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Abstract: Accurate determination of dielectric properties, particularly relative permittivity (εr) and loss tangent (tan δ), is 
essential in microwave material characterization. This paper proposes an artificial neural network (ANN)-based approach that 
leverages resonant features of a rectangular cavity resonator to estimate dielectric properties. Full-wave electromagnetic 
simulations in Computer Simulation Technology Studio Suite were performed over the X-band frequency range (8–12 GHz), 
covering a wide set of low-loss dielectric samples with permittivity between 1 and 10 and loss tangent values from 0.001 to 
0.2. Transmission responses were generated, from which resonant frequency and quality factor (Q) were extracted as input 
features for a two-layer ANN implemented in MATLAB. The model achieved excellent predictive accuracy, with coefficient 
of determination values exceeding 0.999 and mean percentage errors below 0.2% for both εr and tan δ. Results demonstrate 
that resonant frequency is highly sensitive to permittivity variations, while Q-factor effectively captures dielectric losses. The 
proposed framework was further validated using a Teflon sample in the X-band, where the ANN predicted a relative 
permittivity of 2.01 and a loss tangent of 0.0014, in close agreement with literature values. These results highlight the potential 
of the proposed ANN framework for efficient and non-destructive dielectric property estimation. 

Keywords: Artificial Neural Network; Dielectric characterization; Microwave resonator; Quality factor; Permittivity. 

1. INTRODUCTION 
Microwave engineering, a branch of electrical engineering, is widely applied in communications, radar, sensing, and material 
testing [1-3]. Among these, dielectric characterization is especially critical because relative permittivity (εr) and loss tangent 
(tan δ) govern how materials interact with electromagnetic fields, directly impacting the design and performance of antennas, 
resonators, and microwave circuits [4-6]. Cavity resonators are often considered the gold standard for dielectric measurement 
due to their high sensitivity [7-9]. In such structures, the resonant frequency (fr) is strongly correlated with permittivity, while 
the quality factor (Q) reflects dielectric losses, making them established and reliable features for material property extraction 
[10]. Classical workflows typically require sweeping the full transmission response, identifying the resonance, and then 
applying electromagnetic (EM) simulations or calibrated inversion formulas to extract material properties. While effective, 
this process can be computationally heavy and repetitive when characterizing multiple materials, since each new dataset often 
requires fitting or consulting calibration curves. 

Conventional approaches to dielectric extraction also face limitations. Analytical methods such as the Nicolson–Ross–
Weir (NRW) technique rely on closed-form equations derived from S-parameters, but these are prone to numerical instability 
and reduced accuracy for low-loss dielectrics [11,12]. Numerical approaches based on full-wave solvers, including Finite 
Element Method (FEM), Method of Moments (MoM), and Finite-Difference Time-Domain (FDTD), provide higher fidelity 
but require significant computational effort. More recently, machine learning (ML) techniques have been introduced, with 
studies applying regression models and artificial neural networks (ANNs) directly to S-parameters. For example, Bonello et 
al. demonstrated the use of ANN models to estimate complex permittivity of biological tissues from microwave sensing 
measurements, showing that neural networks can approximate nonlinear electromagnetic relationships between measured 
signals and dielectric parameters [13]. Similarly, Tan et al. developed a deep learning assisted measurement system for 
dielectric characterization at microwave frequencies, where neural networks were trained using large datasets of 
electromagnetic responses to estimate material properties [14]. While these studies highlight the potential of ML techniques 
for dielectric characterization, they typically rely on high-dimensional electromagnetic inputs, typically derived from full S-
parameter spectra, reflection coefficients, or broadband electromagnetic responses [4,13] as input features. Such approaches 
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increase data dimensionality and computational requirements, and often reduce interpretability since the learned relationships 
are purely data-driven rather than directly linked to physically meaningful resonant descriptors.  

The gap lies in the absence of feature-compressed, physics-informed ML models that leverage the resonant characteristics 
of cavity resonators. Instead of relying on the full S-parameter spectrum, fr and Q can serve as practical descriptors of a 
material’s electromagnetic behaviour. Recent research on microwave sensing systems indicates that many machine-learning-
based dielectric characterization approaches rely on planar resonators [15,16], free-space measurement setup [17], or 
broadband microwave sensor [18], where the entire transmission or reflection spectrum is used as the input for regression or 
classification models. While these approaches have demonstrated promising predictive performance, they generally utilize 
high-dimensional electromagnetic responses as input features. In contrast, resonant cavity systems provide physically 
interpretable parameters such as fr and Q that directly relate to dielectric permittivity and loss.  

