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Abstract: In this study, an experimental setup was established to measure the energy that can be
harvested depending on the frequency of periodic mechanical pulses using Polyvinylidene
Fluoride (PVDF) piezoelectric material. The measured data were employed in Artificial Neural
Network (ANN), K-Nearest Neighbours (KNN), Support Vector Machine (SVM), and Random
Forest (RF) algorithms, and the models were compared in terms of prediction performance and
processing time. The performance of the models was evaluated using regression success metrics
such as coefficient of determination (R?), root mean square error (RMSE), mean absolute error
(MAE), Nash-Sutcliffe Efficiency (NSE), computation time and additionally Taylor diagram and
Bland-Altman analysis were applied to further evaluate the accuracy and reliability of the models.
According to the results, all models achieved high accuracy, with the highest R* value obtained
from the RF model (R* = 0.9756), followed closely by SVM (R? = 0.9752) and ANN (R? =
0.9730). The RF model also showed the lowest error rates (MAE = 3.5874, RMSE = 8.7020) and
a strong NSE value (0.9751), making it the most balanced and reliable model overall. The ANN
model demonstrated competitive performance, though a noticeable gap was observed between
training and testing errors (MSEtrain = 139.76 vs. MSEtest = 86.59), indicating potential
overfitting tendencies. The KNN model, despite its very fast computation time (0.0066 s),
exhibited lower predictive accuracy compared to the other models (R? = 0.9464, RMSE =
16.6871). These findings suggest that Random Forest provides the best compromise between
accuracy, stability, and efficiency for piezoelectric energy harvesting prediction tasks. The
developed predictive models will serve as a valuable reference for researchers conducting
feasibility studies, particularly in applications such as powering CMOS circuits and sensors
through periodic pulse-based energy harvesting.
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1 Introduction

Nowadays, energy efficiency and sustainability issues have become increasingly
critical, especially with the rise of portable electronic devices and IoT systems. The
significant reductions in power consumption of sensors and CMOS circuits have
increased research into embedded power sources [Tarun et al., 2015, Sung et al., 2019,
Mabhyar et al., 2019, Faizan et al., 2019, Huicong et al., 2018]. Sensors in distributed
areas, structural health monitoring sensors in remote locations, data collection
components, and sensors in geographically inaccessible areas become impractical due
to issues such as battery charging or replacement [Shashank et al., 2019, Mikko et al.,
2016, Jie et al., 2018, Henry et al., 2004, Shima et al., 2018]. In large-scale sensor
networks located in areas such as urban areas, the costs of charging or replacing
batteries reach significant levels [Priya et al., 2009]. In line with these needs,
piezoelectric energy harvesting (PEH) systems that convert vibrational energy into
electrical energy have gained significant importance. Especially cantilever, bimorph,
and unimorph structured piezoelectric chips offer effective energy conversion in both
micro-scale and macro systems [Shashank et al., 2019].

Piezoelectric materials can be used in different ways such as vibration, bending
(cantilever), compression, and impact, depending on the type of mechanical stress
applied to them [Chengyun et al., 2021, Domenico et al., 2022, Harvey et al., 2022, Bin
etal., 2022]. Among these, the most common type of application is piezo patches placed
on cantilever structures. In cantilever structures, mechanical stress is generally
generated by periodically striking the piezoelectric material. These structures, while
providing an advantage in harvesting energy from low-frequency vibrations, require
multi-modal or non-linear solutions due to operational limitations at resonance
frequencies [Yuzhong et al., 2020]. Due to their simple structures and significant
deformation during vibration, cantilever beam structures are a major preference in PEH.
Therefore, different cantilever beam structures have been used to improve the harvested
power output [Shima et al., 2018, Yuzhong et al., 2020, Cevat et al., 2021, Hao et al.,
2013, Linbing et al., 2019, Baozhi et al., 2021].

The determination of the power output of piezoelectric materials based on
mechanical stress facilitates the prediction of results for many applications. Especially
multimodal behaviours, environmental noise, and mechanical uncertainties make it
difficult to predict power output. Therefore, various prediction algorithms such as
ANN, KNN, SVM, and RF are developing models trained with data. These algorithms
achieve significant success due to their high modelling capacity in nonlinear
multivariate systems.

While the use of machine learning models in PEH is becoming increasingly
widespread, advanced approaches focused on improving resource management and
prediction capabilities in more complex and dynamic systems are gaining prominence
in the literature. Deep Reinforcement Learning (DRL) and Multi-Agent Deep Learning
(MADL) architectures play a critical role in overcoming the limitations of static
configurations and traditional management methods, particularly in environments with
dynamic and variable traffic patterns such as Mobile Edge Computing (MEC) and
Mobile Ad-Hoc Networks (MANETSs) [Shuhong et al., 2024, Amin et al., 2025]. These
frameworks optimize adaptive resource slicing (network slicing) and computational
offloading decisions to ensure compliance with Service Level Agreement (SLA)
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constraints and maximize throughput. For example, in MEC networks, specialized
mechanisms such as the Sparse Multi-Head Graph Attention Mechanism (SMHGA) are
used to increase the accuracy of traffic prediction and capture complex spatiotemporal
dependencies. These predictions are combined with advanced DRL algorithms such as
Twin Delayed Deep Deterministic Policy Gradient (TD3). Furthermore, in
heterogeneous cellular networks where unmanned aerial vehicles (UAVs) are enabled,
Graph Neural Networks (GNNs) are used to dynamically adapt resource allocation
decisions based on the network topology [Qinghua et al., 2025]. Technologies such as
Smart Reflective Surfaces (IRS) and Serverless Federated Learning (FL) are integrated
with MADL approaches to optimize energy efficiency and coverage. These methods
offer the potential to manage large-scale, continuous data streams to understand the
dynamics of environmental systems such as energy harvesting and to enhance real-time
prediction capabilities, demonstrating a level of real-time adaptation and optimization
beyond traditional Machine Learning models.

