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Abstract: This paper proposes a decoupling method for a novel tactile sensor based on improved Back 
Propagation Neural Network (BPNN). In the numerical experiments, the number of hidden layer nodes of the 
BPNN is optimized and k-fold-cross-validation (k-CV) method is also applied to construct the dataset. 
Furthermore, information of the tactile sensor array at different scales is used to construct the BPNN, which 
enhances the performance greatly. Numerical simulations show that the BPNN with strong nonlinear 
approximation ability plays an important role in decoupling mapping relationship between resistance and 
deformation of the tactile sensor, which significantly increases the decoupling accuracy and satisfies the real-time 
requirements of the multi-dimensional tactile sensor array. Copyright © 2013 IFSA. 
 
Keywords: Tactile sensor, BP neural network, Decoupling method, k-CV. 
 
 
 
1. Introduction 
 

With the rapid development of the intelligent robot 
technology, the research of tactile sensors has become 
a key part of robot skin. Tactile sensors are also 
important components to improve the intelligence 
level of robots. Especially, the intelligent tactile 
perception is essential for ensuring the safety and 
efficiency of interactions between robots and outside 
world, adapting various surfaces of different objects, 
and quickly achieving the information acquisition 
from the external environment [1-2]. It is required that 
the tactile senor for most of robot perception has the 
flexibility as human skin. Therefore, the research of 
artificial skin tactile sensors plays an irreplaceable 
role in the bionic intelligent robot area. 

In recent years, researchers have tried to develop 
and fabricate the tactile sensor based on capacitor [3], 
piezoelectric [4], PVDF [5], MEMS [6], optical [7], 
and pressure-sensitive conductive rubber [8-10] 
techniques. Most of those products are armor-style or 
combined sensor arrays, all of which don’t have 
significant advantages and couldn’t realize the true 
flexible tactile sensor. There are many problems in the 
research of the three-dimensional tactile sensor, such 
as high manufacturing cost, poor flexibility, and 
unsuitable for the information detection of large scale 
array. Currently, a lot of researchers focus on the 
research of the tactile sensor with different functions. 
Yating Hu etc [11] from Wayne State University 
designed a bioinspired 3-D tactile sensor for 
minimally invasive surgery. Yang etc [12] from 
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Taiwan University designed an integrated flexible 
temperature and tactile sensing array using PI-copper 
films. Fei Xu [13] proposed a two layer structure 
model of three-dimensional tactile sensor made 
through “overall injection molding” technique. 
Especially, Zhenan Bao’s [14] team proposed 
skin-like pressure and strain sensors based on 
transparent elastic films of carbon nanotubes. With the 
coupling relationship that generally exists between the 
variables of the three-dimensional sensor arrays, 
decoupling methods are particularly important in the 
design of the tactile sensor. Guoming Song etc [15] 
studied the decoupling algorithm of 
multi-dimensional sensor based on fuzzy logic 
reasoning. Iskandar Petra etc [16] improved the 
distributed tactile sensor system based on BPNN, and 
realized the decoupling circuit based on hardware 
equipments. Salvatore Baglio etc [17] extracted the 
characteristic signal in the unknown surface of tactile 
sensor system based on the fuzzy logic. Xuekun 
Zhuang [18] proposed a decoupling algorithm based 
on RBF neural network for tactile sensor design. 

Actual detection manifests that the coupling 
relationship between dimensions of the tactile sensor 
is nonlinear. Fortunately, BPNN with strong nonlinear 
mapping ability could accomplish the nonlinear 
mapping from any n-dimensional input space to 
m-dimensional output space, and approach any 
continuous nonlinear function in the closed area. 
Taking into account that many algorithms can’t apply 
to the decoupling of three-dimensional tactile 
information, this paper presents the decoupling 
method for a novel tactile sensor based on BPNN. We 
adopt gradient descent with momentum factor method 
and L-M algorithm to improve the conventional BP 
method. We also use different hidden nodes, k-CV 
method, and information of the sensor array at 
different scales to construct BPNN respectively. The 
decoupling results of deformation satisfy the accuracy 
and real-time requirement of the tactile sensor very 
well. 