In this work, ANN is positioned as a supporting tool to the resonant method. Using ideal simulated data, the ANN 
demonstrates that these two physics-meaningful features are sufficient to approximate both εr and tan δ across a controlled 
parameter space. Once trained, the ANN provides near-instant predictions, thereby reducing dependence on repeated EM 
inversions. In this sense, the ANN streamlines the resonant method workflow while preserving its physical interpretability. 
While ML has been applied to microwave-based material characterization in different forms [13,14,19], the specific use of 
rectangular cavity resonator waveguides as inputs to ML models remains underexplored. 

To address this, the present work proposes an ANN-based framework that predicts εr and tan δ from fr and Q, extracted 
from a rectangular cavity resonator operating across the X-band (8–12 GHz). The model incorporates log-scaling for tan δ to 
improve stability in the low-loss regime and is evaluated on dielectric samples with εr ranging from 1–10 and tan δ between 
0.001–0.2. The main contributions of this work can be summarized as follows: 

a) Physics-informed ANN framework for dielectric characterization. This work proposes an ANN based approach that 
predicts the dielectric properties of materials using resonant characteristics extracted from a rectangular cavity 
resonator. Unlike conventional machine learning approaches that rely on full S-parameter spectra, the proposed model 
utilizes physically meaningful resonant descriptors. 

b) Feature-compressed representation using resonant parameters. The study demonstrates that two compact resonant 
features, namely the fr and Q, are sufficient to approximate both εr and tan δ. This significantly reduces input 
dimensionality while preserving the essential electromagnetic information required for dielectric characterization. 

c) Improved stability for low-loss dielectric prediction. A logarithmic scaling strategy is introduced for the tan δ. during 
ANN training to enhance prediction stability in the low-loss regime, where tan δ values are very small and difficult 
to model using conventional regression techniques. This allows the proposed model to reliably estimate dielectric loss 
across a wide range of materials. 

2. METHODOLOGY  

2.1  Selection of Resonator Model 
The choice of resonator model is critical for achieving accurate results in dielectric characterization. Resonators provide 
valuable insights into the interaction between electromagnetic waves and materials, enabling the extraction of parameters such 
as εr and tan δ. An optimal resonator design improves measurement accuracy by minimizing errors such as energy losses. 

Resonator geometries vary in terms of compatibility, complexity, and application. Cylindrical and rectangular cavities are 
commonly used, each offering specific advantages. Circular cylindrical cavities are often favoured for their high accuracy 
[16,17] and compatibility with soft materials. However, this method requires high-precision machining, and even small air 
gaps between the sample and cavity wall can significantly reduce accuracy [21]. Furthermore, input and output ports are often 
neglected in electromagnetic analysis, limiting their applicability to lossy materials where energy transfer effects are significant 
[22]. 

In this study, a rectangular cavity resonator is employed due to its suitability for dielectric testing. Compared to cylindrical 
cavities, it reduces the machining complexity since block- or bar-shaped samples can be inserted more easily. However, precise 
preparation is still required to minimize air gaps and ensure dimensional accuracy, as these remain critical factors for reliable 
dielectric property extraction. The design reduces the influence of air gaps, provides strong field confinement, and can 
accommodate samples with arbitrary cross-sectional geometries [23]. Moreover, the resonator had been fabricated and 
validated in prior work [23] making it a practical and time-efficient choice. This allowed the research to focus on the primary 
objective: dielectric property estimation using ANN. 

2.2 Resonator Design and Simulation 
The study begins by formulating the microwave resonator model using full-wave electromagnetic simulations in Computer 
Simulation Technology (CST) Studio Suite. The simulated dielectric samples cover a range of εr from 1 to 10 and tan δ from 
0.001 to 0.2, ensuring applicability across both low-loss and moderately lossy materials. Each sample was modelled with a 
cross-sectional size of 10 × 10 mm² and a height equal to the waveguide’s height dimension, t, (10.16 mm), corresponding to 
the X-band WR-90 waveguide, to ensure consistent interaction with the electromagnetic fields 

The rectangular cavity resonator was designed to achieve a target fr of approximately 8.484 GHz, operating within the 8–
12 GHz frequency band. The fr of 8.484 GHz was selected in line with prior studies where a rectangular cavity coupled with 
waveguides demonstrated stable resonance at the TE304 mode around 8.48 GHz. Abdul Karim et al. [23] confirmed through 
hybrid EM analysis and experimental validation that this frequency provides reliable scattering characteristics for material 
characterization, thereby justifying its adoption in this work. Its design emphasized a high Q-factor to improve sensitivity and 
minimize measurement uncertainties during dielectric characterization. For simulation purposes, the cavity was modelled in 
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CST Studio Suite with Perfect Electric Conductor (PEC) boundaries to represent an idealized, lossless structure. This ensured 
that the initial analysis focused on dielectric material effects, with future refinements to include practical metallic boundaries 
for experimental validation. 

