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Keywords Abstract
Artificial Neural In this study, a cost-effective tactile sensing system based on optical sensing technology
Networks, was developed. The proposed system consists of a 4x4 sensor array designed for surface
Machine Learning, shape detection and force-based signal acquisition under external loading. During
Optical Tactile operation, the applied force is converted into an optical signal, and the acquired sensor
Sensors, outputs are classified by an artificial neural network (ANN) model. Variations in surface
Pattern Recognition, patterns, such as flat, wavy, and edged structures, produce different optical intensity
Tactile Sensors. distributions depending on the applied force, enabling the recognition of surface

characteristics. Using only 16 sensors, the developed system achieved effective surface
classification with a spatial force sensitivity of 2.15 N/cm?. The ANN-based model
achieved a surface profile identification accuracy of 94.2%. The developed sensing
system offers a low-cost and effective solution for applications requiring surface
recognition and object classification in automotive, industrial and robotic systems.

1.Introduction

As aresult of the development of technology and the efforts to significantly reduce human needs, industrial robots
are increasingly taking over tasks. The capabilities of industrial robots, which are of great importance, especially
in areas requiring micro-processing such as production, biomedical, and healthcare, vary [1]. As these robots
continue to develop, they are expected not only to perform their intended tasks but also to adapt to changing
environments, support autonomous operation, and enable safe interaction [2]. In this context, tactile sensing plays
an important role by allowing robotic systems to perceive and interpret physical contact. Tactile sensors required
for this interaction are often costly, since high resolution, sensitivity, and reliability are generally expected at the
same time during operation [3].

Inspired by the human sense of touch, tactile sensing systems have been developed to detect and interpret
mechanical stimuli generated during contact. In humans, touch perception is generally modeled through
cutaneous and kinesthetic sensing. Cutaneous sensing is associated with stimuli acting on the skin surface, while
kinesthetic sensing is related to receptors in muscles, tendons, and joints [4]. In robotic applications, tactile
sensors serve as the interface that captures such contact-related information and converts it into measurable
electrical or optical signals [3], [4]. Tactile sensing has therefore become an essential perception modality in
robotic manipulation, especially in applications where force distribution, surface condition, slip, or local contact
geometry cannot be estimated reliably through remote sensing alone. In addition to robot hands and grippers,
tactile sensing has also been studied in automation, biomedical instrumentation, human—robot interaction, and
minimally invasive procedures [1]-[3].
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A wide range of tactile sensing principles has been explored in the literature, including piezoresistive, capacitive,
piezoelectric, inductive, triboelectric, and optical approaches [2], [3]. These sensing mechanisms differ in terms
of sensitivity, repeatability, fabrication complexity, robustness, hysteresis, and susceptibility to electromagnetic
interference. As a result, no single tactile sensing principle can simultaneously maximize sensitivity,
manufacturability, robustness, and low cost for every robotic application [2]-[4]. In practice, high sensitivity,
sufficient spatial resolution, robustness, and repeatability are often expected simultaneously, which makes tactile
sensing system design challenging and, in many cases, costly [2], [3].

Among the available approaches, optical tactile sensing has attracted particular attention because of its wide
sensing area, reusability, and immunity to electromagnetic interference [3], [5], [6]. Optical tactile sensors
generally employ a deformable contact surface, a light source, and an imaging or light-detection mechanism to
interpret surface deformation and contact behavior. Such systems are often capable of providing dense tactile
information and high spatial resolution while being immune to electromagnetic interference [3], [5], [6].
However, many optical tactile sensing systems rely on relatively complex and expensive hardware, such as
cameras, fiber-optic elements, and demanding calibration or alignment procedures [5]—[7]. Although these
methods can provide high-quality tactile information, their hardware burden may limit their use in practical low-
cost robotic applications.

