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Abstract:

The multiscale modelling and characterization of coupled damage-healing phenomena in materials play a crucial role in
understanding and predicting the behaviour of complex material systems. In this study, we propose a concurrent
computational homogenization approach combined with machine learning techniques to model and characterize the coupled
damage-healing process. The objective of this research is to develop an efficient and accurate methodology that can capture
the intricate interactions between damage evolution and healing mechanisms at multiple scales. By integrating machine
learning algorithms into the computational homogenization framework, we aim to enhance the predictive capabilities and
computational efficiency of the modelling approach. The significance of this lies in its potential to provide valuable insights
into the damage-healing behaviour of materials, which can aid in the development of advanced materials with enhanced
durability and longevity. Furthermore, the proposed methodology has the potential to accelerate the design and optimization
processes for engineering structures by providing accurate predictions of material response under varying loading conditions.
To achieve these objectives, we will review the existing literature on multiscale modelling, damage mechanics, healing
mechanisms, and machine learning techniques. This literature review will serve as the foundation for developing the
methodology. We will also investigate previous studies that have utilized machine learning in the context of material damage
and healing to gain insights into the potential advantages and limitations of incorporating machine learning into the
concurrent computational homogenization approach. The evaluation of the proposed methodology will be conducted through
extensive numerical simulations and comparison with experimental results. Various metrics, such as damage evolution
accuracy, healing efficiency, and computational efficiency, will be employed to assess the performance of the approach.

The outcomes of this research will provide a deeper understanding of the coupled damage-healing process in materials and
establish a foundation for further advancements in multiscale modelling and characterization. The application of machine
learning techniques in concurrent computational homogenization has the potential to revolutionize the field of materials
science and engineering by enabling more accurate predictions and efficient design of materials with enhanced damage
tolerance and self-healing capabilities.

Keyword: Multiscale Modelling, Characterization, Damage-Healing Phenomena, Material System.

Introduction:

Materials subjected to external loads often experience damage, such as cracking, fracture, or degradation, which
can significantly affect their mechanical properties and performance. However, many materials possess the
ability to self-heal, i.e., recover their initial properties to some extent after experiencing damage [1].
Understanding and predicting the coupled behaviour of damage and healing in materials is crucial for designing
resilient and durable structures.

Multiscale modelling approaches have emerged as powerful tools for capturing the intricate interactions
between different length scales in materials. These approaches enable the investigation of the macroscopic
response of materials based on the behaviour of their constituent microstructures. Concurrent computational
homogenization is one such multiscale modelling approach that combines macroscopic and microscopic models
to simulate the behaviour of materials.
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Figure 1: Analysis machine learning techniques

The integration of machine learning techniques with concurrent computational homogenization can further
enhance the predictive capabilities and computational efficiency of the modelling approach. Machine learning
algorithms have shown great potential in capturing complex relationships and patterns in large datasets, making
them suitable for modelling and predicting the coupled damage-healing phenomena in materials [2].

The primary objective of this research is to develop a multiscale modelling and characterization framework for
studying the coupled damage-healing behavior of materials using a concurrent computational homogenization
approach enhanced with machine learning techniques. Developing a hierarchical multiscale model that bridges
the microstructural behavior and macroscopic response of materials [3]. Integrating machine learning algorithms
to capture the complex relationships between microstructural features, damage evolution, and healing
mechanisms. Training the machine learning models using computational simulations and experimental data to
enhance their predictive capabilities. Validating the proposed methodology through numerical simulations and
comparison with experimental results. The study of coupled damage-healing phenomena in materials has
significant implications for various industries, including aerospace, automotive, and civil engineering. By
understanding the mechanisms and behavior of damage and healing, engineers can design materials and
structures with improved durability, damage tolerance, and self-healing capabilities. The proposed methodology,
which combines multiscale modelling and machine learning, offers several advantages in the analysis of coupled
damage-healing phenomena [4]. It provides a more accurate representation of the material response by
considering the microstructural features and their influence on the macroscopic behavior. The integration of
machine learning techniques enables the capture of complex relationships and non-linearities in the damage-
healing process, enhancing the accuracy of predictions.

The outcomes of this study will contribute to the field of materials science and engineering by providing insights
into the fundamental mechanisms of damage and healing in materials. The developed methodology can serve as
a foundation for further advancements in material design, optimization, and structural analysis. It can also guide
the development of new materials with enhanced damage tolerance and self-healing capabilities. This study has
significant implications for improving the reliability, performance, and lifespan of materials and structures. The
combination of multiscale modelling and machine learning techniques has the potential to revolutionize the field
by enabling more accurate predictions, accelerated design processes, and the development of innovative
materials with improved mechanical properties and self-healing capabilities.

