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IoT-Driven Regression Tree Models for Efficient
Microwave Dielectric Material Characterization:
Addressing Non-Linear Cavity Sensing

Ahmad Khusro™', Zubair Akhter

Abstract—Interconnected microwave dielectric sensing nodes
have the potential to revolutionize microwave material processing
and design, where microwave dielectric materials characteri-
zation (MDMC) with high precision and rapid circuit design
are crucial. This research presents an Internet of Things
(IoT)-enabled automated MDMC system designed to tackle
the nonlinearity challenges in the extended cavity perturbation
regime. Utilizing a cylindrical cavity operating in TE;1; mode at
5 GHz, the proposed MDMC system is extensively trained on a
diverse range of materials through numerous full-wave 3-D elec-
tromagnetic simulations. The outputs, i.e., relative permittivity
and loss tangent, are derived using advanced machine learning
models, including decision tree (DT) and ensemble learning (EL).
A comparative analysis that incorporates simulation, measure-
ment, and predicted permittivity values across varying sample
dimensions demonstrates the robustness and accuracy of the DT
and EL model. This validates the effectiveness of our high-quality
sensor node and sophisticated data processing techniques within
an IoT-centric framework.

Index Terms—Complex permittivity, dielectric properties,
machine learning (ML), microwave material characterization,
microwave material industry, microwave resonant sensing,
regression tree model, smart industry.

I. INTRODUCTION

CCURATE identification and characterization of dielec-
tric materials are vital to effectively design and optimize
microwave components, including filters, antennas, and sen-
sors [1], [2], [3], [4]. In the development cycle of microwave
component design, the ability to obtain precise estimates
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of the dielectric properties of substrate materials beforehand
can significantly enhance overall development efficiency by
reducing the number of design iterations. With the rapid
evolution of 5G technologies, the reliable characterization of
sub-6 GHz frequencies is essential for effectively targeting
5G frequency bands [5], [6]. Over the past few decades,
microwave dielectric characterization has been an active
research area, generally divided into two main categories:
resonant [7], [8], [9], [10], [11], [12] and nonresonant [13],
[14], [15], [16], [17], [18], [19], [20]. While resonant cavity
perturbation is typically viewed as a more accurate technique
for dielectric characterization of materials, it encounters sig-
nificant challenges. Specifically, when the ratio of the sample
volume (V;) to the cavity volume (V.) exceeds 0.005 [8],
this method faces substantial limitations due to nonlinearity.
Although existing models have provided valuable insights for
accurately characterizing dielectric samples, they struggle to
estimate permittivity (¢,) and loss tangent (tand) in these
extended nonlinear regions, leading to considerable deviations
(>20%) from actual measured values. This article utilizes a
resonant circular cavity as an Internet of Things (IoT) sensing
node, augmented by an artificial intelligence (AI) algorithm
to ensure precise estimation of ¢, and tan$ even in these
nonlinear regimes.

Al and machine learning (ML) have become important tools
in radio frequency (RF)/Microwave engineering, with appli-
cations in areas, such as sensing [21], antenna design [22],
[23], device modeling [24], [25], [26], characterization of
dielectric sheets [14], [15], [31], and RF circuit design [27],
[28], [29]. Various ML techniques, including artificial neural
networks (ANNS), support vector regression (SVR), Gaussian
process regression (GPR), and decision trees (DTs), have
been widely employed in different fields for monitoring and
learning tasks [24], [25], [26], [27], [28], [29], [30], [31].
However, despite the numerous applications of Al and ML
in RF/microwave engineering, the nonlinear region associated
with cavity perturbation has not been thoroughly investigated.
Recently, an ML-based approach was proposed to tackle
the nonlinearity challenges present in cavity perturbation,
but its application remains limited to estimating dielectric
constants [31].

Keeping an eye on the above issues, this article utilizes
the capabilities of the DT and ensemble learning (EL)
methods to expand cavity perturbation methods and make
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complex permittivity extraction possible in the nonlinear
region. In addition to this, the proposed sensing node (i.e.,
the cavity resonator) has been successfully integrated with an
IoT framework for wider applicability by enabling material
measurement remotely. Overall, the main contributions of this
article are as follows.

1) Development of a compact and robust novel regression
trees-based model with minimum modeling parameters
for complete characterization of dielectric samples in the
nonlinear region of cavity perturbation.

2) Excellent retrieval accuracy testing samples with extrap-
olated thicknesses demonstrating the scaling capability
of the trained ML model;

3) Rapid learning capacity, adaptation capability, and abil-
ity to model nonlinearity.

The remainder of this article is organized as follows.
Section II details the IoT-based sensing architecture, including
the design of the sensing node with comprehensive numer-
ical simulation results and challenges that justify the need
for an innovative proposed regression tree model, and the
networking layer, which is crucial for data acquisition and
transfer to the cloud. Section III focuses on the development
of regression tree-based models, outlining the theoretical and
algorithmic frameworks for the DT and the EL, as well as the
training, testing, and validation processes for these models.
Section IV examines the application layer of the proposed IoT-
based microwave dielectric material characterization (MDMC)
system. Finally, Section V provides the concluding remarks.

II. IOT SENSING ARCHITECTURE FOR MDMC
A. Overview of loT Framework

Fig. 1 presents the overarching architecture of a four-
layer IoT-based smart system for MDMC. These layers are
organized from bottom to top as the sensing layer, network
layer, data processing layer, and application layer. Unlike
other IoT frameworks, a service-oriented architecture (SOA)
is employed because of its robust integration of the network
and data processing layers, ensuring smooth and efficient
operation. The key features of SOA—modularity, interoper-
ability, scalability, reusability, and flexibility—contribute to
a structured and efficient management of the complexities
inherent in IoT systems. This ultimately leads to smoother
operations compared to other architectural approaches that
may not offer the same level of adaptability and integration.

Fig. 2 depicts the proposed SOA structure, organized into
four interconnected layers that illustrate the data flow from
sensors to end-user devices. The first, i.e., the sensing layer,
utilizes the TM11; mode of the circular cavity sensor for the
precise characterization of dielectric materials. The sensing
nodes, connected to the measuring unit [a vector network
analyzer (VNA)], can be geographically distributed across
multiple locations. The network layer is responsible for data
transmission, where wireless communication protocols are
used to transmit data from the sensing nodes to the next
stage. The gateway acts as the central hub in this layer,
collecting data from the sensing nodes via Bluetooth and
transmitting it to the Data Processing Layer via Ethernet.
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Fig. 1. Schematic representation detailing the integration and interaction of
entities within an IoT-based MDMC system for industrial applications.
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MDMC system for industrial monitoring and processing (sensing node
detailed in scribbled box).

Various communication protocols, such as Wi-Fi and 4G
modules, are employed to receive measurement commands
and upload S-parameter data to the server via the gateway,
depending on the situation and network availability. The third
layer, the Data Processing Layer, consists of the processing
unit and data analytics components, where a trained ML
algorithm is deployed. This algorithm processes the measured
S-parameter data from each node to estimate the relative
permittivity (¢,) and the loss tangent (tan ). The final layer,
the Application Interface Layer, supports user interaction and
system integration, displaying the results in a user-friendly
GUIL Each of these layers is discussed in detail in the
subsequent sections.

