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Abstract: Fault diagnosis in highly automated and sealed EMS trays presents sig-

nificant challenges. This study proposes a novel method utilizing printed lead zir-

conate titanate (PZT) strain sensors combined with machine learning. Micro/na-

noscale PZT structures were fabricated via printing, and the impact of annealing 

on their crystallization, microstructure, and resultant piezoelectric/dielectric prop-

erties and impedance characteristics (for both thick films and 3D structures) was 

investigated. A neural network model was developed, with its hyperparameters 

(weights, thresholds, and topology) optimized using a Bayesian approach. Com-

parative analysis of model performance demonstrated the method's effectiveness 

in achieving accurate fault diagnosis for EMS electric vehicle systems, providing 

valuable theoretical and technical support for their detection, operation, and 

maintenance. 
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1. Introduction 

The Electric Monorail System (EMS) trolley system was widely used in the logistics transportation of to-

bacco shreds in the elevated warehouse [1, 2]. However, its high automation, enclosed design, and large fleet 

size make real-time operational monitoring and fault diagnosis exceptionally challenging. Traditional manual 

inspection and simple data analysis methods fail to meet the demand for high-precision, adaptive anomaly 

detection in such complex systems. 

Although traditional strain sensors have been maturely applied in the field of industrial inspection, their 

inherent limitations become prominent when dealing with the special shape requirements of EMS trolley tracks 

[3, 4]. Standardized rectangular or grid structures cannot fit complex curved surfaces, and forced installation 

may lead to stress concentration or measurement distortion [5]. Traditional photolithography processes require 

steps such as masks and etching, which lead to a sharp increase in the cost of small-batch customization and a 

design iteration cycle that lasts for several weeks [6]. The three-dimensional (3D) printing path can be directly 

programmed and controlled based on the computer-aided design (CAD) model, and any topological structure 

(fractal curve, bionic web, etc.) can be generated [7-9]. Many breakthroughs have made printing technology a 

core enabling tool in cutting-edge fields such as large-scale infrastructure monitoring [10-12]. Among various 
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3D printing technologies, electrohydrodynamic 3D printing has the advantages of low cost, high efficiency, and 

strong controllability. By using a uniformly dispersed nanoscale suspension, the electrohydrodynamic 3D 

printing could produce target structures with good uniformity, consistency, and density [13, 14]. Moreover, it 

had good compatibility with suspension materials and substrate materials, and was widely applied in fields 

such as biology, energy, and food [15]. Using electrohydrodynamic 3D printing to fabricate customized high-

performance sensors was a powerful approach [16, 17]. 

In recent years, deep learning methods represented by neural network algorithms have shown significant 

advantages in the fields of time series data analysis, pattern recognition, and prediction, providing an effective 

technical path for the fault diagnosis of EMS trolley systems [18-20]. Li proposed a lightweight convolutional 

neural network (CNN) based on MobileNetV2 to classify fresh tobacco leaves into 12 maturity types, achieving 

high accuracy with fewer parameters and computations [21]. It showed that neural networks could deeply an-

alyze massive data to uncover internal relationships and key features, adapt efficiently to high-dimensional 

data models, and enable intelligent data processing and decision-making. However, there was currently no 

neural network model specifically designed for the operational status and fault detection of EMS trolley systems. 

Therefore, there was an urgent need to design and construct prediction models to ensure the accuracy of oper-

ational status identification. 

To enhance the fault diagnosis capability of the EMS trolley system, this study proposes an innovative 

solution by deeply integrating customizable printed PZT strain sensor technology with a neural network hy-

perparameter automatic optimization method based on Bayesian optimization, constructing a complete frame-

work from physical sensing to intelligent diagnosis. Specifically, the research first utilizes electrospray deposi-

tion technology to prepare PZT sensors suitable for complex track surface geometries. Through systematic in-

vestigation of the effects of annealing processes on their crystal phase, microstructure, and final piezoelectric/di-

electric properties, the optimal fabrication parameters for the sensors were determined. Building on this, strain 

signals during trolley operation were collected via a self-developed signal detection system and processed us-

ing methods such as wavelet packet transform for denoising and feature extraction. Regarding the diagnostic 

model, instead of directly applying existing networks, this study introduces a Bayesian optimization framework 

that automatically searches and determines the key structural and training hyperparameters of the neural net-

work (such as the number of neurons, regularization strength, activation function, etc.) tailored for the multi-

condition classification task of EMS trolleys, thereby constructing a customized optimal diagnostic model. Test 

results show that the diagnostic accuracy of this optimized model reaches as high as 91.07 %. To further validate 

the superiority of the proposed framework, a Hybrid Genetic Particle Swarm Optimization (HGAPSO)-opti-

mized neural network model was also constructed for comparative analysis, achieving a diagnostic accuracy of 

86.5 %, which represents an average improvement of 8.16 % compared to models optimized solely by Genetic 

Algorithm or Particle Swarm Optimization. This study successfully achieves precise identification of the oper-

ating status of EMS trolleys, providing integrated theoretical and technical support-from novel sensing hard-

ware to dedicated diagnostic algorithms-for addressing the challenges of real-time condition monitoring and 

intelligent maintenance of equipment in highly automated, enclosed logistics systems. 

