55244 5 1 LGRS Vol. 24 No. 1
20254F 1 H Software Guide Jan. 2025

BT HEEIEERZE 8 &R R E A

CEL IR SN AR A S

(1. RAAZ 8 TAEXF T EMFR, Wl RA 6102252, vl 4 2H KA R RBEAAEIE, @ R 610046)

B E ADEHRILEENEFRIGLBE PR TN AN ESZHREATEZEL, A G T kT4
A E e Ae R MR WIAE R %, BABCR A BB+ ok, A R —F R T FEEARE B RMSHK
T AL ik, A, ELEEF I MDD RAT ML EFNARARERLE LR, SV BALTERBBARTELLS
B SR IE B AR T, LB S RAE BRI B AR ERBE L P, FAEE FbE e B 3
AL, G R SH R BRI, PP AR 7 kR R AR S R B B A s A R SR P A R R A R R
H0.89H20.81, £ F 5 A HIEE AR T A 7 ik 240, o e 4o TARRBE T —Fr3ed 2R ALk,
A B S AR A 22 6 i ST R AR LA BT ET R .
KER FEMAREELE MLl AE R MEF ]
DOI: 10. 11907/rjdk. 232307 FHAMFE(RRERS)RIAB(0SID) . &
FES S :TP391 XHERARIRAD : A X E 4S5 :1672-7800(2025)001-0129-07

Adaptive Cell Localization Based on Density Peak Clustering
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Abstract: Automatically and accurately locating a large number of cells in biomedical imaging images is of great significance for biomedical
research. The existing image processing methods have low accuracy in locating densely distributed and adherent cells, and parameter settings
are highly sensitive to data. Therefore, a cell localization method based on density peak clustering and adaptive optimization parameters is pro-
posed. Firstly, establish a deep learning model for cell segmentation to improve clustering performance ; Next, analyze the trend change of the
minimum distance between the local density of the foreground area and higher density points in the image, and automatically optimize the den-
sity threshold and distance threshold parameters to select clustering centers, achieving automatic localization of dense and adherent cells. Com-
pared with five commonly used algorithms, it was found that the proposed method has a detection rate and accuracy of 0.89 and 0.81, respec-
tively, in the fluorescence micro optical slice tomography imaging mouse dataset. It is superior to the comparison method in more complex data-
sets and provides a new high—precision automated method for cell localization work. It has good prospects in the computer application field of
biomedical image processing.
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Fig.1 Process of adaptive density peak clustering algorithm
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Fig.2 Pre—process of VoxResNet network for segmenting
raw data cells
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Fig.4 Traditional image pre—segmentation methods and deep learn-
ing pre—segmentation performance
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Fig. 5 Characteristic density and upward trend
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Fig.7 Evaluation values of various methods
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