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Abstract. In this paper, we present a new approach that uses a com-
bination of a compliant robot foot with a flexible tactile-array sensor to
classify different types of cylindrical terrains. The foot and sensor were
installed on a robot leg. Due to their compliance and flexibility, they can
passively adapt their shape to the terrains and simultaneously provide
pressure feedback during walking. We applied two different methods,
which are average and maximum value methods, to classify the terrains
based on the feedback information. To test the approach, We performed
two experimental conditions which are 1) different diameters and dif-
ferent materials and 2) different materials with the same cylindrical di-
ameter. In total, we use here eleven cylindrical terrains with different
diameters and materials (i.e., a 8.2-cm diameter PVC cylinder, a 7.5-cm
diameter PVC cylinder, a 5.5-cm diameter PVC cylinder, a 4.4-cm di-
ameter PVC cylinder, a 7.5-cm diameter hard paper cylinder, a 7.4-cm
diameter hard paper cylinder, a 5.5-cm diameter hard paper cylinder,
a 20-cm diameter sponge cylinder, a 15-cm diameter sponge cylinder, a
7.5-cm diameter sponge cylinder, and a 5.5-cm diameter sponge cylin-
der). The experimental results show that we can successfully classify all
terrains for the maximum value method. This approach can be applied
to allow a legged robot to not only walk on cylindrical terrains but also
recognize the terrain feature. It thereby extends the operational range
the robot towards cylinder/pipeline inspection.

Keywords: Compliant robot foot - Flexible tactile-array sensor - Cylin-
drical terrains.
1 Introduction

Currently, walking robots are widely employed for locomotion on complex ter-
rains as well as terrain classification [1,2]. While classifying flat and rough ter-
rains are typical ones for the robots [3-9], classifying cylindrical terrains are still
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under investigation. Tactile sensing is one of the core sensing methods and the
most useful technique for object exploration and terrain recognition [10,11]. It
has been widely used in robot hands to classify different shapes, materials, and
surfaces [12-14]. Therefore, in this work, we apply a flexible tactile-array sen-
sor to a robot leg with a bio-inspired compliant foot to classify different types
of cylindrical terrains during walking. There is a variety of cylinder terrains,
for instance, water pipes, gas pipes, wires, and so on. If a robot can classify
or recognize the terrains during moving or walking on them, it would be use-
ful for adaptation to the terrains as well as terrain/object inspection. In the
following section, we present the robot leg with the compliant foot. Section 3
provides neural locomotion control of the leg for walking on different cylindri-
cal terrains. Section 4 introduces the flexible tactile array sensor that provides
pressure feedback. Section 5 describes the experimental setup and methods for
terrain classification. Sections 6 and 7 gives the experimental results and the
conclusion of this work, respectively.

2 Robot Leg with a Bio-Inspired Compliant Foot for
Walking on Cylindrical Terrains

We have developed a robot leg based on a hind leg of the dung beetle which has
an interesting structure for both locomotion and curved object transportation.
The leg has three active joints and three segments (coxa, femur, and tibia)
between the joints. The segments are simplified and designed by following the
proportion of the hind leg (i.e., coxa: femur: tibia is 1: 1.2: 1, see Fig. 1(a) and
[1] for more details). The lengths of the coxa, femur, and tibia parts are 7 cm,
8.4 cm, and 7 cm, respectively. They are printed using 3D-printing. The CT-
and FT-joint rotate around the z-axis while the TC-joint rotates around the
x-axis. These rotations follow the joint rotations of the real dung beetle leg. The
base of the TC-joint is attached to a linear slide allowing the leg freely move
in a vertical direction during a stance phase. A flexible cable is used to hold
the leg during a swing phase for ground clearance. We have simplified the robot
foot by using a fin-ray inspired concept which compliancy mimics the segmented
structure of the real tarsus of the beetle. It consists of five rays/blades embedded
inside its triangular structure (Fig. 1(a)). It is printed using 3D-printing with a
compliant material (i.e., rubber). Although this design does not fully capture the
complete complex structure of the tarsus of the dung beetle, it, as an abstract
version, shows flexibility and compliance to passively adapt its shape to follow the
contour of a substrate as observed in the beetle. Besides the passive adaptation,
the compliant foot also acts as a damping system to reduce contact force when
the leg touches the ground, see more in [1].