2. Materials and Methods 

2.1 3D printing experimental platform 

The PZT structure printing experimental platform consists of a micro-injection pump (PHD ULTRA 70-

3307, Harvard Instruments, USA), a DC high-voltage power supply (DWP-P502-50ACF3, Dongwen High Volt-

age Power Supply Co., Ltd., Tianjin, China), an X-Y axis motion platform, a Z-axis motion platform, a micro-

scope camera (SJM-500Y, Visual Me Co., Ltd., Taiwan, China), a spray needle and a computer. 

2.2 PZT slurry 

The PZT powder (PZT-5H, Baoding Hongsheng Acoustic Electronic Equipment Co., Ltd., China Hebei) 

and PZT sol were preliminarily mixed. Then, the suspension after the preliminary mixing was subjected to ball 
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milling using a planetary ball mill (QM-3SP2, Nanjing Nan Da Instrument Factory, China Jiangsu). The ball 

milling process parameters were set as follows: the angular velocity of the outer cylinder was 19.9 rad s⁻¹, the 

angular velocity of the inner cylinder was 39.8 rad s⁻¹, and the ball milling time was 50 hours.  

 

 
Figure 1. EMS Trolley Track Strain Monitoring System. (a) EMS logistics vehicles and failure modes, (b) Schematic diagram 

of the signal detection scheme, (c) Overall framework of the deep learning model, (d) Online monitoring interface. 

2.3 Signal detection system  

The self-developed EMS trolley system signal detection system was composed of an upper computer, PLC 

configuration hardware (including central processing unit module, analog signal input module, Ethernet com-

munication module), signal amplification transmitter, PZT strain gauge, and power supply. Among them, the 

central processing unit module (CPU311-1), the analog signal input module (AI308-1), and the Ethernet com-

munication module (CM304-1) were purchased from Zhejiang Zhongkong Research Institute Co., LTD., and 

the signal amplification transmitter (IBF15-Po2-2mV/V-P1-A4) was purchased from Beifu Technology Co., LTD. 

The strain gauge was printed and prepared in the laboratory. The power supply (S-75-24) was purchased from 

genuine Mean Well Co., LTD. This system conducts operation status identification by real-time monitoring of 

the strain signals generated during the operation of the EMS trolley on the track, combined with the data pro-

cessing device and the visual monitoring interface. Strain sensors were arranged at key positions on the track 

to collect the strain signals caused by the operation of the trolley. The PLC configuration module was respon-

sible for receiving the raw signals collected by the sensors and transmitting them to the upper computer for 
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signal filtering, feature extraction and state assessment, and ultimately generating intuitive visualization re-

sults, as shown in Figure 1. Figure 1a provides the application context and defines the core problem. It depicts 

a standard EMS trolley system within the elevated warehouse logistics network and outlines the primary failure 

modes targeted for diagnosis in this study. These include motor drive anomalies, guide wheel wear or jamming, 

and structural imbalances during loading/unloading operations, all of which manifest as unique signatures in 

the track strain signals. The practical implementation of the signal detection scheme is shown in Figure 1b. It 

details the on-site installation of the printed PZT strain gauge on the trolley rail, the wiring to the signal condi-

tioning module, and the data transmission path to the PLC and upper computer. Figure 1c presents the overall 

framework of the proposed deep learning-based fault diagnosis model. The framework begins with the acqui-

sition of raw strain signals from the sensors. These signals first undergo preprocessing, including wavelet 

packet-based denoising and time-frequency transformation for feature extraction. The processed feature set is 

then fed into a neural network, the hyperparameters of which (e.g., layer size, learning rate) are automatically 

optimized using a Bayesian optimization algorithm to achieve optimal performance. Finally, the optimized 

model performs state classification, identifying the specific operating or fault condition of the trolley. The PLC 

configuration transmits the original signal to the monitoring system to achieve real-time monitoring of the 

strain signal. Ultimately, the system presents the signal monitoring results in a graphical interface, facilitating 

users to intuitively grasp the operating status of the trolley, as shown in Figure 1d. 

