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Abstract: A decoupling method based on radical basis function neural network (RBFNN) for a novel three-
dimensional force flexible tactile sensor is presented in this paper. A numerical model of the tactile sensor is 
built through finite element analysis, which simulates the mapping between three-dimensional force applied on 
top surface of the sensor and deformation of the sensor. Furthermore, the RBFNN is applied to approach the 
nonlinear relationship between the deformation and the three-dimensional force. The row-column resistance 
values corresponding to the deformation are computed by a mathematical model. At last, the high dimensional 
nonlinear mapping relationship between resistance and three-dimensional force is also decoupled by RBFNN 
algorithm. Hence the decoupling system for the tactile sensor is implemented by using RBFNN twice. The 
decoupling results show that the RBFNN with high nonlinear approximation ability has good performance in 
decoupling three-dimensional force and satisfies both the decoupling accuracy and real-time requirements of the 
tactile sensor. Copyright © 2013 IFSA. 
 
Keywords: Tactile sensor, Decoupling method, Radical basis function, Neural network, Three-dimensional 
force. 
 
 
 
1. Introduction 
 

Tactile sense is an important perception for robot 
to obtain external environment information. Unlike 
other sensing modalities, it can acquire a lot of useful 
information from the object directly, such as shape, 
elasticity, hardness, roughness, and surface vibration 
signal etc. In view of tactile perception having many 
unique functions, researching and improving the 
flexible multi-dimensional tactile sensor become the 
key issue in recent intelligent robot field and 
industrial manufacturing areas. 

The tactile sensor is an essential part of the 
intelligent bionic robot. Recently, the design of that 
tactile sensor is mainly attracted to realize the 
flexibility and the measurement of three-dimensional 
(3-D) force [1-2]. The design principle is 
concentrated in piezoelectric [3], capacitor [4-5], 
optical fiber [6], elastic conductors [7], and 
conductive rubber [1, 8-9] techniques, from which 
researchers acquired a series valuable 
accomplishment. V. Maheshwari et al [10] developed 
a high-resolution thin-film device to sense texture by 
touch, both the lateral and height resolution of texture 
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are comparable to the human finger. H. Hu et al [11] 
developed a flexible capacitive tactile sensor, where 
PDMS is used as substrate material, 16x16 units can 
be integrated in 1 mm2 areas. J. G. Rocha et al [2] 
proposed a capacitive tactile sensor which can detect 
3-D force. With the development of the tactile sensor, 
conductive rubber has been widely used for flexible 
tactile sensors as its good force-sensitivity and 
flexibility, but some of that sensors can only measure 
the Z-directional force or pressure [12-13], and some 
of them are not flexible enough to be used as bionic 
robots’ skin. In [13], F. Xu et al proposed a flexible 
tactile sensor based on conductive rubber, which is 
flexible and can detect pressure accurately. 

Because coupling relationships generally exist 
among variables of the 3-D force tactile sensor, the 
decoupling strategy for the 3-D force takes a very 
important part in the design of flexible tactile sensors. 
Researchers pay more attention to the design of 
decoupling methods of the tactile sensor. J. X. Ding 
[14] presented a decoupling algorithm based on 
homotopy theory for 3-D tactile sensor arrays.  
F. L. Wang [12] decoupled the mapping relationship 
between resistance and deformation with BPNN.  
J. M. Kim et al [15] designed a bio-mimetic tactile 
sensor, which can measure three components forces. 
That sensor is composed of 100 micro force sensors, 
and its force capacity is 0.3N in the three-axis.  

In Sec. 2 of this paper, principles of the tactile 
sensor are introduced. In Sec. 3, the Finite Element 
Analysis (FEA) method is used to construct the 
numerical model of the tactile sensor based on the 
force-sensitive conductive rubber, and to simulate the 
mapping between 3-D force and deformation. In  
Sec. 4, the Radical Basis Function Neural Network 
(RBFNN) algorithm is applied to realize the mapping 
from deformation to 3-D force, and then decouple the 
3-D force from resistances directly. At last, some 
conclusions are drawn in Sec. 5. 

