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ABSTRACT: This paper introduces a deep learning assisted sensor for material classification based on two adjacent split-ring resonators
unit cell sensor. This sensor operates in the frequency range from 7GHz to 8GHz. The sensor is designed to differentiate between
different dielectric materials based on their reflection and transmission properties. A dielectric container is used to hold different sam-
ples. Reflection and transmission coefficients for different materials are used for the classification between different dielectric materials.
These materials are also characterized by using Dielectric Assessment Kite (DAK) for verification with the proposed method. The Dual
Split Ring Resonator (DSRR) unit cell enhanced resonance characteristics facilitate the classification process for distinguishing different
dielectric materials. The measured results of the proposed sensor exhibit a broad detection range, accurately identifying various samples
based on their unique resonant frequency responses. The proposed sensor finds utility in industrial applications, identifying and catego-
rizing various different dielectric materials. In addition, the proposed design is used to measure a mixture of two different materials with
different volume mixing ratios. The measured samples are used to train a convolution neural network to predict the mixing ratio from
the measured S-parameters. The combination of this sensor and the trained model is found to be an efficient tool that determines the
mixing ratios of different samples in a fast way. This concept can also be useful to be applied on other types of sensors and other sensing
parameters.

1. INTRODUCTION

Metamaterials are artificially engineered materials consist-
ing of subwavelength-sized structures, designed to ex-

hibit tailored electromagnetic properties beyond those found
in natural materials. The physical properties of metamaterials
(MTMs) are highly dependent on the shape, design, orienta-
tion, and dimensions of their unit cells. The physical electro-
magnetic properties of metamaterials are strongly influenced
by the geometry, size, and orientation of their constituent unit
cells [1, 2]. Split-ring resonators (SRRs) are one type of meta-
material that have been extensively studied for their ability to
manipulate electromagnetic waves at microwave andmm-wave
frequencies for different applications [1]. On the other hand,
complex permittivity of a material represents a critical param-
eter controlling interaction of electromagnetic waves with the
material. This provides a key parameter for material classifica-
tion. Microwave band enables the realization of much smaller
resonators than lower frequencies. On the other hand, the pene-
tration of low-power microwave signals represents surface sen-
sitivity interaction, which is sufficient for material characteri-
zation through nondestructive techniques. Planar microwave
resonators have attracted significant research interest recently
due to their potential for developing real-time material charac-
terization sensors and mixture composition analysis tools, as
demonstrated by applications like ethanol-methanol differenti-
ation [3–5].
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@eri.sci.eg).

Pendry et al. proposed a design for metamaterials exhibit-
ing negative permeability based on periodic arrays of coupled
SRR [6]. The double SRR structure is characterized by two
concentric split-ring resonators, where the smaller ring is situ-
ated inside the larger one. This arrangement allows for electro-
magnetic coupling between the two resonators. The single ring
configuration can be modeled by an equivalent RLC resonator,
with a resonant frequency of ω0 = 1/

√
LC [7]. The equiva-

lent circuit model of a single ring is just the series connection
of an inductor, a capacitor, and a resistor. Double rings with
a single metallic slit has mutual inductance and mutual capac-
itances apart from their inherent RLC parameters. The effec-
tive permeability exhibits positive real values below the reso-
nant frequency but exhibits negative value at higher frequen-
cies. When the dimensions of the two rings in double SRRs are
very similar, the weak mutual coupling between them creates
a behavior close to that of a single SRR with the same overall
dimensions. This results in a combined resonance frequency
very near that of the single SRR. However, the double SRRs ex-
hibit a larger magnetic moment due to the higher current density
concentrated within the smaller ring. The resonant frequency
of an SRR is determined by its geometry and material prop-
erties. This unique characteristic allows SRRs to operate at a
resonant wavelength of 0.1λ, regardless of their dimensions,
offering significant miniaturization potential compared to con-
ventional λ/2 designs [8].
The development of a reusable microwave sensor for non-