One of the most influential examples in the field is GelSight, which demonstrated that a soft optical tactile sensor
can estimate contact geometry and force-related information through detailed observation of elastomer
deformation [7]. This work had a strong impact on later optical tactile sensing studies by showing that high-
resolution visual deformation analysis can provide rich tactile perception. Similarly, TacTip introduced a family
of soft optical tactile sensors inspired by the morphology of the human fingertip and showed that compliant,
biomimetic tactile sensing structures can be adapted to different robotic applications [8]. Another important step
in the literature was the development of more compact and accessible optical tactile sensors. DIGIT was
introduced as a low-cost, compact, and high-resolution tactile sensor suitable for in-hand manipulation tasks,
helping optical tactile sensing move closer to practical robotic deployment [9]. More recently, Evetac extended
this concept by using an event-based camera instead of a conventional RGB camera, enabling higher temporal
responsiveness and improved performance in dynamic tactile events such as slip and vibration [10]. These studies
show that optical tactile sensing continues to evolve not only in sensing quality but also in compactness and
temporal capability.

In addition to camera-centered optical systems, several studies have explored fiber-based tactile sensing
architectures. Sato et al. developed a finger-shaped GelForce sensor capable of measuring surface traction fields
for robotic hands, demonstrating that optical tactile sensing can be implemented in finger-like structures suitable
for dexterous interaction [11]. Xie et al. proposed a pixel-based optical fiber tactile force sensor for robot
manipulation, in which force-related information was estimated through changes in light intensity [12].
Kampmann and Kirchner presented a multi-modal tactile sensing system for underwater manipulation that
combined fiber-optic and piezoelectric sensing principles, illustrating the adaptation of tactile sensing to harsh
and visually challenging environments [13]. Another branch of the literature has focused on embedding optical
or fiber-based tactile sensing into robotic skins and manipulators. Massari et al. integrated Fiber Bragg Grating
strain sensors into a tactile sensing structure for a robotic manipulator and showed that tactile feedback can
improve both control and object interaction performance [14]. Kappassov et al. also proposed a color-coded fiber-
optic tactile sensor for an elastomeric robot skin, where optical fibers and a color camera were used to estimate
contact-related information on a deformable surface [15]. These studies suggest that distributed tactile sensing
over soft surfaces remains an active and promising area in robotic interaction research.

Beyond industrial robotics, tactile sensing concepts have also been investigated in biomedical applications. Jeong
et al. reported a triboelectric touch sensor for position mapping during total hip arthroplasty, showing that tactile
sensing principles can be used in medical tools and contact-aware clinical procedures [16]. This broader
perspective indicates that tactile sensing is important not only for robotic manipulation but also for healthcare,
monitoring, and contact-sensitive human-centered systems.
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Overall, the literature reveals a clear trade-off. High-performance optical tactile systems are often based on
cameras, fiber-optic structures, or complex illumination and calibration setups, which improve sensing quality
but also increase cost, system size, alignment difficulty, and computational load [5]—-[15]. Therefore, despite the
advantages of optical tactile sensing, there remains a clear need for simpler, lower-cost, and easier-to-integrate
optical tactile sensor designs for practical robotic use.

In this context, the present study proposes an LED-based optical tactile sensing approach that reduces hardware
complexity while still providing effective pattern classification performance. The developed system uses a 4x4
sensor array consisting of 16 sensors and detects deformation caused by physical contact without camera-based
imaging. The acquired sensor signals are processed using an artificial neural network (ANN)-based classification
approach for the recognition of different surface patterns. The system was evaluated using five different surface
classes, and the proposed ANN-based model achieved a classification accuracy of 94.2%. In addition to its
classification performance, the system maintains a low total cost of approximately 20 USD, making it a practical
and economical alternative for applications requiring surface recognition and object classification in automotive,
industrial, and robotic systems. In this respect, the study contributes both to the development of simplified optical
tactile sensing hardware and to the effective use of machine learning-based classification in low-cost tactile
sensing applications.

2.Methods

This study aims to design and implement an optical tactile sensing system to recognize and classify the shape of
objects. The system was designed to distinguish variations in the surface patterns of objects and categorize these
shapes into distinct groups. The basic component of the system is based on the optical-based force sensor
produced by us. After ensuring its accuracy, a sensor array consisting of 16 sensors was created and integrated
into the custom-designed gripper. Upon completion of the system implementation, a series of tests was conducted
to evaluate the system’s ability to categorize different surface shapes accurately and reliably. After the theoretical
studies of designing the optical tactile sensing system were completed, calibration operations were carried out.
To calibrate the sensors, the same weights were tested with a well-known force sensor, the RP-S40-ST, known
to comply with golden standards. This led to a comparative analysis between the two systems. Following the
successful calibration phase, the system was integrated into the custom-designed robot arm, enabling it to grasp
objects with various surface properties. Subsequently, the data collected from the sensors underwent training and
testing using MATLAB-based artificial neural networks. This comprehensive study includes the following parts:
Mechanical design, sensor design, and software design, all contributing to the creation of a robust and reliable
tactile sensing system.