B. Implementation of Microwave Sensing Layer

This section provides a comprehensive overview of the
sensing methodology employed within the SOA’s sensing
layer. The proposed sensor is a circular cavity that operates
in the TE;;; mode. Aluminium (p = 3.5 X 107 S/m at
room temperature) is selected as the sensor material due to
its advantages in terms of weight, cost, surface treatment,
and ease of machining and fabrication compared to copper.
The 3-D model of the sensing node, designed to operate at
5 GHz, is depicted in Fig. 3, which provides a comprehensive
schematic of the cavity design. Fig. 3(a) depicts the external
structure, which features two coaxial SMP-type ports for
easy mounting and detachment, streamlining the dielectric
testing process. Fig. 3(b) highlights the interior configuration,
where the second SMP port is visible on the cavity wall, and
the test sample is securely positioned on a custom-designed
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Fig. 3.
view with dimensions.

support platform. Fig. 3(c) presents the fabricated cavity in
its open state, ready to accommodate the test sample. Finally,
Fig. 3(d) illustrates the various dimensions of the cavity,
including an exploded view of finer details for better clarity
and understanding. The design parameters are theoretically
calculated using the following equation and later fine-tuned in
the full-wave electromagnetic simulator

(f, )y = ﬁ\/ (Xi"")z (I o

where X,’,m represents the nth zero (n = 1,2,3,...) of the
derivative of the Bessel function J,, of the first kind and of
orderm (m =0, 1,2,3,...). The optimized design parameters
of the sensing node are listed in Table I. The design of the
sensing node prioritizes operation in the TE;;; mode over the
conventional TMgjo mode, which is achieved by maintaining a
height-to-radius #/a = 4.2, significantly greater than the critical
threshold of 2.03 (for h/a < 2.03, TMpjo is the dominant
mode). The TEq;; mode is preferred for two key reasons:
1) the off-center positioning of the sample within the cavity, as
illustrated in Fig. 3(b) and (d), requires a field that is uniform
not only along the z-axis but also across the sampl’s surface
[Fig. 4(a)] and 2) the sample is designed as a thin disc, which
improves sensitivity when the electric field is tangential to the
disc, as depicted in Fig. 4(b), rather than normal to it, as in
the TMpjo mode. Each cavity design can maintain linearity
only up to a certain sample-to-cavity volume ratio, which is
directly linked to the cavity’s loading. When the loading exceeds
a certain threshold, the cavity operation enters the nonlinear
region [8]. By enhancing the interaction between the dielectric
disc sample and the electric field of the TE;;; mode compared
to the TMgjo mode, we have maximized the loading for the
specified sample thickness. The increased sensitivity of cavity
perturbation causes the cavity to enter the nonlinear state much
sooner than with the TMp;9 mode. This concept underpins the
design of the circular cavity operating in TE{;; mode, which
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TABLE I
CIRCULAR CAVITY DESIGN PARAMETERS

Parameters D, Dyg D fo D 1 L¢ L; Ts
Value (mm) 3790 4290 4.14 127 80 292 08,091
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Fig. 4. Arrow type plot of the electric field of (a) TE;q; mode in XY-
plane and (b) TE{{; mode in XZ-plane, showing the maximum intensity of
tangential electric field across the surface of the sample.

rapidly transitions into the nonlinear region, a critical aspect for
evaluating the developed AI/ML algorithm. The TMp;o mode
reduces sensitivity due to the weak interaction caused by the
sample’s small thickness (~1/601). The resonant frequency
for the TMpjp mode is 6.06 GHz, resulting in a frequency
separation of more than 1 GHz. The sensing node is fabricated
using advanced CNC milling techniques, and its surface finish is
achieved through mechanical and chemical polishing, followed
by clear anodizing, thus recording a high-quality factor of 9231.

After designing and fabricating the sensing node, which
includes a custom-designed support platform to hold the test
specimen [as shown in Fig. 3(b)], the disc-shaped sample
is positioned at the location of the maximum electric field
tangential to its surface to estimate the complex permittivity
(as shown in Fig. 4). The real and imaginary parts of the
complex permittivity can be determined using the conventional
cavity perturbation (CCP) formula, as given in (2) and (3),
where Qp, O, and fy, f are the quality factors and resonant
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Fig. 5. Simulated transmission response of @1 = 0.8 mm, @2 = 0.9 mm,
and @3 = 1 mm thick dielectric disk sample, variation in dielectric constant
and loss tangent ranging from 1 to 25 and O to 0.01, respectively.

frequencies of the unloaded and the loaded cavities, respec-
tively, loss tangent is defined as (tan8 = ¢, /¢/), while A and
B are shape factors that depend on the cavity configuration,
operating mode, the permittivity and geometry of the sample,
as well as the sample’s position within the cavity [8]

-G
W) o

The cavity is simulated for three distinct specimens with
thicknesses of 0.8, 0.9, and 1 mm using the frequency
domain solver of CST Microwave Studio, and the two-port
S-parameters are calculated. To ensure a precise measurement
of the quality factor, 15001 frequency points are collected
over a frequency range of 2.5 — 5.2 GHz, enabling accurate
determination of loss tangent values. The dielectric properties
and loss tangent of the test sample were varied to determine
the sensitivity of the cavity. A total of 132 samples are
generated through simulations for each sample thickness,
with ¢/ values ranging from 2 to 25 and six sets of tané
values: [0, 0.0009, 0.0001, 0.006, 0.001, 0.01]. Under no
load conditions, the resonant frequency (fp) and quality factor
(Qp) are determined to be 5 GHz and 9231, respectively, as
shown in Fig. 5. The quality factor is calculated using the
3-dB approach. The high value of Qg makes the proposed
cavity particularly effective for detecting low-loss dielectric
samples. Fig. 5 illustrates variations in the cavity transmission
coefficient. It was observed that variations in the loss tangent
do not influence the frequency response but do modify the
insertion loss. Additionally, changes in the dielectric constant
not only cause a shift in the frequency response but also result
in a significant change in insertion loss, particularly under
higher loading conditions.

A detailed study of the dielectric sample with a high dielec-
tric constant reveals that samples with a relative permittivity
greater than 10 exhibit significant nonlinear variations in the
resonant frequency shift [8]. As shown in Fig. 6(a), a linear
relationship is maintained for e; values below 10; however, this
linearity breaks down at higher permittivity values. This issue,
known as cavity overloading, is a well-known limitation of
the CCP method. Furthermore, as the dielectric constant enters
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dielectric permittivity of the test sample, and the change in fractional quality
factor to the loss tangent of the test sample for (b) ¢ = 5, (c) &). = 10, (d) ¢,
= 15, (e) &, = 20 and (f) &) = 25.

the nonlinear region, the assumptions underlying perturbation
theory become significantly compromised. The electric field
distribution of the TE;;; mode begins to distort, and nearby
modes are also affected. Additionally, it is important to
note that further increases in the dielectric constant may
push the resonant frequency beyond the cut-off frequency of
the circular waveguide. In such cases, the dielectric sample
under test interacts primarily with evanescent modes, making
it impossible to extract the complex permittivity using (2)
and (3). Furthermore, the quality factor of a resonant cavity
can increase after introducing an extremely low-loss dielectric,
which could invalidate the CCP method, particularly for
extremely low-loss dielectric samples [1]. This effect becomes
more pronounced when the dielectric material under test has a
high dielectric constant. Fig. 6(d)—(f) show that the fractional
change in the quality factor is not always uniform with the
change in the loss tangent of the test sample, as expected
from (3). However, a more linear response is observed for a
lower dielectric constant, 8; = 5, as shown in Fig. 6(b).

These challenges, such as nonlinear variations in the reso-
nant frequency shift exacerbate the issue of cavity overloading,
as previously discussed, and limit the accuracy of MDMC
using standard formulae (2) and (3) and serve as the primary
motivation to utilize ML techniques for overcoming these
issues. The ML-based approach is designed to overcome these
challenges in the following ways.