invasive blood glucose monitoring was presented in [9]. The
modified complementary electric LC (CELC) incorporated a
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central cavity, whose sidewalls were coated with a conductive
metal layer to enhance capacitance and optimize the interaction
between the sensor and the liquid sample contained within the
glass capillary.
A method for measuring glucose concentration using a re-

flective microwave biosensor is described in [10]. This ap-
proach introduces a real-time, noninvasive microwave mi-
crofluidic sensor designed to measure glucose levels in aque-
ous solutions. The sensor consists of an open-ended microstrip
transmission line integrated with a complementary split-ring
resonator (CSRR).
A double split complementary SRR based microwave sensor

is proposed in [11] for the high-accuracy measurement of the
complex permittivity of liquid samples. The sensor is designed
to operate at 2.4GHz within the industrial, scientific, and med-
ical (ISM) band. The design has been optimized to achieve a
significant shift in resonant frequency when liquid samples un-
der test (LUTs) are introduced into contact with the resonator.
Recently, new developments have enabled the development

of specialized sensors that canmeasure different materials char-
acteristics, such as liquids, oils, and powders. The advanta-
geous properties of metamaterial sensors, such as ease of man-
ufacture, compact design, and lower costs for mass production,
make them even more popular than conventional sensor sys-
tems. The sensitivity of microwave-based sensors for material
detection is controlled by the combined effect of the shift in the
sensor’s resonant frequency induced by the material under test
and the variation in the metamaterial’s sensitivity based on the
different dielectric materials [12–14]. A two-dimensional SRR
sensor with a T-shaped geometry is proposed in [15], demon-
strating enhanced quality factor compared to traditional SRR
designs. An SRR-based microwave sensor enhanced with elec-
tromagnetic bandgap (EBG) structure is proposed in [16], lead-
ing to a significant improvement in quality factor and enabling
accurate measurement of the imaginary part of complex permit-
tivity. The integration of EBG structures into an SRR-based
sensor results in a substantial enhancement of quality factor,
facilitating the precise measurement of the imaginary compo-
nent of permittivity. Kiani et al. introduce a planar microstrip
sensor for measuring solid material permittivity using a band-
stop filter [17]. The interaction between the meandered mi-
crostrip resonator and interdigitated structure results in a sig-
nificant amplification of the electric field within the sensor,
enhancing its overall performance for various sensing appli-
cations. Wu and Zhao introduce a sensor design based on a
magnetic-LC resonator, capable of simultaneously measuring
both the thickness and dielectric constant of amaterial with high
accuracy [18]. A double-negative square resonator (DNSRR)
sensor, for identifying material thickness and content within the
2–4GHz range, is presented in [19]. A metamaterial absorber
based on a unit cell structure consisting of asymmetric square
split rings with a partial E-shaped center resonator is discussed
in [20]. The design facilitates enhanced absorption efficiency
and improved transmission coefficient through optimized elec-
tromagnetic coupling and reduced reflection.
In addition, deep learning becomes a quite efficient tool to

model complicated process like discrimination between differ-

ent physical responses without the need to return to their phys-
ical meaning [21]. This can be used to train sensors based on
lot of defined measurements to introduce a simple numerical
model which is capable to predict the physical parameters for
unknown arbitrary measurements. Neural networks based on
simple activation functions like rectified linear unit (ReLU) and
Sigmoid functions are an efficient tool for developing general
simple numerical models. In some cases, a large number of
measurement values are required for each process, like mea-
suring S-parameter at different frequencies to determine the
dielectric constant of a sample. In this case, it would be bet-
ter to reduce the number of inputs by extracting the main fea-
tures in the measurement values. This process is obtained by
multiple filterings through convolutional process. This com-
bination is known as Convolutional Neural Network (CNN).
The number of layers, number of filters, order of each layer,
the used optimization technique, and other parameters deter-
mine the efficiency of the proposed model and training conver-
gence [22, 23].
This paper introduces a novel sensor design based on a