2.4 Data preprocessing 

In this paper, the self-developed EMS trolley system signal detection system was adopted to collect the 

track strain signal of the EMS trolley. The communication address of the collected signal was set as 10.10.56.100, 

and the reading port was 502. According to the address of the PLC and the communication protocol, the reading 

address sequence number was converted to 16. During each test process, 100,000 test collection points were set 

up, with a collection frequency of 200 Hz, to collect the strain signals of different EMS trolleys passing through 

specific tracks. To eliminate the high-frequency noise interference in the collected signal of the EMS trolley 

strain sensor, the wavelet packet transform was adopted to perform multi-scale decomposition and noise re-

duction processing on the original signal. Wavelet Packet Transform (WPT) was an extension of Wavelet trans-

form, allowing for more flexible decomposition of the high-frequency and low-frequency parts of the signal. Its 

core formulas include the recursive definition, decomposition, and reconstruction algorithms of wavelet packet 

functions. The wavelet packet function as shown in equation (1) 
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where n is the wavelet packet node index, with initial conditions W0=𝜙(t), W1=𝜓(t). hk and gk represent the low-

pass and high-pass filter coefficients, respectively. Wavelet packet decomposition refers to the process in which 

the coefficients wj, n[k] of a signal x(t) at node j in the k decomposition level can be recursively decomposed into 

two child nodes at the next level. This is expressed by equation (2) as 
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where h and g are the decomposition filters, and m is the index of the child node coefficients. The reconstruction 

algorithm primarily restores the parent node coefficients from the child node coefficients, as shown in equation 

(3): 
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where h and g are the reconstruction filters. The signal obtained by wavelet packet transformation is denoised, 

with the corresponding denoising formula given in equation (4) 

 

                   , , ,j k j k j kw x y                                     (4) 

where xj, k generally denotes the wavelet coefficients corresponding to non-noise or useful signals, and yj, k rep-

resents the wavelet coefficients typically associated with noise or other interference signals. The wavelet packet 

time-frequency transform utilizes the time-frequency localization properties of wavelet packet basis functions 

to perform time-frequency conversion. The core equations include the time-frequency parameters of the wave-

let packet basis functions and the mathematical expressions of time-frequency energy distribution. For the time-

frequency parameters of wavelet packet basis functions, each basis function corresponds to a time-frequency 

window, with its center time and center frequency calculated using the formulas given in equation (5) 
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where j is the decomposition level, n is the node index, and Wj, n(ω) is the Fourier transform of the wavelet 

packet basis function Wj, n(t). The width of the time-frequency window is determined by the time-domain and 

frequency-domain variances of the basis function. The time-frequency transformation of a signal can be ex-

pressed as Equation (6) 

      
2

,( , , ) [ ]j nE j n m m                                (6) 

where m is the time index, corresponding to the time position of the signal t = m  2-j. The index n determines 

the frequency band range, with the center frequency given by ωj, n. This paper primarily adopts the Continuous 

Wavelet Packet Transform (CWPT). After wavelet packet decomposition and denoising, the signal is subjected 

to time-frequency transformation using the continuous wavelet packet transform function. The corresponding 

formula is given in equation (7) 
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where <x, Wj,n>represents the wavelet packet coefficients, and χj,n(ω) is the frequency band labeling function. 

Considering the differences in strain response characteristics of EMS trolleys under various operating condi-

tions, a windowed sliding segmentation signal processing algorithm was applied to segment and label the con-

tinuous strain signals, as shown in Table 1.  

Table 1. Classification information of the signals generated by the four EMS trolleys 

Classification The signal generated by the EMS trolley 

1 EMS trolley without material box (empty state) 

2 The EMS trolley with an empty box (loaded with an empty box status). 

3 The EMS trolley with a material box(loaded with a full box status). 

4 EMS trolley loading and unloading box (empty loading state) 
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2.5 Neural network 

The neural network was a type of multilayer feedforward neural network that was widely used in fields 

such as classification and pattern recognition. This model employs a multilayer structure and optimizes model 

weights through the error backpropagation algorithm, significantly enhancing its capability to handle nonlinear 

problems and improving classification and pattern recognition performance. During each training iteration, 

input data first enters the network through the input layer and is propagated layer by layer to the output layer, 

where the network's prediction results are generated. Each neuron in a layer produces output based on the 

outputs and connection weights from the previous layer. Once the prediction results were produced, they were 

compared with the expected outputs to calculate the error. A commonly used error metric was the Mean 

Squared Error (MSE) [25-27], which was calculated as shown in Equation (8) 
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 represents the actual value. The backpropagation algo-

rithm applies the chain rule to propagate the error from the output layer backward through the hidden layers, 

sequentially computing the gradients for each layer’s weights, thereby enabling efficient optimization of the 

model parameters. Once the gradients were obtained, the model updates the weights and biases using the gra-

dient descent method, gradually minimizing the error. Gradient descent [28-30] performs the update according 

to the following equation (9) 
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where η is the learning rate, controls the step size of each update, E is the calculated value and W is the deviation 

value.  

