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Abstract

This paper details the design and validation of a robotic hand resembling human
anatomy, featuring triboelectric nanogenerator (TENG) sensors for enhanced shape
and material identification. In contrast to conventional piezoelectric sensors—often
susceptible to temperature shifts and high production expenses—TENGs offer a self-
sustaining power source, simplified circuitry, economical fabrication, and robust dura-
bility. Leveraging these advantages, this work introduces a novel machine learning
framework that converts sequential TENG sensor data into two-dimensional represen-
tations, subsequently analyzed by a 2D convolutional neural network (CNN). Com-
parative studies with a standard 1D CNN approach reveal marked improvements in
performance: the 2D CNN model achieves classification accuracies of 98% for shape
recognition and 99% for material discrimination, surpassing the respective 94% and
98% attained via 1D CNN. Integral to this methodology are TENG sensor fabrica-
tion, noise suppression measures, a custom robotic hand design, and associated control
electronics. Real-time tests confirm the proposed system’s resilience and adaptability
in unstructured environments, highlighting the promising role of integrating TENG
sensors with advanced neural network architectures for autonomous, dexterous ma-
nipulation across a range of industrial applications.
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Chapter 1

Introduction

The pursuit of more sophisticated robotic hands hinges upon the creation of tactile

sensors capable of accurately identifying both shapes and materials. Within the

spectrum of sensor technologies, triboelectric nanogenerators (TENGs) have emerged

as a promising substitute for conventional piezoelectric sensors, primarily due to their

inherent ability to self-power [5, 29, 56, 20, 59], cost-efficient manufacturing process

[21], and heightened durability [54, 1]. These merits make TENGs highly appealing for

applications in autonomous robotics, including hands that emulate human dexterity.

Despite the effectiveness of traditional piezoelectric sensors, they exhibit certain

drawbacks such as heightened sensitivity to ambient temperature changes and ele-

vated production expenses. Conversely, TENGs utilize the triboelectric principle to

transform mechanical motions into electrical signals [5], offering a rugged and eco-

nomical sensor alternative. Their integration into robotic platforms can substantially

elevate a system’s capability to perceive and respond to physical contacts. Foun-

dational studies pioneered by Wang have underlined TENGs’ versatility and their

viability across various practical domains [50, 32, 51].

When used for classification tasks, conventional machine learning methods em-

ploying TENG-based tactile sensors often reach accuracy levels starting around 91%

[37, 38]. These traditional approaches commonly employ one-dimensional convolu-

tional neural networks (1D CNNs) [28, 44, 46, 48] to handle sequential data, thereby

capturing temporal patterns within the signals. Nonetheless, it has also been reported
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that classification accuracy with 1D signal processing can be as low as 82% in certain

TENG sensor-based applications [17]. Moreover, while 1D CNNs excel in extracting

temporal features, they may not fully leverage the inherent spatial structures in sen-

sor data [6, 47, 14]. Indeed, studies indicate that 2D CNNs generally achieve superior

accuracy [52], though the adoption of higher-dimensional models—such as 3D LSTM

networks—can yield classification rates of 94.1% to 99.2% [62], albeit at the cost of

increased data requirements and computational demands.

To tackle these challenges, this work introduces a novel strategy that converts

time-series TENG data into two-dimensional representations (images), subsequently

analyzed by 2D CNNs. By capturing spatial hierarchies in addition to temporal

characteristics, these 2D CNNs can potentially offer more robust and accurate shape

and material classification. Previous research has demonstrated that 2D CNNs ex-

hibit exceptional performance in diverse image-processing tasks [15, 34, 43, 39, 42],

underscoring their suitability for applications involving image-based data [15].

Deep learning approaches such as CNNs have transformed numerous fields, includ-

ing computer vision and industrial fault detection [15, 34], largely because of their

ability to capture multi-level feature representations [60, 22]. Within the mechanical

domain, for example, 2D CNNs have proven adept at fault diagnosis in rotating ma-

chinery [10], reinforcing the argument that they can effectively model complex spatial

dependencies.

By uniting TENG sensors with these advanced neural architectures, the resulting

tactile sensing platform gains significant reliability and precision—qualities crucial

for robotic manipulation. Accordingly, this paper expands upon prior breakthroughs

in TENG sensor development and CNN-based data processing, focusing particularly

on leveraging 2D image transformations of sensor signals for enhanced recognition.

