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Article 
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Abstract: Soft tactile sensors based on piezoresistive materials have various large-area sensing 
applications. However, their accuracy is often affected by hysteresis, a phenomenon that poses a 
significant challenge during operation. This paper introduces a novel approach that employs a 
backpropagation (BP) neural network to address the hysteresis nonlinearity in conductive fibre-
based tactile sensors. To assess the effectiveness of the proposed method, four sensor units with 
different layer configurations (1, 3, 6, and 12) were designed. These sensor units underwent force 
sequences to collect corresponding output resistances. A backpropagation network was trained 
using these force sequences, thereby correcting the resistance values. The training process exhibited 
excellent convergence, effectively adjusting the network's parameters to minimize the error between 
predicted and actual resistance values. As a result, the trained BP network accurately predicted the 
output resistances. Several validation experiments were conducted to highlight the primary 
contribution of this research. The proposed method reduced the maximum hysteresis error from 
24.2% of the sensor's full-scale output to 13.5%. This improvement establishes the approach as a 
promising solution for enhancing the accuracy of soft tactile sensors based on piezoresistive 
materials. By effectively mitigating hysteresis nonlinearity, the capabilities of soft tactile sensors in 
various applications can be enhanced. These sensors become more reliable and more efficient tools 
for force measurement and control, particularly in the fields of soft robotics and wearable 
technology. Consequently, their widespread applications extend to robotics, medical devices, 
consumer electronics, and gaming. Notably, the complete elimination of hysteresis in tactile sensors 
may not be feasible. Nevertheless, the proposed method effectively modifies the hysteresis 
nonlinearity, leading to improved sensor output accuracy. 

Keywords: Conductive Fabric; Hysteresis; Backpropagation Neural network 
 

1. Introduction 

Tactile sensors have gained immense popularity in robotics and automation systems in 
applications like artificial skins, etc. as they provide pressure maps through a force sensor array. 
However, hysteresis, a well-known phenomenon, can introduce nonlinearity and measurement 
errors in tactile sensors and actuator systems, limiting the performance of tactile sensors. To address 
this challenge, several novel approaches have been proposed in recent years. One approach focuses 
on adapting the external loop of the sensor's control system to compensate for hysteresis [1]. By 
estimating the hysteresis error based on the difference between the desired and measured forces, this 
modification improves the accuracy and performance of robotic systems by relying on tactile sensors. 
In the field of piezoelectric actuators, one study introduced a method for modeling hysteresis patterns 
using a recurrent neural network (RNN) [2]. This RNN captures the complex nonlinear relationship 
between the input voltage and output displacement, enabling hysteresis compensation and 
enhancing positioning system accuracy. Furthermore, a generalized Prandtl-Ishlinskii model has 
been employed to compensate for hysteresis in tactile sensors [3]. By training the model with 
experimental data, real-time sensor output can be estimated, effectively improving force 
measurement accuracy. Additionally, innovative designs have been developed to minimize 
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hysteresis in tactile sensors, such as a novel soft tactile electronic skin that reduces mechanical and 
electrical memory effects contributing to hysteresis [4]. Similarly, a method utilizing a Gaussian 
process with sensory Markov properties has been proposed to counteract hysteresis in tactile sensors 
[5]. By incorporating current and past sensory data, the current approach models the hysteresis 
behavior and estimates the sensor's output, improving force measurement accuracy in robotic 
systems. In the field of smart-material systems, an inverse feedforward controller utilizing a Preisach 
model has been introduced to control hysteresis nonlinearities [6]. This method estimates the 
hysteresis behaviour and generates an inverse feedforward control signal to compensate for the 
nonlinearities, enhancing the performance and accuracy of smart-material systems. Furthermore, a 
Generalized Prandtl-Ishlinskii Model (GPIM) inversion technique proposed to compensate for 
hysteresis in micro positioning control systems [7]. By modelling the hysteresis behaviour using a 
GPIM and generating an inverse GPIM-based compensation signal, we can improve the accuracy and 
performance of the micro positioning control system. In the field of piezoelectric actuators, a modified 
Prandtl-Ishlinskii (PI) model has been introduced to accurately capture the asymmetric hysteresis 
behaviour [8]. Several studies have explored hysteresis compensation in soft sensors. For instance, a 
modified generalised Prandtl-Ishlinskii (GPI) model has been developed for modelling the 
asymmetric hysteresis nonlinearity of pneumatic artificial muscles (PAMs) [9]. Additionally, a novel 
hysteresis model for piezoelectric actuators has been introduced, incorporating memory effects [10]. 
Several recurrent neural networks have been used to mitigate hysteresis in soft sensors [11], and an 
improved method for hysteresis modelling and correction in soft sensors has been proposed, utilizing 
a radial basis function neural network [12]. Another adaptive method for hysteresis modelling and 
compensation in soft sensors employs a fuzzy neural network [13]. Furthermore, an improved 
method for hysteresis compensation in soft sensors has been presented, utilizing a hybrid neural 
network [14].  

