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Improving Lead Cluster Detection in STM Images with Machine Learning
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Fig. 1 STM images of Pb clusters on Si(111)-(7x7) surface
classified by size. Panels (a) to (f) correspond to Pbi, Pba,
Pbs, Pba, Pbs, and Pbs, respectively.
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Fig. 2 Workflow of the machine learning model training process.
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Fig. 3 Detectlon results of Pb clusters in STM |mages usmg BCE
loss function. (a) Input STM image and (b) output image showing
detected Pb clusters with classification and confidence scores.
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Table 1 Comparison of Various Models.

Precision Recall mAP50
BCEETF WV 0.660 0.600 0.705
FLEF WV 0.647 0.473 0.577
ASLETFIL 0.654 0.81 0.778
CBLEF 0.711 0.766 0.777
CB-FLEF IV 0.745 0.629 0.724

CB-ASLET IV 0.751 0.817 0.816
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