The design parameters of the rectangular cavity resonator are summarized in Table 1. These dimensions were adopted 
from prior work [23], where the design demonstrated high efficiency and reliability for dielectric measurements. The 
rectangular cavity resonator model with its key dimensions is shown in Figure 1. The material under test (MUT) was modelled 
as a block with dimensions 𝐿𝐿𝑚𝑚 = 10 mm and 𝑊𝑊𝑚𝑚 = 10 mm. The MUT was placed at the centre of the cavity. 

2.3 Resonant Frequency and Q-factor for Accuracy Determination  
The fr and Q-factor are essential parameters for evaluating the accuracy of permittivity estimation. The fr is influenced by the 
real part of complex relative permittivity, 𝜀𝜀𝑟𝑟′, which determines how the material stores electric energy. In a cavity resonator, 
a higher 𝜀𝜀𝑟𝑟′ slows wave propagation, thereby lowering fr, [24]. Thus, shifts in fr can be directly related to variations in relative 
permittivity (𝜀𝜀𝑟𝑟′) [25]. 

The Q-factor reflects the dielectric losses, governed by the imaginary part of complex relative permittivity (𝜀𝜀𝑟𝑟′′), which 
represents energy dissipation as heat. Materials with higher 𝜀𝜀𝑟𝑟′′ broaden the resonance peak, resulting in lower Q-factors, while 
low-loss materials yield sharper peaks and higher Q-factors. The Q-factor can be quantitatively determined from the −3 dB 
bandwidth of the resonance curve, as illustrated in Figure 2. It is defined as in Equation (1) where the 𝑓𝑓𝑟𝑟 is the resonant 
frequency at the peak of the resonance curve, and 𝛥𝛥𝛥𝛥 = 𝑓𝑓2 − 𝑓𝑓1 is the bandwidth between the two frequencies (f1 and f2) at 
which the amplitude decreases by 3 dB from the peak. The narrower the bandwidth, the higher the Q-factor, indicating lower 
dielectric losses, while broader bandwidths correspond to higher material losses. 
 
 𝑄𝑄 = 𝑓𝑓𝑟𝑟

∆𝑓𝑓
  (1) 

 
Therefore, by accurately extracting both fr and Q-factor from S-parameter measurements, one can reliably determine the 

complex permittivity of the material. In the context of this research, these two parameters serve as essential evaluation metrics 
for verifying the accuracy of dielectric property estimation using the proposed ANN approach. 

2.4. ANN Architecture Design  
In this work, a supervised ANN model was developed in MATLAB to predict dielectric properties using ML. The goal was to 
estimate εr and tan δ directly from the extracted fr and Q values of S21 responses. This section details the ANN implementation 
in three stages: architecture design, training methodology, and validation of the trained model. 

Figure 3 illustrates the overall workflow of the proposed machine learning-based material characterization system. The 
process begins with the electromagnetic simulation of a rectangular waveguide resonator using CST Studio Suite. The 
simulated S-parameter response is analyzed to identify the fr and the Q using the −3 dB bandwidth method. These two 
parameters form critical input features for the prediction model. 
 
 

 
Figure 1. (a) Top view of the rectangular cavity resonator with 
connected waveguides; (b) Placement of the MUT inside the 

cavity resonator; (c) Three-dimensional isometric view. 
 

Table 1. Design parameters of the rectangular cavity 
resonator. 

Parameter Value (mm) 
Width of waveguide, w 22.860 
Gap size of waveguide, a 2.480 
Depth of cavity, d 68.569 
Coupling gap, g 0.003 
Length of cavity, l 111.330 

 

 

 
Figure 2. Q-factor calculation based on −3 dB 

bandwidth. 
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Figure 3. ANN-based dielectric prediction flow. 

 
Figure 4. ANN model for dielectric properties prediction. 