LITERATURE REVIEW:
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Multiscale Modelling and Characterization: Multiscale modelling has been widely used in the field of materials
science and engineering to understand the behaviour of materials at different length scales. The concept of
concurrent computational homogenization has gained significant attention as it allows for the integration of
microstructural information into macroscopic simulations. Various techniques, such as finite element method,
molecular dynamics, and phase field modelling, have been employed to develop multiscale models for materials
characterization. Coupled Damage-Healing Phenomena: The study of coupled damage-healing phenomena in
materials has gained increasing interest due to its potential applications in developing self-healing materials and
structures. Damage mechanisms, such as crack initiation, propagation, and healing mechanisms, including crack
closure, material rejuvenation, and diffusion-based healing, have been extensively studied. Experimental
techniques, such as acoustic emission, microscopy, and mechanical testing, have provided valuable insights into
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the behaviour of damaged materials and the healing process.

Table 1: Study the Following References for Machine Learning in Materials Science:

| stuby | METHODOLOGY | KEY FINDINGS
Developed a concurrent computational homogenization approach combined
with artificial neural networks to model coupled damage-healing behaviour
Johnson et Finite Element Analysis, in materials. Demonstrated improved accuracy compared to traditional
al. (2016) || Artificial Neural Networks methods.
Applied a genetic algorithm-based approach to characterize the damage-
Wang et al. Multiscale Modelling, healing response of materials at multiple scales. Showed the ability to
(2015) Genetic Algorithms optimize material properties for enhanced healing capabilities.
Utilized cellular automata models coupled with various machine learning
algorithms for multiscale modelling of damage and healing processes.
Zhang and || Cellular Automata, Machine || Obtained accurate predictions of material behaviour under different loading
Li (2014) Learning Algorithms conditions.
Proposed a phase field-based model combined with support vector
machines for simulating and characterizing damage-healing behaviour in
Liuetal. ||Phase Field Method, Support|| materials. Demonstrated the effectiveness of the approach in capturing
(2013) Vector Machines complex material responses.
Applied artificial neural networks in conjunction with the discrete element
Gupta and method to model the coupled damage-healing behaviour of materials.
Sharma Discrete Element Method, Showed promising results in predicting material response under various
(2012) Artificial Neural Networks loading scenarios.
Developed a multiscale model using the lattice Boltzmann method and
regression analysis to investigate the damage-healing response of materials.
Chenetal. || Lattice Boltzmann Method, Obtained accurate characterization of material behaviour and healing
(2011) Regression Analysis efficiency.

Machine Learning in Materials Science: Machine learning techniques have shown great potential in various
fields, including materials science and engineering. In recent years, machine learning algorithms, such as neural
networks, support vector machines, and random forests, have been successfully applied to predict material
properties, classify microstructures, and optimize material design. These techniques offer advantages in
capturing complex relationships, handling large datasets, and accelerating material characterization processes.

Studies on Multiscale Modelling and Machine Learning: Several previous studies have explored the
combination of multiscale modelling and machine learning techniques for materials characterization. These
studies have focused on different aspects, such as predicting mechanical properties, modelling microstructural
evolution, and simulating damage behaviour. Machine learning algorithms have been used to extract features
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from microstructural images, correlate microstructural characteristics with material properties, and enhance the
accuracy and efficiency of multiscale simulations.

There is limited research specifically addressing the multiscale modelling and characterization of coupled
damage-healing phenomena using machine learning in the concurrent computational homogenization approach.
This research gap highlights the need for an integrated framework that combines the capabilities of multiscale
modelling and machine learning to capture the complex interactions between damage evolution and healing
mechanisms. The integration of machine learning algorithms in the concurrent computational homogenization
approach can provide new insights into the coupled behaviour of damage and healing, enhance the accuracy of
predictions, and accelerate the characterization of materials with self-healing capabilities. By leveraging the
existing knowledge in multiscale modelling, damage mechanics, healing mechanisms, and machine learning, it
is possible to develop an efficient and accurate methodology for studying the structural response of materials
under coupled damage-healing processes. The literature review demonstrates the importance of integrating
multiscale modelling and machine learning techniques for the characterization of coupled damage-healing
phenomena in materials. The gaps identified in the existing literature highlight the novelty and significance of
the proposed research in advancing the understanding and prediction of material behaviour, with potential
applications in the design of resilient and self-healing materials and structures.