3 Neural Locomotion Control

The concept of central pattern generators (CPGs) for locomotion has been stud-
ied and used in several robotic systems of particular walking robots. There is a
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wide variety of different CPG models available ranging from detailed biophysical
models to pure mathematical oscillator models. Here, the model of a CPG for
basic locomotion of robot leg is realized by using the discrete-time dynamics of
a simple 2-neuron oscillator network (Fig. 1(b)). Due to its neurodynamics, it is
able to autonomously generate various periodic and chaotic signals without sen-
sory feedback; i.e., it can act as open-loop control. For our implementation here,
the activity of each neuron develops according to a;(t+1) = 2?21 Wijo;(t); i =
1,...,n with an update frequency of 20 Hz, where n denotes the number of units.
The neuron output o; is given by a hyperbolic tangent (tanh) transfer function
0; = tanh(a;) = 1%%2% -1 . W; is the synaptic strength of the connection from
neuron j to neuron ¢. The two neurons Hy ; of the CPG are fully connected with
the four synapses Wyg, Wo1, Wig, W11 and can form an oscillator if the weights
are chosen according to an SO(2)-matrix:

w=(wiown) = (i ) W

with —7m < ¢ < 7 and « > 1, the oscillator generates sine-shaped periodic
outputs o0g 1 of the neurons Hy 1 (Fig. 1(c)) where ¢ defines a frequency of the
output signals. In order to achieve stable locomotion (or stepping pattern), we
here set ¢ to 0.5 and a to 1.01 and use a CPG postprocessing unit to shape
the CPG signals. The resulting signals Mrc cr,rr drive the motors of the leg
(Fig. 1(d)). With this setup, the neural controller acts as an open-loop controller
to control the leg. We use this control setup to generate a walking pattern of the
leg on cylindrical terrains investigated here [1].
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Fig.1: (a) A robot leg with bio-inspired (fin ray) compliant foot. (b) CPG-based
neural control for locomotion. It consists of two interconnected neurons Hy 1. (c)
Outputs op,1 of the neurons Hp; of the CPG-based control. (d) Motor signals
My .cr pr obtained from a CPG output signal postprocessing unit. The post
processing unit translates the outputs og ; into the proper motor signals.

4 Flexible Tactile Array Sensor

The piezoresistive material has been chosen as the most suited to build a flexi-
ble tactile-array sensor. The tactile sensor is built as an array of 10 x 25 taxels
(tactile cells) within 16 mm x 40 mm responsive to pressure applied normally.
A range of other sensor configurations were built previously and detailed in-
formation can be found in [2,15]. Each tactile cell exhibits decreased resistance
for increased pressure with the resistance varying from 1 M{(? in the uncom-
pressed state to under 1 k{2 in the stressed state. The pressure tactile sensor is
composed of 3 layers overlaid, where the middle layer is a piezoresistive rubber,
while the upper and lower layers being rows and columns of flex printed PCB
wired perpendicularly. A multiplexing scheme based on the voltage divider prin-
ciple implemented with dedicated electronics addresses all combinations of rows
and columns and transforms them into a tactile image of 250 elements, each
value being an 8-bit value. A second layer is added to the pressure sensor for
sensing curvature based on the Spectra Symbol technology for measuring flex-
ing of the material. Bending this sensor increases the resistance which is added
to the tactile image of pressure information. The dedicated electronics module
stream the information over wifi providing 30 frames per second of distributed
pressure together with curvature information as shown in Fig. 2(a).
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Fig.2: (a) A flexible wireless tactile array sensor. (b) A compliant foot with a
tactile array sensor covered by a rubber glove.