The presented research offers a design for a human-inspired robotic hand out-

fitted with TENG sensors, achieving marked improvements in shape and material

detection. While various studies have validated TENG sensors in tactile systems

and CNN-based methods in pattern recognition, few endeavors have integrated two-

dimensional data representations for TENG signals to further boost accuracy and
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resilience. By proposing and validating this image-centric interpretation of sensor

outputs, the work establishes new performance baselines for TENG-driven tactile sys-

tems in robotics. Experimental comparisons between the standard (one-dimensional)

and proposed (two-dimensional) approaches highlight the higher effectiveness of the

latter in classification tasks. Detailed descriptions are provided for TENG fabrication

steps, noise-suppression techniques, hardware design of the robotic hand, and control

electronics implementation. Ultimately, the results illustrate the method’s robustness

in challenging environments, emphasizing the advantages of combining TENGs with

advanced 2D CNNs for a variety of industrial use cases.
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Chapter 2

Literature review

In the field of robotics, there are many devices to explore the environment in terms

of temperature, pressure or any other characteristics that humankind could sense or

perceive. The perception of touch is commonly referred to as the concept of haptics

or haptic touch [3]. Human haptics is one of the directions in which robotics work on

simulating the same sense for the robots. For this purpose, researchers have developed

tactile sensors.

2.1 Piezoelectric sensors

2.1.1 Piezoelectricity and piezoelectric effect

The term “Piezoelectricity” originated in 1880 and was discovered by French scientists

Pierre and Jacques Curie [41, 9, 45, 36, 33]. This effect, also known as piezoelectric

effect or polarization, describes the generation of electricity due to mechanical stress

applied to the substance [41, 9, 45, 4]. There also exists “piezo resistance” and “piezo

capacitance” that result from change in electrical resistance and capacitance of the

substances respectively due to mechanical stress [41, 9, 45]. The substance of interest

for piezoelectricity is a material with its crystal internal structure [3, 41, 9, 45, 36, 4].

Here it should be specified what “crystal internal structure” means. All environ-

ments around us consist of tiny particles called atoms. Atoms are building blocks
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of molecules and molecules are bonding in something bigger and so on. Crystalline

internal structure means that molecules appear in forms of crystal (see Figure 2-1).

Figure 2-1: Crystal structure of piezoelectric ceramic at different temperatures [9].

As it was mentioned, piezoelectric effect causes electricity and there is a need

to calculate the amount of generated electricity. The earliest attempt (in 1922) of

mathematical approval of calculating the amount of power (polarization) generated

from piezoelectricity considered the ground method of the concept and analyzed the

applied stress to the material [4, 45]. In 1972, Martin Richard wanted to challenge

this method by introducing new parameters of electric charges into the equation [35].

The term “uniform strain” in his work [35] appears in the more recent book published

in 2017 [45] meaning that the mathematical model described by Martin is consistent.

Even though mathematical models describe any phenomenon with good precision

and accuracy, in practical sense, the question stands whether it is efficient to apply

pre-established mathematical models. It should be mentioned that the first complete

device named “oscilloscope” which was able to sense any voltage in real time was

invented in early 1920s [7]. And ever since, it became a handful device for measuring

the amount of any electricity or in our case polarization. Later, in this work it will

be clearly seen that in experiments, practically, researchers rely more on such devices

rather than calculating mathematical models.
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2.1.2 Piezoelectric materials

As for now, piezoelectric materials are those that appear as crystals in their internal

structure and those that provide electricity due to application of the stress on them.

It was stated that one of such ceramics is made from lead titanate (PbTiO3) and it has

a second name of PZT polymer [41, 9, 45]. It is a common practice to manufacture a

tactile sensor from PZT polymer and analyze how much voltage it will generate due

to applied force [25, 19, 2]. In some specific cases [25], research refers to the histori-

cal mathematical model [4] to provide general information on theoretical principles.

Nonetheless, output voltage analysis of PZT sensors performed by researchers is con-

ducted via measurement tools [25, 19, 2]. It was stated that by application of force

about 0.12 N in magnitude, PZT tactile sensors could generate either 28mV [19] or

600mV [2] depending on the materials used in the sensor manufacturing process. For

better understanding of these results let’s compare them with other types of materials

used for piezoelectric sensors.

Another material which experiences a piezoelectric effect was discovered in 1969

by Kawai and it was made from polyvinylidene difluoride (PVDF) [9, 45]. One of

the early attempts in building a tactile sensor from PVDF was performed in 1995 by

Edward et al. [24]. In their experiment, they used several pieces of PVDF sensors

and arranged them in matrix form to see the output of each [24] (see Figure 2-

2). This procedure of making tactile sensors by arranging sensors in matrix form

was duplicated in much more recent works [25, 31, 57]. A logical consideration of

Figure 2-2 gives an idea of the working principle of the piezoelectric PVDF tactile

sensors. It is obvious that combination of each output in the matrix will give an

approximate shape of the object which is placed on top of the sensor. The question

is about the efficiency of such tactile sensors.

