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Improving computational efficiency is a challenge in inverse analysis of non-homogeneous spatial
distributions involving complex physical phenomena. We used a neural operator, which is attracting
attention as a surrogate modeling method that can handle non-homogeneous spatial distributions, and
examined its applicability to inverse analysis problems. We constructed a model using spatially random
physical property distributions as training data. We applied it to an inverse problem and evaluated its
performance. As a result, we confirmed that the model outperformed conventional image-based methods
under certain conditions, suggesting its applicability to real problems.
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2. Neural Operator
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MSE Loss Heatmap for Models and Test Data
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MSE Loss Heatmap for Models and Test Data
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Comparison of MSE Between Neural Operator and CNN
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