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Abstract: With the advance of in situ microscopic imaging and industrial vision systems, image analysis technology
has become quite important for the intelligent regulation and control of production processes. Deep learning is
increasingly applied to various image analysis tasks, but its implementation is often hindered by practical issues,
such as the high cost of acquiring high—quality data and the large manual labor of data annotation. Data
augmentation techniques expand the dataset size and enrich the diversity of sample features via computer
algorithms, and thus effectively enhance model performance. This paper gives a systematic review of different
augmenlation stralegies for image data in the field of process analytical technology (PAT), including traditional
methods and advanced deep learning methods. Moreover, recent progresses in the applications of those approaches
in some typical scenarios are introduced in details, such as crystallization, gas—liquid multiphase flow, and cell
culture, while the strategies for maintaining physical consistency are particularly stressed. Finally, some future
directions of data augmentation are prospected for enhancing the intelligence level of online monitoring and

accelerating its industrial applications.
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Table 1 Physical accuracy evaluation metrics for image analysis
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Table 2 Summary of non—deep learning data augmentation methods
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Fig.1 Data augmentation of succinic acid crystals: (i) raw image; (ii) brightness adjustment;
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Fig.2 Data augmentation of cane sugar crystallization image"™
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