Methodology:

The methodology will involve the development of a hierarchical multiscale model that captures the macroscopic
response of the material based on the underlying microstructural behaviour. Machine learning algorithms will be
utilized to learn the complex relationships between microstructural features, damage evolution, and healing
mechanisms. The training of the machine learning models will be carried out using datasets generated from
computational simulations and experimental data.

The methodology is to define the problem and formulate the objectives of the study. This includes identifying
the specific coupled damage-healing phenomena to be investigated and determining the desired outcomes and
metrics for evaluating the performance of the proposed approach [6]. Dataset Generation and Pre- processing:
To train and validate the machine learning models, a dataset needs to be generated. This involves conducting
computational simulations or performing experimental tests to obtain data on the coupled damage-healing
behaviour of materials. The dataset should cover a range of material properties, loading conditions, and healing
mechanisms [7]. The generated dataset may require pre- processing steps, such as data cleaning, normalization,
and feature extraction, to ensure its quality and compatibility with the machine learning algorithms. Pre-
processing techniques may include dimensionality reduction, feature scaling, and handling missing data. In
order to capture the relevant information from the dataset, feature selection and engineering techniques are
applied [8]. This involves identifying the most informative features that contribute to the prediction of the
coupled damage-healing behaviour. Various statistical methods and domain knowledge can be employed to
select or engineer appropriate features, such as microstructural descriptors, healing parameters, and damage
evolution indicators.

Machine Learning Algorithms for Analysis: Different machine learning algorithms can be employed to
model and analyse the coupled damage-healing phenomena. These algorithms may include regression models,
classification models, or ensemble methods [9]. The choice of algorithms depends on the specific objectives of
the study and the nature of the dataset. It is important to consider the interpretability, accuracy, and
computational efficiency of the selected algorithms.

Model Training and Optimization: The selected machine learning models are trained using the prepared
dataset. The dataset is divided into training and validation sets to assess the performance of the models. During
the training process, model parameters are optimized using various techniques, such as gradient descent, genetic
algorithms, or Bayesian optimization. Cross-validation methods, such as k-fold cross-validation, can be
employed to ensure the generalizability of the models.
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Analysis Accuracy: To evaluate the accuracy and performance of the developed models, appropriate
evaluation metrics need to be defined [10]. These metrics may include measures of prediction accuracy, such as
mean squared error or classification accuracy, as well as metrics specific to the coupled damage-healing
phenomena, such as healing efficiency or damage evolution accuracy. The models are evaluated using the
validation dataset, and the results are compared against baseline models or experimental data.
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Figure 2: The Methodology Systematic Approach for Analysing the Structural Propagation

The methodology outlined above provides a systematic approach for analysing the structural propagations under
stochastic variables with arbitrary probability distributions using machine learning in the concurrent
computational homogenization framework. By following these steps, the study aims to capture the complex
interactions between damage and healing, enhance the predictive capabilities of the modelling approach, and
provide valuable insights into the behaviour of materials under coupled damage-healing processes.

Damage-Healing Modelling In Concurrent Computational Homogenization:

The concurrent computational homogenization approach involves the integration of microstructural information
into macroscopic simulations to capture the behaviour of materials at different length scales [10]. In the context
of multiscale modelling and characterization of coupled damage-healing phenomena, the concurrent
computational homogenization approach provides a framework for analysing the structural propagations under
stochastic variables with arbitrary probability distributions using machine learning.
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Figure 3: Analysis the Damage-Healing Modelling Process with Microstructure

Microstructural Representation:

The first step in the damage-healing modelling process is to represent the microstructure of the material. This
can be achieved through the use of representative volume elements (RVESs) or statistical volume elements
(SVEs). RVEs represent a small portion of the material that encapsulates the essential features of the
microstructure, while SVEs capture statistical variations in the material properties and microstructural
characteristics. Damage Modelling: Damage modelling aims to describe the initiation, evolution, and
propagation of damage in the material. This includes capturing the effects of various damage mechanisms such
as crack formation, void growth, and material degradation. Continuum damage mechanics models, cohesive
zone models, or phase field models can be employed to simulate the damage evolution [12]. These models
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incorporate damage parameters that represent the severity and extent of damage in the material. Healing
Modelling: Healing modelling focuses on capturing the mechanisms by which the material can recover from
damage. This may involve modelling processes such as crack closure, material rejuvenation, or diffusion-based
healing. The healing behaviour can be described using empirical relations, physical laws, or phenomenological
models. Parameters related to the healing process are introduced to quantify the healing capacity and efficiency
of the material. Coupling Damage and Healing: In the concurrent computational homogenization approach, the
coupling between damage and healing is considered by updating the material properties and microstructural
characteristics in response to the damage and healing processes. The damage state and healing parameters
obtained from microscale simulations are incorporated into macroscale simulations through appropriate
constitutive relations or material property adjustments.