1) ML approach learns complex, nonlinear relationships
directly from data, unlike the conventional methods that
face issues such as variances in frequency shifts. This
allows for more accurate and generalized predictions of
material properties.

2) ML model efficiently reduces the impact of perturbation-
induced frequency changes by identifying underlying
patterns in a massive dataset, which traditional
techniques cannot achieve due to severe analytical
constraints.

3) Instead of relying simply on established equations, our
ML model uses training data from a diverse set of sim-
ulations to predict complex permittivity more robustly
across a broader range of materials/samples and cavity
designs.
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4) CCP methods frequently require empirical calibration
to account for nonlinearities. In contrast, our ML-based
model automates this correction, making the technique
more adaptable and requiring less manual intervention.

The proposed ML algorithms used for the present research

will be discussed in detail in the data processing section.

C. Network Layer: Measuring and Networking

The networking layer facilitates wireless communication
and data acquisition from each sensing node. The measurement
setup, which integrates the developed sensing node with a
VNA, is depicted in Fig. 7. A two-port calibration over the
2.5-5.5 GHz frequency range is performed using 6401 data
points and the short-open-load-through (SOLT) standard to
achieve high accuracy. Several communication technologies
were evaluated to meet the flexibility and efficient data
transfer requirements. Radio-frequency identification (RFID)
was found suitable for identification tasks, while ZigBee,
despite its energy efficiency, does not meet the necessary
data rate requirements. Bluetooth has low power consumption,
moderate data rates, and range, but the wireless local area
network (WLAN) or Wi-Fi and local area network (LAN) have
higher data rates and broader coverage. As illustrated in Fig. 7,
the transmission coefficient data for the loaded and unloaded
conditions of the sensing node are recorded on a computer
connected to the VNA via a LAN network.

The sensing component, VNA, measures the scattering
parameters (S-parameters) of a test sample placed between its
ports. The parameters S1; and S, reflect the electromagnetic
interaction with the material under test. The VNA is connected
to a host PC (or embedded system) that interfaces the instru-
ment with the data processing environment. The data acquired
from the VNA is transmitted to other computational nodes via
a LAN. The data is shared over Ethernet or Wi-Fi, depending
on the configuration, enabling access by various devices (e.g.,
desktop, laptop, iMac) locally or remotely. LabVIEW is used
for real-time control and communication between the hardware
and software layers. It acts as a bridge, facilitating automated
data acquisition from the VNA and forwarding it to further
processing. The real-time data collected from the VNA is
passed to MATLAB, which hosts the proposed ML model.
Once the data are received, MATLAB automatically invokes
the ML model, processes the input features, and provides the
estimated complex permittivity values in real time. The system
enables synchronous and automated operation with minimal
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user intervention. The real-time interaction between LabVIEW
and MATLAB ensures low-latency data flow, enabling near-
instantaneous material characterization. The integration of
cloud services allows for storage and remote monitoring or
post-analysis, supporting scalability and collaborative access
across locations. The seamless collaboration of sensing hard-
ware, LabVIEW-based control, MATLAB-based analysis, and
network communication makes the setup ideal for smart,
remote, and scalable sensing applications.

The VNA also supports data transfer through the GPIB
interface (IEEE-488), a parallel data transfer protocol, which
can be utilized to upload data to a cloud/server for further
processing. Once the data are stored in the cloud, processing
through the proposed regression tree models for MDMC in
the nonlinear region of the sensing node will commence, as
discussed in the following section.

III. DATA PROCESSING LAYER: FRAMEWORK FOR
MODEL DEVELOPMENT

A generalized ML-based model architecture for estimating
complex permittivity is illustrated in Fig. 8. The model maps
seven predictors: 1) quality factor (Qy); 2) 3-dB bandwidth
(BW); 3) resonant frequency (f,); 4) measured frequency (f;,);
5) sample thickness (f); 6) transmission coefficient magnitude
|S21] and reflection coefficient magnitude |S11| to the feature
space to predict relative permittivity (e).); and 7) the loss
tangent (tan ) of the dielectric samples. In this research, we
have preferred nonparametric ML techniques, such as DT
and EL to train/develop the regression models and retrieve
the complex permittivity of dielectric materials in linear and
nonlinear regions. These nonparametric models offer several
advantages: reduced computational time and space complexity,
straightforward interpretability, robustness to missing features,
and minimal feature processing requirements [32], [33], [34],
[35], [36], [37], [38]. The compelling reasons for choosing
nonparametric models DT and EL over other popular tech-
niques, such as neural networks (NNs) or support vector
machines (SVMs), to handle regression problems in ML are
further discussed.

With a large number of predictor variables, any tree-based
model will perform slightly better. The reason is that the
DT can create several thousand trees with a higher depth
level, thereby almost learning all of the training space with
all possible combinations. A tree cuts and divides the feature
space recursively to get an informative separation [32], [33].
In such circumstances, we require additional data to build
a better model, which is supported by our approach and
the quantity of the dataset. NNs have different methods for
utilizing the input space, which depend on the initialization
of the weights and bias. Random initialization of weights
and bias, where weights and bias are fixed between [-1,
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1], neurons have a higher probability of lying outside the
input space. The unused training space may lead to poor
training [39]. We require a large data set to improve the
model’s performance during training. On the other hand, the
SVM divides the feature space once, based on parameters for
all points, learned via an objective function [26]. Due to data
limitations, SVM may struggle to find meaningful patterns
to train the data effectively. Therefore, it can be concluded
that since these techniques do not utilize the feature space
completely and are data dependent, they are not as versatile
as tree-based approaches.

In essence, we are searching for a hypothesis space to deter-
mine which model best fits our data when we train a single
model, such as a DT, SVM, or NN. It can be difficult to find
the perfect hypothesis due to data, algorithms, or processing
resource limits. This issue is addressed by EL, which integrates
the output of several models that should, in principle, function
better [33], [34], [35], [36], [37], [38]. The goal is to use the
strengths of each model in combination to surpass any one
model in terms of prediction. It is possible that each model
performs better in some areas of the problem or makes various
kinds of errors. EL frequently uses multiple models in parallel,
through methods such as voting or averaging, with substantial
variation to minimize these errors and generate a final model
with high prediction accuracy by lowering the final model’s
sensitivity to errors and outliers and reducing variance. DT
and EL have fewer hyperparameters (1 and 4, respectively)
compared to SVMs and neural networks, which makes them
optimize in a quick time. The advantages of nonparametric
techniques like DT and EL over NNs and SVMs are briefly
summarized in Table II.

The following subsections entail the theoretical frame-
work of the regression tree models applied in this study,
such as DT and EL, along with their respective algorithms
employed for the training/development of the model. Further,
the sections will also cover model testing and validation. A
comparative analysis of the DT and EL models will also be
presented, focusing on the model parameters, architecture, and
performance across the training set, test set, and extrapolation
range.

A. Decision Tree: Basic Theory and Training Algorithm

DT is a nonparametric ML technique with a tree structure.
It consists of the root, decision, and leaf nodes. The root
node of a DT leads to a series of decision nodes that
represent the individual decisions to be made. The leaf
nodes extend from the decision nodes and represent the
outcome of those decisions. Each decision node represents
a split point, and the leaf nodes that arise from it define
the possible outcomes [32]. The illustration of the working
of DT is shown in Fig. 9. Let us assume that the input
characteristics are represented by X = {X1, X3, ..., Xi}. The
threshold values used for comparison are represented by Th =
{Thy, Thy, Ths, ..., Thy}, whereas the predicted values are
represented by P = {p1, p2,p3, ..., Pk}-

Consider y € R for the complex permittivity and X €
S C R’ for the input features used to predict the complex
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TABLE II
KEY ADVANTAGES OF DT AND EL IN PREDICTIVE
MODELING: REASONS FOR PREFERENCE

Decision Tree (DT) [32] - [33]

Ensemble Learning (EL) [33] -
[38]

Handling Nonlinear Relation-
ships: DTs are adept at cap-
turing nonlinear relationships by
recursively partitioning the data.
While NNs and SVMs can model
nonlinear patterns, they require
large amounts of data and careful
tuning.