The training of neural networks usually stops under the following two circumstances: one was when the 

error reaches the preset threshold, and the other is when the maximum number of training rounds is reached. 

This process ensures that the network avoids overfitting while minimizing errors as much as possible. Take the 

3-layer hidden layer as an example. The dimension of the initial input data was 11 dimensions, forming a 540 

(11) dataset. The first layer was the hidden layer. For the first step of neural learning on the dataset, the number 

of neurons was 220, and the activation function was the hyperbolic tangent (Tanh) function. The Tanh function 

was chosen for its zero-centered output range [-1, 1], which promotes faster convergence during gradient-based 

optimization compared to non-zero-centered functions like Sigmoid. Its smooth non-linearity is effective for 

capturing the complex patterns present in the preprocessed strain signal data. The second hidden layer con-

ducts bundle learning on the dataset of the first layer and passes it to the next layer according to the learning 

weights. The size of this hidden layer was 300 and the activation function was again Tanh, maintaining con-

sistency in gradient flow through these intermediate layers. The third layer was the hidden layer. Neural learn-

ing was conducted based on the output data of the second layer. The output layer, based on the neural learning 

within the model, outputs the learning structure in the hidden layer to predict the classification results of the 

signals generated by different EMS carts. 

2.6 Hyperparameter optimization 

Hyperparameter optimization refers to the process parameters before training a prediction model to opti-

mize its performance[31, 32]. Key hyperparameters that control the learning process include learning rate, hid-

den layer size, and regularization coefficients. Proper hyperparameter settings help to avoid underfitting and 

overfitting, thereby enhancing the model’s generalization ability. Bayesian optimization was employed as the 

optimization method. The Bayesian optimization framework includes Gaussian process regression and an ac-

quisition function[33-35]. Bayesian optimization uses a Gaussian process to model the posterior distribution of 
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the objective function, assuming that the objective function for hyperparameters follows a Gaussian process 

[36-38], as shown in equation (10) 

             ( ) ( ), ( , )f GP k                                 (10) 

where μ() is the mean function, and k(, ’) is the covariance function used to define the correlation between 

input points. In the Gaussian process, a predictive function is used to perform regression on the data to conform 

to the Gaussian distribution. The predictive mean and variance are as shown in equation (11) 
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where Kn is the covariance matrix of the training data, kn is the covariance vector between the new point and 

the training points, and yn is the vector of observed values. The toolbox was primarily used to iteratively opti-

mize the neural network hyperparameters, mainly employing the expected improvement function, as shown 

as equation (12). 

               
*[max(0, ( ))]( )E f fI   E                  (12) 

2.7 Modeling 

Figure 1c shows the overall framework of the model, which consists of two main parts: Bayesian hyperpa-

rameter optimization and a neural network. Firstly, the strain signals under different states were collected by 

sensors. The strain signals collected by the sensors were processed by using the time window and wavelet 

packet algorithm, and the strain signals were labeled. The processed signals were subjected to time-frequency 

transformation and time-domain data extraction to extract signal features. The Bayesian optimization proposed 

in this paper iterates over the hyperparameter data within the neural network to search for the optimal combi-

nation of hyperparameters. After multiple iterations, the internal hyperparameter optimization proposal was 

introduced into the neural network for training and learning to obtain the optimal network model. Finally, the 

status classification was completed through the fully connected layer, and the fault types were identified for 

different states. The learning and training models used in this paper all adopt the same parameter settings. The 

loss function uses the multi-class cross-entropy function. The number of generations selected was 50 times, and 

the input batch size was set to 15. 

3. Results and discussion 

3.1 Preparation and characterization of PZT sensors 

The schematic diagram of electrohydrodynamic jet deposition for PZT thick film deposition is shown in 

Figure 2a. It was a material deposition technology based on electrohydrodynamics. The ink will be subjected to 

additional normal and tangential electric field forces. Under the action of the complex force, the liquid forms 

stable Taylor cones and nanoscale droplets. Supplemented by controllable deposition pathways, electrohydro-

dynamic jet deposition can be achieved on the basal pattern preparation of a variety of materials. The schematic 

diagram of the post-processing procedure for PZT The sintering annealing process of thick film was shown in 

figure 2b. PZT ceramic material was the densification and crystal phase transformation process of PZT under 

certain annealing temperature and annealing time conditions. An appropriate sintering annealing process was 

crucial for the transformation from non-perovskite structural components to perovskite structural components 

in PZT material. 

