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Tactile Sensor—based Object Recognition Method Robust to
Gripping Conditions Using Fast Fourier Convolution Algorithm
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Abstract: The accurate object recognition is important for the precise and accurate manipulation. To
enhance the recognition performance, we can use various types of sensors. In general, acquired data from
sensors have a high sampling rate. So, in the past, the RNN-based model is commonly used to handle and
analyze the time-series sensor data. However, the RNN-based model has limitations of excessive
parameters. CNN-based model also can be used to analyze time-series input data. However, CNN-based
model also has limitations of the small receptive field in early layers. For this reason, when we use a
CNN-based model, model architecture should be deeper and heavier to extract useful global features.
Thus, traditional methods like RNN-based and CNN-based model needs huge amount of learning
parameters. Recently studied result shows that Fast Fourier Convolution (FFC) can overcome the
limitations of traditional methods. This operator can extract global features from the first hidden layer, so
it can be effectively used for feature extracting of sensor data that have a high sampling rate. In this
paper, we propose the algorithm to recognize objects using tactile sensor data and the FFC model. The

data was acquired from 11 types of objects to

verify our posed model. We collected pressure, current,

position data when the gripper grasps the objects by random force. As a result, the accuracy is enhanced
from 84.66% to 91.43% when we use the proposed FFC-based model instead of the traditional model.
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[Fig. 2] Configuration of our study
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[Fig. 3] Objects for our experiments

[Table 1] Classification results for each model

No. Object Shape Material
1 Sponge ball Sphere Sponge
2 Package cushioning Cuboid Plastic (PE)
3 Rubber balll Sphere Rubber
4 Pencil holder Cylinder Plastic (PP)
5 PVC pipe Cylinder Plastic (PVC)
6 Rubber ball2 Sphere Rubber
7 Plastic container Cylinder Plastic (HDPE)
8 Bottle Cylinder Plastic (PET)
9 Table tennis ball Sphere Plastic (ABS)
10 Tennis ball Sphere Felt
11 bushing Cylinder Stainless
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[Fig. 4] actuator current, position and pressure data sample
during one grasp
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2.3 Fast Fourier Convolution
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[Fig. 5] Proposed Model using Fast Fourier Convolution
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[Table 2] The number of trainable parameters for each model

Classifier Trainable parameters
ANN 407,639
ANN + FFT 414,169
CNN 398,479
CNN +FFT 415,119
RNN 402,955
RNN + FFT 402,955
FFC 403,634
Our Model 394,695
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[Table 5] Classification result according to model and FFT

[Table 4] Classification result according to number of objects

Classifier Accuracy
Accuracy ANN CNN RNN FFC Our Model ANN 68.67% (-22.76%)
. 87.00% | 61.43% | 89.33% | 91.43% ANN + FFT 7133% (-20.1%)
5 objects o 95.98% 2270 ey
8. -34.55%)| (-6.65%) | (-4.55
(-8.98%) |(-34.55%)| (:6.65%) | (4.55%) CNN 12.86% (-78.57%)
81.98% | 14.29% | 77.98% | 82.86%
7 object 93.33% CNN + FET 9.091% (-82.34%
ORI (11.35%)| (-79.04%) | (-15.35%) | (-10.47%) ° o )
RNN 75.71% (-15.72%
0 obiccts | 7900% | 12.86% | 86.98% | 83.98% | o oo, o )
) (-12.98%)|(-79.12%)|  (-5%) (-8%) 7070 RNN + FFT 84.66% (-6.77%)
1 obiects | 6367% | 1286% | 75.71% | 82.27% | oo o, FFC 82.27% (-9.16%)
! +5%) | (5%) | (+5%) | (+5%) e Our Model 91.43%
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