
Advances	in	Engineering	Innovation	Vol.16	Issue	6 EWA	Publishing
Available	Online:	1	July	2025 DOI:	10.54254/2977-3903/2025.24777 

Copyright: © 2025 by the authors. Submitted for possible open access publication under the terms and conditions of the Creative Commons 

Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).  

Application of neural network algorithms in the design of 

electromagnetic parameters for dielectric loss microwave 

absorbing materials 

Hongfei Cheng12*, Hui Wang3, Zhiyong Wang1, Zhijian Wang2 

¹AECC Beijing Institute of Aeronautical Materials, Beijing, China 

²Beihang University, Beijing, China 

³Hebei Hongchen Yuanda Precision Machinery Co., Ltd., Baoding, Hebei, China 

*Corresponding Author. Email: chenghongfei@buaa.edu.cn 

Abstract. Dielectric loss microwave absorbing materials have been widely used to mitigate electromagnetic interference and 

achieve radar stealth. Their design and optimization involve multiple electromagnetic parameters, such as dielectric constant, 

magnetic permeability, and loss factors. Traditional optimization methods typically require extensive computation and 

experimentation, making them inefficient and prone to local optima. In recent years, neural network algorithms, as effective 

nonlinear modeling and optimization tools, have found growing applications in optimizing the performance of absorbing materials. 

This paper explores the application of neural networks in optimizing electromagnetic parameters of dielectric loss microwave 

absorbing materials. Using neural networks, we predict the reflectivity values under different electromagnetic parameters and 

examine the patterns of variation with frequency and thickness. The results show that optimal reflectivity for various frequencies 

corresponds to different sets of electromagnetic parameters and matching thicknesses. As the frequency increases, the optimal 

dielectric constant values (both real and imaginary parts) concentrate in a lower range, especially when the material thickness is 

small. Finally, the consistency between predicted and experimentally measured reflectivity values confirms the reliability of the 

neural network-based predictions. 
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1. Introduction 

With the rapid development of wireless communication, radar stealth technology, and various high-frequency electronic devices, 

issues related to Electromagnetic Interference (EMI) and Electromagnetic Radiation (EMR) have become increasingly severe. In 

order to mitigate electromagnetic wave interference, Microwave Absorbing Materials (MAMs) have emerged as a critical solution. 

Radar Absorbing Materials (RAMs) work by absorbing the energy of electromagnetic waves, thereby reducing their reflection and 

transmission, and ultimately achieving effective electromagnetic shielding. The performance of RAMs is particularly vital in the 

fields of stealth technology and Electromagnetic Compatibility (EMC). 

According to their electromagnetic wave attenuation mechanisms, absorbing materials can be primarily categorized into 

magnetic loss-type, dielectric loss-type, and resonance loss-type. Materials fabricated using magnetic absorbers often suffer from 

drawbacks such as heavy weight, poor corrosion resistance, and weak mechanical properties. In contrast, dielectric loss-type 

absorbing materials can overcome these shortcomings [1, 2]. Dielectric loss absorbers include activated carbon fibers, porous 

carbon fibers, nanocarbon fibers, carbon nanotubes, silicon carbide fibers, fibers with special-shaped cross-sections, 

polycrystalline iron fibers, magnetic fibers, ferrite fibers, and various surface-modified or composite-modified fibers. A great deal 

of research has focused on improving the attenuation strength, bandwidth, and thickness optimization of such materials [3, 4]. 

These studies have consistently demonstrated the superiority of dielectric loss-type materials in achieving lightweight, broadband, 

and corrosion-resistant absorption performance. Most studies on these absorbers focus on optimizing material selection and layer 

thickness based on a fixed number of impedance gradient layers to enhance reflection loss performance. However, few efforts 

have been made to systematically explore the relationship between electromagnetic parameters and absorption performance. 
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The absorption performance of a material is primarily determined by its electromagnetic parameters, such as permittivity, 

permeability, and loss factors. These parameters define the material's ability to absorb electromagnetic waves across different 

frequency ranges. Determining the value ranges of key parameters required for optimal performance is of both theoretical and 

practical significance in the design and development of absorbing materials. A key challenge in this process is how to identify the 

optimal combination of parameters within a high-dimensional parameter space to maximize performance. Traditional optimization 

methods, such as gradient descent, simulated annealing, and genetic algorithms, often require extensive computation and 

experimental validation. They are also prone to local optima and are inefficient in exploring vast solution spaces [5]. 