Significant progress had been made in the compensation and modelling techniques for 
hysteresis in soft sensors based on piezoresistive materials. However, practical and effective methods 
were needed to correct hysteresis nonlinearity. To address this issue,  a novel approach was 
proposed that utilized a backpropagation neural network (BPNN). The BPNN was trained using 
input-output data pairs from experimental tests to modify the hysteresis nonlinearity in soft sensors. 
This approach aimed to enhance the accuracy of soft sensors and overcome the limitations posed by 
hysteresis. 

For training the BPNN, the collected force sequences and their corresponding corrected 
resistances were used as inputs. The training process demonstrated favourable convergence and 
achieved a high level of accuracy. The effectiveness of this approach was validated through 
experiments, showing a significant reduction in the maximum error caused by hysteresis. The 
maximum error was reduced from 24.2% to 13.5% of the sensor's full-scale output. 

2. Modelling the Hysteresis Nonlinearity of Conductive Fibre-Based Tactile Sensors using 
Backpropagation Neural Networks 

Soft tactile sensors based on piezoresistive materials have drawn significant attention in recent 
years due to their wide-ranging applications in robotics, medical devices, consumer electronics, and 
gaming. However, the accuracy of these sensors is often hindered by hysteresis, a nonlinear 
phenomenon wherein the sensor's output is influenced by its current input and previous history. This 
hysteresis can introduce notable measurement errors and compromise the reliability of the sensor. 

Several methods have been proposed to address this issue and modify the hysteresis 
nonlinearity of piezoresistive sensors, including curve-fitting models and neural network approaches 
[15-18]. Though hysteresis approximation using BPNN has been previously employed, the novelty 
of the proposed method lies in its specific application to a conductive fibre-based tactile sensor. A 
novel approach is introduced in the paper by employing BPNN to modify the hysteresis nonlinearity 
in this particular sensor type, which has not been explored in previous studies within the context of 
conductive fibre-based tactile sensors. 
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It should be emphasised that the novelty of a research contribution is not solely determined by 
the individual components or techniques utilised. Instead, it often resides in combining or applying 
these components in a new or unique context. In this instance, although using BPNN for hysteresis 
approximation is not groundbreaking, its application to conductive fibre-based tactile sensors 
represents a fresh approach within the specialised domain of tactile sensing. 

The focus on conductive fibre-based tactile sensors in the present paper contributes to the 
existing knowledge by addressing the distinctive challenges and characteristics associated with this 
sensor type. By leveraging the capabilities of BPNN, the proposed method modifies the hysteresis 
nonlinearity, thereby augmenting the accuracy and performance of conductive fibre-based tactile 
sensors in force measurement and control applications. 

In summary, although using BPNNs for hysteresis approximation is not new,  the paper's 
contribution lies in applying this method to conductive fibre-based tactile sensors. This method  
addresses such  sensor's specific challenges and requirements, thereby advancing the field of tactile 
sensing and offering new possibilities for improving force measurement and control in relevant 
applications. 

The experimental setup used to design four distinct types of sensor units with varying layers is 
described, along with the process of collecting output resistances by applying force sequences. These 
force sequences and the corresponding corrected resistances are employed as inputs to train the BP-
NN, resulting in favourable convergence and high accuracy (Figure 1). Through validation 
experiments, we demonstrate that the proposed approach significantly reduces the maximum error 
caused by hysteresis, reducing it from 24.2% to 13.5% of the sensor's full-scale output. 

Subsequent sections delve into the theoretical background underlying hysteresis modelling, 
curve-fitting models, and neural networks. Additionally, we elucidate how these methods are 
integrated into the proposed approach, showcasing a block diagram and a specific algorithm. 

 
Figure 1. Flow Diagram of the Experiment Setup and Hysteresis Error Reduction. 

(a) Hysteresis Model Using Neural Network:  

The hysteresis model uses a BPNN that takes the input force sequence and outputs the 
corresponding output resistance. The neural network is trained on a set of input-output data pairs, 
where the input is the force sequence, and the output is the corresponding output resistance of the 
tactile sensor. During training, the neural network adjusts its weights to minimise the difference 
between predicted and actual output resistance. Once trained, the neural network can be used to 
predict the output resistance for any given force sequence [19-21]. 

(b) Curve-Fitting Model(s) 

Curve-fitting models analyse data points to establish relationships between variables, aiding in 
predictions and understanding patterns, with effectiveness depending on data quality and proper 
model selection. [22,23]. In this study, a polynomial curve-fitting model was used to correct the 
hysteresis nonlinearity of the tactile sensor. The polynomial curve-fitting model is given by following 
equation: � = �� + ��� + ���� + ⋯ + ����  (1)

where R is the corrected output; F is the raw input, and a0, a1, and an are the polynomial coefficients. 
The coefficients are determined by minimising the sum of the square error between the corrected 
output and the actual output. 