Computational Efficiency: DTs
are computationally less expen-
sive than NNs and SVMs, requir-
ing fewer resources for training
and inference, making them more
scalable.

Minimal Data Preprocessing:
DTs handle both numerical and
categorical data without exten-
sive preprocessing such as nor-
malization or one-hot encoding,
simplifying the data preparation
process.

Robustness to Irrelevant Fea-
tures: DTs inherently perform
feature selection by identifying
the most informative features for
splitting, making them resilient
to redundant or irrelevant fea-
tures. In contrast, NNs and SVMs
may be more sensitive to irrele-
vant features, potentially impact-
ing their performance.

Enhanced Generalization Per-
formance: EL combines multiple
models to improve predictive ac-
curacy and robustness by aggre-
gating diverse models, reducing
overfitting, and enhancing perfor-
mance on unseen data.

Reducing the Risk of Overfit-
ting: EL methods such as bag-
ging and boosting reduce overfit-
ting by averaging out biases and
variances across multiple models,
making predictions more stable
and reliable.

Handling Complex Data Dis-
tributions: EL methods inte-
grate the strengths of multiple
base learners, allowing them to
model intricate relationships in
data more effectively than stan-
dalone models like NNs and
SVMs.

Computational Efficiency:
Training multiple simple models
in an ensemble can be more
computationally efficient than
training a single complex NN.
Parallelization of EL models
further reduces training time and
computational costs.

Flexibility and Versatility: EL
allows combinations of differ-
ent model types, making them
adaptable to various problem do-
mains. This flexibility contrasts
with the rigid structures of NNs
and SVMs, which may require
extensive tuning.
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Decision Nodes

Terminal Nodes

I’a/‘ I’s/‘

Basic illustration of DT for regression problems.

permittivity, where s is the number of input features in the
feature space S. Let (Xj, yi);’: | be the data that will be trained
with a DT algorithm. The DT approach recursively divides
the feature space S into I leaves: Sy, Sa, ..., S; (subpartitions),
indicating distinct divisions without overlap and minimizing an
objective function, viz. mean-squared error (MSE). The train-
ing course entails the following steps: choosing the optimal
tree (minimum leaf size), choosing splits, deciding when to
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Algorithm 1 DT Algorithm
Input: Training dataset: (X1, y1), (X2,¥2), ..., XN, YN)
consisting of N training samples with m features.
Modeling parameter (variable): Minimum Leaf Size (Search
Range: 1-3060204)
Steps
1) Construct Tree: Split the data recursively based on
features until stopping criteria are met.
Initialize depth: d < 0 > Initialize depth of the tree
Initialize stopping flag: endtree <— 0 > Flag to indicate
when to stop
Initialize tree nodes: Node(0) < 1, Node(l) <« O,
Node(2) <0 > Initialize tree nodes
while endtree < 1 do > Continue until stopping condition
is met
if Node(2? — 1) 4+ Node(2%) + - - - + Node(241! — 2) =
2 —24%! then
endtree < 1
else
for i < 2¢ — 1 to 2?1 — 2 do > Iterate over nodes
at current depth
if Node(i) > —1 then > If node exists, perform

> Stopping condition met

split
Split tree > Divide current node into child
nodes
Node(2i + 1) < —1 > Mark left child as
unavailable
Node(2i + 2) <— —1 > Mark right child as
unavailable
end if
end for
end if
d<—d+1 > Move to the next depth level
end while

2) Termination Criteria:

i If mean-squared error (MSE) = le-5, then stop

ii If No. of Iterations = 30, then stop

3) Prediction: Return the average of target values at a
specific leaf node in the tree.

Return the calculated prediction, Jres

Output: Return j.; for the test set of inputs.

terminate splitting, and deciding on prediction accuracy crite-
ria [32]. Algorithm 1 provides the pseudocode for developing
a compact DT-based complex permittivity extraction model.
A well-known Bayesian optimization algorithm [39] runs in
parallel to obtain an optimal single set of model parameters,
i.e., leaf size, that can minimize MSE. During the training
course, holdout validation with 25% data is also involved.
When using a given tree for prediction, the method sets a
weight value w; for each leaf S;. If X € §;, the prediction
outcome of an input feature is w;. The weight w; is typically
defined as the average of the response variable of X that
belongs to S;.

The final step is to determine when to stop splitting,
which ultimately depends on obtaining the minimum number
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of nodes with a maximum iteration set to 30. The final
step is to select the right-sized tree, called the optimal tree,
which is generally obtained using tree pruning. The tree
pruning procedure used in this work is the smallest tree with
the minimum error. The proposed DT-based model is less
complex and requires less computational burden with a single
optimization modeling parameter, i.e., minimum leaf size.

B. Ensemble Methods: Theory and Training Algorithms

EL approaches are broad strategies that combine several
good subsets of base models or base learners (BLs) to
improve the performance of the ML model and simultaneously
accelerate model development. Rather than relying on a single
model, a combination rule is used to integrate the predictions
made by each learner to produce a more accurate prediction.
Weak Learners or BLs are preferred in EL due to several
reasons outlined in the following [34], [36], [37], [38].

1) Weak learners (e.g., shallow trees or linear models)
accelerate model development compared to full-depth
trees or complex NNs because they are computationally
light and trained faster. Each weak learner contributes
marginally to the ensemble; developers can iteratively
refine models in smaller increments, simplifying debug-
ging and tuning processes. Their simplicity helps prevent
overfitting to the data in the early stages of the ensemble.
In addition, they make ensemble methods more flexible
and adaptive by allowing for a gradual correction of
errors over multiple iterations.

2) Ensemble methods leverage multiple weak learners to
iteratively reduce bias and variance by combining them
into strong learners. Each weak learner is trained on the
residuals or errors of the previous ones.

In general, EL is divided into two approaches, Bagging and
Boosting.

1) Boosted Regression Trees: The Boosted Regression
Trees (BSTs) method is a powerful prediction model
developed by applying boosting techniques to choice
regression/classification tree models. Boosting is a strat-
egy that improves the prediction accuracy of standard
regression/classification approaches by combining simple DT
models in sequence using BLs.

Boosting can be used for classification or regression prob-
lems. In our case, the basic models are regression trees, and
the boosting approach is a functional gradient descent [34]. To
apply the BST algorithm for predicting complex permittivity,
we consider a function f*(X) such that the error is optimized

f*(X) = argmin E(L(y — f(X))) “4)

where L(.) is the loss function, which is typically expressed as
the squared error loss L(e) = ¢?, where arg min is the smallest
argument that minimizes the error among all feasible functions
under consideration. BST employs a summation function in the
manner described in the following to approximate f*(X) [34]

OO =) fi0 ©)
i=1
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Fig. 10. Schematic representation of the BST Algorithm.

