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Research on Machine Learning-Based Prediction and Optimization Methods for the
Performance of Traditional Building Wall Materials: a Case Study of

Bamboo-Woven Mud Walls
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(1. College of Architecture and Urban Planning, Tongji University, Shanghai 200092, China ;2. International School of

Engineering , Tianjin Chengjian University, Tianjin 300384, China)

Abstract: This study applied machine learning to predict and optimize the hygrothermal performance of
bamboo-woven mud walls, highlighting their potential in addressing environmental challenges. Genera-
tive adversarial networks (GANs) were first used to augment limited experimental data, addressing
small-sample constraints. A back propagation (BP) neural network was employed to analyze and predict
the performance of the wall materials. After optimization via a genetic algorithm (GA), the model’s R?
improved to 0. 77, indicating significantly enhanced predictive performance. These findings confirm the
feasibility of using machine learning in the reuse of traditional building materials and provide a digital
theoretical basis and technical support for the preservation and renewal of bamboo-woven mud walls.
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Fig.1 Typical construction of bamboo-woven mud walls
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Fig. 2 Traditional bamboo—woven mud walls and wall construction in

southern China
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Fig.3 Workflow of machine learning for materials
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Fig. 4 Machine learning modeling process
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Fig.5 Test analysis workflow and sample preparation process
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Fig. 6 Normalized hygrothermal properties of the materials
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