(c) Neural Network  
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Neural networks (NN) are computational models that learn complex patterns and relationships 
from data. With their interconnected layers and mathematical operations, they enable accurate 
predictions and valuable insights in various domains. In this paper, a BPNN was employed to modify 
the hysteresis nonlinearity of the tactile sensor.[24] 

The BPNN algorithm consists of two phases: forward and backward. In the forward phase, the 
input is propagated through the network to generate the output. In the backward phase, the error 
between the actual output and the desired output is propagated backward through the network to 
adjust the weights of the nodes. [25,26] The algorithm can be summarised as shown below: ��� = �(∑ ����� ����� + ���)   (2)

Here  ����� represents the output of node j in layer l; ����  is the weight connecting node I in layer 
l-1 to node j in layer l; �����is the output of node I in the previous layer’; ��� is the bias of node j in 
layer l; and � is the activation function. 

In the backward phase, the error between the actual output and the desired output is propagated 
backward through the network to adjust the weights of the nodes. The error ��� each node j in layer 
l measures how much that node contributes to the overall network error. It is defined as the partial 
derivative of the total error E for the input ���  of node j in layer l. ��� = ������ (3)

The weight updates are then determined based on this network error. The weights are adjusted 
in a direction that reduces the error by an amount proportional to the error and the previous layer's 
output. This is known as the delta rule: ∆���� = −��������� (4)

Here ∆ is the learning rate, which controls the size of weight updates. The biases are updated 
similarly: ∆��� = −���� (5)

These weight and bias updates are applied to the network after each input is processed to reduce 
the error gradually over time. By iteratively adjusting the weights and biases, the network can learn 
the mapping between the input and the desired output. 

The algorithm can be summarised as follows:  
1. Initialise the weights and biases of the network randomly. 
2. For each input in the training data: 

 Perform the forward phase to generate the output of the network. 
 Calculate the error between the actual output and the desired output. 
 Perform the backward phase to adjust the weights of the network. Calculate the error 

between the actual output and the desired output. 
3. Repeat step 2 for a specified number of epochs or until the network reaches a satisfactory level 

of performance. (see Algorithm 1) 
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Here is a generic block diagram showing the integration of the hysteresis model, curve-fitting 

model, and BPNN (Figure 2): 

 

Figure 2. A generic flow chart of the hysteresis model, curve-fitting model, and NN used. 

The integration of the hysteresis model, curve-fitting model, and BPNN provides a 
comprehensive approach for modelling a system where force is the input and resistance is the output. 
The hysteresis model captures the non-linear dynamics and memory effects of the system in response 
to force. The curve-fitting model approximates the mathematical relationship existing between force 
and resistance. The BPNN learns from the curve-fitting model's output to improve resistance 
predictions using backpropagation. This integrated system takes force as input, processes it through 
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the hysteresis model, refines the output with the curve-fitting model, and further enhances it with 
the BPNN, thereby generating accurate predictions of resistance based on the force applied.  
 

3. Design a Soft Tactile Sensor 

Fabric-based sensors are selected due to their simple design, ease of fabrication, and low cost. 
They are stretchable and flexible and can adhere to soft surfaces. In the following section, the 
fabrication and design of the tactile sensor are discussed. 

3.1. Use of Materials 

The fabric sensor used in this study operates based on the piezoresistive effect, which induces a 
decrease in the electrical resistance of a piezoresistive material upon applying pressure. The sensor 
consists of two main components: 
1. EeonTexTM knitted conductive fabric: This commercially available fabric is knitted, conductive, 

and stretchable. It has a thickness of 0.38 mm and a mass per unit area of 113.78 g/m2. The fabric 
exhibits an elongation of 40% at break and a wrap recovery of 85% after stretching. It primarily 
comprises 72% nylon and 28% spandex, with a proprietary conductive coating. [27] 

2. Silver-plated conductive thread: To establish conductive connections with measuring devices, a 
silver-plated conductive thread is used. MADEIRA yarn (dtex 290 ± 6 HC 40) is employed for 
sewing. [27-29]. 
These materials work synergistically to create a tactile sensor that detects and converts pressure 

changes into analogue electrical signals, typically in voltage. 

3.2. Sensor Assembly 

Assembling the sensor involved integrating the tactile sensor fabric with textiles to enable 
measurements of muscle activities. The silver-coated conductive thread was utilized to connect the 
sensor to a measurement system. This 100% polyamide fully silver-plated thread, with a linear 
resistance of <300 Ohm/m, was chosen for its low resistance characteristics. In this study, the silver-
plated thread was employed to optimize contact points and circuit paths [30, 31]. The data for 
resistance versus force relationship was collected manually and saved in an Excel file. MATLAB 
program was utilised for data analysis and for generating plots to visualise the relationship between 
resistance and force (Figure 3). 

  
 

(a) (b) (c) 
Figure 3. Materials used for sensor development: (a) conductive stretchable fabric, (b) silverplated 
conductive thread, (c) designed sensor. 

Figure 3(a) displays the EeonTexTM knitted conductive fabric, which contains conductive fibres 
that allow electrical current to flow through it. This fabric is used in various applications, such as 
smart textiles, wearable technology, and sensor systems. Figure 3(b) displays the silver-plated thread, 
a conductive thread made by coating a base thread with a layer of silver. This thread is often used 
with conductive fabrics to create wearable electronics and others. Lastly, Figure 3(c) shows the 
complete sensor design that utilises the EeonTexTM knitted conductive fabric and silver-plated 
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thread. The specific design of the sensor is for detecting the electric resistance signals when applying 
forces. 