The response of the PVDF sensors with application of the 0.12N could vary with

approximate values of 7.5V [8], 60V [23], 30V [27]. These results are much higher

and better than those obtained from PZT sensors [19, 2]. Nonetheless, are there any

better types of tactile sensors with either greater voltage generation or with a more
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Figure 2-2: (a) Voltage response of each PVDF sensor in 3D plot. (b) Arrangement
of the PVDF sensors from top [24].

effective structure so that there is no need to arrange tactile material in matrix form?

2.2 Triboelectric sensors

2.2.1 Triboelectricity and triboelectric effect

If one puts the words “triboelectricity” or “triboelectric effect” into academic search

engines, the majority of appeared literature will be in form of review papers. This

leads to the conclusion that there exist more applications of such an effect rather

than definitions of the terms. One of the works which tried to give the definition of

the triboelectric effect was written by Cheng Xu et al. in 2018 [53]. They studied

the concept of two oppositely (positively and negatively) charged materials producing

electricity due to physical contact among them by citing the most accepted physical

concepts like Maxwell’s equation [53]. Nonetheless, this concept is used in older works

for fabrication of triboelectric nanogenerators under names of “TEG” [11] or “TENG”

[?]. The powerful schematics of the working principle was given by one of them [11]

(see Figure 2-3).
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Figure 2-3: Working principle of TEG [11].

2.2.2 Triboelectric materials

In fabrication of triboelectric nanogenerators researchers used either polyvinyl chlo-

ride (PVC) [11, 61] or polydimethylsiloxane (PDMS) [?, 55, 40]. Interestingly, most of

these works used capacitors to accumulate energy in their experiments [11, 61, 55, 40].

From globally accepted physics, capacitors are energy storing elements meaning that

TENG sensors are able not only to generate tactile feedback, but also to generate

excessive electricity that could be stored. For example, if one continuously taps the

TENG sensor every 2 seconds for 160 seconds, the accumulated 4.5V of electricity

in a capacitor could keep an electronic watch alive for 15 seconds [40], while others

argue that this electronic watch could work for 25 seconds if constant tapping lasts

for 200 seconds [55]. Furthermore, in comparison with conventional PVDF and PZT

piezoelectric sensors [19, 2, 8, 23, 27], despite the fact that the output was calculated

using the same method of application of some force applied to both PVC and PDMS

TENG sensors, the main characteristic which defined output voltage was frequency

[11, ?, 61, 55, 40]. Moreover, it is stated that the output voltage is dependent on

pressure only if it exceeded 70 000Pa of pressure [40]. The last two facts lead to the

idea that TENG sensors are more efficient than piezoelectric sensors if the application

requires a repetitive task where the frequency of repetition is more important than
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the force exerted on a tactile sensor.

2.3 TENG Sensor Fundamentals

The triboelectric effect, an electrostatic phenomenon that arises when two materi-

als with contrasting electron affinities come into repeated contact, underpins TENG

functionality [49]. This charge exchange manifests as measurable electrical signals,

allowing TENG sensors to act both as energy harvesters and sensing elements [16].

In robotics, TENGs can be molded to fit curved surfaces, such as finger phalanges,

making them well-suited for capturing tactile information in real time [30].

Initially, TENG-based sensor designs focused on verifying fundamental perfor-

mance metrics like output voltage range, response time, and cycle durability [26].

Progressively, researchers have begun to explore more advanced functionalities, such

as dynamic pressure mapping for object shape detection [12]. Emerging patterns

suggest that triboelectric signals inherently contain both temporal and spatial fea-

tures, which remain underutilized by straightforward threshold-based or 1D signal

processing approaches [18, 58].

2.4 Integration into Robotic Hands

Robotic hands often demand flexible, conformable sensors that can be embedded

onto multiple phalanx segments without hindering motion or adding excessive weight

[13, 30]. TENG sensors excel in such configurations because they do not require

constant external power; they harvest small amounts of energy from each contact

event [49, 18]. This reduces wiring complexity and can extend the autonomy of a

robotic system.

Although TENG sensors are promising, challenges persist:

• Environmental Sensitivity: Triboelectric signals can fluctuate due to vari-

ations in humidity, temperature, or surface roughness of contacting materials

[16].
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• Noise Interference: Single-electrode TENGs, in particular, are prone to ex-

ternal electromagnetic interference, necessitating noise-cancellation strategies

and carefully grounded circuits [13].