In recent years, with the rapid advancement of artificial intelligence, neural network algorithms have proven to be powerful 

nonlinear modeling tools and have shown remarkable effectiveness in solving complex optimization problems. Neural networks 

can learn from large datasets, automatically extract underlying patterns, and identify global optimal solutions in complex, high-

dimensional parameter spaces [6, 7]. Their application in optimizing the electromagnetic parameters of dielectric loss-type radar 

absorbing coatings has shown high accuracy and efficiency. Therefore, this study focuses on the application of neural network 

algorithms in optimizing the electromagnetic parameters of dielectric loss-type radar absorbing coatings, and analyzes their 

advantages and limitations. 

2. Overview of neural network algorithms 

Neural Networks (NNs) are algorithms that simulate the information processing mechanisms of biological neural systems. By 

interconnecting a large number of artificial neurons into a multilayer structure, neural networks can automatically extract features 

from input data and perform nonlinear mappings. With their powerful learning and pattern recognition capabilities, neural networks 

have been widely applied to tasks such as regression, classification, and optimization. 

A typical neural network consists of an input layer, one or more hidden layers, and an output layer, as illustrated in Figure 1. 

During the training process, the network adjusts its weights and biases using the Backpropagation (BP) algorithm to minimize 

prediction error. Common neural network models include Feedforward Neural Networks (FNN), Convolutional Neural Networks 

(CNN), and Long Short-Term Memory Networks (LSTM). 

 

Figure 1. Structure of a neural network 

In the optimization of electromagnetic parameters for dielectric loss-type microwave absorbing materials, neural network 

algorithms are primarily used to establish the mapping relationship between a material’s electromagnetic parameters and its 

absorption performance. By training neural network models, it is possible to learn the underlying influence patterns of 

electromagnetic parameters on absorption performance from large volumes of experimental or simulation data. Based on 

predefined optimization goals, the neural network can then automatically adjust the electromagnetic parameters to achieve optimal 

absorption performance. 
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3. Application of neural networks in the optimization of electromagnetic parameters for dielectric 

loss absorbing materials 

3.1. Establishing the mapping between electromagnetic parameters and absorption performance 

The optimization design of dielectric loss absorbing materials involves multiple electromagnetic parameters, including permittivity 

(𝜀), permeability (𝜇), loss tangent (tan 𝛿), and thickness. Variations in these parameters directly influence the material’s absorption 

performance at different electromagnetic wave frequencies. Traditional optimization methods often rely on extensive experiments 

or simulations to determine the relationship between absorption performance and electromagnetic parameters, and then use 

optimization algorithms for tuning. In contrast, neural network algorithms can significantly improve optimization efficiency 

through effective learning and modeling mechanisms. 

When applying neural network algorithms to optimize the electromagnetic parameters of dielectric loss absorbing materials, 

the primary task is to establish a mapping relationship between these parameters and the materials’ absorption performance. The 

simulated data samples used in this study include absorption characteristics (e.g., absorption peak, bandwidth, reflection loss) 

under various electromagnetic parameter combinations. 

The simulated samples are obtained using the following formulas: 

𝑅𝐿 = 20𝑙𝑜𝑔⁡ |(𝑍𝑖𝑛 − 1)/(𝑍𝑖𝑛 + 1) (1) 

and 

𝑍𝑖𝑛 = √(
𝜀𝑟
𝜇

𝑟

)tanh⁡[𝑗(2𝜋/𝑐)√(𝜀𝑟𝜇𝑟)𝑓𝑑] (2) 

Where: 𝑅𝐿 is the reflection loss, 𝑍𝑖𝑛 is the input impedance,⁡𝑗 is the imaginary unit, 𝑐 is the speed of light in free space, 𝑓 

is the microwave frequency, and 𝑑 is the sample thickness. These formulas establish a nonlinear mapping between the reflection 

loss and the real and imaginary parts of the permittivity in dielectric loss absorbing materials. A dataset of electromagnetic 

parameters and corresponding reflection loss values is generated and used as input-output pairs for training the neural network. 

Through this training process, the model learns the nonlinear relationship between the parameters and the absorption performance. 

The results are visualized in two-dimensional plots of reflection loss vs. real and imaginary parts of permittivity. A total of 2,000 

training samples were used, and the modeling process was implemented in MATLAB. The full training procedure is shown in 

Figure 2. 