2.1. Mechanical Design

The mechanical structure of the system was designed to provide controlled gripping motion and stable contact
between the object surface and the sensor array. The proposed mechanism consists of a bottom fixed sensor
platform and an upper moving gripper structure. The upper part is responsible for applying force to the target
object so that the surface pattern can be transferred to the sensors in a repeatable manner. The mechanical
components were first modeled in CAD and then fabricated using a 3D printer. The overall structure was designed
to ensure proper alignment between the moving gripper and the sensing region. A rack-and-pinion-based
transmission mechanism was used to convert the rotational motion of the motor into linear motion. The gear
design can be expressed with the following formula m = d/N where m represents the ratio between the pitch
diameter and the number of teeth, N represents the number of teeth, and d is the pitch diameter in mm [13]. For
Gear), the ratio was set to 1.5 m;= 56/36, and Gear; ratio was set to 1.66 m>= 40/24 so that it could hold
objects without damaging them. A brushless DC electric motor, NEMA 23 with a step angle of 1.8 degrees, was
used for mobility and compression in the mechanical design, thus providing a linear spatial resolution of 1.12
mm along y axis. This ensured gentle holding. This configuration allowed the upper gripper to move vertically
and apply force to the object placed on the sensor array. The actuation system was designed to provide sufficient
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holding force while maintaining controlled displacement. The motor drives the transmission mechanism and
enables the gripper to move downward until contact is established with the object surface. The applied force
allows the surface geometry of the object to be reflected on the sensor outputs through the deformation of the
sensing structure. The designed robotic system weighs approximately 4 kg post-assembly and wiring, shown in
Figure 1. Thus, designed system ensures standardized and repeatable loading conditions during the data collection
process.

Top Gripper

Figure 1. Gripper system

2.2.Electronic Design

2.2.1.Sensor Design

In this study, a sensor consisting of a gallium arsenide infrared emitting diode and a silicon phototransistor housed
in a plastic package was used with a spacing of 7 mm. For each sensor, a blocker mechanism was designed to
interrupt the light path between the emitting diode and the phototransistor. This mechanism was designed in CAD
and fabricated using PLA material with a 3D printer. The system also includes two springs for each sensor.

The purpose of this mechanism is to allow linear downward motion under an applied load and to insert the blocker
part between the emitting diode and the phototransistor. As a result, the sensor voltage decreases and the output
value approaches zero. In this way, the presence of a load on the sensor can be detected. For example, when the
object gripped by the gripper has a flat surface, most or a certain group of sensors produce consecutive values
close to zero. In contrast, when the object has an irregular serrated surface, non-consecutive and more distant
sensors tend to produce values close to Zero.

An experiment was conducted to find out the spring constant F'=kAx of the springs used in this system, where F
is the applied force, k is the spring constant, and Ax is the amount of compression, since it was not known. The
amount of compression of the spring was measured by increasing the force applied to a single spring in the
experiment. The curve fitting method was used to reach the experimental result with the data that was received.
Using the spring constant formula of the experimental data, the spring constant was calculated, which is k = 0.098
N/mm.
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Figure 2. Designed sensor