• Calibration Complexity: Ensuring consistent output across multiple TENG

patches requires calibration, especially if each patch has slightly different thick-

nesses or electroactive areas [12].

2.5 Machine Learning Approaches to TENG Signal

Analysis

2.5.1 1D CNNs and Their Limitations

Traditional machine learning frameworks for TENG data typically rely on 1D con-

volutional neural networks (CNNs) to process time-series signals [49, 58]. By con-

volving filters over time, 1D CNNs capture local temporal patterns, which can yield

high accuracy in controlled conditions [16]. For instance, some studies have reported

classification accuracies exceeding 90% for shape or surface recognition tasks [26, 30].

However, 1D CNNs often overlook spatial relationships—especially relevant if mul-

tiple TENG patches form an array across a robotic hand [13, 18]. Simply concatenat-

ing data from multiple sensors into a single sequence may discard valuable information

about where on the hand the contact occurred. As a result, classification rates can

drop in more complex scenarios, such as identifying diverse objects under varying

forces or angles of contact [12].

2.5.2 2D CNNs and Image-Based Representations

To address these deficiencies, numerous studies have transitioned toward **2D CNNs**,

converting time-sequential sensor outputs into image-like matrices [18, 58]. Each row

(or column) of this matrix could correspond to a specific TENG sensor at a particu-

lar time step, creating a grid that preserves spatial ordering across sensors [16]. This
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approach benefits from techniques honed in computer vision, where 2D convolutions

excel at discovering spatial hierarchies.

Recent work has demonstrated that 2D CNNs can achieve accuracy gains of up

to 5–10% compared to their 1D counterparts in tasks like multi-object recognition

or material identification [26, 30]. Besides improved accuracy, image-based methods

also foster data augmentation strategies—e.g., rotating or shifting the matrices—to

artificially expand the dataset, further enhancing model robustness [58].

2.5.3 Beyond 2D: LSTMs and 3D CNNs

While **2D CNNs** provide a balance between model complexity and performance, a

few studies are exploring LSTM (Long Short-Term Memory) layers or **3D CNNs**

to model deeper spatiotemporal features [13, 18]. These advanced architectures

can yield classification rates surpassing 95%, yet they often demand larger training

datasets and more extensive computational resources—conditions not always feasible

for real-time robotic control [12].

2.6 Noise Cancellation and Hardware Considerations

Recognizing the influence of external interference on TENG signals, recent research

efforts have emphasized **noise cancellation** techniques [26, 13]. Shielding sensor

leads, grounding all unused input pins, and implementing differential measurement

setups can greatly mitigate interference [16]. When combined with software-level

filtering—such as wavelet denoising or threshold-based segmentation—TENG signals

become more reliable for downstream machine learning models [18].

Hardware improvements also factor into these solutions. Advancements in flexible

electrodes and optimized polymer–metal layer designs have reduced sensor drift and

susceptibility to mechanical fatigue [12]. Meanwhile, calibrating each sensor pad

under varying force levels ensures consistent voltage outputs, enabling robust cross-

comparisons among different TENG patches on the same robotic hand [16].
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2.7 Research Gap and Proposed Direction

Despite progressive strides, large-scale deployments of TENG sensors in robotic hands

remain in early stages. Existing methods typically present high performance in **con-

trolled** laboratory settings, yet show vulnerability in **real-world environments**

(temperature fluctuations, dusty conditions, or inconsistent contact angles) [49, 58].

Moreover, bridging the gap between 1D and 2D data processing offers a tangible

path to enhance classification accuracy without incurring the resource overhead of

3D networks [13].

This work proposes a strategy combining **TENG sensor arrays**, **hardware-

based noise reduction**, and **2D CNN** frameworks, building on the literature that

demonstrates the viability and efficiency of TENG sensors [26, 30, 12]. By focusing

on image-based data transformations, the approach aims to capture both temporal

dynamics and spatial interrelationships. The outcome is expected to streamline shape

and material classification for a robotic hand—facilitating more stable grasping, nu-

anced manipulation, and overall improved autonomy.
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Chapter 3

Research Methodology

This chapter offers a comprehensive explanation of the steps taken to fabricate the

TENG sensor and describes, in detail, how the robotic hand was constructed. It then

delves into the methodology behind an established machine learning approach and

concludes by contrasting that method with the newly proposed technique.