5 Experimental Setup and Methods for Terrain
Classification

We implemented a compliant robot foot and a tactile array sensor together by
fixing a tactile array sensor under a compliant foot. The robot foot was covered
by a rubber glove for having a friction while the robot is walking as shown in
Fig 2(b). The leg was attached to a moving cart which was constrained by two
rails, to ensure that the leg moves along the terrains during locomotion[1]. We
divided the experiment into two conditions. For the first condition, we provided
the different diameters and different terrains. The setup of the leg with a cart
to investigate locomotion efficiency on cylinder terrains with 3 different terrains
and 5 different diameters which are a 8.2-cm diameter PVC cylinder (PVC A),
a 4.4-cm diameter PVC cylinder (PVC B), a 7.4-cm diameter hard paper cylin-
der (Hard Paper), a 20-cm diameter sponge cylinder (Sponge A), and a 15-cm
diameter sponge cylinder (Sponge B), was setup as shown in Fig 3. The second
condition, we provided the identical diameter with 3 different terrains which
are a 7.5-cm diameter PVC cylinder (PVC A), a 5.5-cm diameter PVC cylin-
der (PVC B), a 7.5-cm diameter sponge cylinder (Sponge A), a 5.5-cm diameter
sponge cylinder (Sponge B), a 7.5-cm diameter hard paper cylinder (Hard Paper
A), and a 5.5-cm diameter hard paper (Hard Paper B) as shown in Fig 4. In this
experiment, the tests take 10 steps, 5 times on each terrain. For each terrain, 50
tests were done, averages on each terrain resulting in 50 trials in total. Figure 5
shows contact area on each step while the compliant robot foot walks on each
terrain. We can determine the contact area during walking through pressure in-
tensity on the heat maps. The green colour shows low pressure, the blue colour
shows medium pressure, and the white colour shows high pressure on each area.
The red colour means no foot contact.
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Fig. 3: Experimental set-up of the leg system for locomotion of the first experi-
ment on cylindrical terrains which are (a) PVC A, (b) PVC B, (c¢) Hard Paper,
(d) Sponge A, and (e) Sponge B.
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Fig. 4: Six different kinds of cylindrical terrains of the second experiment which
are (a) PVC A, (b) PVC B, (c) Sponge A, (d) Sponge B, (e) Hard Paper A, (f)
Hard Paper B.
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Fig. 5: Examples of heat maps of the tactile array sensor on each step while the
compliant robot foot walks on each terrain. we encourage the reader to see the
videos of the experiments at http://www.manoonpong.com/SAB2018/.
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5.1 Average Value Method

According to the experiment, the tests take 10 steps, 5 times on each terrain. We
calculated the averages of each step, which means we got 50 values of the averages
on each terrain. We also calculated the standard deviation for calculating the
expanded uncertainty using metrology method. The 50 average values have been
divided into half (25:25). The second half was tested using the data of the first
half. We demonstrated the correction of classification by doing the confusion
matrix (Tables 1,3).

5.2 Maximum Value Method

In this method, we calculated the maximum values on each step, which means we
also got 50 values on each terrain. we have calculated the standard deviation for
calculating the expanded uncertainty using metrology method as well. The 50
maximum values have been divided into half (25:25). The second half was tested
using the data of the first half. We demonstrated the correction of classification
by doing the confusion matrix (Tables 2,4).