 
 

In the data pre-processing unit, fr and Q are extracted from the S21 spectrum using curve-fitting techniques applied to either 
full-resolution or reduced-resolution data, depending on the sampling strategy employed. These inputs are then passed into an 
ANN, which is structured with two hidden layers comprising 32 and 16 neurons, respectively. The ANN maps the resonance 
features to dielectric material properties, specifically the εr and the tan δ, which are the final outputs of the model. A decision-
making unit evaluates the ANN outputs, possibly applying thresholds or classification logic, if necessary, Finally, the system’s 
outputs are directed to the display and storage unit, which may serve as an interface for real-time monitoring, result logging, 
or integration with other systems. 

The ANN was constructed using MATLAB’s fitnet function, configured as a two-layer feedforward network. The input 
layer accepts two features: fr and Q-factor. The output layer produces two outputs corresponding to the real-valued εr and tan δ 
of the material under test. The chosen architecture includes 32 neurons in the first hidden layer and 16 neurons in the second, 
both using the default tansig activation function. The selection of this structure was based on empirical testing and trade-offs 
between training performance and overfitting. Figure 4 illustrates the ANN architecture used in this study. In addition, log-
scaling of the tan δ was introduced during training. This transformation was particularly important for enhancing numerical 
stability in the low-loss regime, where tan δ values are very small and conventional linear-scale training often leads to poor 
convergence or biased predictions. 

2.4.1 Training of the ANN 
The ANN was trained using the Levenberg–Marquardt backpropagation algorithm (trainlm), which is widely preferred for 
function approximation due to its fast convergence. For each level of sampling density, the ANN was trained independently 
to observe the impact of data reduction on prediction accuracy. 

Training data were split into 70% training, 15% validation, and 15% testing subsets. Input features were normalized 
automatically by MATLAB’s training function. The network was trained for up to 1000 epochs or until validation performance 
ceased to improve after six consecutive attempts (early stopping). During each iteration, the forward pass computes predicted 
values, and the error between predicted and true values is minimized using backpropagation. 

2.4.2 Validation and Performance Evaluation 
Model performance was evaluated using several standard statistical regression metrics to quantify prediction accuracy for both 
εr and tan δ. These include Mean Squared Error (MSE), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and 
the coefficient of determination (R²). Each metric provides a different perspective on the quality of the ANN predictions 
compared to the ground truth values from CST simulations. 

The MSE is defined as in Equation (2), where 𝑦𝑦𝑖𝑖  is the true target value, 𝑦𝑦𝚤𝚤�  is the predicted value by the ANN, and N is 
the total number of samples. This metric penalizes larger errors more severely due to the squared term. A high MSE indicates 
large deviation or may suggest overfitting or underfitting. The RMSE is derived as the square root of MSE as shown in Equation 
(3), RMSE has the advantage of being in the same units as the predicted variable, making it more interpretable. Unlike MSE, 
MAE as shown in Equation (4) is less sensitive to outliers and provides a more general sense of average error magnitude. 
Finally, the coefficient of determination (R²) measures how well the model explains the variance in the data. It is expressed in 
Equation (5) where 𝑦𝑦� is the mean of the true target values. An R² value close to 1 indicates that the model captures most of the 
variance in the data, while a value near zero indicates poor predictive performance. 

 
 MSE = 1

𝑁𝑁
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2𝑁𝑁
𝑖𝑖=1   (2) 
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 RMSE = �1
𝑁𝑁
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2𝑁𝑁
𝑖𝑖=1   (3) 

 
 MAE = 1

𝑁𝑁
∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤� |N
i=1   (4) 

 

 𝑅𝑅2 = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝚤𝚤� )2𝑁𝑁
𝑖𝑖=1
∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�)2𝑁𝑁
𝑖𝑖=1

   (5) 

3. RESULT AND DISCUSSION  
An ANN was developed to predict the dielectric properties, namely εr and tan δ, from the resonant response of a rectangular 
waveguide cavity resonator. Instead of using the full S21 spectrum as input, two resonant features, the fr and Q-factor, were 
extracted from the S21 response and employed as compressed physical descriptors of the material’s electromagnetic behavior. 
These parameters act as practical substitutes, correlating resonator response to dielectric properties. 

