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Results Conclusions
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Two CNN-based approaches for tactile
object recognition: Transfer Learning
and TactNet.
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Seven methods: 4 transfer learning-
based and 3 TactNet-based.

Both transter learning and TactNet
can obtain high accuracy rates in ob-
ject recognition.
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In terms of recognition rate, TacNet-
based methods performance better.

The classification time of the Tact-

Comparison of the recognition rate achieved by =~ Number of parameters (left) and computation Nets are much smaller than the trans-
each method. The error bars represent the one time (right) of each method needed for fer learning due to the smaller number
standard deviation. classifying the test set. of parameters.
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