two-port waveguide section, embedding a DSRR unit cell for
enhanced sensitivity and selectivity in material classification
within the 7–8GHz frequency band. The performance of dif-
ferent samples was detected by shifting the resonant frequency,
which allowed for the identification of distinct characteristics.
The proposedMTM sensor’s design and performance were ver-
ified through a comprehensive analysis of its surface current,
E-field distribution, and equivalent circuit parameters. Then,
the designed sensor is used to measure a mixture of cement
and sand for different mixing ratios. The measurements are
used to develop a CNN model for this senor to directly pre-
dict the mixing ratio for the measured S-parameters. The pa-
per is organized as follows. Section 2 outlines the design and
simulation of DSRR unit cell sensor. Section 3 introduces the
effective complex permeability of the DSRR sensor that was
numerically extracted from High Frequency Structure Simula-
tor (HFSS) simulations by employing a rigorous retrieval algo-
rithm. Section 4 presents the equivalent circuit model of the
proposed DSRR unit cell. Section 5 introduces the simulated
sensor analysis for material classification. Section 6 presents
the experimental validation. Then in Section 7, the designed
sensor is used to measure different samples of mixture from
cement and sand with different volume mixing ratios. These
measurements are used to develop a CNN model for predicting
the mixing ratio from measured S-parameters. Finally, con-
clusion is presented in Section 8. The primary innovation of
this work lies in the integration of a DSRR for solid mixture
sensor for solid mixture with a deep learning model to achieve
high-accuracy classification and mixing ratio prediction for di-
electric materials, particularly cement-sand mixtures. Table 1
introduces brief comparisons between the proposed sensor and
prior works.

2. DESIGN AND SIMULATION OF DSRR UNIT CELL
SENSOR
The geometry and dimensions of the proposed DSRR sensor
is illustrated in Figure 1. Electromagnetic HFSS was utilized
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TABLE 1. Comparison between the proposed sensor and previously published works.

Reference Focus Key Limitations Addressed by Our Work

[11] (Beria et al.)
DS-CSRR for liquid

permittivity measurement

• Focuses on liquid samples;
our DSRR targets solid mixtures (cement-sand).
• Uses traditional resonance-shift analysis;

we integrate end-to-end CNN for direct mixing ratio prediction.

[14] (Zamel et al.)
Metamaterial sensor

for powder classification

• Classifies materials without quantitative mixing ratios.
• No AI integration;

our work adds regression-based CNN for volume ratio prediction.

[17] (Kiani et al.)
SRR for solid

permittivity measurement

•Measures permittivity only;
our system predicts physical mixing ratios (0–100%).

• Uses single-ring resonator;
our DSRR enhances sensitivity via dual-ring coupling.

[21] (Li & Salucci)
General DL applications
in electromagnetics

• Theoretical overview;
we provide a practical implementation for industrial mixtures.

FIGURE 1. Geometry of the proposed antenna.

FIGURE 2. Simulated reflection and transmission coefficients for the
proposed MTM structure.

for the design and analysis of the DSRR sensor. The suggested
DSRR structure mounted on the same side of an FR4 dielec-
tric substrate. The overall dimensions of the MTM sensor are
22.86× 10.16mm2, which are chosen to match the aperture of
theWR90waveguide. To determine the optimal dimensions for
the DSRR unit cell sensor, a parametric analysis is performed to
be suitable for the analysis in the frequency region from 7GHz
to 8GHz. The properties of the used FR4 dielectric substrate in-

clude its dielectric constant (εr) of 4.3 and loss tangent (tan) of
0.002 with thickness of 1.6mm. Figure 2 shows the simulated
reflection and transmission coefficients for the proposed DSRR
unit cell. The minimum transmission of the designed SRR in
the range from 7GHz to 8GHz can be noted from Figure 2.