To keep the elasticity of the fabrics, the thread was sewn using a long-running loose stitch 
(saddle stitch). All the necessary pieces of samples were prepared with dimensions of  1 × 1 cm2. 
Figure 4 shows the overall diagram of the designed soft tactile sensor. 

 

Figure 4. The soft tactile sensor. 

3.3. Experimental Setup  

In the current study, we used four tactile sensor samples (one, three, six, and twelve layers) see 
Figure 5. We designed the sensor in layers three, six, and twelve to increase the range of applying 
force to be measured. An increase in the number of layers implies an increase in the capacity of the 
tactile sensor to apply force, and it can be used in other applications, such as in the patient's seat or 
bed. 

 

Figure 5. Tactile sensors with different layers. 

For each sensor, we applied forces using a force instrument that stands over the sensor, which 
is installed on the digital electronic weight scale (Figure 6), after which the change in resistance is 
measured via a multi-meter.  

  
(a) (b) 
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(c) 

Figure 6. (a)The Experimental Setup  (b)  Force being applied to the sensor (c) Functional diagram. 

Figure 6(a) shows the placement of a sensor on a weight scale when force is applied using a force 
instrument. It depicts the sensor's location of the object being weighed or the type of force instrument 
being used. 

Figure 6(b) shows a setup for measuring the resistance change of a tactile sensor. Finally, Figure 
6 (c) shows a functional diagram or schematic of how to apply force to a tactile sensor. This involves 
using a specific mechanism to exert pressure or tension on the sensor in a controlled manner. 

To study the behaviour of the tactile sensor output, a measurement method was used to register 
the sensor response to the sequences of forces that are exerted manually. Four to six consecutive 
loading-unloading cycles with different points of return for the same ascending curve and different 
starting points rising from the same descending curve are applied. Thus, the descending and 
ascending behaviour of the sensor is respectively characterised. The cycles are performed with an 
increase of 0.1 N between forces. These hysteresis curves represent the average output produced by 
the tactile sensor point after repeating each cycle five times. The interval between the new force level 
being exerted and the resistance output is 2 sec. To quantify the hysteresis exhibited by the sensor, 
the hysteresis error as the difference in sensor output resistance to the same applied force is 
determined  when these forces are exerted on the ascending and descending branches of cycles. The 
maximum force applied by using a force instrument to the tactile sensor varied depending on the 
type of object used to apply force. When using the index fingertip on a thin ring, the maximum force 
(F) was 59.5±21.4 N, while when using all four fingers on a straight bar, the maximum force (F) was 
268.7±77.2 N [32]. This variation in the F values reflects the different force ranges that the sensor is 
expected to encounter in real-world applications and provides essential data for understanding the 
sensor's response to different levels of force. 

For the one-layer sensor, we applied a force of more than  0-2 N; the load was increased until 
the sensor output reached its saturation level. Then, we reduced the load from 2 to 0 N and measured 
the resistance change; accordingly, we plotted the results as a force function. We repeated this 
experiment with random force ranges (0-1.27 N, 0-1 N, 0-1.96 N, 0-0.5 N, and 0-1.7 N). Figure 7 shows 
the hysteresis in the one-layer sensor. 

The maximum and average hysteresis errors are referenced to the highest output value to obtain 
a percentage of the error relative to the full scale. The maximum error due to hysteresis is 24.2% of 
full-scale output. 
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Figure 7. The hysteresis phenomenon in the One-Layer Sensor. 

For the three-layer sensor, we applied force ranges of 0-2.8 N, 0-4 N, 0-6 N, and 0-8 N and 
recorded the associated resistance changes over several experiments, reporting the average resistance 
over the individual experiments as a function of force. 

The experiment was again repeated with the six- and twelve-layer sensors and the associated 
hysteresis was plotted accordingly. Figure 8 shows the hysteresis for the three-, six- and twelve-layer 
sensors. 

 

Figure 8. (a) The hysteresis phenomenon in the Three-Layer Sensor; (b) The hysteresis phenomenon 
in the Six-Layer Sensor; (c) The hysteresis phenomenon in the Twelve-Layer Sensor. 

Figures (7) and (8) illustrate that the hysteresis curve of the proposed sensor exhibits a multi-
loop behaviour in different layers of the sensor. This means that the output resistance of the sensor 
depends not only on the current force applied but also on the force history. 

Figure (7) shows the hysteresis behaviour of the sensor when it is compressed to a maximum 
force and then released multiple times. The sensor exhibits a different number of loops, indicating 
that the sensor's hysteresis behaviour varies depending on the sensor's compressed and released 
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layer. The number of loops increases as compressions and releases increase, indicating that the force 
history influences the sensor's hysteresis behaviour. Similarly, Figure (8) shows the hysteresis 
behaviour of the sensor when it is compressed and released multiple times in the same layer. 