 
 

2. Principles of the Tactile Sensor 
 

2.1. Characteristic of Force-sensitive 
Conductive Rubber 

 
The conductive rubber is made by conductive 

particles (such as carbon black) which are mixed and 
dispersed in silicone rubber material [16]. It has 
many excellent features, such as flexibility, low cost, 
electricity conducting, and force-sensitivity. If there 
is no force applied on the conductive rubber, the 
conductive particles in the interior of the rubber are 
positioned apart from each other, and the resistance is 
very large. However, when the conductive rubber is 
subjected to external force, the resistance value of its 
own will be changed and become smaller accordingly. 
This characteristic of the conductive rubber is called 
force-sensitive property. 

Recently, many searchers have studied the force-
sensitive property of conductive rubber. In paper 
[17], the authors got the pressure-conductive feature 

of a rubber at different concentrations of carbon 
black (Fig. 1), which reflects the conductive rubber’s 
resistivity is changing along with external force.  

 
 

 
 

Fig. 1. Relationship between resistivity and external force. 
 
 

2.2. Structure of the 3-D Force Tactile Sensor 
 
As shown in Fig. 2, a flexible tactile sensor based 

on conductive rubber with carbon black filler, which 
can detect 3-D force is designed for our experiments. 
The electrodes and wires are distributed in the 
interior of the sensor. They are disposed as two layers 
in the tactile sensor. The upper electrodes are 
connected through row-wires at the upper layer, 
while the lower electrodes are connected by column-
wires at lower layer, as shown in Fig. 2.  

 
 

 
 

Fig. 2. Structure of the tactile sensor. 
 
 
The resistance between a row-wire of the upper 

layer and a column-wire of a lower layer is called 
“row-column resistance” [1]. In the tactile sensor, the 
upper layer array is N1×N2, and the lower layer array 
is N3×N4. Here, N1 is number of row-wires, N2 is 
number of electrodes in each row-wire, N3 is number 
of column-wires and N4 is number of electrodes in 
each column-wire. We need to keep N4=3*N2, so Eq. 
(1) is proper to be solved. In practical application, the 
array size and the number of the electrodes can be 
adjusted according to the scale and resolution of the 
senor. In this paper, N1=10, N2=10, N3=3, N4=30. 
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In the simulation model, it is assumed that there are 
10 row-wires distributing at the upper layer of the 
tactile sensor and 10 electrodes on each row-wire. 
There are also 30 column-wires listed on the lower 
layer, and each of them has 3 electrodes. 

When a 3-D force exerted on the top surface of 
the sensor, the deformation of it can be gained by 
scanning the “row-column resistances”, then we can 
use computation method such as RBFNN algorithm 
to decouple the 3-D force from deformation and 
resistances separately, which are introduced in Sec. 4. 

The detection principle of the 3-D force flexible 
tactile sensor can be briefly described: if there is a  
3-D force loaded on the sensor, the conductive rubber 
as the sensitive material of the sensor would be 
deformed. Meanwhile, the coordinate of electrodes 
on the upper layer changed, which would make the 
“row-column resistance” transformed. The “row-
column resistance” can be measured from the circuit, 
and the deformation of the electrodes can be solved 
through a mathematical model (1). Then the mapping 
between resistance and 3-D force would be searched. 
Eventually, in this paper, the 3-D force information 
can be decoupled based on RBFNN. 
 

 

2 2 2
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where N is the number of the electrode nodes on each 
row-wire, M is the number of the electrode nodes on 
each column-wire, i and j are the label of the 
electrodes on the current row-wire and the column-
wire separately, k is the label of the column-wire, xi, 
yi, and zi represent the 3-D deformation of the i-th 
node on a row-wire under the 3-D force; ijkx , ijky , 

and ijkz  are the coordinate difference between the 
upper electrode nodes and the lower electrode nodes, 
whose values are already known when we design the 
sensor when there is no pressure; Rk is the row-
column resistance between the current row-wire and 
the k-th column-wire; g is the resistance rate of the 
conductive rubber. In our experiment, M=3, N=10. 

In actual design, the resolution of the tactile 
sensor could be advanced by reducing the distances 
between the electrodes and adjusting the size of the 
sensor array, so that it could meet the actual needs for 
detecting 3-D force under different conditions. 

