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Figure 8: Experimental Setup

Throughout the experiment, the total force applied to
the surface of each texture and the distance between the
starting point and the end point across all ten grating
plates is kept constant. This procedure is repeated fifty
times for each texture.

6 Results

Figure 9 shows the output for the PVDF sensor when
the finger is rubbed on grating 1 and grating 10. The
sensor shows different frequencies of stimulation to dif-
ferent textures. Figure 10 shows a plot of the frequency
response for all ten textures. The frequency plot shows
distinct frequencies for each texture.

The first two major components of each of the eight
sensors were extracted using the peak detection algo-
rithm described in Section 4. A naive Bayes learner was
trained with fifty samples for each texture. The learner
was capable of predicting textures with an accuracy of
99% using 10-fold cross-validation. Preliminary results
on the natural surfaces achieve an accuracy of 81.7%.
However further analysis is required to verify the results
on natural surfaces.

A simple learner was devised to evaluate the effective-
ness of the method. The learner uses average amplitude
over a fixed window for each channel. The richer the
texture, the higher is the rate of vibration in the signal.
This information can be encapsulated in the average am-
plitude of the signal. Each trial run is divided into three
equal parts - initial contact region, middle region and lift
off region. The fixed window was taken from the middle
region. This ensures that the feature is not affected by
the variations induced by the initial contact and lift off.
The width of the window was chosen to be the average
length of the middle region of all trials. A naive Bayes
learner produced predictions with an accuracy of 94.6%
with 10-fold cross-validation.

The method based on the frequency features shows
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improvement over the simple method. However a com-
parison of the confusion matrices shows that the method
based on frequency features is much better. Table 1
shows the confusion matrix for the frequency based
learning method. It can be noticed that the misclassi-
fied textures are only one grating apart from the original.
Looking at the confusion matrix for the simple method
(Table 2), it can be seen that the misclassifications are
more scattered. For example, grating #10 textures have
been misclassified as grating #1 textures. The misclas-
sifications are further apart from the original texture.

7 Conclusion and future work

The work presented here successfully distinguishes be-
tween ten different textures using the Fourier coeffi-
cients. The novelty of work lies in the application of
machine learning to tactile sensors. It has been demon-
strated that with only fifty training samples, a learning
algorithm can be trained to make accurate predictions.
We have presented a comparison with a simpler time do-
main method and shown that our method produces more
accurate and robust predictions.

The learning algorithm uses the naive Bayes classifier
for learning and classification. Naive Bayes is a prob-
abilistic learner, where all the features are assumed to
be independent. An advantage of this type of learner is
that if one of the sensors fails during run time, the learner
can still make accurate predictions. New experiments on
irregular textures are currently being conducted. Pre-
liminary results show that the algorithm is capable of
accurately classifying these surfaces.

The Fourier transform does not provide information
on how the frequency content changes over time. This
will be of importance for surfaces with irregular texture.
The change in frequency over time can provide better in-
formation to distinguish such textures. To this end, ap-
plication of Short Term Fourier Transform and Wavelet
transforms may be studied.
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Table 1: Confusion matrix for naive Bayes learner with frequency components as feature

Gl G2 G3 G4 G5 G6 G7 G8 GY GI10 | Class
50 0 0 0 0 0 0 0 0 0 Gl
0 50 O 0 0 0 0 0 0 0 G2
0 0 50 O 0 0 0 0 0 0 G3
0 0 0 50 O 0 0 0 0 0 G4
0 0 0 0 50 O 0 0 0 0 G5
0 0 0 0 0 49 1 0 0 0 G6
0 0 0 0 0 1 49 0 0 0 G7
0 0 0 0 0 0 1 49 0 0 G8
0 0 0 0 0 0 0 2 48 0 G9
0 0 0 0 0 0 0 0 0 50 G10

Table 2: Confusion matrix for naive Bayes learner with average amplitude in a fixed window of time as feature

Gl G2 G3 G4 G5 G6 G7 G8 GY9 GI10 | Class

50 0 0 0 0 0 0 0 0 0 Gl
0 50 0 0 0 0 0 0 0 0 G2
0 0 50 O 0 0 0 0 0 0 G3
0 4 0 46 O 0 0 0 0 0 G4
1 0 0 0 49 0 0 0 0 0 Gb
0 0 0 0 0 50 O 0 0 0 G6
0 0 6 0 0 0 4 0 0 0 G7
0 0 0 2 0 3 0 45 0 0 G8
0 0 4 0 0 0 0 0 46 0 G9
4 0 0 0 3 0 0 0 0 43 G10
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Figure 9: Grating 1 vs Grating 10. Note the difference in frequency of the signals for different textures.



Australasian Conference on Robotics and Automation (ACRA), December 2-4, 2009, Sydney, Australia

Grating 1 \ \ \ \ \ \ \ \
A
_ | e VIS L AN | W N
0 15 20 25 30 35 40 45 50
Grating 2 LN T T T T T T T T T J
/
WV\WV/V A NIV b o e~ Ap
10 15 20 25 30 35 40 45 50
Grating 3 ’ I \ \ \ T \ \ \ \ J
MMM/VM\M W\/\/\’\A\/ _ A L N L — _
5 10 15 20 25 30 35 40 45 50
Grating 4 T T T T T T T T T MJ
N
S\ ASWN " V\K«%M o LN e |
5 10 15 20 25 30 35 40 45 50
Grating 5 \ N ” \ T \ \ \ \
o N Mg AN U | ~ b _
5 10 15 20 25 30 35 40 45 50
Grating 6 T T \ T T T T T T
’ M\ NN
P ! \ L ! SN il L
5 10 15 20 25 30 35 40 45 50
Grating 7 T A T I I I I T T T J
f
NV ANT N SR L _
5 10 15 20 25 30 35 40 45 50
Grating 8 L I \ \ \ T \ \ \ \
NM\ 1 | I | | . L 1 _
5 10 15 20 25 30 35 40 45 50
[Tt SNV v N | |
5 10 15 20 25 30 35 40 45 50
Grating 10 W A T T T T T T T T J
N b TSN A A L L SN | L
5 10 15 20 25 30 35 40 45 50

Figure 10: Frequency response for all ten grating plates.

different textures.
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