3.1 Model Training Performance 
The ANN was implemented using the Levenberg–Marquardt backpropagation algorithm (trainlm) with a two-hidden-layer 
architecture comprising 32 and 16 neurons, respectively. The training process completed in 186 iterations, achieving the best 
validation performance with a MSE of 1.36×10-4 at epoch 180, as illustrated in Figure 5. The error curves for training, 
validation, and test datasets decreased simultaneously during the early epochs, indicating that the network quickly learned the 
fundamental relationship between cavity resonator features and dielectric properties. After approximately 50 epochs, the curves 
flattened, with the validation and test errors remaining closely aligned with the training error. This stability suggests that the 
ANN generalized well to unseen data without evidence of overfitting. 

From a microwave engineering perspective, such convergence behavior is critical. Accurate prediction of εr and tan δ 
requires capturing the sensitivity of the fr to permittivity variations, as well as the dependence of the Q-factor on dielectric 
losses. The ANN’s stable training confirms that these nonlinear dependencies were successfully modelled. In practical terms, 
this ensures that the cavity resonator method, when combined with the trained ANN, can demonstrate potential to provide 
rapid and precise dielectric properties extraction across a wide range of materials, including low-loss dielectrics where small 
deviations in tan δ strongly influence the Q-factor. 

3.2 Prediction of Dielectric  
Following successful training, the model was evaluated on its ability to predict both εr and tan δ. Figure 6(a) shows the predicted 
versus true values of relative permittivity, where the results align closely with the 1:1 line, confirming accurate prediction 
across the full permittivity range (1–10). In the cavity resonator method, the fr is strongly related to the dielectric permittivity 
of the material under test, since changes in εr affect the stored electromagnetic energy and shift the resonance. The ANN results 
are consistent with this behavior, showing that the network was able to approximate the relationship between resonant features 
and permittivity values. 

This outcome suggests that the proposed approach can provide a practical means of predicting permittivity without relying 
on the full frequency spectrum. While the agreement is strong, the model should still be interpreted as a supportive tool for 
cavity resonator analysis rather than a replacement for direct measurement. Within this scope, the ANN demonstrates reliable 
performance in capturing the trend of permittivity variation across the tested range, which is relevant for microwave 
engineering applications such as substrates and dielectric characterization. Figure 6(b) presents the comparison between 
predicted and true values of the tan δ in the original scale. The ANN predictions follow the 1:1 line closely, indicating strong 
agreement with the true values across the tested range of 0.001–0.2. 

 

 
Figure 5. Training performance curve of the ANN model. 
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Figure 6. Comparison of predicted and true values of (a) relative permittivity (εr) and (b) loss tangent (tan δ) in the original 

scale. 
 

 
Figure 7. Predictions of loss tangent in the training space (log10(tan δ)). 

 
In cavity resonator measurements, the Q-factor is particularly sensitive to dielectric losses, where even small variations in 

tan δ can lead to noticeable changes in the resonator bandwidth. Capturing this sensitivity accurately is challenging, especially 
in the low-loss regime (tan δ<0.01), where the signal differences are subtle. To address this, tan δ was trained in logarithmic 
scale, which improved stability for very small values. This approach helped the ANN maintain predictive accuracy across both 
low-loss and higher-loss samples. 

The close alignment between predicted and true tan δ values suggests that the model effectively utilized the Q-factor 
information to approximate dielectric losses. While this does not replace direct cavity measurements, it shows that the ANN 
can serve as a reliable supporting tool for interpreting resonant responses, particularly where rapid evaluation of multiple 
samples is required. 

Figure 7 shows the predicted versus true values of tan δ in the logarithmic training space, log10(tan δ). Most data points 
align closely with the 1:1 line, indicating that the ANN maintained stability when predicting across several orders of magnitude. 
This representation highlights the model’s behavior in the low-loss regime (tan δ ≈ 10−3), where regression tasks are typically 
more challenging due to the narrow resonance bandwidths associated with very high-Q cavities. While the predictions in the 
original scale (Figure 6(b)) show excellent agreement across the full range of tan δ, the logarithmic representation in Figure 7 
provides additional insight into the low-loss region. In the normal scale, small differences at very low values of tan δ appear 
visually negligible compared to higher-loss values. By contrast, the log-scale view expands this region and reveal that 
predictions below tan δ<0.01 exhibit slightly greater scatter around the 1:1 line. 

