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Multi-target Tracking of Cancer Cells under Phase Contrast Microscopic Images Based
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Abstract Detecting and tracking cancer cells under phase contrast microscopic images plays a critical role for analyzing
the life cycle of cancer cells and developing new anti-cancer drugs. Traditional target tracking methods are mostly ap-
plied to rigid target tracking or single target tracking.,while cancer cells are non-rigid multiple targets with constant fis-
sion,and it makes tracking more challenging. Taking bladder cancer cells in the sequence of phase contrast micrographs
images as research object, this paper proposed a multi-target tracking method of cancer cells based on convolutional neu-
ral network. Firstly, through making use of detection-based multi-target method, the proposed algorithm adopted the
deep learning detection framework Faster R-CNN to detect the bladder cancer cells and preliminarily obtain the cancer
cells to be tracked. Then CSA (circle scanning algorithm) was utilized to further optimize the detection of adhesion
cancer cells,and further improve the detection accuracy of cells in adhesion area. Finally, it integrated the features of
convolution, size and position into a synthetic feature descriptor by using weighting methods, thus tracking multiple
cancer cells by achieving the efficient correlation and matching of different frames of cancer cells. The results of a series
of experiments show that this method can not only improve the accuracy of detecting and tracking cancer cell, but also
deal with the occlusion problem effectively.

Keywords Convolutional neural network,Cell detection, Faster R-CNN, Circle scanning algorithm, Multi-target tracking
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Fig. 1 Overall network structure of Faster R-CNN
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Fig. 3 Results of detecting adhesion cells
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5.  Cost_size_mat=(W—w,) * (H—h;);
6. end

7. normalize Cost_dist_mat,Cost_fc_mat,Cost_size_mat
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Cost_size_mat

9. for i=1:length(trajectory)

10. if no matched trajectory(i)
11. continue

12. end

13. k=search(cost_mat) ;
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15. end
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17. cell split judge
18. end
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Performance comparison of detection results with Faster

R-CNN and Faster R-CNN+ CSA

Table 1

Methods Precision Recall AP AUC
Faster R-CNN 0.974 0.961 0.907 0.922
Faster RRCNN+CSA 0.979 0.989 0.908 0.924
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Table 2 Quantitative evaluation comparison of tracking algorithms
Loss
Methods MOTA MOTP AUC FAR
Rate
DMOT 0.939 3.059 0.753 0.033 0.028
BMOT 0.853 5.800 0.701 0. 044 0.054
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Fig.5 Results comparison between GMM+ Kalman tracking
algorithm and DMOT
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Fig. 6 Success rate and accuracy of tracking using DMOT
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Fig. 7 Overall tracking effect with four consecutive frames of

microscopic sequence
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Fig. 8 Tracking effect with 10 consecutive frames of adhesion cells
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