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Abstract: [ Objective] Artificial intelligence (AI) full smear automated diatom detection technology can perform fo-
rensic pathology drowning diatom detection more quickly and efficiently than human experts.However, this technique was

only used in conjunction with the strong acid digestion method, which has a low extraction rate of diatoms. In this study,
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we propose to use the more efficient proteinase K tissue digestion method (hereinafter referred to as enzyme digestion meth-

od) as a diatom extraction method to investigate the generalization ability and feasibility of this technique in other diatom

extraction methods.[ Methods ] Lung tissues from 6 drowned cadavers were collected for proteinase K ablation and made in-

to smears, and the smears were digitized using the digital image matrix cutting method and a diatom and background data-

base was established accordingly.The data set was divided into training set, validation set and test set in the ratio of 3:1:

1, and the convolutional neural network (CNN) models were trained, internally validated, and externally tested on the ba-

sis of ImageNet pre—training.[ Results] The results showed that the accuracy rate of the external test of the best model was

97.65 %, and the area where the model features were extracted was the area where the diatoms were located. The best CNN

model in practice had a precision of more than 80 % for diatom detection of drowned corpses.[ Conclusion] It is shown that

the Al automated diatom detection technique based on CNN model and enzymatic digestion method in combination can effi-

ciently identify diatoms and can be used as an auxiliary method for diatom detection in drowning identification.
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Grad-CAM ‘diatom’ Guided Backprop ‘diatom’ Original Image

The red areas represent areas that the computer considers to be diatoms with a high probability; The blue areas are the ones that the computer

thinks are low probability diatoms.
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