 
 

3. Finite Element Analysis 
 

The flexible tactile sensor is composed of force-
sensitive conductive rubber. In the simulation of the 
rubber, there are some problems, such as viscosity, 
hysteresis, and detection error. In order to overcome 

those problems, we apply ANSYS advanced 
parametric design language to produce training and 
testing samples directly through intelligent analysis, 
to analyze the feasibility of numerical model, and to 
optimize the sensor’s structure. In the simulation, we 
assume that the conductive rubber is a linear, 
isotropic, repetitive and non-viscoelastic material. In 
this section, a preliminary numerical model of a 3-D 
force tactile sensor based on Finite Element Analysis 
(FEA) is constructed. Using FEA technology to 
optimize the sensor, which verify the feasibility of 
the design strategy and provide the basis for the 
theoretical analysis of the new sensor’s structure. 

This paper generates the model in the way of 
mapped 10×10×5 line meshing, as shown in Fig. 3. In 
the modeling and meshing progression, the tactile 
sensor model is set into a cuboid, the size of which is 
30 mm × 30 mm × 5 mm. The wires at the upper 
layer are parallel to the x-axis and the wires at the 
lower layer are parallel to the y-axis. Considering the 
features of the conductive rubber, hyperelastic 
Mooney-Rivlin unit is adopted to establish the 
relationship between 3-D force and deformation. This 
paper chooses the HYPER58 unit, in which the 
Young’s modulus is 2.08e5 N/mm2, Poisson’s ratio is 
0.499, density is 1e-9 t/mm3, and Mooney constant 
c10, c01 are 0.3286, 0.08215, respectively. In the 
simulation, fixed support is exerted on the lower 
layer, the 3-D force is loaded on the upper surface of 
the sensor, and then the mapping between the 3-D 
force and deformation of the optimized tactile sensor 
is constructed by ANSYS simulation. Through the 
simulation of the material and structure, we can 
design the tactile sensor more accurately, and get 
effective supports to modify the model. 

 
 

 
 

Fig. 3. The ANSYS model of the tactile sensor. 
 
 
To simplify the calculation, we divided the upper 

surface of the sensor into 6 small areas, and set the  
3-D force on them respectively, as shown in Fig. 3. 
Then we can get the corresponding deformation of 
the electrode nodes on the lines of the upper layer. 
The deformations are used as training or testing 
samples in the RBFNN algorithm. By applying 
different force on different areas, we get enough 
samples for the RBFNN. Fig. 4 shows the simulation 
result when there is a 3-D force loaded on the first 
area. It demonstrates that the nodes on or near the 
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corresponding area have obvious deformation, while 
the other nodes which are far from the first area have 
less or no deformation. 

 
 

 
 

Fig. 4. The deformation induced by the applied force 
 
 
In the ANSYS simulation, 100 groups of 3-D 

force are loaded on 6 areas respectively, and the 
deformations of the 10 electrodes on each row-wire 
are gained. We choose the deformation (30-D) of a 
line as the experimental data for the RBFNN. 
Therefore, we get 600 samples as the training set. 
After that, we select one of the 6 areas randomly, and 
apply 100 different 3-D forces on that area, then gain 
the deformations of the 10 electrodes on the same 
line further, which are used as the testing set. 

Therefore, 600 training samples and 100 testing 
samples are produced by ANSYS model for the 
tactile sensor. Each sample includes 3-D force 
applied on an area of the upper surface and 
corresponding 30-D deformation of 10 electrodes on 
a row-wire. In the simulation, the 3-D force is applied 
along x, y, and z direction at the same time, and we 
gain the deformation of all the electrodes along  
x-axis, y-axis, and z-axis correspondingly. The 
decoupling results of that is the improvement of 
paper [12], which only gives the z-directional 
deformation. Through the simulation, we can design 
the tactile sensor more accurately and decouple the  
3-D force more conveniently. 

 
 

4. Decoupling Algorithm for the Three-
dimensional Force Based on RBFNN 
 
There are 3 main steps to realize the decoupling 

system for the 3-D force tactile sensor. The first step 
is to decouple mapping relation between resistance 
and deformation, which is carefully described in [12] 
based on BP neural network. The second step is to 
approach the mapping relationship from deformation 
to 3-D force. The third step is to decouple the 3-D 
force from resistance directly, as the resistance can be 
detected from the acquisition circuit in actual 
experiment. Step 2 and Step 3 are introduced in this 

part and both accomplished by the RBFNN 
algorithm. 

 
 

4.1. Radius Basis Function Neural Network 
 
RBFNN (as is shown in Fig. 5) is a typical local 

approximate neural network. It has 3 layers, namely 
input layer, hidden layer and output layer. In the RBF 
network, the mapping from the input layer to the 
hidden layer is nonlinear, but the transformation from 
the hidden layer to the output layer is linear. 