Recently, various machine learning algorithms have been successfully employed
in different engineering prediction problems, demonstrating their strong capability in
modelling nonlinear systems. Artificial Neural Networks (ANN) have shown high
performance in complex pattern recognition tasks such as sign language recognition
and dynamic system modelling [Irvanizam et al., 2023]. Support Vector Regression
(SVR) has been effectively applied for accurate regression in chemical and industrial
process prediction problems, including the prediction of Kovats retention indices in gas
chromatography [Teuku et al., 2022].

Moreover, hybrid optimization and machine learning approaches have been
adopted for electrical and energy-based systems, as reported in recent IEEE studies
[Aga et al., 2020, Mariza et al., 2022], where ANN and SVM-based models achieved
high prediction accuracy under nonlinear operating conditions. These studies indicate
that ANN, KNN, SVM, and RF are not only computationally efficient but also highly
reliable for small-to-medium experimental datasets.

ANN are frequently preferred for prediction due to their deep layered structure,
high learning capacity, and ability to model nonlinear system behaviours [Prabina et
al., 2016, Umit et al., 2021, Priyadarshini et al., 2017]. However, the RF algorithm also
offers a combination of high accuracy and low variance thanks to the ensemble learning
approach; it demonstrates strong generalization ability even with limited samples
[Chengyun et al., 2021, Thomas, 2000, Leo, 1996, Robert et al., 2007]. The RF
algorithm is faster, more interpretable, and resistant to overfitting [Wael et al., 2022,
Jaime et al., 2019]. On the other hand, SVM stands out for its ability to provide high
performance, especially with small datasets, and its capability to separate complex
structures using kernel functions [Serkan and Burcu, 2024, Bishal et al., 2024].

Finally, the KNN algorithm provides the advantage of rapid prototyping in low-
complexity systems because it is based on the principle of direct distance measurement
without the need for parameter tuning. This method is particularly preferred in small
datasets and real-time applications. However, as the data sizes increase, there is a
slowdown [Ernest et al., 2020, Ismail et al., 2008].

This research aims to create a predictive model for the power output of flexible
Polyvinylidene Fluoride (PVDF) piezoelectric material, influenced by impact
frequency, utilizing ANN, KNN, SVM, and RF algorithms. Comparisons of accuracy
and performance among several prediction algorithms have been conducted. The
assessment of the models' predictive ability included criteria including the R?, RMSE,
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MAE, and NSE. In addition to classical error metrics, Taylor diagrams and Bland-
Altman analysis were applied to thoroughly evaluate the accuracy and reliability of the
developed models. The study's findings will aid in forecasting the strength of PVDF
materials under periodic impact stress.

The remainder of this paper is organized as follows. Section 2 describes the
experimental setup and the physical modelling of the impact-driven PVDF-based
piezoelectric energy harvesting system. Section 3 presents the data pre-processing
procedures and the implemented machine learning methodologies. Section 4 discusses
the results of the comparative performance analysis using statistical and graphical
evaluation tools. Finally, Section 5 concludes the paper and outlines future research
directions.

2 Theoretical Modelling of Piezoelectric Harvester

The piezoelectric energy harvesting system used in this study consists of a PVDF
piezoelectric film layer bonded to a cantilever beam subjected to periodic pulse
excitation. The conversion of mechanical energy into electrical energy begins with the
displacement at the tip of the cantilever, continues with electrical displacement and
charge generation on the piezoelectric layer thru normal strain caused by bending.
Under the impact of the blow, the cantilever beam primarily oscillates in its first
vibration mode, and its fundamental natural frequency is expressed by Equation 1.

_1.875% |EI O
h = pA

Where L represents the beam length, E is the modulus of elasticity, I is the second
moment of area, p is the density, and A is the cross-sectional area. The impact-induced
vibration produces the displacement at the end of the beam, which results in a bending
moment along the beam and normal stress on the PVDF layer. The mechanical energy-
electrical energy conversion chain is fundamentally determined by the normal strain €
resulting from bending.

In piezoelectric materials, mechanical strain leads to electrical displacement and
the creation of electric charge. The piezoelectric constitutive equation for PVDF can be
represented as given in Equation 2.

D=ds 0+ €E 2
In this analysis, the electric field term was disregarded, and the resultant surface
electrical displacement was considered to be predominantly attributable to mechanical
stress. Accordingly, the resulting electric charge is given by Equation 3.

Q=ds, 04 3)

Where, D represents the electric displacement, dsi1 is the piezoelectric coefficient
of the PVDF material, ¢ is the normal mechanical stress due to bending, and A is the
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electrode area. This statement indicates that mechanical strain is directly converted into
the production of electrical charge.

The electrical charge generated on the PVDF layer transforms into open-circuit
voltage under open-circuit conditions, and this voltage is expressed by Equation 4.

Voc = C. “4)

Here, V.. is the open-circuit voltage, Q represents the generated electric charge and
C, represents the electrical capacitance of the PVDF layer. Thus, a sequential energy
conversion chain emerges: extreme displacement — bending — normal strain —
electrical displacement — electric charge — open-circuit voltage.

There are fundamental parameters that affect the conversion of mechanical energy
into electrical energy and energy production. In this study, the cantilever beam structure
shown in the cross-sectional geometry in Figure 1 can be summarized as follows: beam
length 20 mm, PVDF layer thickness 28 um, tip displacement 17.4 mm, and load
resistance 20K Ohm.

«—20mm —

\
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Figure 1: Schematic diagram of console-type energy harvesting created using
PVDF

For transparency and reproducibility, we summarize the key geometrical and
electrical parameters used to evaluate the governing relations of the PVDF harvester in
Table 1.