The findings emphasize that the output curve of the proposed sensor is influenced by both the 
current force applied and the force history. This underscores the significance of considering the 
hysteresis phenomenon during the design and interpretation of results from tactile sensors. To tackle 
this challenge, the paper proposes a Backpropagation Neural Network (BPNN) that adjusts the 
sensor's resistance based on estimated values obtained from the polynomial curve. This approach 
enhances the accuracy and reliability of readings, enabling more precise interpretations of the 
sensor's output. 

4. Modelling Hysteresis Based on Backpropagation Neural Network 

Neural networks are a popular choice for compensating for hysteresis in tactile sensors because 
they can effectively learn the complex nonlinear relationships between input and output data. 

Tactile sensors are used to detect and measure physical forces, pressures, and vibrations, among 
other things. Hysteresis is a common problem encountered in tactile sensors that can cause 
measurement inaccuracies. Hysteresis occurs when the sensor's output does not return to its original 
state after the input has changed, causing a lag in the sensor's response. [30-32] 

Neural networks can learn to compensate for this hysteresis by analysing the sensor's input-
output data and building a model to predict the correct output based on the input. They can learn 
the nonlinear relationship between input and output data, allowing them to compensate for 
hysteresis accurately. [33] 

Though other methods can also be used to compensate for hysteresis in tactile sensors, such as 
physical calibration or mathematical modelling, these methods may be less effective in capturing the 
complex nonlinear relationship between input and output data. Neural networks offer a flexible and 
powerful solution for hysteresis compensation in tactile sensors. [34] 

Nonlinear hysteresis in a tactile sensor can result in degraded system performance and 
instability [35]. In the experiment, a BPNN was used to eliminate nonlinear hysteresis as an Artificial 
Neural Network (ANN) is simple and sufficient for the problem we discussed, albeit within the tactile 
sensor. BPNNs have a high precision approximation, robust fault tolerance, and nonlinear solid 
mapping capabilities [35-37]. 

A Back Propagation (BP) neural network was used due to its better generalisation and strong 
nonlinear mapping abilities, which make it a popular choice in various fields. The BPNN was trained 
to predict the static resistance value based on the current and historical resistance values (Rat and Rt-

1 respectively)  and the estimated resistance value, which was used as a target [38–40]. 
The neural network used in the study consisted of an input layer that has the current resistance 

Rt at a time(t), the historical resistance Rt-1 at a time (t-1), and a corrected resistance (Restimated) as a 
target, the output layer is a static resistance RStatict for training, and two hidden layers. Each hidden 
layer has five neurons; the transfer function is the sigmoid function. The Levenberg-Marquardt 
algorithm (LMA) is a popular optimisation method for training neural networks. It is a variation of 
the Gauss-Newton algorithm which is known for fast convergence and good stability. Using the LMA 
algorithm to train the BPNN, the model could learn the complex relationships between the input and 
output variables and make accurate predictions [41]. 

Overall, the use of BPNN in the proposed sensor system offers more accuracy and reliability, 
and different neural network techniques can be helpful in various applications where precise and 
consist of measurements are required. 

5. Modified Hysteresis: Simulation and Experiments 

A tactile sensor is used to verify the hysteresis model based on BP neural networks. The target 
part is determined by approximating a curve from the hysteresis graph, and for each layer, the 
approximated curve's line is plotted as a desired resistance. 
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Figure 9 shows the approximated curve plotted for one-layer sensor. This curve likely represents 
the relationship between the sensor's actual resistance values with the desired values represented by 
the curve; we can evaluate the accuracy of the hysteresis model and make any necessary adjustments. 

 

Figure 9. The Approximated Curve Plotted for the One-Layer Sensor. 

A third–degree polynomial was used to fit the hysteresis curve in a one-layer tactile sensor, 
which provided the best practical results. After fitting the polynomial curve, the force values were 
substituted into the polynomial to determine the corresponding estimated resistance values. These 
estimated resistance values were then used as the target input for the BPNN. 

BP is a popular neural network training algorithm used to adjust the network weights and to 
minimise the difference between the predicted and actual values [42]. In this case, the target input 
was the estimated resistance value obtained from the polynomial regression, and the neural network 
was trained to predict this value based on the input force values. 

The proposed model could capture the nonlinear relationship between the force and resistance 
values by combining the polynomial regression and neural network techniques and make accurate 
predictions. This approach can be helpful in various applications where complex relationships 
between variables are challenging to model using traditional techniques. 

Fitting a polynomial curve to hysteresis data is a common approach, but it has limitations as the 
relationship is complex. In such cases, neural networks excel by capturing nonlinear patterns, 
extracting hidden features, generalising to new data, and handling diverse inputs. Their flexibility 
and ability to model complex relationships make neural networks a preferred choice when traditional 
methods struggle in machine learning [23] . 