In this paper, a novel tactile sensor model used to 
test the decoupling method is introduced in Sec. 2. We 
described the principles of BP Neural Network in  
Sec. 3, then a decoupling method base on BPNN and 
k-CV is proposed in Sec. 4. At last, some conclusions 
and discussion are presented in Sec. 5. 
 
 
2. Model of a Novel Tactile Sensor 
 
2.1. Properties of Pressure-sensitive 

Conductive Rubber 
 

The conductive rubber is an insulating polymer 
material with conductive fillers (such as carbon 
black) uniformly distributed. It has both elasticity as 
rubber and conductivity as metal. As the sensitive 
element of multi-dimensional flexible tactile sensors, 
conductive rubber has good pressure-sensitive 
characteristics, since its conductivity changes with 

the change of pressure. If there is no pressure loaded, 
the gaps between the conductive fillers are large, the 
conductive rubber has properties of high resistivity 
and low conductivity. However, when the pressure is 
loaded, the gaps between the conductive fillers 
become smaller, which leads to lower resistivity and 
higher conductivity. Currently, pressure-sensitive 
conductive rubber has been widely used in 
developing tactile sensor design [8-10]. 
 
 
2.2. Structure and Mathematical Model  

of Sensors 
 

The novel tactile sensor model based on 
conductive rubber is proposed in [13], and its 
schematic diagram is shown in Fig. 1. The electrode 
nodes and wires in the interior of the rubber are 
disposed as two layers. The upper electrode nodes are 
connected by row-wires and the lower electrode 
nodes are connected by column-wires. We assume 
that the lower electrode nodes on the bottom layer of 
the sensor are fixed and the upper electrode nodes on 
the top layer are sensitive parts. Pressure is loaded on 
the top surface, and the deformation comes from the 
upper nodes. 
 
 

 
 

Fig. 1. The model of the tactile sensor array. 
 
 

The structure of the tactile sensor array is 
M1×M2_M3×M4, where, M1×M2 is the array of the 
top layer, and M3×M4 is the array of the bottom layer. 
Especially, M4 is equal to3*M2, because M4 should 
be equivalent to the number of the nonlinear equations 
which should be decoupled in the mathematical 
model. Meanwhile, M1 is the number of the row-wires, 
M2 is the number of the electrode nodes on each 
row-wire, M3 is the number of the electrode nodes on 
each column-wire, M4 is the number of the 
column-wires. In our experiments, M1 is 10, M2 is 6, 
8, 10, M3 is 3, 4, 5, and M4 is 18, 24, 30, respectively. 

Since the actual conductive rubber has 
nonlinearity and hysteresis, the analysis for the real 
tactile sensor is very complex and even unsolvable. 
Hence, the properties of the pressure-sensitive 
conductive rubber are treated under ideal conditions. 
In the following sections, we assume that the 
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conductive rubber is a linear, isotropic, repetitive and 
non viscoelastic material [19]. 

The resistance between an upper row-wire and a 
lower column-wire, which is usually named 
“row-column resistance” [13], could be equivalent to 
resistance of all resistance between the nodes of the 
row-wire and that of the column-wire in parallel. If we 
assume that there are m nodes on the X-th row of the 
top layer, there are n nodes on the Y-th column of the 
bottom layer, and RXY denotes the row-column 
resistance between the X-th row and the Y-th column, 
RXY should be as following: 
 
 RXY=(RX1Y1||...|| R X1Yn ) || (RX2Y1||…|| 

RX2Yn)||…||(RXmY1||…|| RXmYn) 
(1) 

 
The mathematical model [20] about the mapping 

between deformation and the row-column resistance 
is described by the nonlinear equations: 
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Here, M2 and M3 are the number of the electrode 

nodes on each row wire and each column wire 
respectively; Rlk is the row-column resistance between 
the l-th row and the k-th column; xli, yli, zli denote the 
deformation of the i-th node of row l on the top layer 

under the pressure; ijkx , ijky , ijkz  represent the 

distance between the top nodes and the bottom nodes 
when there is no pressure; g is the resistance rate of the 
conductive rubber. 