Algorithm 2 BST Algorithm
Input: Training dataset: (X;, y;)?_,, No. of trees = m
A loss function L(y, f(x))
Number of Iterations ¢
Steps
1) Initializing the model with a constant value using fj
= argmin Zf\lzl L(y;, @)
2) form=1,2,....,K do
a) Computing  the  residuals Fmi =
[%]ﬂﬁ:fm—l(ﬂ fori=1,2,..,n
b) Started training base learner using the training set
D = x; rmigv=1
c) Obtain p, by using line search optimization
(Omhm(x))  =argmin, 5 Y1) LG fu1 () +
ph(x;))
d) Updating the model: f;,,(x) = fin—1(X) + omhm(x)
end for
Response: Return the final model f,, (x)

such that m f;(X) stands for regression trees. The squared
error loss function is commonly used in boosting, where the
regression trees are iteratively fitted to the prior fit residuals.
The previous errors are gradually reduced by the current fits
simultaneously. Furthermore, a small step size is used at each
iteration to gradually shift the resultant fit in the function
space. The working boosting BST algorithm is summarized
using Fig. 10 and Algorithm 2, respectively.

2) Bagging Regression Trees: Bagging regression tree
(BGT) is a hybrid algorithm that combines bagging and DTs to
improve prediction accuracy. Similarly to the boosting method,
it aggregates the output of multiple BLs. The BGT algorithm
achieves its performance by generating a predetermined num-
ber of DTs (m) and averaging their results. This significantly
reduces variation in DTs and tackles the issue of overfitting a
single tree in a DT model. Bootstrap sampling is a technique
used in BGT to optimize DTs and improve training data. The
method includes randomly selecting the original training data
set and substituting m uniform samples [34], [35], [37], [38].

To explain the BGT method, consider (X;,y;)"_, as the
complete training data set and m as the number of trees
to be formed. During each iteration, a DT is trained with
randomly selected bootstrap samples (X;,y;)7_, from the
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Algorithm 3 Bagged Regression Tree Algorithm
Input: Training dataset: (X;, y;)?_,;, No. of trees = m
Number of Iterations ¢
Steps
1) form=1,2,.....,M do
i Generate a random bootstrap sample from the
training data
ii Fit a base learner /; and construct a regression
tree fi(X) using (X;, v,

end for
Output: Combine the outputs of base learners and update
a regression tree f(X) < L Z;”Zlf,-(X)

m

original training data. Subsequently, a regression tree is iter-
atively fitted to update the final predictor f(X). Fig. 11 and
Algorithm 3 outline the essential processes in computing the
BGT algorithm.

Using n learners can reduce the prediction variance to (1/n)
of that of a single learner. A large number of learners reduces
variation and improves prediction performance compared to a
small number of learners. To see how the bagging technique
minimizes MSE, consider the regression problem with base
regressors by (x), b2 (x), ..., by(x).

ei(x) =bi(x) —yx); i=1,2,....,n (6)
E[ 0w —y@)?] = B[] )

E = %Ex[e%(x)]. ®)

Assume that an ideal target function of true responses,
y(x), is known for a given set of inputs, the distribution
p(x) is defined, and the errors are unbiased and uncorrelated,
the error for the regression function is calculated using

6)-(11).
Eilei(x)] =0
E[eix)ej(x)] = 0;i # j. 9)

Using the average of the individual functions, the regression
function is calculated as follows:

1 N
a(v) = Zbi(x). (10)
i=1
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Therefore, the MSE is given by

1 i g 1 5 2
E, = Ex|:_ bi(x) _Y(x):| = Ex|:_ eii|
e o
1 N 1
= ;E(x)[Zei ) + Zei(x)ej(x):l = ~E. (1)
i=1 i

It has been demonstrated above that we can decrease the
mean squared error by a factor of n by averaging the individual
responses. The primary feature of bagging is its ability to
drastically reduce the prediction error variance through model
training on various datasets. Because each model is trained
using a different set of training data, and its prediction
errors significantly decrease over the averaging phase, bagging
thus offers a considerable advantage. Furthermore, in cer-
tain training datasets, observations from outliers are virtually
eliminated. Combining a series of trees in the BGTs model
can occasionally make it difficult to understand the generated
model. At some cost to interpretability, BGTs improve the
quality of prediction results.

The proposed EL-based model utilizes a Bayesian algorithm
during training that selects the best model parameters that
provide high accuracy and risk of overfitting to avoid separate
training in EL-based models. The modeling parameters set
along with their search range for EL-based models are the
learning rate [0.001, 1], the size of the leaves [1-3060204], the
number of BL [10, 500], and the optimal ensemble methods
(bagging or boosting).

C. Prediction Results and Discussion

To predict the complex permittivity of dielectric samples
in our study, we rely on DT-based and EL-based regression
models discussed in the preceding section and compare the
performance between these models. Initially, the correlation
between the input features X; and the corresponding responses
y; is investigated in the training data. The training data are built
by including |S21], |S11], extracting BW (GHz), Oy, f, (GHz)
for measured frequency (f;;,) range for all cavity samples with
thicknesses of 1 mm and 0.8 mm. Hold-out validation (HV)
is a popular method for measuring regression prediction error
while building proposed regression models. Our study uses
25% HV to generate the proposed models. During training,
25% of the dataset is set aside for testing. This method
ensures the reliability of the regression model for handling
massive data sets. The cavity with a thickness of 0.9 mm is
preserved to test the model. The model was trained according
to the DT and EL methods, the optimized set of modeling
parameters was obtained, and the performance of the model
was evaluated for complex permittivity variables on the train
and test sets. To evaluate the performance of the model, we
use three metrics: the root mean square error (RMSE), the
coefficient of determination RZ, and the mean relative error
(MRE). These can be calculated using (12)—(14) [24], [25],
[26], [30], [39]

n

1 -
RMSE = Z Z(y,' - ypredict)2
i=1

12)
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TABLE III
OPTIMAL DT-MODEL PARAMETERS AND TRAINING PERFORMANCE

Response/ Optimal Prediction Training

2

Parameters  Leaf Size MSE Speed (obs/sec)  Time (secs.) R

e, 4644 3.03x10~4 3.8x106 421.69 1

tan§ 1285 4.1x10~11 2.6x106 419 1
TABLE IV

OPTIMAL EL-MODEL PARAMETERS AND TRAINING PERFORMANCE

Response/ EL No. of Leaf  Learn MSE Train. R2
Parameters  Method BL Size Rate Time
4 BGT 28 50 - 763x10~%4 11019 1
tan § BST 204 2062 053911  4.13x10~ 11 11038 1
2
(¥i — Ymean)
RP=1- (13)
(y i .Ypredict)
Yi =
i — Ypredict
MRE(%) = '—p * 100 (14)
Vi

where Ymean 1S the mean response value and }\Pred is the
predicted value. The optimal model parameters and model
performance on the training set for both the DT and EL-based
models are shown in Tables III and IV, respectively. The DT-
based model is relatively more compact with only one model
parameter, i.e., leaf size (no. of leaves involved in building
a DT model). The optimal leaf size obtained for a trained
DT-based model to extract ¢, and tand is 4644 and 1285,
respectively. In contrast, BL. (number of trees) involved in
the building of the EL-based model for the extraction of &/
and tan§ are 28 and 204, respectively, with a leaf size of 50
and 2062. The number of BLs in the EL model indicates the
number of trees involved in developing a bagged regressor, as
illustrated in Fig. 11. BLs help speed up model development.
Furthermore, since the EL-based model is created using a large
number of DTs with different leaf sizes, it is evident that
the DT-based model is trained more quickly. In addition, four
variables are required, as opposed to just one in the case of
DT, to maximize the model’s performance.

