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Neural networks for efficient touch detection
on capacitive panels

Oleksandr Karpin®?, Zinovii Liubun, Vasyl Mandziy, and Andriy Luchechko

Abstract—The advancement of capacitive-based touch panel
technologies has opened new opportunities for their incorporation
into embedded devices. However, this progress also underscores
the need for improved software algorithms to achieve high
precision in calculating touch coordinates. Traditional position
calculation methods often exhibit diminished accuracy when
applied to smaller panels, and modifying and tuning these methods
can be time-consuming and labor-intensive. To address these
limitations, this study investigates the performance of two neural
network architectures, specifically a two-layer fully connected
neural network and a radial basis function network, in enhancing
the accuracy of touch coordinate calculation. A key advantage of
these models is their ability to learn efficiently from limited
datasets while minimizing the risk of overfitting. The high touch
position accuracy achieved by the proposed neural network
solutions makes them suitable for deployment in devices with
limited computing resources, such as microcontrollers.
Furthermore, the simplicity of the proposed models enables their
implementation in embedded systems with low power
consumption, offering a practical and scalable solution for a wide
range of applications. Overall, the integration of these neural
network models in touch coordinate processing provides notable
benefits in terms of accuracy, efficiency, and adaptability.
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l. INTRODUCTION

HE proliferation of capacitive touch panels has gained

significant momentum in recent years. According to
market projections, the global touchscreen controller market is
anticipated to reach a substantial value of $22.2 billion within
the next decade [1]. This remarkable growth can be attributed to
a multifaceted array of factors, including the escalating demand
for touch-enabled consumer electronics, such as smartphones,
tablets, and laptops. Furthermore, the expanding integration of
touchscreens into various domains, including automotive
displays, home appliances, and industrial controls, has also
contributed to this trend. Additionally, advancements in touch
technology, particularly the development of flexible and
foldable displays, have played a crucial role in driving this
growth. The burgeoning trend of smart homes and Internet of
Things (1oT) devices has also created a surge in demand for
compact, energy-efficient, and highly responsive capacitive
touch panels. Moreover, continuous innovation in
semiconductor technology, and microcontroller architecture has
enabled the development of high-performance touch controllers,
which have further accelerated the adoption of capacitive touch
panels.
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Concomitantly, the effective utilization of capacitive-based
touch panel technologies necessitates the development and
refinement of sophisticated software algorithms to ensure high
accuracy and precision in the computation of touch coordinates
[2-4]. Existing approaches for position detection in capacitive
sensor devices can be broadly classified into two main
approaches: traditional analytical methods and machine
learning-based methods. Traditional methods, such as centroid
calculation and peak detection, are widely used due to their
simplicity and reasonable accuracy in many capacitive sensor
devices [2], [3]. They are simple to implement and provide good
accuracy in many cases. However, they can be limited by noise,
interference, and the non-linear response of the sensor, which
can significantly degrade performance in compact or high-
density touch panels. Machine learning-based methods, such as
neural networks and support vector machines, have been
increasingly used in capacitive sensor devices in recent years
[5]. These methods can provide better accuracy and robustness
than traditional methods, especially in cases where the sensor
response is non-linear or noisy.

One of the primary challenges in developing neural network-
based touch detection systems is the limited amount of data
available for training, which precludes the use of deep neural
networks with a large number of parameters. Such networks are
prone to overfitting, resulting in decreased noise resistance and
reduced recognition accuracy. Under these conditions, the use
of compact models is advisable, as they can achieve high
recognition accuracy using minimal datasets while maintaining
computational efficiency. Additionally, capacitive sensing
systems often operate in low signal-to-noise environments,
where interference, parasitic capacitance, and temperature drift
complicate the extraction of reliable signals. Several
methodologies have been proposed to address these challenges,
including filtering, amplification, noise reduction, and using
machine learning [4], [6-10].

This article proposes two effective neural network
architectures with a small number of weighting coefficients:
a two-layer Fully Connected Neural Network (FCNN) and
aneural network based on Radial Basis Function Network
(RBFN). Both models are specifically designed for use in
embedded devices, providing an optimal balance between
recognition accuracy and computational load. Moreover, they
maintain high noise immunity even when trained on limited data
sets, making them suitable for a wide range of applications.

The proposed neural network models are characterized by
their simplicity, efficiency, and adaptability, making them ideal
for integration into embedded systems with limited hardware

Zinovii Liubun is with the Department of Radiophysics and Computer
Technologies, Ivan Franko National University of Lviv, Ukraine.