3. EXTRACTING THE METAMATERIAL CHARACTER-
ISTICS OF THE PROPOSED DSRR UNIT CELL
The effective complex permeability and permittivity (µr, εr) of
the DSRR sensor were numerically extracted by using complex
reflection and transmission coefficients. The permittivity and
permeability of the DSRR unit cell are calculated by using the
following equations [24, 25]:

ε =
1
kd

√
(1− S11)

2 − S2
21

(1 + S11)
2 − S2

21
cos−1

[(
1− S2

11 + S2
21
)
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]
(1)
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1
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2 − S2
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21
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1− S2
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21
)

2S21

]
(2)

The effective parameters (ε, µ) are shown in Figures 3(a)
and 3(b). The negative values for permittivity in the frequency
range from 7.37GHz to 7.56GHz can be noted from Figure 3.
On the other hand, the permeability is negative starting from
7.36GHz and extends to be negative up to the end of the pro-
posed frequency range at 8GHz.

4. EQUIVALENT CIRCUIT OF THE DSRR UNIT CELL
SENSOR
The equivalent circuit model of the proposed DSRR unit cell
is represented as two parallel RLC circuits which is connected
in series with the capacitor (Cgab) that represents the gap ca-
pacitance between the two DSRR unit cells, as shown in Fig-
ure 4. The lumped elements of the equivalent circuit can be ex-
tracted from the corresponding frequency response. The over-
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(a) (b)

FIGURE 3. (a) Relative permittivity for the proposed SRR structure. (b) Relative permeability for the proposed SRR structure.

FIGURE 4. Equivalent circuit of unit cell.

all capacitance of the MTM structure depends on the permit-
tivity of the material surrounding it. This sensitivity in capac-
itance alters the resonance frequency, enabling material char-
acterization and identification through permittivity measure-
ments [26, 27].
The total equivalent resonance frequency is given by [26]:

f =
1

2π
√
LC

(3)

where L and C are the total effective inductance and capaci-
tance of the DSRR structure, respectively.
Figure 5 shows the reflection and transmission coefficients

of the unit cell and the corresponding equivalent circuit. The
results of the unit cell are obtained by using HFSS, and the cor-
responding ones of the equivalent circuit are obtained by using

FIGURE 5. Simulated reflection and transmission coefficients for the
proposed MTM structure.

TABLE 2. Equivalent circuit parameters.

Parameters C R L Cgab

Values 0.4 pF 2Ω 1.166 nH 20 pF

Advanced Design System (ADS). Extracted equivalent circuit
parameters in this case are listed in Table 2.

5. SIMULATED SENSOR ANALYSIS FOR MATERIAL
CLASSIFICATION
The DSRR characterization principle is generally based on the
shift in resonant frequency due to the loading materials. This
variation in resonant frequency is utilized to differentiate be-
tween various materials. MTM unit cell is employed to con-
centrate the fields within the sample container, thereby en-
hancing the reflection sensitivity measured by the open-ended
waveguide section. The interaction between fields and mate-
rials depends on the operating frequency. Thus, the sensing
methods also vary depending on the frequency range of appli-
cations. Consequently, different sensing methods are imple-
mented across various frequency ranges to exploit this depen-
dence and to achieve optimal material characterization [28, 29].
The classification of different materials samples was simu-

lated without/with a DSRR sensor structure in the frequency
range from 7GHz to 8GHz. The outputs of the DSRR sensor
are influenced by the dielectric constant of sampled positioned
inside the sample holder. Figure 6 shows the designed sensor
structure (embedded into the waveguide adapter), coinciding
with the sample holder position. Effective dimensions of the
proposed structure are validated by applying various boundary
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FIGURE 6. System diagram of the microwave sensing process.

FIGURE 7. Verification of distilled water with DAK.