Table V presents a comparative analysis of the two models
developed for accurate retrieval of the complex permittivity of
dielectric samples on the train set for various sets of inputs,
such as O, f, and 3-dB BW. The table includes the prediction
on diverse dielectric samples with . = 2 to &, = 25 regions
with low values of tan é. It is evident from Table V and Fig. 12
that the DT-based model shows slightly better or approximate
accuracy for predicting ¢ than EL-based models on train sets
both in the linear and nonlinear regions with MRE as high
as 2.8% and 1.6% for sample thicknesses of 1 and 0.8 mm,
respectively. However, the EL-based model performs better
than the DT-based model in predicting tan§ on training sets
with MRE as high as 4.2% and 8% for sample thicknesses
of 1 and 0.8 mm, respectively. The exact prediction with 0%
error can be seen in the DT-based model very frequently, as
the DT algorithm works on the principle of splitting a node
into child nodes.

The section further investigates the interpolation accuracy
of the DT and EL-based models by testing on a circular
cavity designed with a thickness of 0.9 mm with a similar



31900

IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 15, 1 AUGUST 2025

TABLE V
MODEL VALIDATION ON TRAIN SETS WITH THE SAMPLES OF THICKNESSES 1 mm AND 0.8 mm

Parameter/ fr Q BW Thickness e tan & e tan & & tan o
Samples (GHz) f (GHz) (mm) (Actual) (Actual)  (Predicted-DT) (Predicted-DT)  (Predicted-EL) (Predicted-EL)
Sample 43 4.688 10765.785 4.35475x10~% 1 6 0 6 0 5.96363 9.53x10~F
Sample 51 4.618 3533.609 1.307x10—3 1 7 0.0009 7 0.0009 7 0.00090003
Sample 56 4.547 7902.394 5.75447x10~4 1 8 0.0001 8 0.0001 8 0.0001
Sample 64 4.477 558.038 8.022x103 1 9 0.006 9 0.006 9.0818 0.006269

Sample 71 4.406 2456.508 1.794x10—3 1 10 0.001 10 0.0009 10.1145 0.0009696

Sample 105 4.011 1897.983 2.113x1073 1 16 0.0009 16 0.0009 16 0.00090095

Sample 109 3.951 12047.776 3.27972x10~4 1 17 0 17 0 17 2.14x10~8

Sample 116 3.894 7184.881 5.41914x10~4 1 18 0.0001 18 0.0001 17.9092 0.00010226

Sample 126 3.784 179.303 0.0211 1 20 0.01 20 0.01 19.9545 0.009976

Sample 130 2.509 147.389 0.01702 1 25 0.006 25 0.006 25 0.00600042

Sample 265 4.961 8638.132 5.74337x10~4 0.8 2 0 2.031568 0 2.0239606 3.21x10~8

Sample 281 4915 5740.037 8.56264x10~4 0.8 3 0.001 3 0.00089 3.06301 0.00097964

Sample 285 4.891 5539.537 8.829006x10~4 0.8 3.5 0.0009 35 0.0009 3.45948 0.00089908

Sample 294 4.866 1070.579 4.545x10—3 0.8 4 0.01 4 0.01 3.9529 0.0097564

Sample 302 4815 7403.12 6.503866x10~4 0.8 5 0.0001 5 0.0001 4.9587 0.00010577

Sample 340 4.48 558.062 8.029x103 0.8 11 0.006 11 0.006 11.12272 0.00623

Sample 343 4.422 7855.709 5.607779x10—4 0.8 12 0 12 0 12 1.16x10~8

Sample 353 4.366 2230.433 1.957x10—3 0.8 13 0.001 13 0.0009 12.9281 0.00104

Sample 357 4311 2266.143 1.902x10~3 0.8 14 0.0009 14 0.0009 13.9545 0.000937

Sample 366 4.256 256.319 0.0166 0.8 15 0.01 15 0.01 15 0.010000278
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Comparative analysis between DT-based model and EL-based model in terms of MRE for (a) s; for the thickness of 1 mm, (b) tan § for the

thickness of 1 mm, (c) ). for the thickness of 0.8 mm, and (d) tan § for the thickness of 0.8 mm.

set of inputs, such as O, f,, and 3-dB BW. A comparative
analysis of the prediction results for the 0.9 mm cavity is
shown in Table VI for various dielectric samples. A similar
pattern of the train set is also observed in the test set.
This indicates the absence of issues, such as underfitting
or overfitting of the proposed DT- and EL-based models,
which is critical in ensuring highly accurate ML models. The
DT-based model shows higher precision than the EL-based
model in predicting ¢/ ranging from 2 to 25 with maximum
MRE reaching 1.8%. In the case of predicting tané, the EL-
based model outperforms the DT-based model with the highest
recorded MRE of 9% compared to 12% for the DT-based
model, as evident in Fig. 13 and Table VI

It is apparent from the above results and discussion that the
DT model performs better than the EL model to retrieve ¢..
This can be understood by analyzing the key hyperparameter
differences in Tables III and IV, respectively, i.e., leaf size in
DT (4644) versus leaf size (50) and number of BLs (28) in
EL. A larger leaf size indicates that the DT model is more
generalized and does not overfit to minor variations in the
training data. A leaf size of 4644 also suggests that each
terminal node (leaf) contains a relatively large number of
training samples, making the tree less sensitive to noise and
outliers in the dataset. This results in a more stable model
with lower variance and better generalization to predict &),
which may have a smoother dependency on the input features.
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TABLE VI
COMPARATIVE ANALYSIS BETWEEN DT-BASED AND EL-BASED MODELS ON TEST SETS WITH THE SAMPLE THICKNESS OF 0.9 mm

7

7

Parameter/ fr Q BW € tan o o tan o oA tand
Samples (GHz) ! (GHz) (Actual) (Actual) (Predicted-DT) (Predicted-DT) (Predicted-EL) (Predicted-EL)
Sample 133 4.959  6267.734  7.91132x10—% 2 0 2.031569 0.0001 2.123925 5.54175x10~6
Sample 149 4906  4312.805 1.138x103 3 0.001 3 0.001 3.04784 0.00100011
Sample 153 4.879  4151.274 1.175x10~3 35 0.0009 35 0.0009 3.494997 0.00090013
Sample 166 4.822 1210.211 3.985x10~3 4.5 0.006 4.5 0.0066 4.5736301 0.0063
Sample 171 4.793 3453.993 1.388x10~3 5 0.0009 5 0.0009 4.92911 0.00089991
Sample 176 4733 5025244  9.417492x10~* 6 0.0001 6 0.0001 6 0.0001
Sample 186 4.671 485.481 9.62x1073 7 0.01 7 0.01 7 0.0099965
Sample 191 4.608  2412.448 1.91x1073 8 0.001 8 0.00097 8 0.00092
Sample 193 4.544  5035.835 9.02343x10~% 9 0 9 0 9 6.55x10~8
Sample 202 4.477 535.017 8.367x1073 10 0.006 10 0.006 10.11454 0.00638112
Sample 206 4.414 4748.92 9.29371x10~4 11 0.0001 11 0.0001 11.1036 9.49687x10~°
Sample 222 4.289 260.572 0.01646 13 0.01 13 0.01 13 0.0100013
Sample 225 4.228  2023.629 2.089x10~3 14 0.0009 13.5 0.0009 14 0.00090041
Sample 229  4.168  7088.37 5.8802x10—4 15 0 15 0 15 1.67x10~7
Sample 239 4.11 1718.969 2.391x1073 16 0.001 16 0.001 16 0.00099976
Sample 244 4.056 340.288 0.01192 17 0.006 17 0.006 17 0.00600018
Sample 254 3.893  5249.604  7.41647x10~% 20 0.0001 20 0.0001 19.9281 9.43x10~°
Sample 264 3.663 181.752 0.02015 25 0.01 25 0.01 25 0.00988183
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Fig. 13. Comparative analysis between DT-based model and EL-based model in terms of MRE: (a) €, in the linear region, (b) corresponding tan § in the

linear region, (c) €, in the nonlinear region, and (d) corresponding tan § in the nonlinear region. (All results are evaluated for a thickness of 0.9 mm).