 

Figure 2. Neural network training flowchart 

3.2. Results and discussion 

3.2.1. Electromagnetic parameter and absorption performance generation based on neural networks 

After establishing the mapping between electromagnetic parameters and absorption performance, the neural network can be used 

to optimize the selection of these parameters. Based on the input of initial electromagnetic parameters, the neural network predicts 

the corresponding absorption performance and adjusts the weights through backpropagation to eventually identify an optimal set 
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of parameters. Initially, two-dimensional plots were generated for the relationship between electromagnetic parameters and 

reflection loss at a frequency of 10 GHz (wavelength = 30 mm) for materials of various thicknesses. These are shown in Figure 3. 
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(i)                                                             (j) 

Figure 3. Electromagnetic parameters and reflection loss of absorbing materials at 10 GHz for different thicknesses: (a) d = 1 mm; 

(b) d = 2 mm; (c) d = 3 mm; (d) d = 4 mm; (e) d = 5 mm; (f) d = 6 mm; (g) d = 7 mm; (h) d = 8 mm; (i) d = 9 mm; (j) d = 10 mm 

As shown in Figure 3, the horizontal axis represents the real part of permittivity, the vertical axis represents the imaginary part, 

and the color gradient from red to blue indicates decreasing reflection loss. The blue regions indicate areas with better absorption 

performance. From the relationship between reflection loss and permittivity at 10 GHz, we observe that as the material thickness 

increases, both the real and imaginary parts of the permittivity must be constrained to smaller values in order to minimize reflection 

loss. At smaller thicknesses, multiple parameter regions with low reflection loss emerge, and these regions tend to be wider, with 

the real part often significantly larger than the imaginary part. Additionally, combining the results of Figure 3 and formula (2), it 

can be seen that reflection loss is more sensitive to variations in electromagnetic parameters than to frequency or thickness. The 

influence of thickness is also visible in the patterns of Figure 3. To further examine the sensitivity of reflection loss to frequency 

changes, we analyze the matching characteristics between electromagnetic parameters and thickness at a frequency of 8 GHz. 
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(i)                                                             (j)  

Figure 4. Relationship between electromagnetic parameters and reflection loss at 8 GHz frequency: (a) d = 1 mm; (b) d = 2 mm; 

(c) d = 3 mm; (d) d = 4 mm; (e) d = 5 mm; (f) d = 6 mm; (g) d = 7 mm; (h) d = 8 mm; (i) d = 9 mm; (j) d = 10 mm 

From the data and plots in Figure 4, it is evident that the variation trends in the optimal electromagnetic parameter regions for 

achieving excellent absorption performance at 8 GHz are essentially the same as those observed at 10 GHz. This suggests that the 

reflection loss’s sensitivity to the matching of electromagnetic parameters is only minimally affected by changes in frequency. 

To further examine how the reflection loss of dielectric loss absorbing materials varies with frequency (or wavelength), and to 

determine the corresponding required electromagnetic parameter characteristics, the relationships between reflection loss and the 

real and imaginary parts of permittivity were also studied at 3 GHz and 18 GHz. These relationships were similarly modeled and 

visualized using neural network algorithms, as shown in Figure 5. 
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(e)                                                             (f) 

 
(g)                                                            (h) 

 
(i)                                                            (j) 

Figure 5. Relationship between electromagnetic parameters and reflection loss at 3 GHz frequency: d = 2 mm; (b) d = 4 mm; (c) 

d = 6 mm; (d) d = 8 mm; (e) d = 10 mm; (f) d = 12 mm; (g) d = 14 mm; (h) d = 16 mm; (i) d = 18 mm; (j) d = 20 mm 

As clearly seen in Figure 5, for the 3 GHz frequency, the phenomenon of high-performance absorption requiring lower real 

and imaginary permittivity values becomes apparent only when the material thickness reaches 20 mm. This is likely due to the 

longer wavelength of 3 GHz electromagnetic waves compared to those in the X-band (e.g., 8 GHz and 10 GHz). The longer 

wavelength increases the matching thickness needed for destructive interference and energy dissipation, thereby explaining this 

observation. To verify this explanation, we next examine a higher frequency scenario with a shorter wavelength. Neural network 

algorithms were used to generate the reflection loss–permittivity relationship maps at 18 GHz, as shown in Figure 6. 
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(c)                                                            (d) 

 
(e)                                                            (f) 