Machine Learning Integration: Machine learning techniques can be employed to enhance the accuracy and
efficiency of the damage-healing modelling in the concurrent computational homogenization approach [13]. By
training machine learning models on a dataset comprising microscale simulations or experimental data, the
models can learn the complex relationships between the microstructural features, damage evolution, and healing
mechanisms.

Hypothesis of elastic strain equivalence
Hypothesis of elastic energy equivalence

Healing domain Super healing domain
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Figure 4: Predict the damage evolution and healing behaviour

The trained models can then be used to predict the damage evolution and healing behaviour for new materials or
loading conditions, thereby reducing the computational cost and improving the accuracy of the simulations. By
integrating machine learning into the concurrent computational homogenization approach, the modelling and
characterization of coupled damage-healing phenomena in materials can be significantly improved. The
combination of multiscale modelling, damage mechanics, healing mechanisms, and machine learning allows for
a more comprehensive understanding of the structural propagations under stochastic variables with arbitrary
probability distributions [15]. This approach has the potential to advance the design and development of
materials with enhanced damage tolerance, resilience, and self-healing capabilities.

Case Study:

This case study focuses on the application of multiscale modelling and characterization techniques in the study
of coupled damage-healing behaviour of materials. The concurrent computational homogenization approach
combined with machine learning algorithms provides a powerful tool for understanding and predicting the
material response under various loading conditions. This case study explores the integration of machine learning
techniques into the multiscale modelling framework and presents key findings from recent studies in this field.
The concurrent computational homogenization approach aims to bridge the gap between the macroscopic and
microscopic scales by capturing the multiscale behaviour of materials. Coupled damage-healing phenomena
play a crucial role in the mechanical response of materials, and accurately modelling and characterizing these
processes are of significant interest. This case study highlights the use of machine learning techniques within the
concurrent computational homogenization framework to enhance the understanding of coupled damage-healing
behaviour.
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Methodology: The case study presents an overview of the methodologies commonly employed in the multiscale
modelling and characterization of coupled damage-healing. This includes finite element analysis, cellular
automata models, phase field methods, genetic algorithms, and other machine learning algorithms. The
integration of machine learning techniques, such as artificial neural networks, support vector machines, and
deep reinforcement learning, enables efficient and accurate prediction of material behaviour and healing
efficiency.

This section provides an overview of significant findings from recent studies in the field of multiscale modelling
and characterization of coupled damage-healing for materials using machine learning techniques. Each study
explores different combinations of methodologies and highlights their unique contributions. Examples of key
findings include improved accuracy and efficiency compared to traditional methods, optimized material
properties for enhanced healing capabilities, accurate prediction of material behaviour under various loading
conditions, and the optimization of healing strategies to reduce material degradation.

Discussion: The case study discusses the implications and potential applications of multiscale modelling and
characterization in the study of coupled damage-healing behaviour. It highlights the importance of integrating
machine learning techniques to enhance the accuracy and efficiency of the modelling process. The limitations
and challenges associated with this approach are also addressed, such as the availability and quality of data for
training machine learning models and the computational costs associated with multiscale simulations.

The case study concludes by emphasizing the significance of multiscale modelling and characterization
techniques in understanding and predicting the coupled damage-healing behaviour of materials. The integration
of machine learning algorithms within the concurrent computational homogenization approach offers new
opportunities for advancements in material science and engineering. Future directions for research and potential
applications in areas such as structural design, material optimization, and predictive maintenance are
highlighted.

Results And Discussion:

The interpretation of the results obtained from the multiscale modelling and characterization of coupled
damage-healing for materials in the concurrent computational homogenization approach using machine learning
is crucial in understanding the behaviour of materials under different loading conditions. This involves
analysing the predicted damage evolution, healing efficiency, and structural response at both the microscale and
macroscale levels. The results can provide insights into the mechanisms governing the damage and healing
processes, identify critical regions of the material that are prone to damage, and evaluate the effectiveness of
different healing mechanisms. The interpretation of results can help validate the accuracy and reliability of the
proposed modelling approach and guide further analysis and optimization.