Active sensor area A=20x9mm*=1.8x10"*m?
Film thickness 28um

Specified typical capacitance Cp = 500 pF

Piezoelectric coefficient ds1 =10 pC/N
Bending-induced normal stress c=1.0x10% (Pa)

Table 1: Geometrical and electrical parameters of the PVDF [Measurement
Specialties, 1999]
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The piezoelectric effect and capacitance relationship, along with the transformation
chain, can be found using Equations 3 and 4. Based on the parameters in Table 1, the
electric charge Q = 1.8 x 10° C and the open-circuit voltage (Voc) were calculated to
be approximately 3.6 V. Experimental uncertainties arise primarily from sensor
resolution and pulse repeatability, and an error of approximately 4.38% was calculated
for the open-circuit voltage. These order estimates are consistent with the experimental
open-circuit voltage measurements in our study. Furthermore, the governing equations
are not intended for direct analytical prediction of harvested energy but rather to
provide physical consistency for the experimental dataset used in machine learning
training.

A parametric sensitivity analysis indicates that an increase in beam length and
elastic modulus leads to higher strain-induced charge levels, whereas variations in the
dielectric constant primarily affect the voltage amplitude. These trends are consistent
with both theoretical expectations and experimental observations.

This theoretical framework reveals that the dataset used in the study is based not
only on experimental measurements but also on well-defined laws of mechanical-
electrical energy conversion, forming the physical basis of the machine learning-based
prediction approach.

3 Experimental setting and data collection

3.1  Design concept

Piezoelectric materials are substances that generate opposite charges at both ends under
mechanical stress and produce a weak voltage. Piezoelectric materials, which can be
produced in different shapes and material structures, generate different voltage values
depending on the magnitude of the mechanical strain and the frequency of application.
Polyvinylidene Fluoride is a common polymer that exhibits piezoelectric properties
with high flexibility. It is generally preferred in low-frequency vibration energy
harvesting applications. The piezoelectric coefficient is low; therefore, it generates low
voltage, but it provides an advantage with its light weight and workability. Console-
type PEH applications are frequently used.

In this study, a cantilever-type energy harvesting experimental setup created using
PVDF piezoelectric material has been proposed. To simulate mechanical stress, a wheel
mechanism designed in a computer environment and produced with a 3D printer was
mounted on a stepper motor. The rotational speed of the step motor was both measured
and controlled, and the number of impacts per minute, or impact frequency, of the
PVDF piezoelectric material subjected to periodic mechanical impact stress was
calculated. The output power obtained from PEH will be measured based on the impact
frequency. The measured output power will be used to develop a prediction model by
training ANN, RF, SVM, and KNN prediction algorithms.

3.2  Experimental setting

In Figure 2a and 2b, the cantilever-type energy harvesting experimental setup is
constructed with PVDF piezoelectric material (LDTO0-028K). The technical
specifications of PVDF are provided in Table 2. Mechanical vibration is generated with
a wheel and pin produced by a 3D printer mounted on the stepper motor shaft. The
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rotation speed of the wheel is controlled by the stepper motor driver (TB6600) and
measured with the LM393 Sensor Module. The speed measured in revolutions per
minute is converted to the multiplication frequency with Equation 5.

Number of Impacts (unit: counts/min)

Frequency (Hz) = (5)

60

Figure 2: Console-type energy harvesting experimental setup created using PVDF; a)
PVDF piezoelectric material and b) measuring instruments

Material 28um Piezoelectric Film
Sensitivity High Sensitivity AC Coupling
Design Cantilever Beam Structure
Operating Temperature 0~85°C

Storage Temperature -40 ~ 85°C

Table 2: Technical specifications of the PVDF piezoelectric material (LDT0-028K)

After the impact frequency is measured, the voltage signal produced by the PVDF
piezoelectric transducer is measured and recorded by a digital oscilloscope
(ISDS205B). The voltage signal is commonly converted to DC voltage using a DC-DC
buck circuit. The LTC-3588 chip, marketed by Linear Technology, is utilized in PEH
systems and incorporates a full-wave rectifier along with a high-efficiency DC-DC
buck converter. The power of the electrical energy extracted from the LTC-3588 circuit
is calculated with a 20 K Ohm load resistor. To understand the energy harvesting
process, Figure 3 shows the general schematic of the system where the energy produced
by the PVDF piezoelectric transducer is converted using the LTC-3588 circuit.

Energy Harvester Rectifier Bridge Regulator Energy Consumption

A4

DC-DC Buck 20K Ohm Load

Converter Resistance

Y

Figure 3: The general schematic of the PVDF PEH system
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PVDF materials are used in cantilever-type energy harvesting structures because
they are very thin and flexible. The piezoelectric open-circuit voltage given in Equation
4 was explicitly shown in Equation 6 when examined using energy management by Sun
and colleagues [Chengliang et al., 2009].

s 9_ FoE,t,dsy (t, + 2a)L
€7 C,  wtyd3 E3(t, +2a)% + 4EI(el, — E,d%)

(6)

Where Ep is the young's modulus of the piezoelectric layer in the length direction,
L is the equivalent length of the beam, da1 is the piezoelectric constant in 31 mode, t,
thickness of the piezoelectric layer, EI is the flexural rigidity of the beam, €733 is the
permittivity of the piezoelectric at constant stress. Fo represents the static force applied
at the free end, resulting in a deflection of Fox.

The output voltage of the LTC-3588 circuit is fixed at 3.6 V. The energy harvesting
system's ability to continuously convert the collected energy into usable power is
achieved with a 20 K Ohm load resistance, and the current and voltage measurements
are shown in Figure 2b. In Figure 4, the electrical schematic of the energy harvesting
system is shown.