Figure 6. Relationship between electromagnetic parameters and reflection loss at 18 GHz frequency  

(a) d = 1 mm; (b) d = 2 mm; (c) d = 3 mm; (d) d = 4 mm; (e) d = 5 mm; (f) d = 6 mm 

From the results in Figure 6, it is evident that as the frequency increases to 18 GHz and the electromagnetic wavelength 

decreases, the optimal real and imaginary parts of the permittivity for achieving maximum absorption performance become 

concentrated in smaller value regions even at relatively small material thicknesses. When the material thickness reaches just 6 mm, 

the permittivity values corresponding to a reflection loss of −5 dB are already less than 10 for both the real and imaginary parts. 

These findings confirm the earlier explanation regarding the effect of wavelength on matching thickness and optimal parameter 

concentration. 

3.2.2. Experimental validation 

Three types of dielectric loss microwave-absorbing materials were fabricated, and their electromagnetic parameters in the 

frequency range of 2-18 GHz were measured using the coaxial method. The real and imaginary parts of permittivity at 3 GHz, 

8 GHz, 10 GHz, and 18 GHz are shown in Table 1. 

Table 1. Electromagnetic parameters of three dielectric loss absorbing materials 

Frequency (GHz) 

Material & Parameter 
3 8 10 18 

Material 1 
Real part of 𝜀′ 4.61 4.20 4.02 3.87 

Imaginary part of 𝜀′′ 0.84 0.77 0.78 0.78 

Material 2 
Real part of 𝜀′ 6.74 5.84 5.51 5.01 

Imaginary part of 𝜀′′ 2.55 1.81 1.73 1.51 

Material 3 
Real part of 𝜀′ 30.9 16.7 14.8 10.3 

Imaginary part of 𝜀′′ 39.5 20.8 18.0 14.0 

 

As shown in Table 1, both the real and imaginary parts of permittivity increase progressively from Material 1 to Material 3. 

For comparative analysis, thicknesses of 2 mm, 4 mm, and 6 mm were selected. Using the measured electromagnetic parameters, 

the corresponding reflection loss curves for the three materials at each thickness were calculated, as illustrated in Figure 7. 
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(a) 

 
(b) 

 
(c) 

Figure 7. Reflection loss of three dielectric loss absorbing materials  

(a) Thickness = 2 mm (b) Thickness = 4 mm (c) Thickness = 6 mm 

By comparing the reflection loss curves in Figure 7 with the neural network-predicted reflection loss-permittivity mappings, it 

is evident that the predicted values are generally consistent with the calculated values based on experimental measurements. This 

confirms that neural network algorithms possess good practical applicability for predicting the absorption performance of dielectric 

loss materials. 
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4. Conclusion and outlook 

In this study, neural network algorithms were used to predict the reflection loss distribution of dielectric loss microwave-absorbing 

materials when both the real and imaginary parts of permittivity were treated as variables. The variation patterns in reflection loss 

as functions of frequency and material thickness were also analyzed. The results indicate that the reflection loss distribution of 

dielectric loss materials is relatively insensitive to disturbances in frequency and thickness. However, the optimal electromagnetic 

parameters and matching thicknesses for minimizing reflection loss vary with frequency. As the thickness increases, the required 

real and imaginary parts of permittivity must gradually be constrained to lower values in order to minimize reflection loss. At 

lower frequencies (i.e., longer wavelengths), greater thicknesses are required to achieve minimum reflection loss. Conversely, as 

frequency increases, the optimal real and imaginary parts of permittivity for achieving strong absorption tend to concentrate in 

lower value ranges even at smaller thicknesses. Although the application of neural network algorithms in absorbing materials is 

still evolving, future advancements are expected in the following areas: (1) Application of Deep Learning: As deep learning 

technologies progress, more sophisticated neural network structures—such as Convolutional Neural Networks (CNNs) and 

Generative Adversarial Networks (GANs)—can be leveraged to further improve optimization accuracy and efficiency. (2) Multi-

Objective Optimization: In practical applications, dielectric loss absorbing materials often require optimization of multiple 

objectives simultaneously, such as bandwidth and reflection loss. Combining neural networks with multi-objective optimization 

algorithms can enhance overall effectiveness. (3) Integration of Reinforcement Learning: With reinforcement learning techniques, 

neural networks can dynamically adapt and optimize in real-time, improving their adaptability and performance in complex 

environments. 
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