In this paper, RBFNN is used as an approximate 
machine to approach the mapping from deformation 
to 3-D force, and the relationship between resistance 
and 3-D force separately. The RBFNN translate the 
original non-linear separable feature space into 
another high-dimensional space firstly, and make the 
original problem linearly separable in the new feature 
space by selecting a reasonable transformation, at last 
a linear layer is applied to solve the problem. 
Actually, this paper utilizes RBFNN to solve the 
high-dimensional interpolation problem. 
 
 

 
 

Fig. 5. Structure of RBFNN. 
 
 
Considering the mapping from m-dimensional 

input space to one-dimensional output space, the m-
dimensional vector of the input space is Xp 
(p=1,2,…,N) and the corresponding target output of 
the output space is dp (p=1,2,…,N). There are N 
input-output samples that are consist of the input 
vector Xp and output vector dp. The main purpose of 
an interpolation problem is searching a nonlinear 
mapping function F(X), which satisfies the 
interpolation conditions. F(X) is also an approximate 
function from the input vector to the output vector. 

 
 ( ) , 1, 2,...,= =p pF X d p N  (2) 

 
It is supposed that there are m neural nodes in the 

input layer and one node in the output layer. The 
hidden layer is consists of the neural nodes whose 
number is equal to the number of input/training 
samples. Each nodes of the hidden layer could be 
used as a radial basis function. The input nodes and 
hidden nodes are directly connected, there are no 
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weights among them, but the hidden nodes and the 
output nodes are connected by weight values. 

Using radial basis functions technology to solve 
interpolation problem should select appropriate radial 
basis functions and each radial basis function should 
correspond to the training data. The form of the radial 
basis function is 

 
 (|| ||), 1, 2,...,ϕ − =pX X p N , (3) 

 
where ϕ is the nonlinear radial basis function, X is 
the input vector of the input layer, and Xp is the 
center of ϕ  function. 

In this paper, we use Gauss function as the radial 
basis function 
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The definition of interpolation function based on 

radial basis functions is a linear combination, such as 
 

 ( ) (|| ||), 1, 2,...,ω ϕ= − =p pF X X X p N (5)
 

If we put the interpolation conditions described in 
Eq. (2) into Eq. (5), a set of equations about unknown 
weights {ωp, p=1,2…,N} can be written as 
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Let 

(|| ||), 1, 2, ..., , 1, 2, ...,ϕ ϕ= − = =ip i pX X i N p N ,  
so Eq. (6) can be changed into 
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We set 

 
 

, 1{ }φ ϕ == N
ip i p , (8) 

 [ ]1 2ω ω ω= … T

NW  (9) 

 [ ]1 2= … T

Nd d d d  (10) 

In (8), φ represents the ×N N  matrix which 

consists of ϕip . In (9) and (10), W and d represent 
the linear weight vector and the desired output vector 
separately. Then Eq. (7) can be replaced by 

 
 φ =W d , (11) 

 
where φ is the interpolation matrix, if φ  is a 
nonsingular matrix, W could be solved by (12). 

 
 1φ−=W d  (12) 

 
Radial basis functions satisfy Micchelli theorem. 

Due to the Micchelli theorem, if all the input vectors 
{Xd} are different, it ensure that matrix φ  is 
nonsingular. It includes that if the input samples are 
different, the weight vector W can be solved. 

There are two stages in the training process of the 
RBFNN. The first stage is unsupervised self-
organizing learning phase, whose task is to find the 
center for radial basis functions through self-
organized clustering method and determine the 
spreading constant of the hidden nodes. The second 
stage is supervised learning phase, the task is to use 
supervised learning algorithm such as the least 
squares method to decide the output layer’s weights. 

In the training process of RBFNN, it needs to 
determine the main parameters that are the radial 
basis function’s center, the spread of the radial basis 
function, the number of the radial basis, and the 
weights between the hidden nodes and the output 
nodes. In this paper, we utilize Gauss function as the 
radial basis function for the hidden layer and use K-
means clustering method [18] which is easily 
accomplished and has good performance in finding 
the spreading constant to search the center of the 
radial basis function, that change the input vector into 
a high-dimension space. Then, recursive least square 
method [19] is used to decide the weights between 
the hidden layer and the output layer. At last, the 
network’s output is gained through the linear weights 
summation of the hidden layer’s output. 

