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PREFACE

Innovation in the rapidly developing field of electrical,
electronics and communications engineering continues to be the
driving force that pushes boundaries and transforms theoretical
concepts into practical applications. This book represents a
compendium of cutting-edge research and technological advances
in various specialties in this broad field.

Initial work begins with the intricacies of high-Q factor dual
resonance visible plasmonic arrays. Additionally, the design
considerations taken into account in the development of low
voltage harness for L6-L7 vehicles are discussed in detail. It then
continues into the field of metamaterials, focusing on titanium
nitride-based metasurfaces designed to achieve precise light
deflection at 1550 nm. Finally, it is shown that the integration of
deep learning-based frameworks for colon cancer detection from
histopathological images can lead to earlier detection and better
patient outcomes for the use of artificial intelligence in medical
diagnoses.

This foreword aims to summarize the scope and importance
of the topics covered in your book, highlighting their relevance,
innovativeness, and potential impact on various sectors of
engineering and beyond.

Editor
Asst. Prof. ishak PARLAR
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CHAPTER |

High Q-Factor Dual Resonance Visible Plasmonic
Array

Hayriye DEMIRTAS!
Mustafa TURKMEN 2
Ekin ASLAN?

Erdem ASLAN*

Introduction

Aperture-based plasmonic nanoantennas have emerged as a
significant field of study due to their ability to focus and
manipulate light at the nanoscale, providing numerous
technological applications (Maier, 2007). These nanoantennas
consist of sub-wavelength apertures, such as slits or holes, in metal
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films that enable the excitation of surface plasmons (Barnes et al.,
2003). At the metal-dielectric interface, surface plasmons manifest
as collective oscillations of free electrons, capable of interacting
with incident light to yield remarkable optical properties (Ozbay,
2006).

The fundamental working principle of aperture-based
plasmonic nanoantennas revolves around the excitation of localized
surface plasmon resonances (LSPRs) within the apertures (Schuller
et al., 2010). These resonances lead to significant enhancements in
the local electromagnetic fields, which can be tailored by adjusting
the geometry and arrangement of the apertures (Johnson & Christy,
1972). Metals like gold (Au) and silver (Ag) are often employed
due to their favorable plasmonic characteristics in the visible and
near-infrared spectral regions (Anker et al., 2009).

The size, shape, and arrangement of apertures critically
effect the performance of nanoantennas. For example, circular,
rectangular, and bowtie-shaped apertures have been extensively
studied, each offering unique advantages in field enhancement and
spectral response (Novotny & Hecht, 2006). Additionally, the
periodic arrangement of apertures can lead to the formation of
photonic band gaps and enhanced transmission spectra, further
broadening the functional capabilities of these nanoantennas
(Knight et al., 2011). Finite-Difference Time-Domain (FDTD)
simulations are commonly used to design and optimize aperture-
based plasmonic nanoantennas. These simulations provide detailed
insights into the electromagnetic field distributions, resonance
modes, and transmission/reflection properties of the nanoantennas
(Taflove et al., 2005). By leveraging these computational tools,
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researchers can precisely control the design parameters to achieve
desired optical responses (Lal et al., 2007).

Aperture-based  plasmonic  nanoantennas are  used
applications in various fields. In biosensing applications, the
enhanced local fields around the apertures are used to detect
biomolecules with high sensitivity. The shift in resonance
frequency upon binding of the target molecule to the nanoantenna
surface allows for label-free detection (Nie & Emory, 1997). In a
similar vein, these nanoantennas are employed in surface-enhanced
Raman scattering (SERS), leveraging the localized field
enhancement to markedly augment the Raman signal emanating
from molecules attached to the metal surface (Stewart et al., 2008).
In the realm of photonics, aperture-based nanoantennas are
integrated into optical circuits to manipulate light at sub-
wavelength scales, enabling compact and efficient photonic
devices. They play a crucial role in enhancing light-matter
interactions, crucial for applications such as nonlinear optics and
quantum information processing (Mayer & Hafner, 2011).
Moreover, the ability of these nanoantennas to concentrate light
into nanoscopic volumes makes them ideal for high-resolution
imaging and spectroscopy (Zia et al., 2006). Environmental sensing
is another area where these nanoantennas are highly effective. They
can detect trace amounts of pollutants or hazardous chemicals by
monitoring changes in their plasmonic resonance properties,
providing real-time and on-site analytical capabilities (Homola,
2008). Immobilization of antibodies and samples to energy-
intensive regions of the antenna ensures maximum detection (Cetin
et al., 2012), (Cetin, Kaya, et al., 2015), (Cetin, Turkmen, et al.,
2015).