6 Experimental Results

On the first experiment, the average method classification shows some mistakes
as shown in Table. 1. There are two terrains have a percentage of correction
under 50, noticeably the Hard Paper has a percentage of correction equal to 0.
Moreover, there are three terrains have 32 percentage of unknown values which
are unidentified because of the overlap of the values. Therefore, the average
value method cannot be used for cylindrical terrain classification. By contrast,
the maximum value method shows that (Table. 2) all of the materials are able
to classify by using this method, especially, on large diameter materials (PVC
A and Sponge A). They have a percentage of correction over 90. On the sec-
ond experiment, we divided the terrains into two groups, which are Diameter
A (7.5-cm) group and Diameter B (5.5-cm) group. The average method clas-
sification shows the huge mistakes almost every terrains accept Sponge B and
every terrains have the unidentified value as shown in Table. 3. Therefore, the
average value method cannot be used for cylindrical terrain classification. By
contrast, the maximum value method shows that (Table. 4) all of the terrains
are able to classify by using this method. The clear diagonal for maximum value
method confirms the successful recognition. Therefore, this method is suited for
the cylindrical terrain classification. According to the classification, we found
that for the same terrains different diameters, a gap of the averages of maxi-
mum value between these materials will be small. On the other hand, if terrains
are different whether diameters are same or different, a gap of the averages of
maximum value between these terrains will be outstanding. We also can iden-
tify the difference of terrains by hard terrains have an average maximum value
less than soft terrains as shown in Figs. 6 and 7. For hard terrains, the bigger
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diameter has an average less than the smaller, but for soft terrains, the bigger
diameter has an average more than the smaller. Moreover, we found that the
more hardness of terrains, the less uncertainty. The reason is while a compliant
robot foot is walking on hard terrains, there is no deformation of terrains but for
soft terrains, there is a deformation on each step and the hardness on each point
are different. The uncertainty of the average of maximum values was calculated
by using metrology method for precise calculation.

Table 1: Confusion matrix of the first experiment of average value method for
cylindrical terrain classification. The vertical axis represents the truth and the
horizontal represents the output of the classification in percentage.

AV Method
Object PVCA PVCB | Hard Paper | SpongeA |NSpongeBN| Unknown |
PVCA 88 12 0 0 0 0
PVCB 8 72 0 0 20 0
Hard Paper 8 0 0 4 56 32
Sponge A 0 0 0 96 0 4
0 8 4 s [NNBONN s |

Table 2: Confusion matrix of the first experiment of maximum value method for
cylindrical terrain classification. The vertical axis represents the truth and the
horizontal represents the output of the classification in percentage.

MV Method
Object PVC A PVCB | Hard Paper | SpongeA | SpongeB | Unknown |
PVCA 91.67 8.33 0 0 0 0
PVC B 0 64 36 0 0 0
Hard Paper 0 20 80 0 0 0
Sponge A 0 0 0 92 4 4
[ spoges | o 0 0 26 [NGONN 4 |
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Fig.6: Comparison chart of the first experiment of the average of maximum
values while the compliant robot foot walks on each terrain.

Table 3: Confusion matrix of the the second experiment of average value method
for cylindrical terrain classification. The vertical axis represents the truth and
the horizontal represents the output of the classification in percentage.

AV Method AV Method
Diameter A Diameter B
Object PVCA Hard Paper A| SpongeA | Unknown Object PVCB Unknown
PVC A 0 80 0 20 PVCB
Hard Paper A 0 40 20 40
Sponge A 0 68 4 28

Table 4: Confusion matrix of the second experiment of maximum value method
for cylindrical terrain classification. The vertical axis represents the truth and
the horizontal represents the output of the classification in percentage.

MV Method MV Method

Diameter A Diameter B
Object PVCA Hard Paper A| Sponge A Unknown Object PVCB Unknown
PVCA 81 19 0 0 PVCB

Hard Paper A 10 65 25 0
Sponge A 0 25 75 0
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Fig. 7. Comparison chart of the second experiment of the average of maximum
values while the compliant robot foot walks on each terrain.

7 Conclusion

In this study, we presented the combined usage of a compliant robot foot with
a flexible tactile sensor array for cylindrical terrain classification. We performed
two conditions in the experiment which are 1) different diameters and different
terrains and 2) different terrains with the same diameter. Two different methods
were used which are average and maximum value methods. We found that the
suitable method for cylindrical terrain classification is maximum value method.
We also can identify a different kind of materials or diameters by comparing the
averages of the maximum value. In order to improve classification performance,
two legs could be used as complementary to tactile sensing. Walking robots will
be able to recognize terrains while they are walking, explore, and adjust their
suitable walking pattern on different terrains in future.
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