When pressure is loaded on the sensor, all of the 
row-column resistances should change because of 
deformation, it is our objective to train the mapping 
relationship between resistance values and 
deformation by BP decoupling algorithm. After that, 
when corresponding resistance values are provided, 
the unknown deformation of the tactile sensor can be 
decoupled by the trained BP network from simulation 
experiments. 

In our numerical simulation, the above model is 
used to generate the coordinates of the electrode nodes 
and the deformation of the tactile sensor, and then the 
corresponding resistance values can be acquired by 
the mathematical model. In order to simulate the real 
deformation of the tactile sensor better and improve 
the accuracy, we decouple the relationship between 
the resistance values and the deformation based on BP 
Neural Network (BPNN). 
 
 

3. Principles of BP Neural Network 
(BPNN) 

 
The BP neural network is a multi-layer 

back-propagation network. It has three or more layers, 

which includes an input layer, one or more hidden 
layers, and an output layer. A three-layer BP network 
is shown in Fig. 2. Each neural node in one layer is 
connected to all neural nodes in the next layer linking 
with adjustable weights, and the processing nodes in 
the same layer are not connected to each other [21]. 
When learning samples are provided to the network, 
activation values of the neurons are transmitted from 
the input layer to the hidden layer and then to the 
output layer. After that, the input response of the 
network is gained at the output layer. Next, in 
accordance with the direction of reducing the error 
between target output and actual output, the network 
adjust every connection weight from the output layer 
to the hidden layer and then to the input layer. With 
the modification of counter-propagation error, the 
accuracy of the BP network is rising. 
 
 

 
 

Fig. 2. The model of BPNN. 
 
 
3.1. Learning Process of BP Algorithm 
 

The learning process of the BP algorithm consists 
of forward-propagation and back-propagation [22]. 

Forward-propagation: input dataset is propagated 
from the input layer to the hidden layer and then to the 
output layer. 
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where, ai is the input signal; wij is the connection 
weights from the input layer to the hidden layer; f1 is 
the activation function of the hidden layer; hj is the 
output of the hidden layer; vjt is the connection 
weights from the hidden layer to the output layer; f2 is 
the activation function of the output layer; yt is the 
output of the output layer; θj and γt are the biases of the 
hidden layer and the output layer respectively. 

Back-propagation: errors are propagated from 
output layer to hidden layer and then to input layer. 
All of the connection weights vjt and wij are modified 
respectively. If the error of the output doesn't get the 
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target value, it continues to be iterated until the global 
error is less than the pre-set minimum value, which 
means that the network is convergence. 

In this case, the weights and biases of the output 
layer are modified as follows. 
 
 ( 1) ( )jt jt t jv N v N d h    (5) 

 
 ( 1) ( )t t tN N d     , (6) 

 
where, vjt(N) and vjt(N+1) are the weights from the 
hidden layer to the output layer of time N and N+1; 
γt(N) and γt(N+1) are the biases of the output layer in 
time N and N+1; α is the learning coefficient, 0<α<1; 
dt is the generalization error of the output layer, which 
is as follow: 
 
 ( ) (1 )t t t t td o y y y  

,
 (7) 

 
where, ot is the target output of output layer, yt is the 
real output of the output layer. 

Accordingly, the weights and biases of the hidden 
layer are modified as follows. 
 
 ( 1) ( )ij ij j iw N w N e a    (8) 

 
 ( 1) ( )j j jN N e     , (9) 

 
where, wjt(N) and wjt(N+1) are the weights from the 
input layer to the hidden layer of time N and N+1; θj(N) 
and θj(N+1) are the biases of the hidden layer in time 
N and N+1; β is the learning coefficient, 0< β<1; ej is 
the generalization error of the hidden layer, which is 
as follow. 
 