3.1 Preparation of a TENG sensor

Ecoflex® 00–30 (Smooth-On, Inc., USA) served as the polymer foundation for cre-

ating the TENG sample. This material has a density of 1.07 g/cc and provides a

working time of approximately 45 minutes.

Initially, a rectangular piece was cut from a carbon cloth to dimensions of 16 mm × 50 mm

(Fig. 3-1a). Next, a copper wire was sewn through the center line of the cloth using

a needle. This procedure enhanced both the electrical connection between wire and

cloth and provided insulation for the wire (while also reinforcing the sensor).

After cutting and attaching the wire, the cloth was placed into a 3D-printed

polylactic acid (PLA) mold. Both ends of the cloth were pulled taut and held in

place by plastic plates to maintain tension. This setup ensured that Ecoflex would

evenly coat the carbon cloth on both sides during curing.

To produce the Ecoflex mixture, components A and B were measured at a 1:1

ratio by volume. The mixture was then subjected to vacuum degassing at 25°C to
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Figure 3-1: TENG sensor preparation

eliminate air bubbles (Fig. 3-1c).

Once degassed, the Ecoflex was poured into the mold containing the taut carbon

cloth and allowed to cure for roughly four hours. After curing, surplus carbon cloth

was trimmed away, and the sensor was cut to match a specific finger phalanx shape

using a surgical blade. Lastly, the sensor was bonded to the top surface of a plastic

phalanx using a cyanoacrylate (super glue) adhesive.

3.2 Noise Cancellation

Voltage outputs from the sensors were initially captured using an Arduino Mega 2560.

All 12 sensors were connected to the Arduino’s analog input pins (Fig. 3-2a). Graph A

in Fig. 3-2a presents the acquired data, illustrating that single-electrode TENG sen-

sors are vulnerable to external noise, even when the sensor does not physically contact

a surface.

To mitigate these unwanted fluctuations and to generate data more suitable for

machine learning applications, a more robust data collection configuration was de-

vised. As shown in Fig. 3-2b, three Arduino Mega 2560 boards were employed. Each
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Figure 3-2: Data collection setup without and with noise filtering

board was connected to four sensors via analog pins (labeled A1, A4, A7, and A10),

while all unused analog pins were grounded. A script systematically read every ana-

log input pin inside the void loop, and subsequently utilized sensor values. This

arrangement substantially reduced noise levels, limited interference among neighbor-

ing sensors, and allowed the sensors to reliably detect contact with an object’s surface

(Fig. 3-2b).

Figure 3-3: CAD design of a robotic hand
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3.3 Design and Assembly of the Robotic Hand

The robotic hand shares morphological similarities with the human hand, featuring

four fingers (but no thumb). Each finger comprises three phalanges: distal, middle,

and proximal, joined by rotational joints (Fig. 3-3c). A 12V linear actuator (capable

of a 200N load) drives finger movement, as shown in Fig. 3-3b. The actuator exerts

force on the proximal phalanx, while a pair of link bars steer the finger through a

motion path akin to that of a human digit.

Figure 3-4: Robotic hand electronic schematics

Each TENG sensor is sized to fit a respective phalanx (Fig. 3-3a), with sensors

attached on the distal and proximal phalanges of each finger. The middle phalanges

on the two central fingers are longer by approximately 10mm, so the corresponding

sensors are made proportionally bigger.

Control signals originate from an Arduino Mega 2560 (see Fig. 3-4), but because

the linear actuators require 12V, separate DC motor drivers handle the higher voltage

from an external 12V supply. An INA 226 current sensor is also included for real-time

monitoring of current. When the robotic hand detects that current usage has risen

due to contact with an object, the INA 226 feeds back a signal, causing the actuators
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to stop and preventing the hand from fully closing against an obstacle.

3.4 Sensor Calibration

To maintain reliable voltage readings, each TENG sensor was calibrated before being

mounted on the robotic hand. A set of known forces (0.5N to 5N) was applied

to the sensor surface using a force gauge. Voltage signals were gathered, averaged,

and plotted to establish a force-to-voltage reference curve. This calibration curve

was then employed to adjust raw sensor measurements, correcting for initial bias or

drift. Additionally, each of the 12 TENG units was tested against a 3.3V reference

voltage to ensure cross-sensor uniformity. This overall calibration approach ensured

consistent sensor outputs even when phalanges or sensors were replaced.

3.5 Existing Machine Learning Method: Signal Pro-

cessing

3.5.1 Data Collection and Preprocessing

After constructing the robotic hand and integrating the TENG sensors, data was

gathered for classifying both shapes and materials.

