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1 A A AR

# Layer type QOutput shape

1 Input layer (256, 256, 1)

2 Conv2D (128, 128, 128)

3 Conv2D (64, 64, 256)

4 Conv2D (32,32.256)

5 Conv2D (16, 16, 512)

6 Conv2D (8,8,512)

7 Conv2D (4,4,512)

8 Conv2D (2,2.512)

9 Conv2D (1,1,512)

10 Conv2D transpose (2,2,512)

11 Conv2D transpose (4,4,512)

12 Conv2D _transpose (8,8.512)

13 Conv2D transpose (16, 16, 512)

14 Conv2D transpose (32, 32,256)

15 Conv2D transpose (64, 64, 256)

16 Conv2D transpose (128, 128, 128)

17 Conv2D transpose* (256, 256, 1)
*#fefi FH Linear [ $uff 2 B B 85

72 B A A

# Lavyer type Output shape

1 Concatenate layer (256, 256, 2)

2 Conv2D (128, 128, 64)

3 Conv2D (64, 64, 128)

4 Conv2D (32,32, 256)

5 ZeroPadding2D (34, 34,256)

6 Conv2D (31, 31, 256)

7 ZeroPadding2D (33, 33, 256)

8 Conv2D (30,30, 1)
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ABSTRACT

During the cyclic loading process, materials gradually form cracks at the microscale and accumulate as the path
and quantity of microcracks grow. Although concentrated directional damage eventually occurs, the stress-strain
relationship during the process leads to anisotropic and nonlinear behavior, further resulting in uncertainty in fatigue
failure. In conventional multiscale analysis, there are often challenges with either the high computational cost of
microscale calculations or oversimplified approaches.

With the rapid development of artificial intelligence, which enhances the computational efficiency or accuracy
of numerical methods in recent years, this study proposes the application of Generative Adversarial Networks
(GANs) to predict the complex crack propagation behavior within two-dimensional microscale representative
volume elements. By utilizing the concept of image transformation, the crack positions within the representative
volume elements are treated as input images, and the corresponding stress fields are generated computationally by
neural networks to achieve rapid computation of physical fields.

To reduce the complexity of the neural network database, this study employs the Extended Finite Element
Method to compute stress fields of representative volume elements with different unit cracks under unit strain
loading. Here, unit cracks reference the original crack size and are approximately the length of one element. Unlike
conventional crack databases, which focus on individual cracks, this study predicts complex cracks by composing
target cracks from interconnected unit cracks, considering unit cracks as microscale entities within a multiscale
framework. Thus, various cracks are composed of unit cracks in the solution, eliminating the need to establish
databases for general or specific cracks.

Finally, leveraging the rapid computation capabilities of neural networks, this approach can replace traditional
numerical methods and effectively reduce the computational time required for microscale models. The study
concludes by conducting the same test problems using both neural networks and the Extended Finite Element
Method, simulating crack propagation and calculating equivalent stress values to compare and ensure the accuracy of
the neural network's predictive results.