This paper adopts the RBFNN to evaluate the 
high-dimensional nonlinear mapping between 
deformation and 3-D force and the relationship 
between resistance and 3-D force respectively. When 
we study the decoupling problem of the 3-D force 
flexible tactile sensor, the sensor model is viewed as 
a black box, which produces a large number of 
training data. We train the training samples reversely 
based on the RBFNN method as far as possible to 
approximate the original model equation. 

 
 

4.2. Decoupling 3-D Force from Deformation 
 
In the decoupling process, we choose the row-

wire at the center of the top layer as a typical 
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example. The decoupling principles of the other row-
wires are similar. Fig. 6 shows the selected row-wire 
has no deformation when there is no pressure loaded. 
Fig. 7 shows the simution result of that row-wire 
when there is a 3-D force loaded on the first area 
shown in Fig 3. Fig. 7 implies that electrodes on or 
near the corresponding area has obvious deformation, 
while the other electrodes far from the first area have 
less or no deformation. The results decoupled by 
RBF method are match to that of the ANSYS 
simulation as shown in Fig. 4. 
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Fig. 6. There is no deformation when there is  
no force loaded. 
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Fig. 7. Deformation of wire nodes when 3-D force loaded. 
The simulation is carried by ANSYS. 

 
 
In the experiments, 600 training samples and  

100 testing samples are gained via the ANSYS 
simulation for the 3-D force flexible tactile sensor. 
Each sample is composed of a 3-D force loaded on 
the upper surface of the tactile sensor and a 30-D 
deformation of 10 nodes on the row-wire. We use 
RBFNN to approach the mapping relation between 
the 30-D deformation and 3-D force. The input vector 
X=[x1, x2, … , x30] of our RBFNN is a 30-D 
deformation, and the output vector O=[Fx, Fy, Fz] is a 
3-D force. Generally, the maximum deformation 
ratio of the conductive rubber does not exceed  
20 % of the sensor’s thickness, and the followings 
are the range of the actual 3-D force: 

 
Fx∈[-1N, 1N], Fy∈[-1N, 1N], Fz∈[-6N, 0] 
 

Next step is to construct and train the RBFNN. 
The 600 groups of input vectors and target output 
vectors in the training samples are used to train the 
RBFNN. After that, the mapping between 30-D 
deformation values and 3-D force can be obtained. 
This means that the model of RBFNN could be 
applied to decouple the 3-D force as acquired. The 
RBFNN we build is optimized by K-means [18] 
method and least square method [19] to improve the 
accuracy further. 

Finally, the trained RBFNN model is used to test 
the performance of decoupling results of 3-D force. 
In order to simulate the actual situation, the 30-D 
deformations in the testing sample from ANSYS 
simulation are put into the trained RBFNN’s input 
layer to solve the 3-D force, and then the decoupling 
results of 3-D force are gained at the output layer. 
Good approximate ability of the high nonlinear 
mapping from deformation to 3-D force is tested by 
the RBFNN. 

In the RBFNN, a large spread rang would make a 
wide receptive field of the radial basis neurons and 
those neurons are insensitive to input data. In this 
way, even if the number of neurons is large, the 
effect of network may be very poor, and the network 
may show “less fit”. On the contrary, if the spread 
rang is small, which may make the receptive field of 
the radial basis neuron smaller as some neurons can’t 
be covered, and the neurons are very sensitive to the 
input. And then, it may lead to a lot of errors. So, if 
we blindly increase the number of neurons in the 
hidden layer that would produce "over fitting" 
phenomenon, which means that the response of the 
network is very good for the known input but the 
network may lead to lots of errors for the unknown 
input. The decoupling errors between the actual 3-D 
force and the decoupled 3-D force based on RBFNN 
with different spreads are given in Table 1 
respectively. 

 
 

Table 1. Decoupling errors of 3-D force under different 
spreads with 100 testing samples. 