Voltage output signals were obtained under controlled laboratory conditions at
room temperature and humidity. Different pulse excitation frequencies were applied to
capture the dynamic behaviour of the piezoelectric response over a wide range of study.
During the experiments, ambient vibration noise was minimized by isolating it from
external mechanical influences, and temperature changes were kept within a narrow
laboratory range to limit thermal effects on the piezoelectric output.

The impact frequency of the energy harvesting system is measured and recorded
based on the current and voltage outputs and the rotation speed of the wheel. The
recorded data is used to develop models using four prediction algorithms, which are the
main statistical tools: ANN, KNN, SVM, and RF. To develop a reliable and accurate
prediction model, the focus is on the collision frequency and harvested DC power,
which are dependent on periodic mechanical stress. The flowchart in Figure 5 shows
the sequential steps of developing the prediction model from the initial data collection
phase to the final prediction outputs. In order to develop the models, it is necessary to
take the average of the harvested power outputs. Separate prediction models have been
developed for each algorithm, and their effectiveness and accuracy have been analysed
through comparison. The determination of the most reliable model among the
algorithms was ensured through this analysis.
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Figure 4: Electrical diagram of the PEH system

33 Artificial Neural Network

ANN is a machine learning algorithm based on statistical modelling that can adapt to
changes based on internal and external information during the training phase, defining
nonlinear complex relationships between outputs and inputs [Ahmad and Allar, 2011,
Kurt et al., 1990]. ANN is generally a multilayer feedforward perceptron consisting of
interconnected input, numerous hidden, and output layers. In the hidden layers and
output layers, various activation functions and different types of algorithms for model
training are available. A simple representation of the feedforward ANN architecture is
provided in Figure 6.
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Figure 5: Flowchart showing the modelling approach used in current algorithms

This study developed an ANN model configured as a single hidden layer feedforward
network. The ANN model was trained using 1058 samples and was designed with a
single input and a single output neuron to match the one-dimensional structure of the
dataset (1 input, 1 output). The data was partitioned into two segments: 80% allocated
for model training and 20% designated for model testing. The number of neurons in the
hidden layer was not arbitrarily chosen; prediction errors were compared by scanning
between 3 and 20. The hidden layer had 10 neurons, with the Hyperbolic Tangent
Sigmoid Function (tansig) as the activation function, as specified in Equation 7. The
ten-hidden neuron network structure that yielded the lowest validation error (RMSE)
was determined as the optimal architecture. In the output layer, the Linear Transfer
Function (purelin), which is a linear activation function, as given in Equation 8, was
preferred. The Levenberg-Marquardt (trainlm) algorithm, known for its rapid
convergence, was used for training the model. The Levenberg-Marquardt algorithm
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strikes a balance between Newton's method and gradient descent, and its mathematical
representation is given in Equation 9. Input and output data have been normalized to
the range [0, 1] using the mapminmax function. These choices ensure a balance
between model complexity and generalization ability, preventing overfitting and
underfitting.

Input Layer | Hidden Layers I Output Layer

Figure 6: A simple representation of a feedforward ANN architecture

2
f(x) =tanh(x) = T-——-—1 (7)
fx)=x (8)
Aw = =] +uD)~J"e )

In Equation 9, J is the Jacobian matrix (the network's error derivative), p is the
damping parameter, I is the identity matrix, and e is the error vector.

3.4  K-Nearest Neighbour (KNN)

KNN is a sample-based learning method that classifies based on training examples. A
feature vector is determined by the majority vote of the classes of its k-nearest
neighbours. To find the nearest neighbour, Euclidean distance metrics are used in the
KNN algorithm. The Euclidean distance metric is given in Equation 10. When given
X, KNN predicts the conditional distribution of Y and assigns a specific observation to
the class with the highest predicted probability. When a positive number K is given, the
algorithm identifies the K points closest to the test observation (x0) and estimates the
conditional probability for the class based on the ratio of the response values [Ismail et
al., 2008, Fei et al., 2004]. The KNN algorithm can be successful with noisy data and a
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large number of training samples. For this algorithm, it is sufficient to determine the k
parameter and the type of distance to be used, and there is no need to create a model,
adjust a few parameters, or make additional assumptions.

awn=y |- (10)

Where, N is the number of features.

In the KNN model of this study, for each test sample, the 5 nearest neighbours from
the training data were selected, and the average of these neighbours’ target values was
taken to make the prediction. The k value was scanned within the range of 1-15, and
prediction errors were calculated for each value. Because the lowest error was obtained
at k = 5, the final model was created with this value. Due to the continuous nature of
the input variable and the low-dimensionality of the dataset (one input — one output),
Euclidean distance was used as the distance metric. This optimization process increases
the reliability of KNN-based predictions and allows for fair comparison with other
machine learning models. This algorithm stands out for not requiring a training process
and making direct predictions.

3.5 Support Vector Machine

SVM is a model of supervised learning that employs associated algorithms for data
regression analysis and classification. The data is divided into two or more classes to
create a dataset. A kernel function, which is a mapping procedure applied to the training
set to increase the dimensionality of the data set, is used. Linear, RBF, second-degree,
Multi-Layer Perceptron kernel, and Polynomial kernel are some of the commonly used
kernel functions [ Corinna and Vladimir, 1995]. In the case where the problem is not
linearly separable, it would be appropriate to use an SVM with a non-linear kernel such
as the Radial Basis Function (RBF) [Suykens and Vandewalle, 1999]. In Equation 11,
the mathematical expression of the RBF is given. Figure 7 shows a simple SVM

topology.
K(xi, x]-) =exp(—y Il x; — x; II*) (11)

Where K (xi, xj) is the similarity between the data points xi and x;, |Ixi—x;l|* is the
square of the Euclidean distance between two points, and v is the kernel width (degree
of freedom parameter).