Once a polynomial curve is fitted to the hysteresis data, the estimated values can be used as 
inputs for a neural network. Neural networks are powerful machine learning models that can learn 
complex patterns and relationships in data. By using the estimated values from the polynomial curve 
as inputs for the neural network, the variables can make better predictions. R��������� = −0.2366F� + 1.3822F� − 2.9373F + 3.1703  (6)

where F represents the force applied (0 – 2 N).  
Equation (6) shows that the estimated value of R relates to the force applied (F) in the current 

study. The range of values for F in this equation is between 0 and 2N;  41 samples have been used to 
derive this equation. 

The earlier tested procedure of one layer sensor was repeated for all layers, with Figure 10 
showing the subsequent results: 
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Figure 10. Approximated Curves of all different layer sensor. 

The corrected curve equation for all layers of sensors can be found in the graphs shown above, 
and by using the same procedure of layer one sensor the desired target in our BPNN can be found. R��������� = 0.0108F� − 0.259F� + 2.3599F� − 10.21F + 19.765    (7) 

The range of values for F in equation (7) is between 0 and 8N, and 90 samples are used to derive 
this equation. R��������� = 0.0125F� − 0.3329F� + 3.3176F� − 15.345F + 30.41  (8)

Values for F in equation (8) range from 0 N to 15 N. Overall, 142 samples were used to derive 
this equation. R��������� = 0.0056F� − 0.2296F� + 3.431F� − 22.182F + 54.944 (9)

The range of values for F in this equation is between 0 and 20 N, and 240 samples have been 
used to derive this equation. Three equations 2- 4 represent the estimated curve equation for the 
three-, six-, and twelve-layer sensors. 

The equations provide an estimate of the value of R (representing a dependent variable) based 
on the force (F) applied, an independent variable. Each equation exhibits different characteristics in 
terms of the power of F and the sign of the coefficients. This helps us understand the relationship 
between F and R. 

The power of F in the equations captures complex and nonlinear relationships between F and R, 
accommodating different curves and intricate patterns. By considering powers of F ranging from 2 
to 4, these equations can capture the nonlinearity and complexity present in the relationship between 
F and R. Positive coefficients indicate a direct relationship, while negative coefficients suggest an 
inverse relationship. These coefficients are determined through regression analysis and depend on 
the dataset and the statistical method employed. 
  

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 June 2023                   doi:10.20944/preprints202306.2016.v1

https://doi.org/10.20944/preprints202306.2016.v1


 13 

 

6. The Sensitivity of the System 

Uncertainty analysis is used to quantify the uncertainty in the output of a mathematical model 
by examining the uncertainty in its input [43]. Uncertainty analysis aims to understand how much of 
the uncertainty in the output can be attributed to uncertainty in each input variable. This is important 
because it allows us to identify the most critical source of uncertainty and focus on reducing it. [44,45] 

The analysis aims to conduct a sensitivity analysis using Monte Carlo simulation and 
understand the relationship between the force variable (F) and the estimated values of (R). This 
analysis is crucial for understanding the behaviour of the models and evaluating the impact of force 
on the estimated values. 

Monte Carlo simulation was employed as a powerful tool to assess the sensitivity of the 
estimated values to different levels of applied force. The value of F was systematically varied within 
specified ranges to conduct the sensitivity analysis. The corresponding changes in the estimated (R) 
values were observed and analysed. 

The analysis revealed significant findings regarding the relationship between the force variable 
and the estimated values of R. It provided insights into how changes in force affect the estimated 
resistance values. By systematically varying the force variable, we observed how the estimated values 
of R responded, enabling a comprehensive assessment of the models' behaviour. 

Figure 11 presents a normal distribution graph, which plays a crucial role in analysing and 
predicting data. The graph shows the distribution of the resistance variable within a population. The 
curve illustrates that the majority of values cluster around the mean, representing the centre or 
average value. As we move further away from the mean in both directions, the number of values 
gradually decreases. 

 

Figure 11. The normal distribution graph of one layer sensor model. 

In this specific case, the estimated mean distribution for the R-value was found to be 1.1125. This 
value serves as a measure of central tendency, indicating the average resistance value in the 
population. Additionally, the standard deviation of 1.513 indicates the spread or variability of 
resistance values from the mean.  

By analysing the normal distribution graph and considering the mean and standard deviation, 
we gain valuable insights into the overall pattern and variability of resistance values.  

7. Analysis and Discussions 

The validation for the tactile sensor was performed by applying force and removing it from the 
sensors and measuring the corresponding changes in resistance. The observed resistance changes 
were then compared to the theoretically expected resistance changes. This validation process 
specifically focused on evaluating the performance and accuracy of the tactile sensor itself. 
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Figure 12 shows the validation of the system by using the same force data set as was used 
initially to train in the NN model for one-layer and other sensors.  

 

Figure 12. Graphs showing the validation of the system of different layers of sensor. 

As shown in Figure 12, the tactile sensor has been specifically designed to accurately measure 
changes in resistance in response to applied or removed force. Through the validation process, the 
tactile sensor has demonstrated its capability to produce reliable and accurate results within the 
maximum force domain of 2 N for the layer one sensor. 