 
Average relative decoupling errors of Fx,y,z Spread δFx δFy δFz 

0.8 3.13 % 9.06 % 15.63 % 
0.9 1.39 % 1.63 % 14.96 % 
1.0 0.90 % 1.04 % 7.56 % 
1.2 0.88 % 0.53 % 6.15 % 
1.5 0.16 % 0.39 % 3.44 % 

 
 
where, δFi is the average relative decoupling error of 
100 testing samples of Fi (i=x, y, z) are computed by 
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In Eq. (13), '
ti

F denotes the decoupling result of 
the force loaded on the i-axis (i=x, y, z) direction 
based on RBFNN, 

ti
F  denotes the actual force 

loaded on the i-axis. Table 1 shows that the 
decoupling results of 3-D force are very good, and 
with the increase of spread values the decoupling 
errors of 3-D force decreases quickly. Especially, 
when spread is 1.5, the best average decoupling 
errors between the decoupled 3-D force and the 
original 3-D force are 0.16 %, 0.39 %, 3.44 %, which 
reflect that the RBNN model we constructed has 
good functions in decoupling the 3-D force. 

With comprehensive consideration, we present 
the decoupling results of 3-D force under the 
condition with spread being 1. Figs. 8-10 display the 
decoupling results of Fx, Fy, and Fz, respectively. 
The relative decoupling errors of 100 testing samples 
of the 3-D force based on the RBFNN whose spread 
is 1 are given in Fig. 11. Figs. 8-11 concluded that 
the decoupled 3-D force match to the original 3-D 
force very well. From Fig. 11, we know that all of the 
decoupling results of Fx and Fy are excellent, whose 
largest relative errors are all less than 0.15 (15 %), 
and the average relative error of them are 0.90 % and 
1.04 %. The average relative error of Fz, 7.56 %, is 
not so good as that of Fx and Fy, but is still 
acceptable.  
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Fig. 8. Decoupling results of Fx. 
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Fig. 9. Decoupling results of Fy. 
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Fig. 10. Decoupling results of Fz. 
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Fig. 11. Relative error of decoupling results. Fx-Relative 
Error, Fy-Relative Error, and Fz-Relative Error denote the 
relative errors of the decoupled force along x, y, and z 
direction respectively. 

 
 
Above results verify that the optimized RBFNN 

has good performance in approaching the nonlinear 
relationship between deformation and 3-D force, and 
could decouple 3-D force accurately and quickly. 

 
 

4.3 Decoupling 3-D force from Resistance 
 
We still gain samples about 3-D force and 

corresponding deformations by ANSYS analysis as 
before. In this part, the deformations are applied to 
compute the row-column resistances for the tactile 
sensor through the mathematical model (1). We put 
the values of 30-D deformation of the 10 electrodes 
on a row-wire into Eq. (1), and then the 30 row-
column resistance values which denote the 
resistances between the current row-wire at the top 
layer and the 30 column-wires at the bottom layer are 
gained. In actual experiments, when there is a 3-D 
force loaded on the sensor, the row-column resistance 
values can be measured by the acquisition circuit. 
Then, we can use RBFNN algorithm to decouple the 
high-dimensional nonlinear mapping from resistance 
to 3-D force information directly. 

In this section, we still have 600 training samples 
and 100 testing samples. The 30 resistance values and 
3-D force are used as the input vector and desired 
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output vector to train the RBFNN. After that, the 
mapping relationship from resistance to 3-D force is 
gained. At last, the 100 testing dataset are applied to 
test the nonlinear mapping ability of the RBNN. The 
30 resistances are put into the trained RBFNN’s input 
layer, and the decoupling results about the 3-D force 
are obtained directly at the output layer. 

Fig. 12 shows the average relative decoupling 
errors of 3-D force from resistance based on RBFNN 
with different spread values. δFi (i=x, y, z) has the 
same meaning as that in Table 1 and Eq. (13). From 
Fig. 12, it can be seen that with the decrease of 
spread values, the decoupling errors of 3-D force 
decreases quickly, which is contrary to that in Table 
1. Those phenomenons conclude that the best results 
may accompany with different spread values under 
different conditions, and there is an optimal spread 
value. 