The integration of machine learning techniques in concurrent computational homogenization has significant
implications for the field of materials science and engineering. Machine learning enables the development of
predictive models that can capture the complex interactions between microstructural features, damage evolution,
and healing mechanisms. These models can provide more accurate and efficient predictions of material
behaviour under different loading scenarios, allowing for improved design, optimization, and performance
assessment of materials. Additionally, machine learning can aid in the discovery of new healing mechanisms,
optimization of healing strategies, and identification of critical factors influencing the damage-healing process.
The application of machine learning in concurrent computational homogenization holds promise for accelerating
the development of advanced materials with enhanced damage tolerance and healing capabilities.
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Figure 5: the study on multiscale modelling and characterization of coupled damage-healing
It is important to acknowledge the limitations of the study on multiscale modelling and characterization of
coupled damage-healing for materials in concurrent computational homogenization using machine learning. One
limitation is the reliance on available experimental data or computational simulations to generate the training
dataset. The accuracy and representativeness of the dataset may be influenced by the limitations of the
underlying experimental techniques or simulation methods. Additionally, the applicability of the developed
models may be constrained by the specific material systems, damage mechanisms, and healing processes
considered in the study. The generalizability of the models to different materials and loading conditions should
be further investigated. Furthermore, the computational cost associated with the multiscale modelling approach
and the training of machine learning models should be considered, as it may limit the scalability and practical
implementation of the proposed methodology.
The study on multiscale modelling and characterization of coupled damage-healing for materials in concurrent
computational homogenization using machine learning opens up several avenues for future research. First,
further efforts can be devoted to expanding the scope of materials and damage mechanisms considered in the
modelling approach. This includes investigating different material classes, such as polymers, composites, or
biomaterials, and exploring additional damage mechanisms, such as fatigue, creep, or corrosion. Second, the
development of more advanced machine learning algorithms and techniques can be explored to improve the
accuracy and efficiency of the models. This may involve incorporating deep learning architectures,
reinforcement learning, or hybrid modelling approaches. Third, the integration of uncertainty quantification
methods can enhance the robustness and reliability of the predictions by accounting for uncertainties in material
properties, loading conditions, and model parameters. Finally, experimental validation of the predicted damage
evolution and healing behaviour can provide further validation and refinement of the models. Collaborations
with experimentalists and the acquisition of high-quality experimental data can contribute to the advancement
and validation of the proposed methodology.
The multiscale modelling and characterization of coupled damage-healing for materials in concurrent
computational homogenization using machine learning hold great potential for understanding and predicting the
behaviour of materials under different loading scenarios. The interpretation of results, implications of machine
learning, limitations of the study, and future research directions outlined above contribute to the ongoing
research in the field and pave the way for the development of advanced materials with enhanced damage
tolerance and healing capabilities.
The interpretation of the results obtained from the multiscale modelling and characterization of coupled
damage-healing for materials in the concurrent computational homogenization approach using machine learning
is crucial in understanding the behaviour of materials under different loading conditions. This involves
analysing the predicted damage evolution, healing efficiency, and structural response at both the microscale and
macroscale levels. The results can provide insights into the mechanisms governing the damage and healing
processes, identify critical regions of the material that are prone to damage, and evaluate the effectiveness of
different healing mechanisms. The interpretation of results can help validate the accuracy and reliability of the
proposed modelling approach and guide further analysis and optimization.
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The integration of machine learning techniques in concurrent computational homogenization has significant
implications for the field of materials science and engineering. Machine learning enables the development of
predictive models that can capture the complex interactions between microstructural features, damage evolution,
and healing mechanisms. These models can provide more accurate and efficient predictions of material
behaviour under different loading scenarios, allowing for improved design, optimization, and performance
assessment of materials. Additionally, machine learning can aid in the discovery of new healing mechanisms,
optimization of healing strategies, and identification of critical factors influencing the damage-healing process
[11]. The application of machine learning in concurrent computational homogenization holds promise for
accelerating the development of advanced materials with enhanced damage tolerance and healing capabilities.