© The Author(s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY 4.0,
https://creativecommons.org/licenses/by/4.0/), which permits use, distribution, and reproduction in any medium, provided that the Article is properly cited.


https://creativecommons.org/licenses/by/4.0/

2

resources. The use of these models can significantly improve the
accuracy and robustness of touch detection systems, thereby
enabling the development of more sophisticated and user-
friendly interfaces for next-generation embedded systems.

1. RESULTS OF THE STUDY AND THEIR DISCUSSION

A. Materials and methods

Figures 1, 2 shows the two neural network architectures used
in the study: a two-layer fully connected neural network and
a radial basis function network.
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Fig. 2. Radial basis function neural network

A fully connected neural network’s equations for the first and
second layers are expressed as:
hj = f(b}' + Ziwi - x;)
Outj = f(bJZI + Zi Wiz]-l " hl)
where x; are the inputs, w/}, w' and b}, and b/* are the weights
and biases of the hidden and output layers, f is a non-linear
activation function (ReLu in this work).
The Gaussian radial basis function is defined as:

1)

(=e)®
yi=e ° )
Outj = Zi Wij . hi
where ¢; represent the centres and o; represent the widths or
spreads of the radial basis function.
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The models were trained on a small sample of training
examples obtained during real measurements of touch panel
signals shown in Figure 3.
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Fig. 3. Capacitive touch panel
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To ensure consistency and repeatability of measurements, a
custom experimental setup was developed for data collection for
further training of the neural network (Figure 4).

Fig. 4. Setup for data collection

Bachin T-A4 drawing robot was adapted for the automated
data collection and touch panel testing, as depicted in Figure 5.

Fig. 5. Setup on robot

The schematic illustration depicted in Figure 6 delineates the
interfacing protocol for interfacing the touch panel (Figure 3)
with the PSOC™ 4 MCU from Infineon. This setup employs the
mutual capacitance sensing technique as the primary
measurement method. In this configuration, capacitance is
defined as the capacitive coupling that occurs between two
distinct electrodes, wherein one electrode is designated as the
transmit (Tx) electrode and the other as the receive (Rx)
electrode. The measurement process involves applying a signal,
whose value oscillates between the supply voltage and either
a ground potential (GND) or half of the supply voltage, to the
Tx electrode. This oscillating signal induces a charge on the Rx
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electrode, the magnitude of which is directly proportional to the
mutual capacitance (Cy,) existing between the two electrodes.
The amount of charge received by the Rx electrode is
subsequently measured by the MCU, providing an indirect
quantification of the mutual capacitance.

When a conductive object such as a human finger approaches
the touch surface, it alters the local electric field distribution and
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consequently the mutual capacitance. The mutual capacitance
sensing technique relies on the principle that the presence of
a conductive object, in proximity to the touch panel, alters the
capacitive coupling between the Tx and Rx electrodes. This
alteration in capacitance is then detected and processed by the
PSOC™ 4 MCU, enabling the accurate determination of touch
position and movement on the touch panel.

vce
R5
§ 10k
XRES i
vce T ci
1 o1uF
U1 iy - salie =
- - ¥ o v 07
Rx0 R6 560 13 g c2 | c3
A  P0.0 XRES [
Rx1 R8 "\~ 560 141 b0’y 1uF 0.1uF
171 Po.4
2Bp10 voDD 2} =
[x0 B AN 24 p2.0 VCCD [
x1 R7 560 1 20 \
< AN P2.1 VSSD
X2 R10 560 2 22 (o -~
it . 2 pP2.2 VSSA {5 [
X3 R2 560 3 1uF
+ P2.3 EPAD
x4 R13 .. 560 4] po's |
Tx5 14 A 560 5 | P2, P 115 — R1 A shield /<SHLD
—Te 5 560 s 2.5 0.2‘ P03 VINCNZERD 2
— iR SWoio o] P3.0 P03 1— =
'SWDCLK_8| P32 pas 12
7 RIE . . 560 g| P33 4.3 [
Ri7 .. 560 jo| P4.0 P4.2 1 TP3
—1Ix8 : - P4.1 L.l POT3
~ Cy8C4046_QFN24 cz| | cs
22nF == == 2.2nF
|| vee
E T 107 1
L — L] vec
R18 R19 vce
10k 10k J1 e
1 1 [] P2
2 | | GND
1 XRES 3
SWDCLK R20 . 100 SCL1 4 —
SWDIO b 21 7\ Ay 100 . SDAT 5 | =
|
| " '8 CONS
G5 = o5 G6 =
100pF | ) 100pF
Fig. 6. Schematic for touch panel connection with PSOC™ 4 MCU
To streamline the testing process, a custom C# graphical user .
interface  (GUI) was developed with the following penelXsze 432 mm  Xstep 11 mm ()
functionalities: panel Y size 9.6 mm Ystep 1.1 mm
» automatically generate G-code (nc file) to o swap X0¥ B
manipulate the drawing robot for the data collection Yorigin 1872 mm  remtoorigin @