In Fig. 12, the best results are gained when spread 
value is 1. The best values of δFx, δFy and δFz are 
4.11 %, 0.11 % and 1.03 %, respectively. These best 
results in Fig. 12 are much better than those in Table 
1 whose spread value is 1.5. This strongly implies 
that the optimized RBFNN also has good ability in 
decoupling nonlinear mapping from resistance 
information to 3-D force. As the resistance can be 
gained from the acquisition circuit of the sensor, 
decoupling the 3-D force from resistance directly has 
great significance in actual application. It means that 
we can decouple the 3-D force by computation 
method through detecting the peripheral circuit 
directly, and make the experiment more simple, 
convenient, and accurate. The decoupling results 
show that the 3-D force can be accurately and quickly 
detected through RBFNN algorithm, which satisfies 
the real-time requirements of the multi-dimensional 
tactile sensor and improves the performance of the 
flexible tactile sensor further. 
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Fig. 12. Decoupling errors of 3-D force with different 
spreads by RBFNN. δFi denotes the average relative 
decoupling error of 100 testing samples of Fi (i=x, y, z) 

 
 
The detailed decoupling results are presented in 

Figs. 13-15 when spread value is 0.5. The three 
figures are the decoupled results of Fx, Fy, and Fz, 

respectively, which indicate that the decoupling 
absolute errors of the 3-D force represented by  
Fx-Error, Fy-Error, and Fz-Error are very small. 
Especially, most of the errors between decoupled Fy 
(Fz) and original Fy (Fz) are nearly zero, which mean 
that the decoupled results based on RBFNN 
algorithm match to the actual 3-D force very well. 
Fig. 16 shows the relative decoupling errors of  
100 testing samples of the 3-D force when spread is 
0.5, and the average relative decoupling errors of 3-D 
force from resistance are 5.18 %, 0.41 %,  
and 1.79 %. 
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Fig. 13. Decoupling results of Fx from resistance. 
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Fig. 14. Decoupling results of Fy from resistance. 
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Fig. 15. Decoupling results of Fz from resistance. 
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Fig. 16. The relative decoupling errors of 100 samples with 
spread=0.5. Fx-Relative Error, Fy-Relative Error, and Fz-
Relative Error denote the relative errors of the decoupled 
force along x, y, and z direction respectively. 

 
 
All of the decoupling results above imply that 

RBFNN is a very efficient method to decouple the  
3-D force and approximate the high-dimensional 
nonlinear relationship between the 30 resistances and 
the 3-D force. If we gain the precision resistance 
values from the external circuit, the 3-D force can be 
decoupled quickly and accurately based on RBFNN 
algorithm. 

 
 

5. Conclusions 
 

This paper proposes a decoupling method for a 
novel 3-D force flexible tactile sensor. The method 
based on Radical Basis Function Nueral Network 
(RBFNN) algorithm is proposed. At first the finite 
element analysis is used to construct the numerical 
model of the tactile sensor and compute the 
deformation induced by 3-D force applying on the 
top surface of the sensor. Then, the RBFNN is trained 
by the samples produced via the numerical model. At 
last, the RBFNN is used to decoule 3-D force from 
deformation and resistance respectively.  

All of the numerical experiments show that the 
improved RBFNN algorithm deals the decoupling 
process very well. Analysis about the dcoupling 
results indicates that the RBFNN with high nonlinear 
mapping ability has high performance in both 
accuracy and anti-noise ability, which also satisfies 
the rea-time requirement of decoupling for the 3-D 
force tactile sensor. 

 
 

Acknowledgements 
 

The paper is supported by Natural Science 
Research of Colleges of Anhui (KJ2012B037), NSF 
of Anhui (No. 1408085QF123), and NSFC (Nos. 
61175070, 61201076, and 61301060). Junxiang Ding 
thanks the support from NSF of Anhui (No. 
1308085QF104). Quanjun Song would acknowledge 
the support from Open Foundation of State Key 
Laboratory of Robotics (No. RL200905). 

 

References 
 
[1]. F. Xu, Y. J. Gel, Research of a Novel Three-

dimensional Force Flexible Tactile Sensor Based on 
Conductive Rubber, Sensor & Transducers, Vol. 120, 
Issue 9,  September 2010, pp. 80-91. 

[2]. Z. Y. Zhang, D. Y. Kong, T. Mei, et al., The 
Preparation Method of a Flexible Tactile Sensors 
Array for Three-Dimensional Force Measurement, 
Journal of Transors and Actuators, Vol. 20, Issue 11, 
2007, pp. 2382-2385. 

[3]. S. Bilsay, A. Burak, S. Korhan, et al., Piezoelectric 
Polymer Fiber Arrays for Tactile Sensing 
Applications, Sensor Letters, Vol. 9, Issue 2, 2011,  
pp. 457-463. 