2.2.2.Sensor Comparison

In the market research, the RP-S40-ST force sensor was selected for comparison with the designed sensor. The
graph was drawn after the normalization according to the maximum value obtained by different forces applied
on the sensor. The mV produced voltage with respect to force is given below.
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Figure 3. Reference force sensor (RP-S40-ST): Normalized Force vs Output Voltage (mV)
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Figure 4. Proposed optical sensor (linearized): Normalized Force vs log (Output Voltage)
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The change in the m ) value measured by the sensor as the force on the sensor increases is shown in Figure 3 and
4. These two graphs illustrate the different behaviors of the sensors. Figure 3 shows the linear force-stress
relationship of the commercial reference force sensor. In contrast, Figure 4 shows the linearized form of the raw
data of the proposed optical sensor, which exhibits an exponential response, after applying a logarithmic
transformation. Therefore, the two figures allow for a comparison of the direct linear response of the reference
sensor with the linear form of the nonlinear response of the proposed sensor obtained after logarithmic
transformation. During linearization, the mechanical behavior was modeled by Hooke’s law ( F = kx ); because
the screen moves horizontally, light obstruction is proportional to spring compression (y = x ). The relationship
between the amount of blocking of LED light (y) and the output voltage (Vo) can be expressed as follows, with
the constants of the LED light (K) and the photo sensor (o).

Vo = Ke™™ €Y)
Combining y = x with F = kx (x = %) gives the system relation:
[24
Vv, = Ke(E)F (2)

For linearization, a logarithmic transformation was applied, yielding:

m(L) =+ (BF  c=mmX 3
n(Vref>_ +(E) ' _n(Vref> )

Comparing the force—voltage graphs, the slope was calculated as 0.60 N/mV for the reference force sensor and
0.08 N/mV for the proposed optical sensing system. Under the experimental conditions used in this study, the
optical sensor exhibited a more distinguishable response in the low-force region. In contrast, no stable and
measurable output was observed from the RP-S40-ST sensor for loads below approximately 50 g within the
present measurement setup. Therefore, the practical lower detection limit of the reference sensor was taken to be
around this value under the applied calibration and signal acquisition conditions. This behavior is considered to
be related not only to the intrinsic sensitivity of the sensor, but also to the characteristics of the experimental
setup and the signal acquisition process.
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Figure 5. Linearization circuit
2.2.3.Circuit Design

In this study, the Arduino Mega is used as a microcontroller. Because Arduino Mega has limited analog input,
we used a multiplexer (CD74HC4067). With this multiplexer, we were able to control 16 sensors in 1 analog
input. In electronics, a multiplexer, also known as a data selector, is a device that selects between several analog
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or digital input signals and forwards the selected input to a single output line. 4 sensor circuit diagrams with
multiplexer and Arduino Mega shown in Figure 6.
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Figure 6. The schematic representation of a circuit for 4 sensors

The pseudocode in Figure 7 summarizes the basic operation of the multi-channel sensor reading mechanism
designed based on Arduino. In the algorithm, each sensor channel is activated sequentially using a multiplexer
selection table, and the analog output of the corresponding channel is read via the Arduino. After assigning the
selection bits to the digital pins for each channel, a short waiting period is applied to support measurement
stability. Then, the voltage value obtained from the analog input is scaled to be suitable for digital processing and
saved to the sensor data vector. After repeating this process for all channels, the system collects the data from
multiple sensors into a single output vector. Thus, the proposed structure allows for the regular, systematic, and
scalable monitoring of many sensors with limited hardware resources.

Algorithm 1 Multiplexer-Based Sensor Reading Procedure

Require: Arduino object a, multiplexer channel table muxChannel
Ensure: Sensor vector x
numChannels < number of rows in muxChannel
x « zero vector of length numChannels
3: for channel = 1 to numChannels do
b1 + muxChannel(channel, 1), by < muxChannel(channel,2)
bs < muxChannel(channel,3), by < muxChannel(channel,4)
6: Write b; to digital pin D4
Write by to digital pin D5
Write b3 to digital pin D6
9: Write b4 to digital pin D7
Wait for 0.001 seconds
Read voltage from analog pin A0
Voltage x 1024
|4

[t

12 x(channel) +

end for
return x

Figure 7. Pseudocode for multiplexer-based sensor reading algorithm
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2.3.Software Design

For object surface recognition, a MATLAB-based artificial neural network (ANN) approach was used for
classification. The ANN model was developed and trained using MATLAB’s neural network tools. During the
initial data collection stage, three surface classes were selected for classification: flat-surfaced objects, serrated-
surfaced objects, and wavy-surfaced objects. For these classes, 16 pattern samples with different combinations
were designed and produced using a 3D printer.

