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Highly versatile machine learning methods for reliable and accurate analysis of SPM data
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Fig. 1 Machine learning Target. (a) A monovacancy (Vm),
(b) two vacancy strings (Vs) and a vacancy island (Vi).
(c) AFM image of PZ molecules, with region annotated
as PZm, PZd, Dif, and Unk.
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Fig. 2 Recognition results and model accuracy evaluation.
(a) Misclassification of Vm as Vs (b) Failure to detect
Vs. (¢, d) F-score analysis across models, showing the
highest F-score with class equalization and minimal
impact of data augmentation on accuracy.
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Fig. 3 Validation of data augmentation. Data augmentation
improves accuracy overall, with its impact becoming
more pronounced as the amount of raw data decreases
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Fig. 4 Recognition results and model accuracy for AFM
images. (a, b) Typical detection results of PZ
molecules. (c¢) Histogram showing the impact of image
processing techniques, including cloning, data
augmentation (data aug), normalization (norm), and
auto-labeling (auto Ibl). Combining cloning with auto-
labeling achieved the highest accuracy.
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