(a) (b)

FIGURE 8. Measured permittivity and dielectric constant.

conditions in simulations to match waveguide results. Perfect
electrical conductor (PEC) boundary conditions were imposed
on the x and y planes during simulations, while open bound-
aries were assigned to the z-axis and propagation direction. The
suggested DSRR structure is placed at the end of the waveguide
for validated and experimental analysis [30]. The material un-
der test is placed inside a dielectric container that is attached to
open-ended waveguide. A cubic dielectric container with side
lengths of 40mm and a wall thickness of 1.5mm is made from
a material that has a relative permittivity (εr) of 3.6.
Samples intended for dielectric measurements must satisfy

specific requirements, including adequate volume, homogene-
ity, and isotropy. The complex permittivity of each sample
in terms of the dielectric constant (ε′) and dielectric loss fac-

tor (ε′′) was measured over the frequency range of 5–8GHz at
25◦C. Following calibration using load, open, and short stan-
dards, the sample under test was prepared for measurement.
Verification of distilled water can be performed for frequencies
from 1GHz to 15GHz, as shown in Figure 7, and the complex
permittivity of water was measured, in terms of the dielectric
constant (ε′) and dielectric loss factor ε′′) at 25◦C.
The measured relative permittivity and dielectric loss val-

ues of the samples under test at the frequency range of 7GHz–
8GHz by using a dielectric probe kit are shown in Figures 8(a)
and 8(b). Figure 9 shows the simulated transmission coefficient
for the proposed unit cell inside waveguide (WG) using Com-
puter Simulation Technology (CST) and HFSS for sand with
and without DSRR sensor.
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FIGURE 9. Comparative analysis of sand using CST and HFSS simulations, both with and without MTM.

FIGURE 10. Surface current distribution of the microwave DSRR sensor.

FIGURE 11. Electric field distribution of the microwave DSRR sensor.

Figures 10 and 11 show the electric field and surface cur-
rent distributions in sand at the resonant frequency of 7.63GHz,
respectively. Examining the distributions of both the electric
field and surface current is essential for understanding the op-
eration principles of the proposed sensor. These distributions
provide insights into the energy storage and loss mechanisms
within the device. When a sample with a different dielectric
constant is inserted into the measurement region, it alters the
effective permittivity seen by the gaps, thereby modifying the
total capacitance in the resonant circuit. Due to the strong field
confinement within and around these gaps (as shown in Fig-
ure 10 for surface current and Figure 11 for electric field), even

small changes in dielectric loading produce noticeable reso-
nance shifts. The outer ring primarily supports stronger current
densities, while the inner ring intensifies the electric field in the
gap regions, enhancing localized interaction with the sample.
This combination of magnetic (from the circulating currents)
and electric (from the capacitive gaps) field localization leads
to sharper and more distinct resonant responses for different
materials. Figure 10 shows the distribution of surface currents
along the edges of the DSRR sensor at its resonant frequency
of 7.63GHz for the case of sand. In this case, the current is
maximum mainly at the outer rings of the proposed sensor.
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(a) (b)

FIGURE 12. Transmission coefficient response of the proposed sensor for different samples without and with the DSRR. (a) Without DSRR. (b) With
DSRR.

(a) (b)

FIGURE 13. (a)Waveguide configuration for the experimental setup. (b) Comparison of measured and simulated results of reflection and transmission
coefficient of the MTM unit cell within the waveguide section.

Figure 11 shows the transmission coefficients for the pro-
posed sensor without and with DSRR for different types of ma-
terials including cement, sand, clay, and air. It can be noted that
the various sample materials without DSRR structure have sim-
ilar S21 peak resonance frequencies, which made it difficult to
differentiate them, as shown in Figure 12(a), and the results of
samples with MTM are plotted in Figure 12(b). It can be noted
that the MTM unit cell significantly improves material classifi-
cation by generating unique spectral fingerprints for each sam-
ple.