This observation is consistent with the cavity resonator method, where ultra-low-loss materials correspond to very high 
Q-factor. In such cases, the resonance bandwidth becomes extremely narrow, and even small numerical or experimental 
uncertainties can lead to noticeable variations in the extracted tan δ. The ANN predictions reflect this challenge, showing that 
while the model remains stable in the low-loss regime, it is naturally more sensitive in capturing losses associated with very 
high-Q resonances. Thus, the log-scale results confirm that the ANN performs reliably across the tested range, while 
highlighting the practical limitations of predicting ultra-low-loss values, a region where both computational models and 
measurement systems are inherently more demanding. 

Taken together, the results in Figures 6 and 7 demonstrate that both key dielectric properties, εr and tan δ, can be reliably 
predicted from the compressed resonant features of the cavity resonator. By using only, the fr and Q-factor as inputs, the ANN 
captures the essential physical relationships between resonator response and material properties, without requiring the full 
frequency spectrum. This supports the feasibility of the proposed approach as a computationally efficient complement to 
conventional cavity resonator analysis. 
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3.3 Quantitative Evaluation  
To further validate the predictive accuracy, the overall performance of the ANN was quantified using four standard statistical 
metrics: MSE, RMSE, MAE and R2. The results, summarized in Table 2, demonstrate excellent predictive capability for both 
εr and tan δ. For εr, the model achieved an MSE of 8.24×10−5, RMSE of 0.0091, MAE of 0.0032, and R2=0.99999, 
corresponding to a mean percentage error below 0.1%. These values indicate that the predicted permittivity deviates by less 
than 1% of a single permittivity unit, which is negligible relative to the tested range (1–10). For the tan δ, the model achieved 
an even lower MSE of 5.16×10-7, RMSE of 0.00072, MAE of 0.00041, and R2=0.99988, with mean percentage error below 
0.2%. Such small errors confirm that the ANN successfully captured the strong nonlinear dependence between resonant 
features and dielectric loss, even in the low-loss regime where prediction is most challenging. These error levels are 
considerably lower than typical experimental uncertainties reported in cavity resonator measurements, which often range 
between 1–2% for permittivity and 5–10% for tan δ Thus, the results establish that fr and Q-factor are valid substitutes for 
precise prediction of dielectric properties. 

3.4 Error Distribution Analysis 
To further examine the reliability of the ANN predictions, the error distribution was analyzed through an error histogram with 
20 bins, as shown in Figure 8. Most errors are highly concentrated around zero, with more than 500 instances falling within a 
very narrow error range between −0.002 and +0.002. Only a negligible number of samples deviate beyond this central cluster, 
and even those deviations remain within small absolute error values. 

This tight clustering around zero error indicates that the ANN predictions for both εr and tan δ are highly consistent with 
the true values. The absence of large outliers confirms that the model not only achieves strong average performance, as 
reflected in the MSE and R2 metrics, but also maintains robustness across individual samples. Such an error distribution 
highlights the stability of the model and its suitability for precise dielectric property extraction from resonant features. 

In summary, this baseline model trained on full-resolution data confirms that fr and Q-factor serve as highly effective 
features for predicting dielectric properties via ML. The results serve as a reference point for evaluating performance 
degradation. Ultimately, this proves the feasibility of using a rectangular waveguide resonator combined with ANN for 
accurate, efficient, and non-destructive material characterization. 

3.5 Experimental Validation  
Experimental validation was carried out to evaluate the ability of the trained ANN model to predict the dielectric properties of 
materials using experimentally measured resonant parameters and then compared to the literature value. To verify the model, 
Teflon was used, as it is well known and widely used for microwave characterization verification because it meets the low-
loss requirements of this study. The experimental measurements were conducted using a rectangular cavity resonator connected 
to a vector network analyzer (VNA) with Teflon sample placed at the center of the rectangular cavity resonator, as shown in 
Figure 9. 

3.5.1 Experimental Evaluation of the ANN Model  
In the representative measurement shown in Figures 10(a) and 10(b) and summarized in Table 3, inserting the Teflon sample 
into the cavity causes the resonant frequency to shift from 8.4824 GHz for the air-filled cavity to 8.4649 GHz for the loaded 
cavity, corresponding to a downshift of approximately 17.5 MHz. This behavior is expected because the resonant frequency 
depends on the effective permittivity within the cavity field region, and introducing a dielectric material with εr >1 reduces the 
resonant frequency [26]. The Q-factor also decreases slightly from 2492.5 to 2422.1 (≈2.8%), reflecting the additional loss 
introduced by the dielectric sample [27]. The resonance remains narrow and well defined in both cases. Since the observed 
frequency shift (17.5 MHz) is much larger than the resonance peak width (≈3.49 MHz), the fr and Q-factor can be clearly 
determined from a single measurement sweep. 
 