 

1

(1 )
q

j t jt j j
t

e d v h h


 
  
 
  (10) 

 
The BPNN with a single hidden layer could 

approximate any continuous function in the closed 
area. A three-layer BP network can complete any 
nonlinear mapping between n-dimensional input 
space and m-dimensional output space. 
 
 
3.2. Construction of BPNN for the Tactile 

Sensor 
 

There are three layers of our BPNN. The first one 
is the input layer, whose input is a vector of resistance 
values corresponding to the deformation. The second 
one is the hidden layer. The number of hidden nodes is 
variable. In our experiments, the number of the hidden 
nodes is 6,8,10,12,14,16, respectively. The last one is 
the output layer, whose output is a vector of 
deformation from top surface of the tactile sensor. In 
the numerical simulation experiments, we use 

MATLAB neural network toolbox to construct 
BPNNs.  

In our research, the tan-sigmoid function and the 
linear function are used as the activation function of 
the hidden layer and the output layer respectively. The 
BP network structure of the novel tactile sensor is 
shown in Fig. 3. 
 
 

 
 

Fig. 3. BP network structure of the novel tactile sensor. 
 
 

In Fig. 3, R is the input of the BPNN, which is an 
n-dimensional vector of the resistance; B is the input 
of the hidden layer; H is the output of the hidden layer; 
L is the input of the output layer; Y is the output of the 
output layer, which is an m-dimensional vector of the 
deformation; θj and γt are the biases of the hidden layer 
and output layer. In the simulation, n is equivalent to 
M4 and m is equivalent to 3*M2. 
 
 
4. The Decoupling Method Based  

on BPNN 
 

In this paper, we assume that there are 10 (M1) 
row-wires uniformly distributing at the top surface of 
the novel tactile sensor, and the number of the 
electrode nodes on each row-wire is M2. Therefore, 
there is a 10×M2 array at the top surface and 10*M2*3 
coordinates are to be generated. By obtaining the 
coordinates information of the array, the 
corresponding deformation and resistance of the 
sensor can be acquired. Accordingly, there are M4 
(3*M2) column-wires at the bottom surface of the 
tactile sensor. Resistance values exist between each 
row-wire and M4 column-wires, vice versa. In our 
simulation, the value of M2 is 6, 8, 10, respectively. 
The height of the tactile sensor is 5mm, the gap 
between different wires is 1mm, the maximum range 
of the deformation is 20 %. 

In our numerical simulation, the deformation is 
only applied along the z direction. Fairly good 
decoupling results are obtained. Research of 
decoupling performance with deformation along x and 
y direction is still in progress. 
 
 
4.1. Decoupling Process 
 

The main decoupling process for the tactile sensor 
based on BPNN is as following. 
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The first step is to construct training set and testing 
set. Here 1000 training samples and 100 testing 
samples are produced by the novel tactile sensor 
model. Each sample contains 3*M2-dimensional 
deformation of a row-wire and M4 corresponding 
resistance values, where M4 is the number of the 
column-wire. Resistance values are generated by 
random deformation of the tactile senor array 
correspondly. 

The second step is to construct and train BPNN. 
The input of BPNN is a M4-dimensional vector of 
resistance values and its target output is a 
3*M2-dimensional vector of the deformation. The 
input data and target output data from the training 
samples are used to train the BP network, then the 
mapping relationship between resistance values and 
deformation are obtained, so that the model of BP 
network can be acquired. 

Gradient descent with momentum factor method 
is used to improve the BP network and adjust all of 
the weights and biases. The method utilizes the input 
data and errors, the learning rate and momentum 
factor, to compute the changing rate of weight values 
and bias values. The connection weights are modified 
in formula (11). Adding momentum factor reduces 
the vibration of learning process and improves the 
convergence rate of the BP network.  
 
