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Abstract

This paper presents a metal foreign body detection method based on a Generative Adversarial Network (GAN). The proposed approach utilizes a generator
to simulate the electromagnetic field distribution in an environment free of foreign bodies, while the discriminator is trained to differentiate between a
typical environment and one containing foreign metal objects. Additionally, an electromagnetic signal detection method based on wavelet transform is
introduced. By increasing the convolutional depth and adjusting the learning rate, the model's accuracy in detecting metal foreign bodies in complex
environments is significantly enhanced. Simulation results demonstrate that this method achieves a high detection accuracy for metal foreign bodies
composed of various materials, with an accuracy rate of 98.5% and a false alarm rate of less than 1.5%.
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Introduction

The Wireless Power Transfer (WPT) system is an emerging energy
transmission technology that has garnered significant attention in
recent years. This technology utilizes electromagnetic fields or elec-
tromagnetic induction to transfer energy, offering convenience and
high efficiency. It holds great potential for applications in electric
vehicle charging, medical device power supply, consumer electron-
ics, and other fields. However, in practical applications, the pres-
ence of metal foreign bodies can degrade system performance and
pose safety risks, such as localized overheating and short circuits.

Lei et al.l'l describe a strategy for identifying metal impurities
based on the principles of electromagnetic induction. The core of
this approach is leveraging the law of electromagnetic induction to
detect metal impurities. However, in complex scenarios, the accu-
racy of this method is limited, and there is a high likelihood of false
alarms when detecting metal impurities of varying specifications
and material characteristics. Wang & Wang[?! proposes detecting
metal impurities by monitoring the temperature rise at the wireless
energy-receiving terminal, effectively addressing the issue of local
overheating. Nonetheless, this approach lacks instantaneous res-
ponse and broad applicability. Marano et al.B! introduces frequency
detection technology, which exploits differences in the electromag-
netic response of metal materials to specific frequency bands,
thereby improving impurity identification accuracy. However, when
multiple metal impurities coexist, the detection efficiency within the
frequency domain diminishes. Weichuang & Baigiang!¥ advocates
the use of convolutional neural network (CNN)-based recognition
schemes, integrating image analysis technology to classify and iden-
tify metal impurities, thereby achieving higher recognition accuracy
in specific scenarios. Nevertheless, this method requires extensive
labeled data for training and exhibits weak adaptability in complex
environments. Li & Zhang®®! establishes an unsupervised learning
framework based on autoencoders, which learns the electromag-
netic field distribution patterns in standard transmission environ-
ments to identify anomalies. Although this method enhances the
model's anti-interference capability, the extraction of features in
complex scenarios remains challenging.

© The Author(s)

Generative adversarial networks (GANs), a recently emerging
generative model, have demonstrated significant potential in data
generation and feature learning. Ma et al.l®! was the first to apply
adversarial learning networks to anomaly detection, using genera-
tors to simulate the distribution patterns of normal data and
discriminators to distinguish between simulated and real data, thus
achieving anomaly detection. This method does not require a large
amount of labeled data and exhibits strong feature learning capabil-
ities, delivering excellent detection accuracy and generalization
performance. Therefore, this approach is expected to provide an
effective solution for detecting metal impurities in wireless power
transfer systems.

Materials and methods

Overview of generative adversarial networks
(GANSs)

Generative adversarial networks are a two-layer network struc-
ture, which includes a generator and a discriminator. This method
deceives the discriminator by constructing more realistic samples
while allowing the discriminator to continuously enhance its
discrimination ability”). The learning objective of this method can
be summarized as an optimization problem of two networks. Its
mathematical expression is the adversarial loss function between
the generator G and the discriminator D:

ngnmlz)ixV(D,G) =B g0 [10g8D (0] +E.- . [log(1-D(G ()))] (1)

The role of GANs in metal foreign body detection

Assume that the average transmission signal of the system is
Snormal @nd the abnormal signal caused by a metal foreign body is
Sabnormal - The generator G generates a forged signal § = G(z)
where z is the input random noise. This detection process can be
expressed as:

D(S)=P(S =S normat) 2
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The discrimination method can well identify standard signals
from abnormal signals. If the output value is small, an abnormal
signal has appeared, and metal impurities should be excluded!.
In addition, the application of generative adversarial networks
based on unsupervised learning in identifying metal foreign bodies
is of great significance. Compared with traditional guided learning
methods, GANs do not require many labels during the training
process. In particular, GANs can effectively identify them without
many abnormal samples and labeled data. For GANs, the unsuper-
vised training objectives can be as follows:

mcinmgXESmml ~pasta 108D (S norman)] + Ezop, [log (1 -D(G ))]  (3)

By continuously optimizing G and D, the model can generate a
pseudo signal close to a standard signal and use the discriminator to
identify abnormal signals that are different from standard signals.