and accuracy tests;
automatically create a .txt file containing X and Y
robot touch coordinates;
e save and load the panel configuration parameters.

The Robot GUI (Figure 7) consists of three main blocks:
input parameters, executive blocks, and a schematic view.

For executing the generated motion commands, the Grbl
Controller software was used, as illustrated in Figure 8.

input parameters

executive block

[\ Generate G-code Save Load

Fig. 7. Robot GUI interface
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Fig. 8. Grbl Controller interface for test execution

The neural network models were trained using gradient-based
optimization methods, a class of algorithms that minimize the
loss function and optimize the model’s parameters. The limited
number of training examples available required the use of data
augmentation methods to artificially increase the size of the
training dataset. This was achieved by adding random noises to
the real-time measured signals, which were subject to a normal
distribution with zero mathematical expectation and different
values of the standard deviation. The addition of Gaussian noise
to the training data had the effect of increasing the model’s
resistance to interference that may occur during the actual
operation of the touch panel. This is because the model was
trained to recognize patterns in the data that are robust to noise,
which improved its ability to generalize to new, unseen data.

After creating the augmented dataset, it was mixed and then
divided into three subsets: training, validation, and testing. The
training subset was used to train the model, the validation subset
was used to evaluate the model’s performance during training
and prevent overfitting, and the testing subset was used to
evaluate the model’s performance on unseen data.

The input data for the neural networks consisted of six signals
from the sensors that surround the touch point, which was
determined by the signal with the maximum amplitude. All
input values were normalized to eliminate the influence of
external factors that could change the baseline signal amplitude.
It is worth noting that normalization is a common technique in
machine learning used to ensure that all input features are on the
same scale, thereby improving the model’s performance and
preventing features with large ranges from dominating the
model. Most attention was paid to the cases where the touch was
located on the edge of the touch panel, since this is the area
where traditional analysis algorithms demonstrate the largest
errors in determining the position of a touch. The edge of the
touch panel presents a challenging region for touch detection
algorithms, as the signal strength is often weaker and more
susceptible to interference from external factors.

To address this challenge, the neural network models were
designed to learn features that are robust to noise and
interference, and to accurately detect touches on the edge of the
panel. The models were trained on a dataset that included a large
number of examples of touches on the edge of the panel, which
helped to improve their performance in this region.
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The signal-to-noise ratio (SNR) was estimated using the
relationship:
SNR = ASignal (3)
6*0noise
where Ag;gnq is the signal amplitude and oy, is the standard
deviation of the noise.

B. Results of the study

A comprehensive simulation study was provided to evaluate
the efficacy of two distinct neural network architectures for
determining the coordinates of a touch on a capacitive surface.
The primary objective was to assess and compare the
performance of these architectures in terms of localization
accuracy and noise robustness, particularly when trained on
a limited dataset.

The simulation results reveal that both proposed neural
network structures exhibit high localization accuracy, even
when trained on a limited amount of data. This finding suggests
that the developed architectures are capable of learning complex
patterns and relationships within the data, enabling them to
accurately determine the coordinates of a touch on the touch
surface.

TABLE |
COMPARISON OF NEURAL NETWORKS BY ACCURACY

Two-layer fully-connected network

Number of neurons SNR under network testing M
8 16 0
8 8 0
8 4 <2%

Neural network with RBF

Number of neurons SNR under network testing M
18 16 0
18 8 0
18 4 <1%

The neural network with radial basis functions (RBF)
demonstrated particularly high accuracy and robustness against
noise. This architecture boasts a high generalizing ability, is
easily trained even on noisy data, and allows for a low error rate
in a wide range of noise levels. The RBF architecture’s localized
activation and inherent smoothness of interpolation make it
especially effective for modeling the nonlinear mapping
between sensor signals and physical touch positions. In
particular, when using 18 basis functions, the RBF network
achieved zero instances of localization errors exceeding 1 mm
at significant noise in the input data (SNR = 8). Even at a higher
noise level (SNR = 4), the share of significant errors remained
below 1%. These results confirm that the RBF network is highly
effective in mitigating the effects of noise and achieving
accurate localization.