Under the existing method, the TENG-based sensors attached to the robotic

hand recorded voltage readings (up to 3.3V). Each shape’s dataset comprised around

160,000 sequential voltage samples. Despite the noise mitigation setup, it was noted

that some sensors still recorded a signal in the absence of direct contact with any

object. Therefore, a threshold of 1.55V was selected to distinguish real contact read-

ings from background noise. This step reduced each shape’s data to about 31,000

sequential points.

Subsequent segmentation involved grouping each continuous reading into windows

of 12 points each. Then, 12 such windows (for a total of 144 data points) were treated

as a single batch. Conceptually, these batched signals represent one-dimensional
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Figure 3-5: (a) Data collection and plotting process. (b) 1D convolutional network
architecture. (c) Confusion matrix showing the overall accuracy of the model.

sequences.

Line charts were generated to illustrate normalized voltage intensities for these

sensor readings (Fig. 3-5a). This visualization helped expose specific signal patterns

tied to each shape, enabling the neural network to differentiate among them.
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3.5.2 Model Training and Evaluation

A one-dimensional neural network (1D NN) was deployed for sequential data process-

ing. Its architecture was geared toward capturing temporal relationships within the

data (Fig. 3-5b). The optimizer was Adam, and sparse categorical cross-entropy was

used as the loss function.

After training, performance was assessed via a confusion matrix (Fig. 3-5c). The

accuracy measure was:

Accuracy =
TPcylinder + TPrectangle + TPsphere

Total number of samples
,

where TP denotes the correctly predicted instances for a specific shape. Based on

the confusion matrix outcomes, shape classification accuracy reached 94%, whereas

material classification attained 99% accuracy.

3.6 Proposed Machine Learning Method: Image Pro-

cessing

3.6.1 Data Collection and Preprocessing

The proposed approach also collects sensor data from the robotic hand, yet applies the

same 1.55 V threshold to limit noise. This filtering yields roughly 31,000 sequential

samples for each shape (Fig. 3-6a).

Those sequential readings are then rearranged into 12×12 matrices, representing

a brief time window of the voltage signals. Each matrix is translated into a grayscale

image, normalized by the maximum voltage (3.3V), thereby constraining pixel values

between 0 and 1.

By visualizing these 12×12 matrices as images, each pixel encapsulates a sensor

voltage intensity (Fig. 3-6b). The spatial pattern made evident in these matrices is

key for effectively distinguishing different shapes.
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Figure 3-6: (a) Data collection and thresholding process. (b) Visualization of 12x12
matrices for shapes and materials. (c) 2D convolutional network architecture. (d)
Confusion matrix showing the overall accuracy of the model.

3.6.2 Model Training and Evaluation

A two-dimensional neural network (2D NN) was used to handle the 12×12 images.

This structure involves convolutional layers to identify and learn spatial patterns,

followed by pooling and fully connected layers for classification (Fig. 3-6c).

Key components include:
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1. Convolutional Layers: Extract local features using multiple 3×3 filters and

ReLU activation.

2. Pooling Layers: Downsample feature maps to preserve essential information

while reducing dimensionality.

3. Flatten Layers: Convert 2D feature maps into 1D vectors for subsequent dense

layers.

4. Dense Layers: Integrate extracted features to produce shape/material class

predictions.

Compiled with the Adam optimizer and categorical cross-entropy loss, this net-

work’s performance was likewise gauged using a confusion matrix (Fig. 3-6d). The

same accuracy metric was employed:

Accuracy =
TPaluminum + TPglass + TPplastic

Total number of samples
,

where TP is the count of correct predictions for a particular material. For shapes,

the equation is directly adapted to shape classes instead. This 2D NN attained 98%

accuracy for shape discrimination and 99% for material discrimination.
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Chapter 4

Experiment and Results

This section examines how effectively the proposed methodology distinguishes both

shapes and materials using TENG-based sensors. Figures 4-1 and 4-2 illustrate the

results, visually conveying how our approach highlights unique signal patterns across

various objects.

4.1 Shape Recognition

In order to test the performance of the model, a Python script was developed to

continuously acquire voltage signals from the TENG-equipped robotic hand. Only

the readings surpassing a predefined threshold were retained. Once enough data

points (arranged in a 12 × 12 grid) were gathered, a corresponding grayscale image

was generated and classified by the trained 2D CNN. This process enabled real-time

inference of the object’s shape.

Figure 4-1 shows the captured intensity maps for three different shapes: sphere,

cylinder, and rectangle. The figure highlights how these individual objects create

characteristic voltage patterns that facilitate accurate shape detection.

