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Abstract: Crystallization is a fundamental solid-liquid separation operation in chemical, pharmaceutical, food and
materials industries. Achieving high product quality requires precise control of critical process parameters such as
temperature, feed rate and solvent composition. Conventional modeling and control strategies that rely on
mechanistic formulations or empirical correlations often fail to represent the highly nonlinear and multiscale nature
of crystallization systems. In recent years, machine learning, with its powerful data—driven feature extraction and
pattern recognition capabilities, has provided new ideas for the intelligent research of crystallization processes. This
review summarizes recent developments in machine learning enabled process monitoring, predictive modeling and
control optimization for crystallization. The potential of these methods to enhance process characterization, improve
model fidelity and support intelligent decision making is highlighted. Challenges related to data quality, model

generalization and reliable industrial deployment are also discussed.
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Table 1 Major PAT tools for crystallization process monitoring: advantages and limitations
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Fig.3 Network architectures of RNN (a) and the Transformer attention—based model (b)
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Table 2 Major ML for predictive modeling of crystallization processes: applicability and limitations
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Fig.6  NMPC framework based on the ML predictive model™
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Table 3 Major ML for crystallization process control: advantages and limitations
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