In this study, the support vector machine (SVM) model was configured using the
Gaussian radial basis function (RBF) kernel for regression purposes due to its strong
capability to model non-linear relationships between mechanical excitation and
electrical output in piezoelectric energy harvesting systems. The RBF kernel maps the
input data into a high-dimensional feature space, enabling accurate representation of
complex system dynamics that cannot be captured by linear models. Given that the
dataset consists of a limited number of samples (1058 data points with one input and
one target), SVM was particularly suitable because of its robust generalization
performance in small-sample scenarios. The kernel and regularization parameters were
selected through parametric tuning to minimize the validation error, providing
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improved noise immunity and stable prediction performance under low-frequency
impact excitation.

( ) ( ) )
» K(XXy)
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Figure 7: A simple general representation of the SVM topology

3.6 Random Forest

RF variances are effectively managed through the aggregation of decision trees. It is
used in both regression and classification tasks. Probabilistic binary trees are created in
the RF regression model using subsets of observations obtained through bootstrapping.
To contribute to the development of the model, the process of bootstrapping is used,
where a portion of the training data is randomly sampled from the dataset. RF models
are a type of ensemble model that generates predictions using a combination of base
models. This class of models is mathematically expressed as the sum of individual base
models, where each base model is a decision tree, as shown in Equation 12 [Jaime et
al., 2019]. A general visual representation of this approach, explained as model
ensemble, is provided in Figure 8.

g(x) = f0(x) + f1(x) + f2(x) + f3(x) ... (12)

In this study, the RF model was implemented as an ensemble learning method
consisting of 50 regression trees. Each tree was trained on a different bootstrap sample
of the original dataset, while a random subset of features was considered at each split
to enhance model diversity. The final prediction was obtained by averaging the outputs
of all trees, which effectively reduces variance and improves generalization
performance. The number of trees was selected based on a parametric analysis showing
that performance gains saturated beyond 50 trees while computational cost increased.
Owing to its inherent robustness against noise and overfitting, the RF model is
particularly suitable for capturing the non-linear and stochastic behaviour of
piezoelectric energy harvesting under periodic impact excitation.
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Figure 8: Random Forest regression structure [Boateng et al., 2020]

3.7 Hyperparameter Settings and Models Configuration

Table 3 summarizes the hyperparameters and implementation details of all machine
learning models used in this study. The dataset consisted of 1058 samples with a single-
input-single-output structure, and a hold-out validation method was used for training
and testing at a rate of 80%—20%. Min—max normalization was applied to the input and
output data in the ANN model. A single-layer structure with ten neurons was used in
the hidden layer, with a tansig activation function in the hidden layer and a linear
activation function in the output layer. Network training was performed using the
Levenberg—Marquardt backpropagation algorithm for a maximum of 1000 iterations.
Overfitting was also verified by comparing the training and test squared errors.

In the KNN model, the number of neighbours was set to k = 5, weighting was
uniform, and absolute distance was used as the similarity metric. The SVM model was
implemented for regression using a Gaussian (RBF) kernel. The regularization
parameter and kernel scaling factor were determined by the internal data-driven
optimization procedure of the MATLAB regression SVM solver, ensuring stable
generalization performance without manual bias in parameter selection. The RF
regression was constructed from 50 decision trees trained using bootstrap sampling,
and variable importance was additionally assessed using OOB (out-of-bag) permutation
error. This systematic documentation of hyperparameters ensures that comparisons
between models are transparent, reproducible, and scientifically sound.

Model Hyperparameter Value Determination / Source
YSA Hidden layers 1 Compact structure to avoid
overfitting
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Neurons in hidden | 10 Selected via parametric
layer sweep (3-20) + minimum
RMSE
Activation function | Purelin Suitable for regression
Training algorithm Levenberg— Fast  convergence and
Marquardt stability
Epochs 1000 MATLAB default
Overfitting control Training  vs | Explicitly evaluated
test MSE
KNN Number of | 5 Optimized in the range k =
neighbours (k) 1-15 (minimum validation
error)
Distance metric Euclidean Continuous low-
dimensional feature space
Weighting scheme Uniform Prediction stability
SVM Kernel function Gaussian Captures non-linear
(RBF) relationships
Regularization (C) Automatic fitrsvm default
(MATLAB
default)
Kernel scale (y) Automatic fitrsvm default
(MATLAB
default)
Loss function g-insensitive Robust against noise
RF Number of trees 50 Performance saturation
observed beyond this value
Bootstrap sampling | Enabled Increases model diversity
Feature selection per | Random Reduces tree correlation
split subset

Table 3: Hyperparameters of the Machine Learning Models Used in this Study

3.8  Parameters for evaluating the accuracy of prediction models

Following the development of prediction algorithms, it is imperative to assess the
accuracy of the models. This study evaluates the prediction models using R?, MAE,
RMSE, and NSE efficiency indices, along with training and testing errors, and
advanced statistical visualization techniques such as the Taylor Diagram and Bland—
Altman analysis.

The R? number spans from 0 to 1, with elevated values signifying great precision
and a minimal margin of error. The NSE ranges from - to 1, with a value of 1
signifying a flawlessly matched predictive model. RMSE, being the square root of the
average squared prediction errors, places greater weight on large discrepancies, hence
lower RMSE values indicate superior model performance. MAE represents the average
absolute deviation between predicted and actual values; smaller values signify more
accurate models.
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In addition, training and testing errors were computed separately to evaluate
potential overfitting or underfitting tendencies. A noticeable discrepancy between
training and testing errors implies reduced generalization ability, whereas similar
values suggest a well-balanced model.