6. EXPERIMENTAL VALIDATION
The fabricated sensor structure and experimental setup are
depicted in Figure 13(a). Following this configuration, the
waveguide is connected to a ZVA67 vector network analyzer
(VNA). The reflection and transmission coefficients of the
setup based on DSSR are measured and compared with the sim-
ulated ones, as shown in Figure 13(b). Good agreement can be
noted between measured and simulated results.
Figure 14 shows the proposed material classification setup.

The tested materials are initially inserted inside the sample
holder. Then, the transmission coefficient is measured. This

FIGURE 14. System measurements of the microwave sensing process.

process is repeated for each measurement step. Due to inher-
ent fabrication and calibration tolerances, minor performance
variations were observed.
The experimental transmission coefficients for different

tested materials are presented in Figure 15. It can be noted
that the experimental results agree with the simulated ones. It
can be noted that without the MTM structure, the measured
transmission coefficients are similar for different samples.
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(a) (b)

FIGURE 15. Measured S21 response: (a) without MTM, (b) with MTM.

TABLE 3. Quantitative classification accuracy table.

Frequency (GHz)
Transmission coefficient
(S21) without DSRR

Transmission coefficient
(S21) with DSRR

Cement 7.62 5.95 dB −37.89 dB
Sand 7.57 4.18 dB −39.62 dB
Clay 7.45 7.06 dB −40.70 dB
Air 7.38 2.52 dB −47.81 dB

TABLE 4. Comparison with other metamaterial-based sensors.

Ref.
Sensing

Technique
Size (mm)

Sensing
parameters

Resonance
frequency (GHz)

Tested
Materials

Q-factor
Sensitivity

(MHz/εr-unit)
FoM

[31] SRR 45× 16 S12 1.72 liquid 43 18 ∼774
[32] SRR 22.86× 10.16 S11 9.5 Oils 237.5 25 ∼5937
[33] SRR 40× 30 S12 1.85 liquid 46.25 15 ∼690
[34] CSRR 40× 40 S11 5.2 Metal 130 N/A N/A
[35] patch resonator 88× 73 S11, S22 2.430 and 1.950 Metal 60.75/48.75 20 ∼1215/∼975
This
work

DSRR 22.86× 10.16 S12 7.63
Concrete
Mix

190.8 42 ∼8013.6

This makes it to be challenging to differentiate between the
different samples without the MTM structure. In contrast,
the MTM unit cell induces distinct transmission coefficient
minima for different samples. The observed field enhancement
can be attributed to the lensing effect of the MTM unit cell,
which concentrates electromagnetic waves onto the materials
under test. This enhanced energy concentration within the
material allows for more precise differentiation between sam-
ples, as varying material properties lead to distinct responses
to incident electromagnetic waves.
It is clear in Table 3 that without the MTM (metamaterial)

structure, the measured transmission coefficients are almost
identical across different samples, making it difficult to distin-
guish between them. On the other hand, with the presence of
MTM it is easy to differentiate the different materials at differ-
ent resonance frequencies.

Table 4 shows a comparison between the proposed sensor
and other previously studied sensors in terms of different per-
formance metrics, including sensing technique, size, parame-
ters, resonant frequency, tested materials, quality factor, sensi-
tivity, and Figure of Merit (FoM). The quality-factor for the
proposed sensor is, Q = fr/∆f , fr is the resonance fre-
quency and ∆f is the +3 dB bandwidth. For sensing perfor-
mance characteristic, the FoM is calculated, which is defined
as FoM = S ×Q, where S is the sensitivity, andQ is the qual-
ity factor. The sensitivity is calculated from S = ∆f/∆εr.

