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Monocular colony depth extraction algorithms
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Abstract: High-throughput colony sorter is an important equipment for bacteria screening in the
biopharmaceutical industry. It uses colony image for intelligent identification and selection, but at
present, the equipment only recognizes two-dimensional location information. In order to solve the
problem of three-dimensional colony information extraction, this paper proposes a monocular
image colony depth extraction algorithm based on transfer learning. The algorithm is based on
residual network, combined with multi-scale network structure to extract features, and adopts
unsupervised transfer learning training mode, so that the network can estimate the colony depth
information. The experimental results show that the average relative error of the algorithm is 0.171,
the root mean square error is 6.198, and the log root mean square error is 0.256. The accuracy of the
results under the threshold value of 1.25 is increased to 76.4%. The algorithm can obtain the depth
information and surface characteristics of the colony at the same time, which provides a

referencefor further improving the screening accuracy and effectively selecting the colony.
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Fig. 1 Structural diagram of selecting equipment
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Fig.2 Structural diagram of residual module
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Fig.3 Deep estimation network structure diagram
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Fig. 4 Colony dataset images
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Tab.1 Comparison of experimental results on KITTI dataset
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Eigen Fine 0.203 6307 0.282 0.702 0.890 0.958
Laina 0.201 6.471 0273 0.680 0.898 0.967
Ours 0.171 6.198 0.256 0.764 0.912 0.968
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Fig.5 Comparison of disparity map effects
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