 ( 1) ( ) [(1 ) ( ) ( 1)]jt jtv N v N g N g N        , (11) 

 
where g(N) represents the negative gradient of time N; 

α is the learning rate; [0,1]
 
is the momentum 

factor; vjt is the connection weight. 
Our experiments also use Levenberg-Marquardt 

(LMBP) method which has a fast convergence rate 
and strong robustness to train BP network. LMBP is 
an improved BP algorithm, and a standard-based 
numerical optimization algorithm. It is also the 
combination of gradient descent method and Newton 
method. LMBP gets fast decline at the beginning of 
the search, and could generate an ideal search 
direction at the vicinity of the optimal value. The 
precision of LMBP is higher than that of Newton 
method. 

Finally, the performance of decoupling results 
based on BP network is tested. The testing samples 
are different from the training samples. To simulate 
the actual situation, the resistance values in the testing 
set are used to get the decoupling deformation of the 
sensor via the decoupling algorithm, then the 
decoupling results of the deformation are obtained. 
The approximate ability of the nonlinear mapping 
between resistance values and deformation is tested 
by the testing set based on the trained BP model.  
 
 
4.2. Experiments of BPNN with Different 

Number of Hidden Nodes 
 

The number of hidden nodes is generally 
determined by the designer’s experience and repeated 

tests. More hidden nodes leads to longer learning time 
of BP network, but the error may not necessarily be 
the least. More hidden nodes also leads to poor fault 
tolerance, so that the samples are not seen before 
couldn’t be recognized. Those means that not the more 
hidden nodes, lead to the better results. The number 
should be testified by the decouplig results of our 
trials. The number of hidden nodes is connected with 
the question itself and the number of input/output 
units directly. Although there is no regular formula to 
compute the hidden nodes, the following formulas 
could be used to calculate the optimal number of 
hidden nodes. 
 
 amnn 1  (12) 

 
 nn 21 log . (13) 

 
where n is the number of the input unit, m is that of the 
output unit, a is the constant between 1 and 10, and n1 
is the number of hidden nodes. 

We use different numbers of hidden nodes to 
verify the decoupling results of the deformation. In 
our simulation experiments, the number of the hidden 
nodes is 6,8,10,12,14,16, respectively, and the 
decoupling errors of the deformation are shown in 
Table 1. These experiments are based on the tactile 
sensor structure of 10×10_5×30 array. There are  
30 nonlinear equations to be resolved from Eq. (2), the 
mathematical model are decoupled by BPNN method. 
The input layer is a 30-dimensional vector of 
resistance values, and the output layer is a 
30-dimensional vector of the deformation. 
 
 
Table 1. Decoupling errors based on BPNN with different 

hidden nodes. 
 

Decoupling errors 
Hidden 

node AveZerr 
(%) 

AveXerr 
(%) 

AveYerr 
(%) 

6 3.57 0.34 6.13×10-5 
8 3.09 0.27 5.72×10-5 
10 2.37 0.27 3.64×10-5 
12 2.28 0.22 2.39×10-5 
14 2.46 0.21 1.08×10-5 
16 2.55 0.30 1.08×10-2 

 
 

The average decoupling errors between the real 
deformation and the simulation results of three axes 
with different number of hidden nodes are given in 
Table 1, where, AveZerr, AveXerr and AveYerr 
denote the average decoupling error of the 
deformation of Z-axis, X-axis, and Y-axis 
respectively. Table 1 concludes that the performance 
with 12 hidden nodes is the best. When the number of 
hidden nodes increases from 6, the average 
decoupling errors between the true deformation and 
the decuopled deformation of the Z-axis decrease 
quickly. However, when the number is more than 12, 
the average decoupling errors of the deformation will 
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increase. These strongly testify that there is an optimal 
number of hidden nodes in the model. Hence in the 
following experiments 12 hidden nodes are used in the 
BP network. 

Fig. 4 is the top view of the fitting surface for the 
decoupling results with 12 hidden nodes. Left panel is 
the actual deformation surface, and right panel is the 
decoupled deformation surface. Fig. 4 shows that the 
decoupling results reflect the true surface well, except 
some distortion at the right edge of the decoupled 
surface. The distortion is because, there is no data at 
the right edge from 17 to 20, since in the design of the 
top surface of the sensor array, the range of the X-axis 
is from 8 to 17. 