Combination of data enhancement and GANs
Assuming the real metal foreign body signal is Seta, through the
generator G, people can generate a variety of pseudo-metal foreign
body samples § ..l = G (Zmeta) 0ased on this data, where zey is @
specific noise input. Through this process, people get an expanded:

Saugmented = {S metal Smetal} (4)

In complex engineering environments, objects vary in type,
shape, material, etc. The data enhancement method based on GANs
can effectively improve the model's generalization performance®.
This method can fuse the fake signal generated by GANs with the
actual signal in many cases, so it can have a high recognition rate.
The specific content is as follows:

N augmented = {S metat, G (Zmetal, )} (5)

0 is the environmental condition parameter, and the forged signal
generated by the generator is analyzed. The constructor is
combined with the discriminator to identify metal impurities in
multiple scenarios!'%. In addition, GANs can also simulate abnormal
signals caused by noise, improving the anti-interference perfor-
mance of the system. For example, the generator G generates differ-
ent types of noise signals G(z,i.) by inputting noise signals z,ise,
and then combines them with standard signals to form an extended
data set:

S noise = G (Znoise) such that Saugmented = {S normal>S noise} (6)

This method can not only improve the robustness of the model to
various noise interferences, but also improve its stability and detec-
tion accuracy in complex environments. WGAN has the following
objective functions:

Lwgan = Exepyyy [D(X)] = Erp 0 [D(G (2))] @)

In addition, for metal impurities, the detection results of GANs

also depend on the type and quality of the collected data. Although

GANs can expand the sample, the generated pseudo data still needs

to meet the actual data distributionl'". However, achieving high-

quality pseudo sample generation in practical applications is still a
problem to be solved.

Table 1. Different types of metallic foreign bodies used in the experiment and
their corresponding effects.
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Results

Experimental setup

Through a series of experiments, this project intends to verify the
application effect of generative adversarial networks (GANs) in wire-
less power supply systems. The hardware used in this study is a
high-performance GPU server with an NVIDIA TeslaV100 graphics
card, 64 G memory, and Xeon E5. This study uses Python to write
and run experimental programs!'?, This project will expand the
model built based on the existing wireless power supply experi-
mental data through a self-built wireless power supply simulation
platform. This project intends to use metal impurities of various
materials (such as iron, aluminum, copper, etc.), shapes (round,
square, irregular), and positions (different distances from the energy
transfer channel). These impurities will interfere with electromag-
netic signals to a certain extent, thereby affecting the regular opera-
tion of the power transmission system. The GANs model is used to
detect signal anomalies caused by different types of metal impuri-
ties. The various types of metallic foreign bodies used in the experi-
ment and their respective effects are listed in Table 1.

The GANs model was preprocessed. The effects of different mate-
rials, shapes, and positions on signal interference were studied and
compared with other conventional methods.

Results and performance evaluation

In terms of performance evaluation, the paper evaluated the
detection capabilities of GANs in terms of detection accuracy, recall
rate, and F1 score. Table 2 shows the performance comparison
between the proposed method and other conventional detection
methods.

Compared with the conventional electromagnetic and image
methods, the GANs algorithm has greatly improved the recognition
accuracy and F1 value of metal foreign bodies and has good robust-
ness (Table 2)I'3], Table 3 compares the false alarm rate and missed
alarm rate of various algorithms in the same test scenario.

As shown in Table 3, the GANs algorithm is better than other
methods in terms of false and missed alarm rates and has good
robustness, especially in complex situations. Figures 1, 2, and 3
show the changes in detection accuracy, false alarm rate, and
missed alarm rate of different detection methods!'4l. The results
show that when the complexity of the test environment increases,
the GANs algorithm can still maintain good detection results,
while the detection effect of conventional methods is constantly
decreasing.

Table 2. The proposed algorithm with other traditional detection algorithms.

Algorithm Accuracy Recallrate F1 score
GANs algorithm in this article 98.5% 96.8% 97.6%
Electromagnetic detection algorithm 91.2% 88.5% 89.8%
Image detection algorithm 87.6% 85.3% 86.4%

Table 3. Comparison results of false and missed alarm rates of different
algorithms in the same test scenario.

Metal foreign " Distance from  Interference

body type Material Shape transmitter (cm) level Algorithm False alarm rate Missing report rate
Foreign body 1 Iron Round 5 High GANs algorithm in this article 1.5% 2.3%
Foreignbody2  Aluminum  Square 10 Medium Electromagnetic detection algorithm 5.8% 6.4%
Foreign body 3 Copper Irregular 15 Low Image detection algorithm 73 8.1
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In general, GANs have good application prospects in detecting
metal impurities. The GAN algorithm proposed in this paper has
apparent improvements over the traditional GAN algorithm!'31,

Ablation experiment and model improvement

To further explore the contribution of each component of the
GANs model in metal foreign body detection, this project intends to
study the impact of each component of the GANs model on the
detection effect by changing the structure between the generator
and the discriminatorl'®l, First, the paper examined the impact of
various algorithm structures on performance, focusing on improv-
ing the algorithm's efficiency by increasing the number of algo-
rithms and adjusting the size of the convolution kernel. Table 4
shows the performance of the generator in different configurations.
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Fig. 1 Comparison of detection accuracy of different algorithms.