7. DEEP LEARNINGMODEL FOR THE DESIGNED SEN-
SOR
The complete workflow for the material classification system
is summarized in Figure 16. The process begins with the de-
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FIGURE 16. Complete workflow for material classification sensor.

sign and simulation of a Double-Square Split Ring (DSSR) res-
onator, followed by its fabrication. Samples are collected by
measuring a comprehensive set of cement-sand mixture sam-
ples. The resulting data is used to train and test a Convolu-
tional Neural Network (CNN), which serves as the core intelli-
gent classifier for predicting mixing ratios.
The designed DSRR sensor was employed to measure

cement-sand mixtures with volume ratios ranging from 0%
to 100% in 1% increments. For each sample, reflection and
transmission coefficients S11 and S21 were recorded at 100
frequency points (7–8GHz, 10MHz steps). These measure-
ments were used to train a Convolutional Neural Network
(CNN) to predict mixing ratios directly from S-parameters,
eliminating manual feature extraction. Below, we will detail
the data preprocessing, model architecture, and comprehensive
performance evaluation. The designed sensor is used to deter-
mine the mixing ratio of cement and sand. To do this, different
mixture samples of cement and sand with different mixing
ratios are prepared and measured by using the designed sensor.
To adjust the mixing ratios, a box with internal dimensions
5 × 5 × 4 cm3 and another box with internal dimensions
1 × 1 × 1 cm3 are prepared to include 100 cm3 and 1 cm3

respectively. The first box is completely filled with cement.
Then, removing some cement by using the second box to
replace it by sand and mixing well, it is possible to get different
samples of cement-sand mixtures with volume ratios in steps
of 1%. One hundred samples are prepared with volume ratio
starting from zero to one. These samples are measured by
using the designed sensor, and the corresponding reflection
and transmission coefficients are stored. The measurements
for each sample are stored for 100 frequency points in the
frequency range from 7 to 8GHz with a step 10MHz. The
design parameters is summarized in Table 5.

TABLE 5. Sample preparation specifications for CNN training dataset.

Parameter Value
Total Sample Volume 100 cm3

Primary Container Dimensions 5× 5× 4 cm3

Incremental Volume 1 cm3

Incremental Container Dimensions 1× 1× 1 cm3

These measurements are used to train a Convolution Neural
Network (CNN) to develop a model for the response of cement-
sand mixture according to the volume ratio of sand to cement.
The inputs of this CNN are the S11 and S21 in dB format. The
total number of inputs for each sample is 200. On the other
hand, the output of the CNN is the mixing ratio. Fortunately,
the mixing ratio lies in the range from 0 to 1, thus, there is no

need to normalize it. However, the S parameters in dB for-
mat are negative values in the range from −50 to 0 dB. Thus,
the first step to use the input data to be suitable for training
the proposed CNN is to normalize it to be in the range from
0 to 1. Actually, the magnitude of the S parameters in ratio
format is already in the range from to 1, however, the dB for-
mat which is based on the logarithmic has a significant vari-
ance compared to the direct ratio. This is the reason that the dB
format is used combined with normalization. The normalized
value is obtained as follows:

Sij normalized =
Sij dB + 50

50
(4)

where Sij dB represents either S11 or S21 in dB format.
The normalized input data for bothS11 andS21 are combined

into a single vector of a total length 200. Then, this vector is
reshaped to a 2-D matrix of size 20× 10. This matrix is passed
through three 2-D convolution layers to extract the main fea-
tures of the input data for each mixing ratio.
The used CNN model shown in Figure 17 consists of:

1. Three 2D Convolutional Layers:

◦ Layer 1: 16 filters (3 × 3 kernel), ReLU activation,
max pooling.

◦ Layer 2: 32 filters (3 × 3 kernel), ReLU activation,
max pooling.

◦ Layer 3: 10 filters (5× 2 kernel), ReLU activation.

2. Fully Connected Layers:

◦ Four dense layers (64→32→16→1 neurons) with
ReLU, except the output layer (sigmoid).

