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Cell Tracking based on Deep Learning with Depth Information for
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Abstract: Advances in technology such as two-photon excitation microscopy and fluorescent proteins have
enabled the observation of intravital cells. In order to analyze cell dynamics, it is a fundamental task to
automatically track cell movement. However, with the diversity in the appearance of the image and the
characteristics of cells, the tracking algorithm must be designed individually. To address this challenge, su-
pervised learning approaches have been developed. Action-Decision Network (ADNet) is one of the methods
to track the object by combining convolutional neural network and reinforcement learning. In this study, we
propose the use of ADNet by transfer learning for cell tracking in the image sequence obtained by intravi-
tal fluorescent imaging. Moreover, we show that depth information of the cells in three-dimensional image
sequences improves cell-tracking accuracy.

Keywords: bioimage informatics, object tracking, deep learning, intravital fluorescence imaging, reinforce-
ment learning, maximum intensity projection, depth map
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Fig. 1 Z stack and MIP image.
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Fig. 2 Pipeline of the tracking using ADNet.
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Fig. 4 Example of pseudo-depth image.
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Table 1 Parameters used for experiments.

REE T fi
Bl ) FE TRy 280 (—iik) 30
SALFE TRy 28 (i) 30
Hhlid ) FH IRy 7 (HilHL) 50
LB ARy 7 8 (i) 10
FIEOBEER 0.03
R (BARIAARE) 0.0001
FEE (EfERE) 0.001
E2 7 ZADMIEAREL (Train) 150
E27 7 ADMERARE (Test, 7L —A41=1) 200
E2 7 ADBERE (Test, 7V —241>1) 30
B2 7 ADMWAREL (Train) 50
B T ADWIEREL (Test, 7L —A1=1) 50
B2 I ADWEAEE (Test, 7L—241>1) 15
P & i s s ToU o R 0.5
Fine-tuning 2575 7 L — Ak (—f&¥ik) 20
Fine-tuning 2575 7 L — ATk (Hifg) 5
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Fig. 6 Distribution of action labels generated from cell dataset.
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Fig. 10 Aspect ratio change during cell tracking.
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