 

Table 2. Performance metrics of the ANN for predicting εr 
and tan δ. 

Performance Metric εr tan δ 
MSE (×10−5) 8.24 0.0516 
RMSE 0.0091 0.00072 
MAE 0.0032 0.00041 
R² 0.99999 0.99988 
Mean % Error < 0.1 % < 0.2 % 

 
 
 

 
Figure 8. Error histogram of ANN predictions for relative 

permittivity (εr) and loss tangent (tan δ). 
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Figure 9. Experimental setup for dielectric measurement: (a) VNA connected to the rectangular cavity resonator (b) Teflon 

sample placed at the center of the cavity. 
 

 
Figure 10. Measured S21 resonance of the cavity resonator under: (a) Teflon-loaded (b) air-filled conditions. 

 
 

Table 3. Experimental measurements of Teflon and empty 
cavity. 

Teflon Air 
fr (GHz) Q-factor fr (GHz) Q-factor 
8.4649 2422.1 8.4824 2492.5 

 
 

Table 4. Comparison of predicted results and literature 
standards. 

Method εr tan δ 
Literature value [28] 2.01 0.0015 
Extracted using method in [23]  2.08 0.0011 
Estimated by ANN 2.01 0.0014 

 

 
Table 4 compares the dielectric parameters predicted by the proposed ANN model with values reported in previous studies. 

For Teflon in the X-band frequency range, the ANN-predicted values (εr = 2.01, tan δ = 0.0014) show excellent agreement 
with literature data reported by Yakubu et al. [28] (εr = 2.01, tan δ = 0.0015) and measurements obtained via the method in 
Abdul Karim et al. [23] (εr = 2.08, tan δ = 0.0011). These results fall consistently within the typical range for Teflon, which is 
a well-characterized low-loss microwave material. 

Minor variations between these values are expected. These discrepancies likely arise from differences in experimental 
conditions, sample preparation, or measurement procedures. However, the high degree of accuracy, particularly the near-exact 
match for permittivity, indicates that the ANN model effectively captures the complex relationship between resonant cavity 
features and material properties. While εr is often the primary driver for determining electromagnetic behavior in antenna 
design [29], the model’s ability to also estimate tan δ is crucial for applications where dielectric losses are significant, such as 
microwave absorbers [30]. Ultimately, this comparison validates the use of machine learning as a supporting tool for dielectric 
characterization. 

4. CONCLUSION 
This work presented an artificial neural network (ANN)-based method for estimating dielectric properties using resonant 
responses of a rectangular cavity resonator. By utilizing fr and Q-factor as compressed features, the ANN was able to predict 
εr and tan δ with high accuracy. Across the X-band frequency range of 8–12 GHz, the model was trained and validated on 
dielectric samples spanning permittivity values between 1 and 10 and loss tangents from 0.001 to 0.2. The ANN achieved R² 
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values above 0.999, with mean percentage errors below 0.1% for εr and below 0.2% for tan δ, demonstrating high reliability in 
identifying complex permittivity from resonant shifts. From a physical standpoint, the fr reliably captured the relationship with 
permittivity, while the Q-factor reflected the sensitivity of the resonator to dielectric losses, particularly in low-loss materials. 
Training in logarithmic scale further improved prediction stability for very small tan δ values, where regression models 
typically struggle due to high-Q resonances. 

To conclude, the findings indicate that combining resonant feature extraction with ANN modelling can serve as a practical 
supporting tool for dielectric properties characterization. The proposed framework was validated using a Teflon sample, where 
the ANN predicted a εr = 2.01 and tan δ = 0.0014. These values show good agreement with literature values of approximately 
εr = 2.01 and 2.08 and tan δ = 0.0015 and 0.0011 reported for Teflon in the X-band frequency range. Minor differences between 
the predicted and reported values may arise from experimental factors such as sample positioning, measurement conditions, 
and cavity losses. The results demonstrate that combining resonant feature extraction with ANN modelling provides a practical 
approach for estimating dielectric properties. The agreement between the ANN predictions and experimental measurements 
confirms the capability of the proposed framework to capture the relationship between resonant parameters and material 
dielectric properties. This approach can therefore support dielectric characterization and assist in the design and analysis of 
resonant measurement systems. 
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