The sensor values were transferred directly to the MATLAB environment, where the classification process was
carried out using the ANN model. For pattern recognition, the sensor outputs corresponding to the surface pattern
of each sample were used as feature vectors. After normalization, the acquired data were labeled according to the
corresponding surface classes and then used in the classification stage.

The pseudocode in Figure 8 presents the general flow of the main control and classification algorithm. The
algorithm first establishes the Arduino connection and defines the operating parameters of the system. It then
continuously monitors the left movement, right movement, and sensor reading commands through the related
digital input pins. When a left or right movement command is detected, the stepper motor is driven in the specified
direction for the defined number of steps. When the sensor reading command is active, all sensor data are
collected via the multiplexer, saved to a file, and transferred to the ANN model. Finally, the sensor values and
classification output are displayed on the screen. This structure integrates motion control, data acquisition, and
classification into a single real-time control framework.

Algorithm 2 Arduino-Based Main Control and Classification
Require: Arduino object a, digital input pins D11, D12, D13, motor control
pins D2 and D3, multiplexer selection table muzChannel
Ensure: Continuous motor control, sensor acquisition, and neural network clas-
sification
Jonnect to Arduino on COMS using Mega2560
Wait for 3 seconds
stepsPerMove « 20,  stepPulseDelay <+ 0.002, loopPause + 0.2
4: while true do
le ftCmd + read digital pin D12
rightCmd « read digital pin D13
senseCmd + read digital pin D11
8: if leftCmd =1 then
Write direction value 1 to digital pin D2
for k =1 to stepsPerMove do
Set digital pin D3 HIGH
12: Wait for stepPulse Delay
Set digital pin D3 LOW
Wait for stepPulseDelay
end for
16: Wait for loopPause
else if rightCmd = 1 then
Write direction value 0 to digital pin D2
for k =1 to stepsPer Move do
20: Set digital pin D3 HIGH
Wait for stepPulse Delay
Set digital pin D3 LOW
Wait for stepPulseDelay
24: end for
Wait for loopPause
else if senseC'md =1 then
# + READALLSENSORS(a, muzChannel)
28: Save x into matlab.mat
result +— MYNEURALNETWORKF UNCTION(z, 1, 2)
Display sensor values x
Display neural network output result
32: Wait for loopPause
end if
end while

Figure 8. Pseudocode for main control and classification algorithm
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The classification model was implemented in MATLAB using the Neural Net Pattern Recognition framework as
a shallow feedforward artificial neural network. The network consisted of 16 input neurons corresponding to the
voltage values obtained from the 4x4 tactile sensor array, a single hidden layer with 20 neurons, and an output
layer with a number of neurons equal to the number of target classes. The output layer used a SoftMax activation
function for multi-class classification. The model was trained using the MATLAB pattern recognition
environment, and the remaining training settings followed the default MATLAB configuration.

3.Classification and Training

Artificial Neural Network (ANN), which imitates the functioning of the human nervous system, tries to reveal
the hidden relationships in the data structure by using the data related to the problem at hand. This operation of
the network is called learning. The data coming from the sensor is transferred to the MATLAB environment after
being subjected to the necessary processes by Arduino. The sensor presents a voltage value as output over the
Arduino. This value ranges from 0 to 5V. The value changes depending on the shape change of the object placed
on the system. For example, when a heavy object is placed on the system, the obtained value approaches 0, while
this value becomes higher depending on the surface shape of the object. These values are displayed instantly by
Arduino on the output screen.

In this study, the classification stage was based on the outputs collected from the 4x4 tactile sensor array. Each
measurement sample consisted of the voltage values obtained from the 16 sensors after contact between the
gripper and the test surface. Therefore, each sample was represented as a 16-dimensional input vector and used
as the input of the ANN model. These input vectors reflected the spatial response of the sensor array to the
contacted surface and represented the surface pattern of the object.

After the acquisition stage, the sensor values were transferred directly to the MATLAB environment, where the
pattern recognition process was carried out using the ANN model. Before classification, the acquired sensor
values were normalized to provide a consistent input range for the ANN. After normalization, each input vector
was assigned a class label according to the corresponding surface pattern and then used in the supervised
classification stage. At this stage, pieces with different patterns were deliberately chosen to avoid memorization.
Instead of using many parts with the same characteristics, this possibility was minimized by using parts with
different characteristics, as shown in Figure 9.