For the above-mentioned reason, the DT-based model gives
an error of 0% error in predicting &, on a certain number
of samples under test as reflected in Tables V and VI, and
Figs. 12 and 13. However, in the case of an EL-based model
where the BGT algorithm is optimally chosen to extract ¢,, a
small leaf size (50) allows individual DTs within the ensemble
to capture finer details of the data, but increases variance,
making the model more sensitive to noise. Since the BGT
algorithm relies on averaging multiple weak learners, each
tree must be sufficiently complex to capture complex patterns
before averaging stabilizes the predictions. With only 28 BLs,
the bagging approach may not be sufficient to fully offset the
high variance caused by the small leaf sizes. Bagging works
best when the number of weak learners is large (often in the

hundreds). With only 28 trees, the ensemble may not achieve
its full potential in variance reduction, leading to suboptimal
performance compared to a well-tuned single-DT model.

It is the opposite in the case of the models that extract
tan§ for samples of different thicknesses. It is apparent from
Tables III and IV that the leaf size in the case of DT is 1285,
and the BLs and leaf size are 204 and 2062, respectively,
for the EL model supported by the BST algorithm to predict
tan §. Boosting reduces bias by combining multiple learners.
The BST algorithm uses 204 BLs, which means it creates an
ensemble of weak models, refining errors at each iteration.
Since tan$ can exhibit nonlinearity with small and local
variations in response to changes in material properties and
frequency, iterative refinement of boosting helps to capture
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TABLE VII
MODEL VALIDATION FOR NEW SETS OF SAMPLES: MANIFESTING EXTRAPOLATION ACCURACY

Param./ Thick. & tan §

Samples (mm) Actual Pred.(DT) Pred.(EL) MRE(%) (DT) MRE(%) (EL) Actual Pred.(DT) Pred.(EL) MRE(%) (DT) MRE(%) (EL)
Sample 1

(RO3003) 0.5 3 3.11 3.1019 3.66 3.39 0.001  9.871 x 10°* 9.89 x 10~* 1.285 1.035
Sample 2

(RO4003) 0.406 3.38 3.15 3.2244 6.8 4.603 0.0027 0.0025 0.002816 7.4 429
Ceramic

(C-16, MgTiO3) 1 16 16 15.9592 0 0.255 0.001 0.001 9.812x107* 0 1.879
Ceramic

(C-17, CaTiO3) 1 16 16 16.0909 0 0.568 0.0012 0.00105 0.0011 12.5 8.333
Ceramic

(C-5, Al203) 0.8 10.2 10 9.93 1.96 2.647 0.0012 0.00106 0.00108 11.66 10
Ceramic

(C-2, Mg2Si0y4) 0.8 9.6 9 9.26 6.25 3.541 0.0012 0.001045 0.001073 1291 10.58
Ceramic

(C-9, MgTiO3) 0.8 16 16 15.75 0 1.5625 0.0014 0.00117 0.0016 16.428 12.5

these subtle patterns better than a single DT. The BST-backed
EL model has a leaf size of 2062, which means that each
terminal node contains a larger subset of training samples
compared to DT. This reduces the likelihood of overfitting
to noise, which is beneficial for predicting loss tangent, as
it often requires smoother approximations rather than overly
complex decision boundaries. However, DT might overfit due
to its smaller leaf size of 1285 compared to an EL-based
model. The DT model has a leaf size of 1285, meaning that
it splits more frequently than the EL model. Although this
could capture more details, it could also lead to overfitting,
making it less generalizable to predict tan§, which often
follows a smoother trend. The statement and the reason are
validated by the results shown in Tables V and VI and in
Figs. 12 and 13.

To test the performance of the trained ML model, we
validated it with standard ceramic and Rogers laminates used
in electronics manufacturing. The proposed ML models were
successfully employed to extract the complex permittivity of
the various samples. During model testing, we used samples in
both interpolation and extrapolation regions compared to the
trained data. The interpolation and extrapolation estimations
of both models, that is, DT and EL, are summarized in
Table VII. It is evident that the trained models provide better
accuracy in the interpolation regions and perform well in
the extrapolated areas to a certain extent. It is apparent in
Table VII that ceramic samples (C-16 and C-9) with similar
dielectric constant and loss tangent have differences in errors
in the prediction of tan§. The main possible reason for the
discrepancy is data representation in the proposed ML model.
The actual values of the complex permittivity of the C-
16 material are (¢). = 16, tan§ = 0.001). The model is trained
with a large number of samples with different thicknesses
corresponding to the value of C-16. On the other hand, the
actual values of the complex permittivity of the C-9 material
are (¢ = 16, tané = 0.0014). It is important to mention that
the trained model does not include any sample observations
that include tan§ = 0.0014. If the training data set contained
more instances of materials similar to C-16, the model would
have learned a more accurate relationship between the input
features and the loss tangent values. The complex permittivity
set values of material C-9 belong to a less represented
region in the training data, leading to higher generalization
errors.

loT Based MDMC Web Application

OReal-time Estimation @© Offline Estimation

VNAIP address | [172.6.26.24 File path | D:Matlab\MDMCltest.s2p [ Browse |

PortNo. | 2700 [Frequency (unit)

Start Freq (GHz) 225 (® MHz QOGHz |

Stop Freq (GHz) 52 [S2p Format

Sample Points 4001 (® Mag/Phase O Realllmag
SUT Thickness (mm) 1 SUT Thickness (mm) 1

Estimate Estimate
Personal Computing Unit
£
1s | g Relative Permittivity 35
Loss Tangent 0.01

Fig. 14.  GUI of the IoT-based MDMC web application.

IV. APPLICATION LAYER

The MATLAB-based application GUI is developed to inte-
grate seamlessly with the trained ML model in the back-end,
as illustrated in Fig. 14. This integrated solution estimates
the relative permittivity and loss tangent values from the S-
parameter data measured by the proposed MDMC sensing
nodes. The application supports two modes of operation: real-
time estimation and offline processing. In real-time mode, the
system interfaces with a VNA to capture S-parameter data,
which is subsequently processed by the pretrained ML model
for immediate estimation of material properties. This feature
is critical for applications requiring rapid decision-making
based on real-time data, offering significant advantages in
scenarios where immediate feedback is essential. The offline
mode allows for the upload and batch processing of prere-
corded S-parameter datasets, providing a flexible solution for
researchers and engineers who require extensive data analysis
without the constraints of real-time equipment operation. This
capability is particularly valuable for post-experiment analysis
and large-scale data processing tasks. The application GUI
facilitates seamless navigation across various measurement
nodes using IP address-based identification. The underlying
advanced ML algorithms ensure high accuracy in estimating
dielectric constants from the measured S-parameters. This
dual-mode functionality, an intuitive user interface, and precise
data processing make the application a powerful tool for