 
 

4.3. Decoupling Results with k-CV Method 
 

In order to increase the decoupling accuracy, k-CV 
(k-Cross Validation) method is adopted. k-CV is 
generally used in Neural Network to build training set 
and testing set. The whole dataset is divided into k 
subsets, and the trials should be repeated k times. Each 

time, one of the k subsets is used as the testing set and 
the other k-1 subsets are put together to form a training 
set. Then the average error across all of the k trials 
could be computed. The advantage of this method is 
that it matters less how the data get divided. Every 
data point gets to be in a test set only once, and gets to 
be in a training set k-1 times. The disadvantage is that 
the training algorithm takes k times computation to 
make an evaluation. 

We do the experiments with large dataset and 
small dataset based on BP network with 10-CV 
method respectively. Experiments are conducted 
repeatly 10 times for both large dataset and small 
dataset. The large dataset has 1000 samples, and the 
small dataset has 100 samples. Fig. 5 shows the 
decoupling errors of the deformation, all of which are 
under the structure of 10×10_5×30 array of the tactile 
sensor. The input of the BPNN is a 30-dimensional 
vector of resistance values, and the output is a 
30-dimensional vector of the deformation. 
Accordingly, there are 30 nonlinear equations should 
be decoupled by BPNN. 
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Fig. 4. Top view of the fitting surface for the decoupling results. 
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Fig. 5. Decoupling errors with 10-CV method. 
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In Fig. 5, the red square denotes Z-error of the 
small dataset, the blue square denotes that of the large 
dataset. The red solid circle denotes X-error of the 
small dataset, the blue solid circle denotes that of the 
large dataset. The red hollow circle denotes Y-error of 
the small dataset, the blue hollow circle denotes that of 
the large dataset. X-error, Y-error and Z-error are the 
average decoupling error of the deformation of 
X-axis, Y-axis and Z-axis each time, respectively. 

Fig. 5 shows that each time the decoupling result 
of Z-error with the large dataset is much better than 
that with the small dataset, which means that the larger 
the scale of dataset is, the better the decoupling results 
are. Large dataset includes more information about the 
samples, therefore, it can train the BPNN more 
efficiently. 

The average decoupling errors of the 10-CV 
results are shown in table 2, where, AveXerr, AveYerr 
and AveZerr represent the average decoupling errors 
of the deformation of X-axis, Y-axis and Z-axis for the 
10 trials, respectively. It can be seen that the average 
error of Z-axis for 10 trials(AveZerr) of the large 
dataset is much lower than that of the small dataset. 
Especially, the AveZerr 2.01 % is better than the result 
2.28 % in section 4.2, which is based on the same 
method without k-CV. It confirms that k-CV is an 
efficient method to improving the decoupling results 
for the tactile sensor array. Table 2 also verifies that 
the performance of the Large dataset is better than that 
of the small dataset under the same condition. To get 
the higher decoupling precision of the sensor, the scale 
of the dataset are very important. 
 
 

Table 2. Average decoupling errors with 10-CV. 
 

Decoupling errors 
Sample AveZerr 

(%) 
AveXerr 

(%) 
AveYerr 

(%) 
Large 
dataset 

2.01 0.28 8.03×10-3 

Small 
dataset 

3.35 0.30 5.63×10-3 

 
 
4.4. Analysis of Decoupling Results  

with Different Array Scale  
 

In this section, we vary the array scale of the tactile 
sensor, and study its effect on decoupling error. The 
results are shown in Table 3. The right three columns 
(AveZerr, AveXerr, AveYerr) list the average 
decoupling error between actual deformation and 
decoupling results of three axes. The left column 
(Array scale) gives the scale of the sensor array. For 
example, the first line represents the average 
decoupling errors of the three axes of the sensor whose 
top layer is a 10×6 array and bottom layer is a 3×18 
array. The input layer of BPNN is an 18-dimensional 
vector of resistance values and the output layer of 
BPNN is an 18-dimensional vector of the deformation, 
so there are 18 nonlinear equations should be 
decoupled by the BP network.  