[4]. H. B. Muhammad, C. Recchiuto, C. M. Oddo, et al., 
A capacitive Tactile Sensor Array for Surface 
Texture Discrimination, Microelectronic Engineering, 
Vol. 88, Issue 8, 2011, pp. 1811-1813. 

[5]. J. G. Rocha, C. Santos, J. M. Cabral, et al., 3 Axis 
Capacitive Tactile Sensor and Readout Electronics, in 
Proceedings of the IEEE International Symposium on 
Industrial Electronics (ISIE '06), Montreal, Quebec, 
Canada, 9-12 July 2006, pp. 2767-2772. 

[6]. S. Pirozzi, Multi-Point Force Sensor Based on 
Crossed Optical Fibers, Sensors and Actuators A: 
Physical, Vol. 183, Issue 8, 2012, pp. 1-10. 

[7]. T. Sekitani, Y. Noguchi, K. Hata, et al., A rubberlike 
stretchable active matrix using elastic conductors, 
Science, Vol. 321, Issue 12, 2008, pp. 1468-72. 

[8]. S. Teshigawara, K. Tadakuma, et al, Development of 
High-Sensitivity Slip Sensor Using Special 
Characteristics of Pressure Conductive Rubber, in 
Proceedings of the IEEE International Conference on 
Robotics and Automation (ICRA '09), Kobe, Japan, 
12-17 May 2009, pp. 3289-3294. 

[9]. Y. Huang, B. Xiang, et al, Conductive mechanism 
research based on pressure-sensitive conductive 
composite material for flexible tactile sensing, in 
Proceedings of the International Conference on 
Information and Automation (ICIA '08), China,  
20-23 June 2008, pp. 1614-1619. 

[10]. V. Maheshwari, Ravi F. Saraf, High-resolution thin-
film device to sense texture by touch, Science,  
Vol. 312, Issue 9, 2006, pp. 1501-1504. 

[11]. H. Hu, S. Kashan, C. Liu, Super flexible sensor skin 
using liquid metal as interconnect, in Proceedings of 
the Conference on Sensors, Atlanta, 28-31 Oct 2007, 
pp. 815-817. 

[12]. F. L. Wang, X. K. Zhuang, et al. The Study of 
Decoupling Methods for a Novel Tactile Sensor 
Based on BP Neural Network, Sensors & 
Transducers, Vol. 150, Issue 3, March 2013,  
pp. 18-26. 

[13]. F. Xu, Y. J. Ge, et al., The Design of a Novel 
Flexible Tactile Sensor Based on Pressure-conductive 
Rubber, Sensors & Transducers, Vol. 124, Issue 1 
January 2011, pp. 19-29. 

[14]. J. X. Ding, Y. J. Ge, A decoupling algorithm based 
on homotopy theory for 3-D tactile sensor arrays, 
Sensors & Transducers, Vol. 136, Issue 1, January 
2012, pp. 72-82. 

[15]. J. H. Kim, J. I. Lee, et al, Design of Flexible Tactile 
Sensor Based on Three-Component Force and Its 
Fabrication, in Proceedings of the Conference on 
Robotics and Automation (ICRA '05), 18-22 April 
2005, pp. 2578 -2581.  



Sensors & Transducers, Vol. 159, Issue 11, November 2013, pp. 289-298 

 298

[16]. Y. Huang, X. W. Zhao, et al., Flexible Tactile Sensor 
System for Robot Skin Based on LabVIEW, in 
Proceedings of the Conference on Information and 
Automation, Shenyang, China, 6-8 June 2012,  
pp. 563-567.  

[17]. Y. Huang, Y. G. Zhang, H. L. Qiu Huaili, et al., 
Nano-SiO2 modification technology of conductive 
rubber for flexible tactile sensor, Chinese Journal of 

Scientific Instrument, Vol. 30, Issue 5, 2009,  
pp. 949 -953. 

[18]. W. Lee, S. S. Lee, Study of a reasonable initial center 
selection method applied to a K-means clustering, 
IEICE Transactions on Information and Systems,  
Vol. E96-D, Issue 8, 2013, pp. 1727-1733. 

[19]. S. Haykin, Neural Networks and Learning Machines, 
Third Edition, Prentice Hall, 2008. 

 
___________________ 

 
2013 Copyright ©, International Frequency Sensor Association (IFSA). All rights reserved. 
(http://www.sensorsportal.com) 
 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