KHUSRO et al.: IoT-DRIVEN REGRESSION TREE MODELS FOR EFFICIENT MDMC

31903

TABLE VIII
COMPREHENSIVE COMPARISON BETWEEN THE ESTABLISHED METHODS AND THE PROPOSED WORK

Features/ . Region Sensing Max. IoT
Technique Method .
Ref. Covered Property  Accuracy (%) Implementation
o tan o
R t Li d Analytical and /
[8] esonan fnear an naytical ane tan 6 and €, 81.03 47.34 No
(Rectangular MCP) Non-linear Num. Optimization
Res t ’
[9] esonan Linear Analytical tan 6 and £, 97.28 39.55 No
(CSRR)
R t ’
[10] esonan Linear Analytical Onlye. 91 - No
(CCCSRR)
Res t ’
[11] . esor.lan . Linear Analytical tan § and £, 96.14 50 No
(Microstrip Line)
R t 7
[12] esonan Linear Analytical tan § and £. 98.44 90 No
(CSRR)
Non-res ant ’
[13] on-resonan Linear Analytical tan 0 and €, 96.67 4445 No
(PFSIW)
Non- t Physi ,
[14] on-resonan Linear ysics tandande. 95 90 No
(MCCPW) Informed ML (ANN)
Non-res t D al ,
[15] on-resonan Linear eep neura tan 6 and €, 98.8  77.2 No
(GCPW) network (DNN)
N - t ’
[16] on-resonan Linear Analytical Onlye. 9291 - No
(Horn-lens antenna)
Non-res t ’
[17] on rf:son.an Linear Analytical tan § and €, 96.61 42.11 No
(Coaxial line)
Non-resonant / free-space . . ,
[18] . Linear Analytical tan 0 and e, 90 30 No
(3D printed lens)
This v&.lork* A Resonant. Linear. and Physics tan & and 5; 9775 905 Yes
(Interpolation) (EL) (Circular Cavity) Non-linear Informed ML (DT, EL)
This \York* . Resonant. Linear. and Physics tan § and Elr 082 8725 Yes
(Interpolation) (DT) (Circular Cavity) Non-linear Informed ML (DT, EL)
This w.ork* A Resonant. Linear. and Physics tan & and 5; 9539 875 Yes
(Extrapolation) (EL) (Circular Cavity) Non-linear Informed ML (DT, EL)
This v&fork* . Resonant. Linear. and Physics tan § and Elr 032 8357 Yes
(Extrapolation) (DT) (Circular Cavity) Non-linear Informed ML (DT, EL)

various domains, including materials science, electronics, and
quality assurance. The versatility and precision of the IoT-
based scheme proposed in MDMC position it as a valuable
asset for research and industrial applications.

Finally, Table VIII presents a comparative analysis of
different microwave dielectric material characterization tech-
niques, juxtaposing previously established methodologies
with the proposed work. The comparison is structured
around key attributes, such as technique, region covered,
method, sensing property, accuracy, and IoT implementation.
The previously established microwave dielectric character-
ization methods mainly employ resonant or nonresonant
techniques, analytical and ML-based approaches, and focus
on the extraction of ¢, and tans [8], [9], [10], [11],
[12], [13], [14], [15], [16], [17], [18]. Resonant techniques
reported in [8], [9], [10], [11], and [12] adopted rectan-
gular modified cavity perturbation (MCP), complementary
split-ring resonators (CSRR), concentric complementary split-
ring resonators (CCCSRR), and microstrip line technology,

respectively, and analytical/empirical formulations that pre-
dominantly guide these methods. They show a high accuracy
for ¢, reaching up to 98.44%. The precision in retrieving
tand varies significantly, e.g., 50% for microstrip lines and
39.55% for CSRR technology. None of these methods incor-
porates an IoT-driven implementation. The other established
works apply nonresonant techniques with different technolo-
gies, such as partially filled substrate-integrated waveguide
(PFSIW), modified conductor-backed coplanar waveguide
(MCCPW), grounded coplanar waveguide (GCPW), horn-
lens antenna, coaxial line, and free-space approach with
3-D printed lens [13], [14], [15], [16], [17], [18]. Some
nonresonant approaches integrate ML, e.g., Physics-Informed
ANNs together with MCCPW [14] and deep neural networks
(DNNs) incorporated with GCPW [15]. The former ML
approach incorporating ANN [14] uses two hidden layers and
remains accurate with 95% and 90% in extracting ¢, and
tan § respectively, but lacks IoT implementation. The coaxial
line technology adopted an analytical framework [17] that
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achieves an accuracy of 96.61% and 42.11% to extract the real
permittivity and the loss tangent, respectively. The 3-D printed
lens approach (free-space) [18] shows the lowest accuracy of
30% for the retrieval of tan§, making it less effective for
precise dielectric characterization. Most established works lack
IoT integration, restricting remote access in real time. The
precision in detecting tan$ remains relatively low. However,
nonresonant methods integrated with ML show a relatively
higher accuracy but may require large training data and exhibit
higher computational complexity. All reported state-of-the-art
works are limited to the characterization of dielectric samples
within linear regions.

The proposed work focuses on resonant circular cavity-
based sensing. Unlike previous approaches, the proposed
model incorporates IoT for remote monitoring and auto-
mated data acquisition, which enhances practical usability.
This reduces human intervention, making real-time sensing
more efficient. The proposed model utilizes regression tree
techniques, such as DT and EL. They provide an expe-
dited model training time and are computationally intensive,
more interpretable, and work well on moderate to large
datasets compared to ANN/DNN, where a massive dataset
is required for proper training. The proposed model is eval-
uated under both interpolation and extrapolation conditions.
The proposed method achieves an accuracy of 98.2% (inter-
polation) and 93.2% (extrapolation) for &/, outperforming
most existing techniques. The accuracy in retrieval of tand
improves to 97.75% (interpolation) and 95.39% (extrapola-
tion), demonstrating an increased sensitivity in the dielectric
characterization of low-loss samples. Unlike previous tech-
niques that mainly cover linear regions, this approach extends
to both linear and nonlinear regions, making it more versatile
for the characterization of dielectric materials.

V. CONCLUSION

This article has introduced a novel loT-based framework that
significantly enhances the capabilities of cavity perturbation
techniques for extracting complex permittivity in nonlinear
regions. The proposed methodology addresses the nonlinearity
challenges generally associated with high-dielectric constant
materials by integrating a high-performance cylindrical cavity
sensor with powerful ML algorithms within an IoT framework.
The system, which has used the DT and EL models, has
enabled a precise estimation of &, and tand over a wide
range of values. The IoT-based system provides a reliable
and complete dielectric material characterization by mapping
important input parameters, such as resonant frequency, quality
factor, and measured S-parameters, into a sophisticated ML
framework. The system has offered dual operational modes,
real-time and offline, facilitating research and industrial appli-
cations with enhanced flexibility and efficiency.

Inevitably, the significance of the present research work
extends beyond theoretical contributions; it has substantial
practical applications as a proprietary solution in the field. Our
work introduces a nonlinear regression model for cavity per-
turbation and integrates an application layer that enables global
access to the solution for users equipped with sensing nodes.

IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 15, 1 AUGUST 2025

This innovative development positions itself as a valuable
proprietary resource for research institutions and universities.
It empowers these entities to leverage a well-trained ML
model to characterize the dielectric samples across both linear
and nonlinear regions of cavity perturbation, all of which
are accessible through cloud-based technology. This work
has advanced the full characterization of dielectric materials
by providing a robust and scalable solution that blends the
strengths of ML with the flexibility and transformative poten-
tial of IoT frameworks, ultimately enhancing the capabilities
of researchers and practitioners in dielectric characterization.

Although the proposed method demonstrates promising
results for specific solid materials, it is important to acknowl-
edge its current limitations in handling other states of the
material, such as liquids and gases. The model’s applicability
to these types of material may require further investigation, as
their distinct properties and experimental challenges, such as
appropriate sample holders and state-dependent behavior, can
significantly influence model performance. Addressing these
aspects in future work will not only broaden the method’s
applicability but also pave the way for developing specialized
ML models tailored to diverse material states.
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