The PZT thick films after annealing treatment at 720 °C and 820 °C obtain a complete perovskite structure 

(Figure 2c) without the generation of impurity phases. The PZT thick film, after annealing treatment at 920 °C 

has produced impurity phases. The impurity phase situation in the PZT thick film after annealing treatment at 

1000 °C was more serious. After annealing at 1100 °C, the heterophase peaks of the PZT thick film have com-

pletely lost the perovskite peak positions. The surface morphology of PZT thick films with different annealing 
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treatments (figure 2d). The grain boundaries were smooth, and the surface roughness and flatness of the thick 

films gradually deteriorated with the increase of annealing temperature. The PZT thick film treated by anneal-

ing at 1000 °C shows obvious grain coarsening, the intergrain bonding deteriorates, the porosity increases, and 

the overall density of the thick film decreases. However, for the PZT thick film that was annealed at 1100 °C, 

the phenomenon of grain coarsening occurred. The surface of the thick film was uneven, and the roughness 

was extremely poor. From this, it can be known that 720 °C was a more suitable annealing temperature for PZT 

thick films. The PZT after annealing the structure elements was shown in figure 2e. The test results show that 

only by Pb, Zr, Ti, O four elements, showing that the PZT printing process after-treatment element does not 

appear in the process of annealing and erosion. 

 

 

Figure 2. Preparation and characterization of PZT sensors. (a)Schematic diagram of electrohydrodynamic jet deposition for 

PZT thick film deposition, (b) Schematic diagram of the post-processing procedure for PZT thick film, (c) XRD patterns of 

PZT thick films annealed at different temperatures, (d) Surface SEM images of PZT thick films annealed at different tem-

peratures, (e) PZT energy spectrum results, (f) Fourier transform infrared spectroscopy of sintered PZT, (g) Frequency de-

pendence of relative permittivity and dielectric loss of PZT thick film, (h) Resonance frequency test curves. 
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The Fourier transform infrared spectroscopy of sintered PZT was shown in figure 2f. The results confirm 

that the main phase of perovskite exists, and there were no heterophases such as pyrogreen. The absorption 

rate spectra indicate that key chemical bonds such as Ti-O, Zr-O, and Pb-O exist well, which is consistent with 

the results of XRD and energy spectrum. The PZT sensor under 25 °C relative dielectric constant and dielectric 

loss with the change of test frequency (figure 2g). It can be seen from the figure that as the test frequency in-

creases, the relative dielectric constant of the PZT sensor shows a downward trend, while the dielectric loss 

shows an upward trend. When the measurement frequency was 1 kHz, the relative dielectric constant and 

dielectric loss of the PZT sensor were 230 and 0.037, respectively. When the test frequency rises to 50 kHz, the 

relative dielectric constant of the PZT sensor drops to 198, and the dielectric loss rises to 0.053. When the test 

frequency rises to 100 kHz, the relative dielectric constant of the PZT thick film drops to 185, and the dielectric 

loss rises to 0.068. 

The impedance characteristics of the 5-7 kHz of PZT sensor was shown in figure 2h. It can be known from 

the results that, compared with the piezoelectric sensor prepared by the traditional method of pasting piezoe-

lectric sheets, the resonant frequency of the piezoelectric sensor prepared in this work has been significantly 

improved. This research work provides an efficient and simple preparation process for micro-deformation de-

tection. Meanwhile, it has great potential to enhance the sensitivity of quality inspection. 

 

 

Figure 3. Preparation and characterization of PZT 3D structure. (a) Jet morphology under different printing speeds, (b) 

Structural morphology under different printing speeds and printing heights, (c) The printed 3D PZT structure under differ-

ent printing conditions, (d) Surface SEM images of 3D structure annealed at different temperatures, (e) Surface SEM images 
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of 3D structure annealed at 1100 °C of different times, (f) XRD patterns annealed at different temperatures, (g) Frequency 

dependence of relative permittivity and dielectric loss of sintered PZT 3D structure. 