The validation results indicate that the tactile sensor consistently provides measurements that 
closely align with the actual values of measurements. This alignment signifies that the predicted 
results generated by the neural network closely match the expected values based on the training data. 
Notably, the output results of the BP neural network, which fall perfectly on the target curve 'Restimated' 
after training, serve as a good indicator of the accuracy and reliability of the tactile sensor. 

Furthermore, use of the same dataset for training and validation purposes facilitates a direct 
comparison between the predicted and actual results. When the predicted results closely resemble 
the actual results, the accuracy and reliability of the tactile sensor are confirmed in measuring 
resistance changes. 

Based on these findings, we conclude that the tactile sensor is reliable and accurate in its 
measurements. It consistently provides highly dependable results and demonstrates high alignment 
between predicted and actual values. Accurately capturing resistance changes, reliable performance 
within the specified force range, and close alignment with actual results validate the reliability and 
accuracy of the tactile sensor in measuring resistance changes. 

It may be highlighted that using the same data set for training and validation can potentially 
lead to overfitting, where the model becomes highly specialized to the training data and may struggle 
to generalise to new data. To address this concern, the model was validated using new and 
independent data sets also. The tactile sensor was tested with new sets of 25, 30, and 60 random 
forces, and the resulting output resistance was recorded and compared to the expected values (Figure 
13). This type of testing ensures that the model can accurately predict resistance values even when 
presented with new and previously unseen data. 
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Figure 13. Validation of the system with new experimental results. 

Close alignment of the output results of the BP neural network with the target curve Restimated 
after training is a positive indication of the effectiveness of the training process. It suggests that the 
neural network has learned the underlying patterns and relationships between force and resistance, 
resulting in accurate predictions. This alignment between the predicted results and the target curve 
indicates that the neural network, and subsequently the tactile sensor, is performing well in 
accurately estimating resistance values. 

Continuing testing and validation are essential to ensure the ongoing accuracy and reliability of 
the tactile sensor. This includes testing the tactile sensor under various conditions and using different 
data sets that were not included in the training process of the BPNN, to ensure its ability to generalize 
to new situations and data. 

In addition to assessing the performance and accuracy of the BPNN, it is crucial to evaluate the 
robustness of the tactile sensor. Robustness refers to the ability of a sensor to maintain its performance 
and reliability despite uncertainties or variations in the input. 

To evaluate the robustness of the tactile sensor, various factors, including the gradient, mu, and 
validation check values were considered for neural network training. Analysis revealed that at epoch 
45, the gradient was 0.0012377, mu was 0.0001, and the validation check value was 6. These values 
provide insights into the stability and adaptability of the neural network during the training process. 

Furthermore, the validation performance of the BPNN, as shown in Figure 14(a), indicates the 
system's ability to maintain a low validation error of 0.000051913 at a specific epoch. This suggests 
that the neural network can consistently provide accurate predictions of the tactile sensor's resistance 
despite potential variations in the input force. 
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Figure 14. One Layer sensor (a) Neural network performance (b)Neural network Regression (c) 
Neural network training. 

Data shown in Figure 14(b) and the regression values shown in Table 1 reveal that the system 
exhibits remarkable robustness. The high R-values across all datasets (training, validation, test, and 
overall) indicate a strong correlation between the predicted resistance values and the actual values. 
This consistency in performance demonstrates the system's ability to handle variations in input 
effectively. 

Table 1. Regression Results and Accuracy Statistics of Datasets. 

Dataset R-Value 
Training 0.999967 

Validation 0.99992 
Test 0.999977 

Overall 0.99973 

Moreover, utilising a new dataset for validation, distinct from the one used for training, provides 
an additional measure of the system's robustness. By evaluating the system's performance on unseen 
data, the generalisability and ability of the system to handle new scenarios can be evaluated. The 
close alignment between the predicted and the actual results on the validation dataset suggests that 
the system maintains its accuracy and reliability when faced with new inputs. 

Overall, the system's robustness is the combination of a low validation error, high correlation 
coefficients, stability during training, and consistent performance on new datasets. These findings 
highlight the system's ability to reliably measure changes in resistance based on the applied force, 
even in the presence of uncertainties or variations in the input. The system's robustness enhances its 
practical utility and strengthens its potential for various applications. 

By conducting a comprehensive analysis of the system's performance, accuracy, and robustness, 
we gain valuable insights into its behaviour and capabilities. These insights can tell about the sensor 
system's design, optimisation, and application, thereby contributing to improved reliability and 
performance of system in real-world scenarios. 
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Figure 13(a) shows the validation performance of the BPNN, with the best validation 
performance of 0.000051913 at the epoch. This indicates that the neural network can accurately 
predict the sensor's resistance based on the input force applied. 

Figure 13(b) shows the neural network regression values, with R values indicating the 
correlation between the predicted and actual resistance values in training, validation, and test 
datasets. The R values in training, validation, and testing are all above 0.9999, indicating a strong 
correlation between the predicted and actual resistance values. The overall R-value of 0.99973 also 
indicates a strong correlation between predicted and actual values. These results suggest that the 
proposed system performs well and accurately predicts the sensor's resistance. 