Missed alarm rate comparison
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Fig. 3 Comparison of missed alarm rate of different algorithms.

Table 4. Performance of the generator under different configurations.
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The detection performance of the model improves, while the
change in the number of convolution kernels does not significantly
impact the performance (Table 4)l'7], This project will further study
the performance of the discriminator framework in this model, espe-
cially the depth of the discriminator. Table 5 shows the detection
performance for different discriminator depths.

Appropriately increasing the depth of the discriminative operator
can effectively improve the classification accuracy and F1 score
(Table 5); finally, the model was further studied. By improving the
joint framework of the generating function and the discriminative
operator, the detection efficiency and accuracy of the GANs model
can be further optimized!'8l. This project plans to use a variety of
variant models such as Wasserstein GAN (WGAN) and deep convolu-
tional generative adversarial network (DCGAN). Studies have shown

False positive rate comparison
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Fig. 2 Comparison of false alarm rate of different algorithms.
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Fig. 4 Comparison of detection performance between WGAN and GAN.

Table 5. Detection performance at different discriminator depths.

Generator architecture Accuracy  Recallrate  F1score Discriminator depth Accuracy Recall rate F1 score
Original architecture 98.5% 96.8% 97.6% Original depth 98.5% 96.8% 97.6%
Increase the number of layers 98.9% 97.2% 98% Increase depth 99% 97.5% 98.2%
Adjust the convolution kernel size 98.2% 96.5% 97.3% Decrease depth 97.8% 95.4% 96.6%
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that WGAN has better robustness in high-noise environments.
Figure 4 compares the detection capabilities of the improved WGAN
and the original GAN under various conditions.

Discussion

In terms of detection accuracy, recall rate, F1 score, and other
performance metrics, the GANs algorithm significantly outperforms
traditional electromagnetic and image-based detection technolo-
gies. The recognition accuracy of the GANs model reaches 98.5%,
which is substantially higher than that of electromagnetic detection
(91.2%) and image detection (87.6%). Similarly, the F1 score demon-
strates comparable advantages. Experimental results indicate that
the GANs method is more effective in capturing the subtle inter-
ference caused by metal impurities, especially in complex back-
grounds, while still maintaining high detection precision. Owing
to the adversarial mechanism between the generator and discri-
minator in GANs, the algorithm is capable of learning complex
patterns more effectively.

Ensuring robust model performance in complex environments is
crucial. By analyzing the false alarm rate and missed alarm rate, it
has been demonstrated that the GANs method exhibits strong
robustness in wireless communication environments, even in the
presence of high noise and severe interference. This robustness
ensures that the abnormal signals generated by metal foreign
bodies can be reliably identified, thereby significantly reducing both
false alarm and missed alarm rates. As such, the GANs algorithm is
particularly well-suited for real-world wireless power supply
systems, enhancing system stability and safety.

This study also investigates the impact of the generator and
discriminator substructures within the GANs model on detection
performance. Experimental findings show that increasing the
number of structural units improves detection accuracy from 98.5%
to 98.9%. Furthermore, increasing the depth of the discriminator
operator markedly improves discrimination accuracy, indicating that
a deeper discriminator operator has a greater capacity to detect
weak signals in complex environments. Conversely, reducing the
discriminator depth results in diminished performance, suggesting
that a shallow discriminator is insufficient for capturing the signal's
complexity.

The GANs model developed in this project effectively addresses
existing limitations in electromagnetic and image detection tech-
nologies, enabling the accurate detection of metal foreign bodies.
This model has the potential to resolve current challenges and offers
promising applications in wireless power transmission systems,
smart grids, and related fields.

Conclusions

This study proposes a strategy based on Generative Adversarial
Networks (GANs) for metal impurity detection. In wireless power
transmission systems, the presence of metal impurities can degrade
power conversion efficiency, damage devices, and pose safety risks.
Consequently, the need for precise and rapid detection of metal
impurities is critical. By utilizing GANs, a model is developed that can
differentiate between normal conditions and scenarios containing
metal impurities. The generator simulates an electromagnetic envi-
ronment without impurities, while the discriminator analyzes
synthetic data to detect anomalies in the electromagnetic environ-
ment. Experimental results demonstrate that this approach offers
both high accuracy and robustness. For metal impurities of varying
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sizes and materials, the method proposed in this study delivers
excellent identification performance, achieving an accuracy rate of
up to 98.5% and a false positive rate of less than 1.5%. The results
show that this novel method accelerates the identification process
while maintaining high accuracy, highlighting its significant applica-
tion value. The findings from this research provide a strong founda-
tion for enhancing the safety and efficiency of wireless power trans-
mission systems.
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