Beyond classical error metrics, Taylor Diagrams were employed to jointly illustrate
the correlation coefficient, standard deviation, and RMSE of the models, enabling a
comprehensive visual comparison of their predictive abilities. Similarly, Bland—Altman
analysis was applied to assess the agreement between measured values and model
predictions. This method highlights the mean difference and confidence intervals of the
prediction errors, providing further insight into model bias and reliability.

Collectively, these evaluation strategies ensure a robust assessment of prediction
accuracy, model stability, and practical usability in piezoelectric energy harvesting
applications.

4 Results and Discussion

Although the machine learning algorithms employed in this study (ANN, KNN, SVM,
and RF) are well-established and widely used in the literature, their selection was made
deliberately in order to ensure a high level of predictive reliability and methodological
robustness in impact-driven PVDF-based energy harvesting. The widespread
acceptance of these algorithms eliminates uncertainty associated with newly proposed
or untested learning architectures and allows the predictive performance to be assessed
without algorithm-induced bias.

Rather than focusing on the development of a novel hybrid algorithm, the primary
objective of this study was to establish a reliable and physically consistent prediction
framework by integrating experimentally derived impact-related parameters with
proven machine learning models. The originality of the study therefore lies in the
combination of physical energy harvesting behaviour with data-driven prediction,
supported by complementary statistical validation tools such as Bland—Altman
analysis, Taylor diagrams, and sensitivity assessment.

4.1  Piezo-electric Energy harvesting

Harvesting energy from PVDF materials by periodically applying mechanical stress is
a common method. In this study, the same method was used, and periodic impact stress
was applied to the PVDF material. To simulate the impact stress, it was rotated using a
wheel and pin step motor. The rotation speed was measured with a sensor, and the
impact frequency, which is the mechanical stress application frequency, was calculated.
The DC output power from the LTC-3588 circuit was measured based on the impact
frequency varying between 0 and 6 Hz. A large number of output power measurements
have been taken and recorded at different impact frequencies for use in prediction
algorithms. In Figure 9, graphs of current, voltage, and power for the electricity
generated by the piezoelectric material are provided.
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Figure 9: The graphs of current, voltage, and power for the electricity generated by
the PVDF

As a result of the experimental study, the maximum output values obtained from
the PEH have been determined. As a result of the measurements, the maximum current
produced by the system with a 20 K Ohm load resistance was recorded as 3.7 pA, and
the voltage as 86.3 mV. The maximum power output corresponding to these values has
been calculated as 319.31 nW (approximately 319.31x10-9 Watts). These results
indicate that the electrical response of the PVDF-based piezoelectric material to
periodic mechanical impacts is measurable but at low power levels. This level of energy

has the potential to be used in powering low-power sensors or microelectromechanical
systems (MEMS).
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Figure 10: Oscilloscope measurements of the PVDF output at a) 2.0833 Hz, b) 3 Hz,
¢)4 Hzand d) 6.1833 Hz

To use the recorded power data in estimation algorithms, an averaging filter must
be applied to the data. This is primarily due to the fact that at low pulse frequencies, the
mechanical stress within the pulse period ceases, and with the stress cessation, the
period during which no voltage is generated within the period lengthens. Because of
the lack of voltage generation, both voltage and mechanical stress are recorded as zero
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at low pulse frequencies. This can be easily observed in the oscilloscope measurements
of the PVDF output at different pulse frequencies shown in Figure 10. Additionally,
due to the constant mechanical stress at high pulse frequencies, the voltage does not
drop to zero, but all data is filtered to prevent sharp fluctuations. The moving average
filter window length is used to filter the voltage outputs at frequency values.

In Figure 10a, the measurement of the PVDF output is shown at a striking
frequency of 2.0833 Hz. It is observed that this signal produces power for 200
milliseconds in one period, while no power is generated during the remaining time. The
impact frequency in Figures 10b and 10c is 3 Hz and 4 Hz, respectively, while the
periods during which the PVDF does not vibrate and the energy production periods are
shortened. In Figure 10d, when the impact frequency is 6.1833 Hz, it is observed that
there is no period during which energy cannot be generated. For all these reasons, the
harvested power data, which form the input to the prediction algorithms, have been
regulated with a moving average filter to prevent both the presence and absence of data
at the same collision frequency.

4.2  Harvested Energy Prediction

In this study, four different prediction algorithms were used: ANN, KNN, SVM, and
RF. The data organized with an average filter were used as input in the models. For the
training of the models, 80% of the total data was used, and the remaining 20% was used
for testing the models. There are different methods for determining the parameters of
the models. In this study, the best results were obtained by selecting parameters
according to the type of problem and sometimes using trial-and-error methods. The four
different machine learning algorithms used —ANN, KNN, SVM, and RF — were
comprehensively evaluated in terms of prediction performance and processing time.
According to the metrics in Table 4, although all models showed high accuracy,
significant differences in performance levels were observed. Figure 11 shows the
Coefficient of Determination (R?) for the four prediction algorithms. R? is a measure of
success that indicates how well a regression model explains the data.

Although the R? values were relatively close, the key differentiators in the
performance assessments of the models were the MAE, RMSE, NSE, and processing
time outlined in Table 4. The models demonstrated overall high accuracy; however,
they displayed differing degrees of performance regarding error tolerance and
computational efficiency. The RF model achieved the highest R? value (0.9756),
closely followed by the SVM (0.9752) and ANN (0.9730) models, indicating that these
approaches explained more than 97% of the variance in the observed data. The KNN
model, while still showing strong performance with an R? of 0.9464, exhibited
comparatively lower generalization ability.
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Figure 11: Coefficient of Determination (R*) of a) ANN, b) KNN, c¢) SVM and d) RF

Model R? MAE RMSE NSE Processing

Time (s)
ANN 0.9730 4.1242 9.3051 0.9715 0.0933
KNN 0.9464 5.2546 16.6871 0.9085 0.0066
SVM 0.9752 4.5296 8.8115 0.9745 0.0230
RF 0.9756 3.5874 8.7020 0.9751 0.0677