Serrated Wavy Multi-Serrated Partially Wavy

Figure 9. Patterns with different surface characteristics

To increase the number of available data points and to use the sensor array in the most efficient way possible,
parts with different surface patterns were shifted on the sensor array, and data was collected from each sensor
according to different positions shown in Figure 10. In this way, multiple input vectors were obtained for the
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same surface type under different contact locations, which increased dataset diversity and reduced the possibility
of memorization. A total of 2500 data points were collected. To follow a more standard supervised learning
protocol, the dataset was divided into training, validation, and test subsets, with 70% of the samples used for
training, 15% for validation, and 15% for testing.

position #1 position #2

N

BHO0

b7

N0

9
DO

B
5

Figure 10. Pattern shifting positions

In classification tasks, the term target class refers to the category or label assigned to each data point. In this
study, the target classes correspond to the defined surface patterns shown in Figures 10 and 11. To evaluate the
performance of the classification model, confusion matrices were used for both the experimental and theoretical
cases. In these matrices, each row represents the actual class and each column represents the predicted class. The
diagonal elements indicate correct classifications, whereas the off-diagonal elements represent misclassifications.
The overall classification accuracy is calculated as the ratio of correctly classified samples to the total number of
samples.

The confusion matrix obtained under experimental conditions is presented in Figure 11. The experimental
analysis was performed using a more detailed class structure, in which additional surface variations were included
in the dataset. As a result, the experimental confusion matrix contains a larger number of classes and reflects the
performance of the model under more realistic and diverse testing conditions.

The analysis of the experimental confusion matrix shown in Figure 11 reveals consistent performance across all
datasets. The training set achieved the highest accuracy, with 94.2% of instances correctly classified. The
validation and test sets both yielded an accuracy of 93.3%, demonstrating that the model generalized well to
unseen data. Since there was no significant performance decrease from the training set to the validation and test
sets, the model did not show noticeable overfitting. When all datasets were considered together, the model
achieved an overall accuracy of 94.0%, indicating stable and reliable classification performance.

For comparison, the idealized class prediction structure is illustrated in Figure 12. Unlike the experimental case,
the theoretical confusion matrix was constructed using a simplified class definition based on the main surface
categories. Therefore, it contains fewer classes and serves as a conceptual reference for ideal classification
behavior. In this matrix, all correctly classified samples are located on the diagonal, while the off-diagonal
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elements are zero. This representation provides a reference for evaluating the deviation of the experimental results
from the ideal classification case.
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Figure 11. Confusion matrix in experimental setting
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Figure 12. Confusion matrix in a theoretical setting

4.Conclusions

In this study, we presented a new cost-effective tactile sensing system that utilizes optical technology. Equipped
with a sensor array for surface shape detection, this system can measure different force values when pressure is
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applied by external objects. The system's unique ability to convert applied force into an optical signal has been
instrumental in perceiving the shapes of various surfaces. Force detection sensors in the system enable the robotic
gripping mechanism to determine mechanical deformation according to the detected signal and classify surfaces
according to their texture. The system has proven effective in classifying structures through the recognition
process, thanks to a 4x4 sensor array containing only 16 sensors and the application of machine learning
techniques. Objects within the system exhibit irregular patterns that form a variety of structural shapes, resulting
in fluctuations in perceived optical density based on surface patterns such as wavy, flat, or edged, which are
affected by the applied force. The system achieved a 94.2% success rate in determining surface profiles,
highlighting its reliability and accuracy.

In practical terms, the proposed system has potential applications in industrial part sorting, robotic grasp
feedback, and surface-based quality control. Since the developed tactile array can distinguish different surface
patterns through ANN-based classification, it may be used in production environments where contact-based
identification of flat, wavy, serrated, or similarly structured surfaces is required. Its compact and low-cost
structure also makes it suitable for integration into robotic grippers and simple automation systems where surface
recognition and object classification are needed.

As a result, the designed system shows strong potential for applications requiring the recognition and separation
of mechanical parts, particularly in industrial and robotic environments. The success of this study paves the way
for further research and development in this field, potentially leading to more advanced and efficient tactile
sensing systems in the future.
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