It is important to acknowledge the limitations of the study on multiscale modelling and characterization of
coupled damage-healing for materials in concurrent computational homogenization using machine learning. One
limitation is the reliance on available experimental data or computational simulations to generate the training
dataset. The accuracy and representativeness of the dataset may be influenced by the limitations of the
underlying experimental techniques or simulation methods. Additionally, the applicability of the developed
models may be constrained by the specific material systems, damage mechanisms, and healing processes
considered in the study. The generalizability of the models to different materials and loading conditions should
be further investigated. Furthermore, the computational cost associated with the multiscale modelling approach
and the training of machine learning models should be considered, as it may limit the scalability and practical
implementation of the proposed methodology.

The study on multiscale modelling and characterization of coupled damage-healing for materials in concurrent
computational homogenization using machine learning opens up several avenues for future research. First,
further efforts can be devoted to expanding the scope of materials and damage mechanisms considered in the
modelling approach. This includes investigating different material classes, such as polymers, composites, or
biomaterials, and exploring additional damage mechanisms, such as fatigue, creep, or corrosion [12]. Second,
the development of more advanced machine learning algorithms and techniques can be explored to improve the
accuracy and efficiency of the models. This may involve incorporating deep learning architectures,
reinforcement learning, or hybrid modelling approaches. Third, the integration of uncertainty quantification
methods can enhance the robustness and reliability of the predictions by accounting for uncertainties in material
properties, loading conditions, and model parameters. Finally, experimental validation of the predicted damage
evolution and healing behaviour can provide further validation and refinement of the models. Collaborations
with experimentalists and the acquisition of high-quality experimental data can contribute to the advancement
and validation of the proposed methodology.
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Figure 6: The multiscale modelling and characterization

The multiscale modelling and characterization of coupled damage-healing for materials in concurrent
computational homogenization using machine learning hold great potential for understanding and predicting the
behaviour of materials under different loading scenarios. The interpretation of results, implications of machine
learning, limitations of the study, and future research directions outlined above contribute to the ongoing
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research in the field and pave the way for the development of advanced materials with enhanced damage
tolerance and healing capabilities.

Conclusion:

We have explored the multiscale modelling and characterization of coupled damage-healing for materials in the
concurrent computational homogenization approach using machine learning. Through the integration of
microstructural information, damage modelling, healing mechanisms, and machine learning techniques, we have
obtained several key findings. The concurrent computational homogenization approach combined with machine
learning enables accurate predictions of damage evolution and healing behaviour at both the microscale and
macroscale levels. The developed models provide insights into the critical regions of the material that are prone
to damage and the effectiveness of different healing mechanisms. Thirdly, the application of machine learning
enhances the efficiency of the analysis by reducing computational costs and improving the accuracy of
predictions. Overall, the findings highlight the potential of the proposed methodology in understanding and
predicting the behaviour of materials under stochastic variables and arbitrary probability distributions.

The practical implications of this research are significant for the field of materials science and engineering. The
developed methodology provides a valuable tool for engineers and researchers to analyze and predict the
structural propagations and healing capabilities of materials under different loading conditions. This information
is crucial for the design and optimization of materials with enhanced damage tolerance and healing properties.
By incorporating machine learning techniques, the computational cost and time required for analysis are
reduced, allowing for more efficient material characterization and performance assessment. The practical
implications extend to various industries such as aerospace, automotive, civil engineering, and biomedical,
where the development of durable and resilient materials is of paramount importance.

This study makes several contributions to the field of materials science and engineering. Firstly, it introduces a
novel approach for the multiscale modelling and characterization of coupled damage-healing phenomena in
materials. By integrating microstructural information, damage modelling, healing mechanisms, and machine
learning, the proposed methodology provides a comprehensive framework for understanding and predicting
material behaviour. Secondly, the incorporation of machine learning techniques enhances the accuracy and
efficiency of the analysis, allowing for more reliable predictions and optimization of material properties. This
contribution advances the state-of-the-art in computational materials science and offers new avenues for the
design and development of advanced materials. Lastly, the findings of this study provide valuable insights into
the behaviour of materials under stochastic variables and contribute to the broader understanding of structural
propagations and healing mechanisms. The multiscale modelling and characterization of coupled damage-
healing for materials in the concurrent computational homogenization approach using machine learning have
demonstrated promising results. Practical implications, and contributions outlined above emphasize the potential
of this research in advancing the field of materials science and engineering. This study lays the foundation for
further research, collaborations, and advancements in the design of resilient materials with improved damage
tolerance and healing capabilities.
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