A closer look at Fig. 4-1 suggests that the first and second sensors produce similar

values during the grasping sequence, while the outputs from the other sensors display

more variety. Notably, one column of the dataset (the second column in Fig. 4-

1) consistently lacks data, reinforcing the observation of distinct sensor behavior.
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Figure 4-1: Real-time prediction of object shapes.

Overall, converting the sensor data into these 12×12 images offers a clear visualization

of each shape’s unique fingerprint.

4.2 Material Identification

A comparable data collection and inference strategy was adopted for material recog-

nition. The robotic hand was tasked with grasping cylindrical samples composed of

aluminum, glass, and plastic. The training dataset specifically reflected contact with

these materials, and the model was then evaluated on new instances of the same

materials.

Figure 4-2 displays how each material interacts with the TENG sensors, evident in

the intensity plots for aluminum, glass, and plastic. Similar to the shape recognition

results, the initial sensors (first and second) show consistent trends across all tested
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Figure 4-2: Real-time prediction of object materials.

materials. Nevertheless, the outputs of the remaining sensors vary sufficiently to yield

distinct grayscale patterns for each material. These findings, mirroring those from

the shape detection experiments, confirm the method’s reproducibility in real-time

material classification.

4.3 Overview

Overall, our 2D image-based method demonstrated improved performance compared

to the conventional 1D CNN model. By organizing the data into 12× 12 arrays and

leveraging a 2D convolutional network, shape and material recognition accuracy both

increased. This benefit can be largely attributed to the enhanced ability of 2D CNNs

to exploit spatial information.

Though the experiments presented here primarily took place under controlled set-
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tings, early assessments in more dynamic environments (such as on an active conveyor

belt) suggest that the 2D CNN remains robust even with moving objects. Follow-up

tests will incorporate variable lighting, fluctuating temperatures, and a broader range

of object geometries to further validate this method in real-world scenarios.

During initial trials, certain limitations became evident. For instance, objects not

represented in the training set or those with substantial environmental interferences

(e.g., dramatic lighting variations) occasionally led to misclassification. Neverthe-

less, as the hand continued to interact with objects under these novel conditions, it

incrementally refined its predictions, highlighting the potential for on-the-fly learn-

ing. Integrating incremental learning or adaptive thresholding could expedite this

adaptation process in future iterations.

Additionally, we tested the model’s capacity to generalize to unseen shapes and

materials. We introduced new items—for example, elongated prisms or composite

rubber objects—that were not part of the original dataset. The recognition rate

stayed above 90%, suggesting that the 2D CNN effectively captures meaningful spatial

cues. We also explored transfer learning by re-training the final classification layer

on smaller datasets for newly introduced classes, which led to faster convergence and

improved accuracy. This indicates that more advanced fine-tuning approaches could

offer further gains when faced with extensive environmental or object variability.

Another consideration is dataset diversity. If the model is predominantly trained

on cylindrical materials, for example, it might wrongly classify rectangular shapes

under certain conditions. This underscores the need for comprehensive data coverage

to ensure widespread applicability. Moreover, occasional misclassifications in the first

grasp—where the object or material type is outside typical experience—demonstrate

the model’s capacity to “learn” from repeat interactions, gradually improving classi-

fication in subsequent attempts.

Table 4.1 summarizes the differences between the 1D CNN and the proposed 2D

CNN approaches. While the 1D CNN achieved respectable mean cross-validation and

test accuracies (98.18% and 98.29%, respectively), the 2D CNN exhibited notably

higher scores (99.79% mean cross-validation accuracy and 99.83% test accuracy),

32



along with better robustness to noisy data and superior precision, recall, and F1-

scores. Employing 12 × 12 matrices and normalization helped the 2D CNN more

effectively capture patterns critical for distinguishing shapes and materials.

Table 4.1: Comparison of Evaluation Metrics for 1D and 2D CNN Models
Metric Signal-based Image-based

K-Fold Acc (Fold 1) 0.9858 0.9964
K-Fold Acc (Fold 2) 0.9836 0.9986
K-Fold Acc (Fold 3) 0.9758 0.9993
K-Fold Acc (Fold 4) 0.9850 1.0000
K-Fold Acc (Fold 5) 0.9786 0.9950
Mean K-Fold Acc 0.9818 0.9979

Test Accuracy 0.9829 0.9983
Test Loss 0.0641 0.0161

Multi-Class ROC-AUC 0.9985 0.9998
Inference Time (ms/sample) 40.6897 40.4603

Noisy Data Accuracy 0.9704 0.9960
Noisy Data Loss 0.0874 0.0229

Precision 0.98 1.00
Recall 0.98 1.00

F1-Score 0.98 1.00
Training Accuracy 0.9780 0.9982

Validation Accuracy 0.9808 0.9964

A comparison with contemporary tactile sensing studies supports our conclusion.