Table 4: R’, MAE, RMSE, NSE, and Processing Time metrics for the models

Upon analysing error measures, specifically MAE and RMSE, the RF model
exhibited the lowest error values (MAE = 3.5874, RMSE = 8.7020). This signifies that
RF delivers the most reliable and resilient predictive performance among the assessed
models. The ANN model demonstrated competitive accuracy, albeit with
comparatively greater error magnitudes (MAE = 4.1242, RMSE = 9.3051). The SVM
model exhibited performance comparable to RF, with marginally elevated error metrics
(MAE =4.5296, RMSE = 8.8115), whereas the KNN model demonstrated the greatest
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error rates (MAE = 5.2546, RMSE = 16.6871), indicating a diminished capacity to
accommodate prediction variations.

In terms of the Nash-Sutcliffe Efficiency Coefficient (NSE), the RF model again
achieved the highest performance (NSE = 0.9751), followed closely by SVM (0.9745)
and ANN (0.9715). The KNN model, on the other hand, showed the lowest NSE value
(0.9085), indicating lower reliability in predictive accuracy compared to the other
models. Although all models maintained relatively high NSE values, RF and SVM
demonstrated stronger efficiency in this dataset.

Regarding processing time, the fastest model was KNN, which completed the
prediction process on all test data in only 0.0066 seconds. This speed provides
significant advantages in real-time systems. SVM (0.0230 s) and RF (0.0677 s) also
offered efficient computational performance, while the ANN model had the longest
processing duration (0.0933 s), which may be attributed to the iterative and parameter-
intensive nature of neural network training.

In conclusion, the RF model stands out as the most balanced and successful
approach, combining high accuracy (R* = 0.9756), low error rates, and efficient
processing time. The SVM model also performed competitively, offering both high
accuracy and stability. While the ANN model provides high predictive success, its
relatively longer computation time may be a limitation for time-critical applications.
Conversely, the KNN model, despite being the fastest, showed weaker predictive
performance and higher error values, limiting its applicability in scenarios requiring
precise accuracy.

In Figure 12, the comparison of the predicted values produced by the four
developed machine learning models — ANN, KNN, SVM, and RF — with the actual
(target) values is visually presented. On the horizontal axis, the sample number
(Sample) is represented, while the actual/predicted values (Target / Prediction) are
shown on the vertical axis. Each model is represented by a different colour and line
style, providing a clear comparative visualization of their performances.

In addition to the common error metrics, the Artificial Neural Network (ANN)
model was also evaluated in terms of training and testing errors. The obtained results
(MSEtrain = 139.76 vs. MSEtest = 86.59) indicate that the model was able to generalize
the dataset effectively without significant overfitting. The relatively close values of
training and testing errors confirm that the ANN model has achieved a balance between
learning capacity and prediction ability, although slightly higher training error suggests
that the network avoided memorization and maintained generalization performance.

Overall, it is observed that the prediction curves of all models largely overlap with
the black-coloured "real" data curve, indicating that the models achieved relatively high
accuracy during the learning process and were able to generalize the data to a
considerable extent. The region after the 200th sample, where the system output shows
a sudden increase, serves as a critical range to test the accuracy of the models. In this
region, the RF and SVM models showed the closest alignment with the real data, while
the ANN model followed the curve with slightly higher error values. In contrast, the
KNN model exhibited larger deviations, particularly in sharp transitions.
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Figure 12: The comparative graph of the prediction results of the developed ANN,
KNN, SVM, and RF models with the actual (target) values

The RF model demonstrated the most stable prediction performance, aligning
closely with the real curve in both sudden increases and low-amplitude regions,
consistent with its strong performance metrics (R = 0.9756, MAE = 3.5874, RMSE =
8.7020, NSE = 0.9751). Similarly, the SVM model performed robustly (R* = 0.9752,
NSE = 0.9745), though minor fluctuations were noted during steep transitions. The
ANN model, despite producing accurate predictions overall (R* = 0.9730), showed
slightly higher deviations in nonlinear ranges, which indicates that its learning capacity
may be somewhat limited in capturing complex transitions. The KNN model, while
being the fastest in computation (0.0066 s), displayed the weakest alignment with the
real curve (R* = 0.9464, RMSE = 16.6871, NSE = 0.9085), especially in sudden
increase regions, suggesting reduced robustness compared to the other models.

The superior performance of the RF and SVM models compared to ANN and KNN
can be directly related to the nonlinear and nonstationary electromechanical behaviour
of PVDF materials under impact excitation. Impact-driven piezoelectric responses
inherently involve abrupt transitions, transient dynamics, and measurement noise. The
kernel-based structure of SVM enables the effective mapping of such nonlinear input—
output relationships into a high-dimensional feature space, providing strong
generalization capability even for relatively small datasets.

Likewise, the ensemble learning nature of RF inherently enhances robustness
against noise and sudden signal variations by averaging multiple independent
regression trees. This property is particularly advantageous for impact-induced
piezoelectric signals, where sharp voltage peaks and intermittent zero-crossings are
commonly observed. The superior accuracy achieved by the RF model aligns with the
nonlinear strain—charge dynamics inherent to piezoelectric materials, particularly under
periodic impact conditions where deformation amplitude and charge generation vary
sharply with frequency. Ensemble-based methods such as RF are well suited to
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capturing these irregularities, which explains their stronger resilience across both low-
and high-amplitude regions. In contrast, ANN performance may be sensitive to local
minima and initial weight distributions under limited data conditions, while KNN is
strongly affected by local data sparsity and noise contamination. The behaviour of the
ANN model, characterised by a higher training error relative to testing error, suggests
that the network benefited from an implicit form of regularization, likely influenced by
the uneven distribution of data across frequency ranges and the network’s ability to
smooth local fluctuations rather than memorise them. Furthermore, beyond predictive
accuracy, the practical implications of the developed models are notable. The prediction
outputs generated by these algorithms may be integrated into real-time control
strategies, such as adaptive load matching, dynamic tuning of excitation frequency, or
automated adjustment of cantilever-impact configurations. These applications
highlight how data-driven modelling can support the optimisation of piezoelectric
energy harvesters by linking statistical predictions with the physical mechanisms
governing energy conversion.