In contrast, the two-layer fully connected neural network has
a simpler implementation and requires lower computing
resources. This makes it well-suited for use in embedded
microprocessor systems where hardware resources and power
consumption are constrained. At the same time, the network
provided high accuracy for moderate noise levels (SNR > 8).
With a stronger noise (SNR = 4), the share of significant errors
remained below 2%. This balance between computational



NEURAL NETWORKS FOR EFFICIENT TOUCH DETECTION ON CAPACITIVE PANELS 5

simplicity and accuracy highlights that the two-layer fully
connected network is a viable alternative for applications where
computational resources are limited, such as in low-power and
real-time embedded systems.

The generalized test results of the above architectures are
shown in Table I. Indicator M displays the percentage of test
vectors for which the modulus of an error in determining the
touch coordinate exceeds 1 mm.

The two-layer fully connected network was trained on 300
“clean” training pairs and an additional 300 synthesized pairs
created by adding Gaussian noise at an SNR of 16. This training
dataset was designed to simulate real-world conditions, where
noise is often present in the input data. Similar data sets were
used to train the RBF network, but with a lower noise level
(SNR = 4) to test its resilience under more challenging
conditions. The obtained results suggest that these
configurations are optimal for achieving the best compromise
between the accuracy, noise tolerance, and implementation
complexity. The two-layer  fully-connected  network
demonstrated high accuracy and robustness to noise, while the
RBF network showed exceptional noise tolerance and
generalization ability.

The distribution of testing errors is illustrated in the
histograms (Figure 9), which reflect the nature of the network
operation under noise conditions for the worst examples from
Table I.

Error Histogram (SNR=4.00)
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Fig. 9. Histograms of testing errors: (a) — two-layer fully connected NN,
(b) — radial basis function NN

Figures 10, 11 illustrate the graphs of the testing error field
for the same examples as in Figure 9. Here, the beginning of
each arrow is the actual touch position (in millimeters), and the
end of the arrow is the position calculated by the neural network
implemented in the PSOC™ 4 MCU microcontroller.

Error Field Plot for 8mm Finger
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Fig.10 Error field plot for two-layer fully connected NN
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Fig. 11. Error field plot for radial basis function NN

To validate the simulation results under real operating
conditions, real-time testing was performed using an actual
finger interaction on the touch panel surface. The example of
a vertically oriented finger swipe (from bottom to top) is shown
in Figure 12, confirming the strong agreement between
simulated and experimental results.



Fig. 12. Example of finger trajectory when swiping vertically touch
panel from bottom to top

Overall, the results of this study demonstrate the potential of
compact neural network architectures to provide accurate and
robust touch localization, highlighting the importance of
carefully considering the trade-offs between accuracy, noise
tolerance, and implementation complexity in the design of touch
sensing systems.

1. CONCLUSIONS

The proposed models, comprising a two-layer fully
connected neural network and a radial basis function neural
network, have demonstrated high positioning accuracy even
under challenging conditions, including the presence of noise
and limited training data. These results confirm that both
architectures are robust and effective in determining the
coordinates of a touch on a touch surface, making them suitable
for a wide range of applications.

The RBF network, in particular, has exhibited to be highly
effective due to its exceptional generalization capability, high
noise resistance, and fast training times. These characteristics
make it an attractive choice for applications where accuracy and
robustness are critical, and where the availability of training
data is limited. The RBF network’s ability to generalize well to
new, unseen data also makes it suitable for applications where
the touch surface is subject to variations in noise, temperature,
or other environmental factors.

On the other hand, the two-layer fully connected architecture
has a simpler structure and lower computing resource
requirements, making it an ideal choice for implementation in
microcontroller-based embedded devices. This is particularly
important in applications where power consumption, memory,
and computing capabilities are limited, such as in wearable
devices, mobile devices, or other portable systems. The two-
layer fully-connected network’s simpler structure also makes it
easier to train and deploy, reducing the overall development
time and cost.
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One of the key advantages of both networks is their low
computational requirements, which makes them suitable for
integration into systems with limited power, memory, and
computing capabilities. This is particularly important in
applications where energy efficiency is crucial, such as in
battery-powered devices or other systems where power
consumption must be minimized. The low computational
requirements of both networks also make them suitable for real-
time applications, where fast and accurate processing of touch
data is critical.
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