Issabek et al. [17] integrated TENG-based sensors into a 1D CNN for flatfoot clas-

sification but could only achieve around 82% accuracy under varying loads. Zhao

et al. [62] employed an LSTM-centric model on TENG sensor data, reporting clas-

sification rates close to 95%. By contrast, our 2D CNN structure reliably attained

98–99% accuracy under similar configurations, underscoring the effectiveness of con-

verting the data into two-dimensional form. Moreover, many previous approaches

demanded either extensive preprocessing or larger datasets, whereas our image-based

technique remains relatively straightforward yet highly accurate. Consequently, ex-

ploiting the spatial properties of TENG signals through a 2D CNN represents a

powerful and feasible solution for advanced tactile sensing.
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4.4 Extended Real-World Testing

Beyond controlled laboratory experiments, we also carried out trials in settings that

more closely mimic real-world industrial environments. For example, the robotic

hand was operated under fluctuating temperature conditions, ranging approximately

from 20∘C to 35∘C, with intermittent variations in illumination. In addition, the

sensors occasionally came into contact with dust or moisture on the target items.

Despite these challenges, the 2D CNN classifier maintained accuracies above 95%

for both shape and material detection. Misclassification instances—primarily arising

from significant surface alterations or extreme temperatures—remained below 3% of

total trials, indicating a high degree of adaptability. This confirms the viability of

the 2D CNN approach for real-world applications, where environmental factors and

object variability can significantly impact sensor performance.
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Chapter 5

Conclusion

This paper presented the design and validation of a robotic hand featuring triboelec-

tric nanogenerator (TENG) sensors for improved shape and material identification.

By leveraging a newly proposed machine learning-based framework, this work high-

lighted the advantages of converting TENG sensor data into 12 × 12 images for use

with a two-dimensional convolutional neural network (2D CNN). The research en-

compassed the complete pipeline, including TENG sensor fabrication, noise reduction

strategies, robotic hand construction, and the development of control electronics.

Compared to the conventional one-dimensional (1D) neural network method, the

2D CNN architecture exhibited a marked enhancement in recognition capabilities,

achieving 98% accuracy in shape classification and 99% accuracy in material recog-

nition. In contrast, the baseline 1D approach managed 94% and 98%, respectively.

These improvements were quantified through confusion matrices and additional per-

formance measures, underlining the effectiveness of adopting image-based data rep-

resentations. Moreover, real-time tests affirmed that the model retained high accu-

racy rates even under unstructured conditions, thereby demonstrating resilience and

adaptability in practical deployments.

From a broader perspective, these results reveal the promise of integrating TENG

sensors with advanced 2D CNNs for numerous applications that demand precise,

reliable sensing. Future work could explore miniaturized, high-density TENG arrays

embedded in smart gloves to facilitate refined haptic feedback in fields like virtual
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reality, telemedicine, or rehabilitation. Such gloves could interpret surface textures or

hand gestures with greater sensitivity, potentially assisting in tasks as varied as sign

language translation and remote surgical procedures. Additionally, employing this

image-based pattern recognition in robotic grippers for industrial or municipal waste

management could optimize sorting based on distinct material-specific signatures,

improving recycling efficiency and cutting labor costs.

Another promising area of exploration involves gathering more extensive and di-

verse datasets. This could include varying ambient conditions such as fluctuating tem-

peratures or inconsistent lighting, which would further test and refine the system’s

robustness. Expanding training data to encompass additional objects or materials

would allow the model to generalize effectively in highly variable real-world settings.

Coupling this with incremental learning or transfer learning approaches would make

the system even more versatile—capable of adapting to novel objects or conditions

over time.

Overall, the self-powered nature of TENG sensors, combined with the computa-

tional benefits of a 2D CNN, points toward a new generation of low-energy, high-

accuracy tactile systems in robotics. The enhanced performance demonstrated in

our experiments lays a firm foundation for future advancements, where enriched tac-

tile feedback can drive improved dexterous manipulation in challenging settings. By

systematically uniting TENG technology with sophisticated machine learning frame-

works, we anticipate a substantial leap in autonomous robotic capabilities, from in-

dustrial automation to next-generation human–machine interfaces.
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