The jet morphology under different printing speeds was shown in figure 3a. When the printing speed was 

1 mm s-1, uniform circular structures were printed; as the printing speed gradually increased, the radius of the 

circular structures gradually decreased, and then a wavy shape appeared; as the printing speed continued to 

increase, the curvature radius of the wavy shape became larger, and the waves tended to disappear; when the 

printing speed was 3 mm s-1, uniform linear structures were printed; as the printing speed gradually exceeds 

the extrusion speed, the PZT jet did not break, but a "tail" was formed behind the printing nozzle, which was 

because the PZT slurry was a viscoelastic fluid with certain stretchability, and this property helped to obtain 

PZT structures with even smaller linewidths. The printing results under different printing heights and speeds 

were presented in Figure 3b. When the printing speed was relatively low, as the printing height increases, the 

curvature radius of the printed circles. This was because the excess linear parts undergo bending deformation 

and were subjected to greater gravitational force; when the printing speed was high and the printing height 

was low, the angle between the needle direction and the PZT jet became smaller, causing the needle to exert a 

greater shear force on the root of the linear slurry. And the PZT jet was prone to being pulled apart. However, 

when the height was too high, it indirectly increased the extension rate of the jet, which also led to the occur-

rence of broken lines. 

The printed 3D PZT structure under various printing conditions was displayed in figure 3c. When the 

printing height of 3 mm, different printing speeds had an impact on the 3D PZT structure. Both the low speed 

and the high speed was not conducive to the successful printing of a well 3D PZT structure. When the printing 

speed was 2.5 mm s-1, the line diameter of the square support structure was approximately 80 μm, and the line 

spacing was approximately 200 μm. This indicated that the printing method in this paper could be used to 

fabricate various 3D PZT structures. The SEM morphology images of the PZT 3D structure at different anneal-

ing temperatures was shown in figure 3d. As can be seen from the figures, after low-temperature annealing, the 

PZT 3D structure had small and incomplete grains, and there were many pores between the grains; after an-

nealing at 1100 °C, the grains developed well, and the number of pores between the grains decreased. The SEM 

morphology image of the PZT 3D structure at 1100 °C annealing temperature (figure 3e). After 2 hours of an-

nealing and holding treatment, the PZT 3D structure had fully developed grains, and the number of pores 

between the grains had significantly decreased. The results showed that the annealing temperature of 1100 °C 

and the holding time of 2 hours were relatively suitable annealing process parameters. Figure 3f shows the XRD 

patterns annealed at different temperatures. As can be seen from the figure, after annealing at 1100 °C for 2 

hours, the diffraction peak at the (110) crystal plane of the PZT 3D structure was the highest, and there erre 

strong diffraction peaks at the (100), (111), (200), and (211) crystal planes, with no shift in the peak position and 

no garnet phase and other impurity phases were generated. Dielectric property tests of the 3D PZT structure 

(figure 3g) showed that both its relative permittivity and dielectric loss decreased with increasing frequency, 

measuring 1288 and 0.203 at 1 kHz, and decreasing to 1166 and 0.11 at 100 kHz, respectively, indicating good 

frequency stability. 

3.2 Wavelet decomposition and reconstruction of strain signals 

To effectively extract strain features during EMS trolley operation and suppress environmental noise, 

wavelet packet transform was employed for multi-scale analysis of the acquired signals. The low-frequency 

components (cA1-cA2) obtained from the decomposition of background signals exhibited smooth and contin-

uous characteristics with small fluctuation amplitudes, reflecting the stable foundational part of the signal (Fig-

ure 4a). In contrast, the high-frequency components (cD1-cD3) showed significant fluctuations and abrupt 

changes, revealing rapidly varying information and interference components within the signal (figure 4b). After 

three levels of decomposition, the fluctuating characteristics of the cD1 component were particularly prominent, 

clearly representing high-frequency noise signals caused by external environmental interference. 

Further signal characterization was achieved through wavelet packet tree decomposition (figure 4c). The 

signal curve corresponding to node (2,2) displayed pronounced fluctuation characteristics, consistent with the 
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behavior of the high-frequency signal cD1. This feature signal effectively captured the noise details in the back-

ground signal, providing data support for subsequent fault identification and signal purification, and facilitat-

ing the extraction of valid strain signals and noise removal in later processing stages. Time-frequency analysis 

of the background signal when the logistics vehicle was not passing over the track (figure 5a) revealed obvious 

energy fluctuations in the high-frequency region (>1 Hz), with frequency peaks showing multiple significant 

variations, indicating the presence of notable environmental noise or interference signals during this period. 

After wavelet denoising processing (figure 5b-c), the reconstructed signal exhibited significantly stationary 

characteristics with markedly reduced amplitude fluctuations. The time-frequency analysis indicated that the 

noise signal frequency was primarily concentrated above 1 Hz with an energy amplitude less than 25. After 

denoising and reconstruction, the amplitude of internal wave peaks was mainly concentrated between 20 and 

40. Identifying the frequency and amplitude characteristics of the noise signal allows for further reduction of 

its interference with feature extraction, thereby improving signal analysis accuracy. 