The model was trained using the Adam optimizer (learning rate
= 0.001) on 80 samples (80% of data), with 20% reserved for
testing.
The performance metrics of the proposed CNN are summa-

rized in Table 6.
The proposed training protocol has a batch size 16 with 200

epochs (of early stopping patience= 15). The Learning rate of
Adam optimizer is 0.001. The Loss function is mean squared
error. The training time is 22 minutes, and the model is con-
verged at epoch 137. Figure 18 shows the Root Mean Square
(RMSE) as a function of the number of training iterations. It can
be noted that after 100 iterations the RMSE drops and nearly
saturates. The corresponding error loss is shown in Figure 19.
After that, the trained network is stored. This stored network
is used to predict the volume ratios for different samples in the
range from to 1. In this case, the measured S-parameters are
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TABLE 6. Performance metrics of the proposed CNN.

Metric Value Interpretation
Root Mean Squared Error (RMSE) 0.042 Error < 4.2% of output range.

Mean Absolute Error (MAE) 0.035 Average deviation ±3.5%.
R2 (Coefficient of Determination) 0.983 Near-perfect fit (1.0 = ideal).

Max Absolute Error 0.089 Worst-case error < 8.9%.

Cross-Validation: 5-fold CV yielded consistent results
(mean RMSE = 0.045± 0.003), confirming robustness.

FIGURE 17. Structure of the proposed Convolution Neural Network.

FIGURE 18. Root Mean Square Error (RMSE) of the training process as number of iterations.

FIGURE 19. Loss values of the training process as number of iterations.

used as inputs to the trained network which introduce the pre-
dicted volume ratio. Figure 20 shows a comparison between
the actual volume ratios and obtained predicted values. Good
agreement between the actual and predicted values is obtained
as shown in Figure 20. These results indicate the applicability

of using the designed sensor combined with the trained model
to predict the volume ratio of a mixture for cement and sand.
The trained model predicts mixing ratios in real time (in-

ference time = 2.1ms/sample on an Intel i7 CPU), enabling
rapid quality control for construction materials. This approach
is generalizable to other mixtures (e.g., polymers, pharmaceu-
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FIGURE 20. Comparison between actual ratios and predicted ratios by
using the trained model. Actual values are presented by dashed line
and predicted values are presented by circles.

ticals) by retraining CNN with new data. The same problem is
modeled by using other Deep Learning (DL) models. Compar-
isons between the performance of the proposed CNNmodel and
other models are summarized in Table 7. It can be noted that
the proposed CNN has more efficient performance than other
techniques.

TABLE 7. Comparison between the proposed CNN and other DL mod-
els.

Mode RMSE MAE R2 Training Time

CNN (Proposed) 0.042 0.035 0.983 22min

Random Forest 0.068 0.052 0.941 8min

SVM (RBF) 0.095 0.078 0.884 12min

Linear Regression 0.112 0.091 0.871 2min

8. CONCLUSION
In this paper, a DSRR unit cell sensor is proposed for the
classification of different samples in the frequency range from
7GHz to 8GHz. The classification accuracies of powder sam-
ples, both with and without a DSRR structure, were stud-
ied by using HFSS and CST. In addition, the equivalent cir-
cuit of the DSRR unit cell sensor was developed using ADS.
The frequency-shifting feature allows the sensor to achieve en-
hanced sensitivity in distinguishing between different samples.
The obtained measured resonance frequencies with MTM are
7.48GHz, 7.56GHz, 7.42GHz, and 7.59GHz for samples (ce-
ment, sand, clay, and air, respectively). The measured results
have good agreements with the simulated ones, which validates
the potential applications of the proposedDSRR unit cell sensor
for different samples. This sensor is used to measure different
samples of mixtures composed of cement and sand with differ-
ent volume ratios. These measured samples are used to train a
CNN model. The trained CNN model combined with the de-
signed sensor is found to be an efficient tool and determine the
ratio of cement-sand mixtures for different volume ratios in the
range from to 1. The proposed technique can also be useful for
other sensing techniques.
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