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Abstract

To address the limitations of traditional experimental methods in optimizing the thermal conductiv-
ity of solid waste-based backfill materials for ground source heat pumps, this study proposes a hy-
brid machine learning model integrating Bidirectional Long Short-Term Memory (BiLSTM) networks
with intelligent optimization algorithms. By systematically analyzing the coupling effects of various
solid waste materials and graphite content, the model utilizes bidirectional propagation to simulta-
neously capture the thermal attenuation induced by solid waste components and the compensation
effects of graphite. Through intelligent optimization algorithms, adaptive tuning of model parame-
ters is achieved, resulting in a high-precision predictive model for thermal performance. The results
demonstrate that the proposed model exhibits significant advantages in both prediction accuracy
and generalization capability. Furthermore, interpretability analysis clearly reveals the influence
patterns of different components on thermal conductivity. This study provides an effective predic-
tive model for the performance prediction and optimal design of solid waste-based backfill materials,
contributing significantly to the resource utilization of industrial solid waste and the advancement
of ground source heat pump technology.
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Figure 1. Distribution diagram of thermal conductivity data
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Figure 2. Schematic diagram of the BILSTM model
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Figure 3. Parameter optimization algorithm flowchart of the GWO-BiLSTM prediction model
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Figure 4. Parameter optimization algorithm flowchart of the NOA-BiLSTM prediction model
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Figure 5. Global feature importance based on SHAP analysis
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