 

 
Figure 4. Wavelet decomposition of background signal. (a) Low-frequency signal waveform, (b) High-frequency signal 

waveform, (c) Tree decomposition graph, and (2, 2) node signal. 

 

Comparing the decomposition results of strain signals under no-load and full-load conditions (figure 6), it 

was found that cA1-cA3 primarily contained low-frequency components, representing the relatively stable 

structural information in the original signal, while cD1-cD3 mainly contained high-frequency components, 

manifesting as irregular and rapid fluctuations. After three-level wavelet decomposition, the low-frequency 

signals showed high similarity to the original signal. In particular, the cA1 signal was almost identical in wave-

form and characteristics to the node (2,0) signal in the wavelet packet decomposition (figure 4), indicating that 

this part retained the main effective information of the signal. In contrast, the high-frequency signals were more 

disordered and could be removed as noise components in subsequent analyses to enhance signal quality. 

Notably, significant differences were observed in the decomposition results of strain signals between no-

load and full-load conditions. Under full load, the peak part of the signal waveform exhibited two distinctly 

different gradient changes during the descent stage. This difference suggests that as the logistics vehicle passes 
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the monitoring point, the material box transporting tobacco and the EMS logistics vehicle itself exert strain 

effects of varying degrees on the track, jointly contributing to the signal superposition process. 

 

Figure 5. Time-frequency analysis and noise reduction reconstruction of background signal. (a) Time-frequency analysis 

diagram, (b-c) Noise reduction process of background signal. 
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Figure 6. Wavelet decomposition of strain signals in different states of the orbit. (a) Signal decomposition results under no-

load state, (b) Strain signals under full-load state. 

 

Based on the operational state of the EMS logistics vehicle, signals were analyzed separately for no-load 

and full-load conditions. The time-frequency analysis results obtained via wavelet transform (figure 7a-b) 

showed that signals from both states shared similar low-frequency characteristics. However, the energy of the 

high-frequency components was more significant under full-load conditions, especially in the frequency range 

above 1 Hz, where the energy peaks were higher than those in the no-load state. This indicates that the logistics 

vehicle has a greater impact on the track strain signal when carrying goods. 

The strain signal in the no-load state, after wavelet decomposition and reconstruction, exhibited a 

smoother waveform. Following noise removal, the signal fluctuation was significantly weakened and the am-

plitude markedly reduced, suggesting a relatively smaller noise component. In contrast, the processed full-load 

state strain signal still exhibited certain high-frequency fluctuations in the peak region, indicating that due to 

the influence of the material box, some high-frequency noise is still generated during the loading process, alt-

hough the overall noise level was significantly reduced after denoising. Pearson correlation coefficient analysis 

was conducted to examine the linear relationships among feature parameters (figure 7c). High correlations were 

found among features such as rms, root, and mean, indicating they share similar numerical trends. To avoid 

multicollinearity issues, it is necessary to eliminate some of these redundant features. In comparison, the corre-

lation coefficients between mean and other features were relatively small, suggesting this feature is less associ-

ated with other variables. Therefore, removing the mean feature was considered to enhance model robustness. 

 

 
Figure 7. Time-frequency analysis and noise reduction reconstruction. (a) Time-frequency analysis diagram of no-load 

signal and noise reduction process of no-load signal, (b) Time-frequency analysis diagram of full load signal and noise 

reduction process of full load signal, (c) Correlation coefficient matrix of characteristic parameters. 
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3.3 Shapley Analysis 

To evaluate the contribution of different features to model prediction, Shapley value analysis was em-

ployed for quantitative assessment. The feature contribution bar chart (figure 8a) revealed that features such as 

max, rms, and crest contributed significantly to the model, indicating their important role in prediction. In con-

trast, features like kurtosis and impulse showed relatively lower contribution degrees, suggesting they have a 

smaller impact on model prediction for this specific task. 

The Shapley value distribution scatter plot further elucidated the influence patterns of each feature (figure 

8b). Features like max and rms generally exerted a strong positive or negative influence on the model output in 

most cases, whereas the influence of features like impulse and kurtosis was relatively weak and insignificant. 

The four features—max, rms, crest, and variance—demonstrated consistent behavior in both the Shapley plot 

and the contribution plot, all contributing highly to model prediction. This suggests that prioritizing these fea-

tures during model optimization can improve model accuracy.  

 

 
Figure 8. Analysis of the contribution degree of different features to model prediction. (a) Histogram of the contribution 

degree of features to the model, (b) Distribution of Shapley values for each feature. 

