W52k 418 JesE R TR Vol.32 No.18
2024 4E 9 A Optics and Precision Engineering Sept. 2024

XEHS 1004-924X(2024)18-2836-10

T B %A BGRB8 rY /0 5 Bx &R B 3R B &R
3%l 43 &l

AR MEB kEAL EWE"
(1. ZMN A% B FEEFRK,ILH HMN 215000
2. PERFR AMNAEDEFTEAEHF, LA KM 215000

T o A TR (4 of 0 P T R /0 BRI R B PR AL B (4 R R IR L AT X B R B B R R IR I T R R
9 4 A B A AR R N Sk ) R rh A W IR T A S o AR SCHR T T R [ AR UGS AL 1 = T I £ BRI 1 R
FRUBE 4 W A PR R o R R EM-SAML, FH M 348 v, 5 PRI o 1) S 481 451 o AN T I 455 R FH R L B SR R A AL SAM
Hh R C IR 58 I RS A T 2 78 F % TR AL B AT 55 b fie AR AR AL SR IR A AR R B 0 o kA BEALR T U AL Y fig
T % B2 1T, I 30 2 /N BN o B R 43 AT 55 b AT 00 o SE 0 45 SR R A AR A T B 48 SNEMIBD H A-Rand 7 ik %
0. 0545 7528 FF KU 52 MitoEM H AP-50 Al AP-75 43 5 A i5 3 0. 883, 0. 604, EM-SAM 7 HL B8 45 4 48 4 HIAT 55 Hp o
PR R RS, I EL AT AS R AT 55 R T

X OB OWGRESF T 5B KRB BB KT

hESES.TP391  XEt4RIEF: A doi:10. 37188/0OPE. 20243218. 2836

Instance segmentation of mouse brain scanning electron

microscopy images based on fine-tuning nature image model

CHENG Ao', ZHAO Guoqiang®, ZHANG Ruobing”, WANG Lirong""

(1. Soochow University, School of Electronic and information, Suzhou 215000, China;
2. Suzhou Institute of Biomedical Engineering and Technology, Chinese Academy of Sciences,
Suzhou 215000, China)

* Corresponding author, E-mail: wanglirong@suda. edu. cn

Abstract: The accuracy and robustness of segmentation models are critical considerations in the process-
ing of mouse brain electron microscopy images. We proposed a highly robust two-dimensional segmenta-
tion algorithm tailored to the technical characteristics of electron microscopy images, aiming to accurately
delineate the morphological structure of cells in each slice. Aiming at accurately delineate the morphologi-
cal structure of cells in each section, a highly robust two-dimensional segmentation algorithm based on natu-
ral image model tailored to the technical characteristics of electron microscopy images was proposed. EM-
SAM was based on fine-tuning the backbone network of pre-trained large natural image model SAM for

maximizing the capability of features extraction. The model employed the image encoder from the SAM
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architecture, augmented with a U-shaped decoder, and was fine-tuned specifically for the segmentation of

mouse brain electron microscopy images. Experimental results demonstrate that A-Rand achieves 0. 054
on public dataset SNEMI3D. Additionally, AP-50 and AP-75 reach 0. 883 and 0. 604, respectively, on
public dataset MitoEM. EM-SAM exhibits high accuracy and robustness in neural segmentation tasks of

electron microscopy images, and it can be fine-tuned for different tasks.
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