision of the model;

• updating the network weights and the loss function with the "Adam" optimizer with a learning rate of 0.0001.

• the input images of the model have a size of 180x180 in RGB channels.

• the evaluation metrics that denote the learning performance, the correctly classified image portion.

Several other parameters are included: the number of epochs, and the size of the minibatch. Their values are fixed with those commonly found in the literature. Also, this network was implemented by using the same parameters:

Parameters

• were compared with the convolutional neural network with three layers (CNN3