3.4 Comparison of machine learning models 

In this study, fault signals were categorized into five classes: no-load state (Label 1), full-load state (Label 

2), no-load loading state (Label 3), full-load no-box state (Label 4), and abnormal state (Label 5). These labels 

distinguish the states of EMS logistics vehicles at different operational stages. By rationally setting these classi-

fication labels and employing a Bayesian optimization method, model hyperparameters can be effectively op-

timized to improve classification accuracy. Figure 9 presents the hyperparameter optimization curves for six 

machine learning models: Convolutional Neural Network (CNN), Kernel method (Kernel), K-Nearest Neigh-

bors (KNN), Support Vector Machine (SVM), Naive Bayes, and Discriminant Analysis, with a maximum itera-

tion number set to 30. As the iteration number increased, the minimum classification error for each model grad-

ually decreased until the gradient flattened or vanished. After exceeding 15 iterations, the classification error 

stabilized, with the minimum error for most models dropping below 0.3. 

It is noteworthy that for some models (Figure 9b, d, e), the optimal hyperparameter point did not coincide 

with the minimum error hyperparameter point, indicating potential overfitting, where the model fails to 

achieve the global minimum error under certain hyperparameter combinations. For other models, the coinci-

dence of these points signifies optimal performance under that specific hyperparameter set. Although the KNN 

model achieved a relatively low minimum classification error, its requirement for a high number of iterations 

resulted in longer training times, which may impact practical application. In comparison, the Discriminant 

Analysis model required fewer iterations but exhibited a significantly higher minimum classification error than 

other models, indicating relatively poorer classification performance. Considering both classification error and 

https://doi.org/10.64486/m.65.3.8


Metalurgija / Metallurgy                                                                                  Vol. 65 No. 3 / 2026  
 

284 

 

https://doi.org/10.64486/m.65.3.8   

training efficiency, the neural network model demonstrates superior potential and can serve as a foundation 

for further optimization in classification tasks. 

Figure 9 (g-l) shows the Receiver Operating Characteristic (ROC) curves for each model, used to evaluate 

binary classification performance. A curve closer to the top-left corner indicates better model performance, 

maximizing the true positive rate while minimizing the false positive rate. The Area Under the Curve (AUC) 

quantitatively assesses overall model performance, with a value closer to 1 indicating stronger classification 

capability. For the five different classification labels, the AUC values and corresponding ROC curves varied 

among models. Overall, most ROC curves were above the diagonal (random classification line), while a few fell 

below it, indicating poor performance for some models on specific labels. Particularly for Label 5, some ROC 

curves from different models fell below the diagonal, suggesting that the neural network is relatively more 

sensitive in handling this label. For other labels, models with higher AUC values demonstrated superior classi-

fication capabilities: SVM was best for Label 4, neural network for Label 3, KNN for Label 2, and a combination 

of Kernel Approximation, KNN, and Naive Bayes dominated for Label 1. Variance analysis of the AUC values 

across different models, after removing those with AUC below 0.7, revealed that the neural network had a 

higher variance, indicating greater performance variability across different labels. 

 

 
Figure 9. (a-f) Hyperparameter optimization curve, (a, CNN; b, Kernel; c, KNN; d, SVM; e, Naive Bayes; f, discriminant), 

(g-l) Receiver operating characteristic curve (ROC) of each model, (g, CNN; h, Kernel; i, KNN; j, SVM; k, Naive Bayes; l, 

discriminant). 
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4. Conclusions 

This study proposes a novel fault diagnosis scheme for EMS trolley systems, which combines 3D printed 

customized PZT sensors with machine learning. This method first uses a dedicated sensor prepared by printing 

to collect strain signals. The effects of annealing temperature and annealing time on the crystal phase and mi-

crostructure of PZT thick films and 3D structures were investigated. It determined the more suitable annealing 

process parameters, and characterizes the piezoelectric properties, dielectric properties of PZT thick films, and 

the impedance characteristics of piezoelectric microcantilever beams. Secondly, the neural network fusion 

Bayesian hyperparameter optimization technique was adopted to systematically optimize the network topol-

ogy structure in order to obtain the optimal network weights and thresholds. Experimental verification shows 

that the accuracy rate of the neural network model optimized by this method in fault detection reaches 91.07 %. 

The predictive capabilities of various models were compared and analyzed, and the accurate diagnosis of EMS 

electric vehicle system faults was achieved. This system can accurately determine the operating status of EMS 

trolleys, providing effective theoretical support and practical technical solutions for their fault detection and 

daily operation and maintenance work. 
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