Table 2 given in Appendix 1 displays the results of the BPNN evaluation for sensors with 
varying numbers of layers. The performance of the BPNN was assessed using the mean squared error 
(MSE) and correlation coefficient (R) metrics. Please refer to Table 1 for detailed information. 

The results shown are based on testing different types of sensors with different numbers of 
layers. The sensors were evaluated using MSE and R. 

Mean squared error is a measure of the difference between the predicted values and the actual 
values. The lower the MSE, the better the performance of the sensor. A correlation coefficient 
measures the strength and direction of the relationship between predicted and actual values. The 
closer the correlation coefficient is to 1, the stronger the relationship between the predicted and actual 
values. 

The results show that the performance of the sensors varies depending on the number of layers. 
Generally, increasing the number of layers in the sensor improves its performance, as shown by the 
decreasing values of MSE and increasing R values. However, in some cases, the sensor's performance 
decreases as the number of layers increases. 

These results provide valuable insights for designing and optimising sensors for various 
applications. 

Results obtained from testing the BPNN for a tactile sensor with varying layers show that the 
proposed method is effective in modifying hysteresis nonlinearity in soft tactile sensors based on 
piezo resistance materials. The BP algorithm adjusted the neural network weights, resulting in good 
convergence and high accuracy in compensating for the effect of hysteresis. 

This study's contribution lies in proposing a method for improving the performance of tactile 
sensors by capturing the nonlinear relationship between force and resistance values using a 
combination of polynomial regression and neural network techniques. The resulting models can be  
interpreted better  and are easier to understand than the complex mathematical models used in 
Preisach or Prandtl-Ishlinskii models, making them more suitable for practical applications in various 
fields such as robotics, medical devices, consumer electronics, and gaming. 

However, the choice of modelling technique depends on several factors, such as the specific 
application, the complexity of the hysteresis behaviour, and availability of the data. In some cases, 
more complex models may be necessary to capture the sensor output's hysteresis accurately. Overall, 
this study demonstrates the effectiveness of combining machine-learning techniques for improving 
the performance of tactile sensors. The proposed method is a promising approach for future research 
in this field. 

8. Conclusions 

In summary, tactile sensors are an array of force sensors that provide pressure maps, and many 
of them are based on polymers due to their ability to conform to different surfaces and to withstand 
high forces at a low cost. However, these sensors often suffer from hysteresis and drift, negatively 
impacting sensor performance. Various modified Preisach and Prandtl–Ishlinskii (PI) models 
compensate for these errors into the model and for asymmetrical hysteresis nonlinearities.  

In this research, we tried to improve the soft tactile sensors based on piezoresistance materials. 
These sensors are promising for applications with a large area but suffer from hysteresis, which limits 
their accuracy. To address this issue, we developed a BPNN to modify the hysteresis nonlinearity of 
conductive fibre-based tactile sensors. 
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In the current study,  multiple sensor units were developed with different layers and the output 
resistance was collected by applying force sequences on the sensors. These force sequences, along 
with the corresponding corrected resistance values, were utilized to train a BPNN. This network 
exhibited good convergence and demonstrated high accuracy during the training process. 

To assess the effectiveness of the trained BPNN, we conducted validation experiments using 
new datasets. The results of these experiments revealed a significant reduction in the maximum error 
caused by hysteresis. This reduction signifies the BP network's ability to effectively address 
nonlinearity in soft tactile sensors, resulting in improved accuracy. 

The proposed approach outlined in this paper holds immense promise for enhancing the 
accuracy of soft tactile sensors. Its potential implications span across various applications, including 
robotics, prosthetics, and human-computer interfaces, where precise and reliable sensing capabilities 
are of utmost importance. By advancing the accuracy of tactile sensors, this research contributes to 
the existing knowledge in the fields and paves the way for future advancements in practical 
implementations. 

Appendix 1 

Table 2. Comparison of Neural Network Performance with Different Numbers of Sensor Layers.

Layers Observation MSE R 
1 6 9.41E-05 0.996 
1 11 0.0039 0.9975 
1 14 0.0515 0.9992 
1 18 0.0263 0.9988 
1 21 0.0058 0.9997 
1 29 9.9327E-05 0.999 
1 46 0.0261 0.9972 
3 6 6.7356E-05 0.999 
3 11 0.0045 0.9983 
3 14 0.0515 0.9992 
3 18 0.1109 0.9997 
3 21 0.0028 1 
3 29 0.1510 0.9973 
3 46 0.0114 0.9984 
6 6 0.0001 1 
6 11 0.0055 0.9997 
6 14 0.0107 0.9998 
6 18 0.1736 0.9995 
6 21 0.0051 1 
6 29 0.0051 1 
6 46 0.0042 0.9994 
12 6 0.0034 0.9992 
12 11 0.0222 0.9985 
12 14 0.0842 0.9989 
12 18 0.9985 0.9993 
12 21 0.2538 0.9965 
12 29 0.9731 0.9728 
12 46 0.2597 0.9964 
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