From Table 3, it can be seen that with the array 
scale’s expanding, the average error of Z-axis 
(AveZerr) is increasing, and the best results appear at 
the structure of 10×6_3×18 which is the smallest array 
structure. The results reveal that the smaller the array 
is, the better the results are. This is because that the 
smaller array has less coupling relationship of the 
sensor. In our numerical simulation, increasing the 
scale of the sensor array doesn’t lead to a dramatically 
increase of the time complexity of BP algorithm. At 
Table 3, the results of AveZerr 1.41 % and 1.63 % are 
much better than the results 2.01 % in section 4.3, 
which enhance the performance of decoupling results 
greatly. 
 
 

Table 3. The decoupling errors with different arrays. 
 

Decoupling errors 
Array scale AveZerr 

(%) 
AveXerr 

(%) 
AveYerr 

(%) 
10×6_3×18 1.41 0.26 6.65×10-7 
10×8_4×24 1.63 0.44 2.36×10-12 

10×10_5×30 2.28 0.22 2.39×10-5 
 
 

Fig. 6 is the simulation deformation of the tactile 
sensor based on BPNN. The top layer of the sensor is a 
10×6 array, the bottom layer is a 3×18 array. The blue 
squares denote the true random deformation which is 
used to generate resistance values by the mathematical 
model, then the resistance values are sent to the 
trained BPNN as the input data. The red solid circles 
are the decoupling results which are the output of the 
trained BP network. From Fig. 6, it can be concluded 
that the decoupling deformation match the true 
deformation very well. All above clearly prove that 
BPNN has a good performance in decoupling array 
information of tactile sensor. 
 
 

 
 

Fig. 6. Decoupling results of 10×6_3×18 array. 
 
 

In order to get better accuracy of decoupling 
results, we use MATLAB 4 grid point spline function 
interpolation method to evaluate the approximation 
degree between the actual deformation surface and the 
decoupled deformation surface. The simulation results 
of 10×6_3×18 array are shown in Fig. 7. Fig. 7 
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displays the three-dimensional fitting surface. Its left 
panel shows the actual deformation, and its right panel 
shows the decoupling results. It can be seen that the 
decoupling results match the actual deformation very 
well too. Fig. 8 is the top view corresponding to Fig. 7, 
where is nearly no different between the real 

deformation surface and the decoupled deformation 
surface. Comparing Fig. 8 to Fig. 4, we can see that 
decoupling results in Fig. 8 is much better than that in 
Fig. 4. It means that the results of 10×6_3×18 array is 
better than that of 10×10_5×30 array.  

 
 
 

Actual surface Decoupled surface by BP  
 

Fig. 7. 3-D fitting surface of the decoupling results. 
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Fig. 8. Top view of the 3-D fitting surface.  
 
 
5. Conclusion and Discussion 

 
This paper presents an efficient decoupling 

method for a novel tactile sensor. The decoupling 
results of the deformation based on BPNN with 
different hidden nodes and different array scales of the 
tactile sensor are studied carefully by numerical 
experiments. The decoupling experiments show that 
when the number of the hidden nodes and the scale of 
the array increase, the training time doesn’t grow 
exponentially. In the meanwhile, K-CV method is 
applied to BPNN, the decoupling results also manifest 
that k-CV is an efficiency method to enhance the 
precision of decoupling results for the tactile sensor. 
All of the experiments demonstrate that the improved 

BPNN algorithm not only can be applied to 
decoupling relationship between resistance and 
deformance of the tactile sensor, but also has a good 
performance in both accuracy and speed. 

There is still a lot of research to do with the tactile 
sensor. The numerical simulation of the sensor is 
based on the assumption that conductive rubber is 
ideal and the deformation is only applied along the z 
direction, because the analysis of the real tactile sensor 
is very complex and even unsolvable. How to 
overcome these difficulties are the next work to deal 
with. We also need to decouple the mapping 
relationship between deformance and the force loaded 
on the tactile sensor. In view of the strong nonlinear 
mapping ability of BPPNN, BP method will play an 
important role in the next works. 
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