Despite the promising predictive performance obtained in this study, several
limitations must be acknowledged. First, the experimental investigation was conducted
using a single type of PVDF material, which may restrict the generalizability of the
obtained models to other piezoelectric composites or multilayer structures. Second, the
impact excitation was applied within a limited frequency range under controlled
laboratory conditions. Finally, although 1058 samples provide a meaningful basis for
model comparison, the dataset size remains relatively small for broader deep-learning
generalization.

Future research will focus on extending the proposed prediction framework to
multi-axis vibration conditions, incorporating different piezoelectric materials (such as
PZT and composite laminates), and implementing real-time embedded prediction
systems for autonomous energy harvesting applications. These extensions are expected
to significantly enhance both the physical applicability and technological impact of the
proposed methodology.

4.3  Statistical Agreement of Models

In addition to conventional error metrics (R?, MAE, RMSE, NSE), advanced statistical
techniques such as the Taylor diagram and Bland-Altman analysis were employed to
further investigate the agreement and reliability of the developed models.

The results obtained in this study show that all models performed with high overall
accuracy. When examining the Taylor diagram provided in Figure 13, it is observed
that the RF (Random Forest) and SVM (Support Vector Machine) models have the
highest correlation with the observations (R = 0.975) and the closest standard deviation
values to the observations. This situation reveals that both models are more successful
in capturing changes in system output in terms of amplitude and phase alignment. The
ANN (Artificial Neural Network) model also provided a high correlation coefficient
(R?=0.9730) and exhibited strong performance in terms of overall accuracy; however,
when error metrics were evaluated, it had higher RMSE (9.3051) and MAE (4.1242)
values compared to RF and SVM. The KNN (K-Nearest Neighbour) model, on the
other hand, stands out with lower correlation (R? = 0.9464) and higher error values
(RMSE = 16.6871, MAE = 5.2546) compared to the other models.
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The simultaneous evaluation of numerical metrics and the Taylor diagram revealed
that the RF and SVM models demonstrated the most effective and balanced
performance, the ANN model yielded satisfactory accuracy, whereas the KNN model
underperformed relative to the others due to elevated error rates, notwithstanding its
benefits of simplicity and minimal processing time.

The Bland-Altman plot given in Figure 14 shows the distribution of differences
between observed and predicted values relative to the mean. The mean bias line is
positioned very close to zero, indicating that all models have a low level of systematic
bias.

The point distributions of the RF and ANN models are largely clustered within a
+20 error band. This situation reveals that both models exhibit high accuracy and low
variance in their predictions. The SVM model also resulted in low bias, but showed a
wider distribution, especially in the region of high average values. KNN models, on the
other hand, exhibited a more heterogeneous distribution compared to other models;
deviations exceeding +£50 was observed, particularly at average values above 150. This
finding indicates that the KNN model produces fewer stable results, especially in
regions with high-amplitude outputs.

Overall, the Bland-Altman analysis reveals that the prediction performance of the
RF and ANN models is more balanced and reliable, SVM exhibits an acceptable level
of accuracy, and KNN is limited in terms of accuracy despite its simplicity and speed
advantage. This analysis emphasizes that error distributions must be considered not
only with average performance metrics but also with the systematic trends of prediction
deviations.
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Figure 14: Bland-Altman plot of models

5 Conclusions

In this study, an experimental setup was prepared to measure the energy that can be
harvested depending on the periodic mechanical impact frequency using PVDF
piezoelectric material. Based on the data obtained from the experimental setup,
prediction models were developed using ANN, KNN, SVM, and RF algorithms. The
models were compared in terms of statistical performance metrics (R?, MAE, RMSE,
NSE) as well as computational time.

The analysis results demonstrated that all models achieved high accuracy, with R?
values ranging between 0.9464 and 0.9756. The lowest error rates were observed in the
RF model, followed closely by the SVM model. Although the ANN model also showed
competitive performance, its error magnitudes were slightly higher compared to RF and
SVM. The KNN model, despite its lower accuracy, exhibited the shortest processing
time, making it a strong candidate for real-time applications.

Beyond conventional performance metrics, Taylor diagram analysis confirmed that
RF and SVM were positioned closest to the observation point, reflecting their superior
ability to capture both correlation and variance characteristics of the data. Meanwhile,
Bland-Altman analysis revealed that RF and ANN predictions clustered tightly around
the zero-bias line, indicating low systematic errors, while KNN predictions showed
larger deviations, particularly in high-amplitude regions. These complementary
analyses strengthen the conclusion that RF and SVM provide the most balanced
performance, while KNN offers a practical alternative for fast, real-time scenarios.

In conclusion, for nonlinear and complex systems such as piezoelectric energy
harvesting, data-driven approaches deliver reliable and effective results. Among the
models evaluated, the RF and SVM algorithms stand out as the most accurate and
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consistent, while KNN is particularly attractive for applications requiring rapid
predictions. The prediction models developed in this study provide valuable guidance
for researchers focusing on energy harvesting systems driven by periodic impact
stresses.

Future studies will focus on the development of hybrid machine learning
architectures, such as RF-ANN or neuro-fuzzy models, to further enhance prediction
accuracy under complex impact excitation conditions.
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