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Abstract This study suggests a quantitative evaluation of transfer learning, which is widely used in various Al
fields, including image recognition for robot vision. Quantitative and qualitative analyses of results applying
transfer learning are presented, but transfer learning itself is not discussed. Therefore, this study proposes a
quantitative evaluation of transfer learning itself based on MNIST, a handwritten digit database. For the
reference network, the change in recognition accuracy according to the depth of the transfer learning frozen
layer and the ratio of transfer learning data and pre-training data is tracked. It is observed that when freezing
up to the first layer and the ratio of transfer learning data is more than 3%, the recognition accuracy of more
than 90% can be stably maintained. The transfer learning quantitative evaluation method of this study can be
used to implement transfer learning optimized according to the network structure and type of data in the future,
and will expand the scope of the use of robot vision and image analysis Al in various environments.
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