Additionally, their small size and compatibility with various
substrates make them suitable for integration into portable and
wearable devices (Xu et al., 1999). Overall, aperture-based
plasmonic nanoantennas represent a versatile and powerful
platform for advancing nanophotonics and sensing technologies.
Continued research and development in this field promise to unlock
new capabilities and applications, driving innovations in various
scientific and industrial domains (Lopez-Tejeira et al., 2007).

In this work, we propose aperture based plasmonic
nanonantenna design with high Q-factor dual-resonant behavior in
the visible (VIS) region. Proposed structure is designed by using
double gold (Au) layer with nanoapertures and different spacer
dielectric layers such as silicon nitride (SisN4), magnesium fluoride
(MgF2). The resonance response of each nanoantenna varies
according to the materials used in its design, the geometric shape
and dimensions of the structure, (Cetin et al., 2012), (Cetin, et al.,
2015a),(Soler et al., 2017), (Coskun et al., 2014). Additionally, the
electric field and magnetic field density regions on the nanoantenna
are taken into account in order to make sensitive and accurate
sensing with plasmonic nanoantennas.

Method

The nanoantenna design is presented in this study consists
of four-arrows facing each other. This nanoantenna with four-arrow
shaped nano-aperture is designed and numerically analyzed by
using FDTD method. The reflectance, transmittance and electric
field distribution analyzes of the structure are also investigated.
Transmittance shifts are shown according to the thickness changes
of the materials used in the design. The nanoantenna is formed
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from down-to-top by a 100 nm thick SisNs membrane, a 5 nm Au
conductor layer, a 100 nm thick MgF layer as the separator and a 5
nm Au top conductor layer. Finally, nano-aperture is etched up to
the lowest point in the antenna as shown in Figure 1. In numerical
analysis for more sensitive and high accuracy, mesh values are
taken small. The nanoantenna’s spectral response is investigated by
changing dimensions of a (distance of arrowheads from center), b
(width of arrowheads), d (width of arrow), and R (length of arrow).
Moreover transmittance effect of changing thickness of MgF. and
gold layers are also analyzed. As a novelty, high Q-factor is
achieved in this nanoantenna design because of using ultra-thin
gold layers.

Figure 1. Design and geometric parameters of aperture-based,
four-arrow-shaped nanoantenna construction with double Au
conductive layer.

The alteration in transmittance response is investigated by
incrementally varying the 'a' value, representing the distance of
arrowheads from the center of the designed nanoantenna (Figure
2.a). The analyses for ‘b’ values is shown in Figure 2.b., which is
the width of arrowheads. Likewise, effect of changing the ‘d’
value, which is the width of arrow is shown (Figure 2.b). In
addition the shift of transmittance response investigated according
to the increase ‘R’ value, which is the length of arrow (Figure 2.c).
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Furthermore the transmittance curve is analyzed to assess the
impact of increasing the thickness of the MgF. layer and its effect
on the transmittance curve is analyzed (Figure 3.a). Lastly and most
importantly, the effect of the thickness minimization of the gold
layers on the spectral response is presented (Figure 3.b). Hence, an
in-depth evaluation is carried out to analyze the behavior of the
nanoantenna specifically within the visible (VIS) region.

Results

Transmittance  responses of the four-arrow-shaped
nanoantenna depending on size changes are shown in this work.
Figure 2.a shows that the transmittance response has the highest
and narrowest peak for a = 60 nm. Likewise, Figure 2.b illustrates
that the maximum dual resonance peak value is attained at b = 30
nm. As for the ‘d’ value, it is found that the change did not have a
significant effect on one resonant band. Therefore, d = 20 nm is
chosen (Figure 2.c). On the other hand, it is seen that the best peak
value among R changes is for R = 80 nm (Figure 2.d).
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Figure 2. The influence of dimensional modifications on
transmittance response: (a) Alterations in the positioning of
arrowheads relative to the center ‘a’, (b) width of arrowheads ‘5,
(c) width of arrow ’d’ and (d) length of arrow ‘R’ change of four-
arrow-shaped nanoaperture.

Furthermore, the transmittance response is shown according
to dielectric and conductive layer thicknesses in Figure 3.a and
Figure 3.b. According to these analyses, it is seen that the
resonance has the highest peak value when the MgF> thickness is
100 nm thick. On the other hand, it is shown that the resonance
response is significantly strengthened for gold layer thickness of 5
nm. Consequently, the analysis reveals that the transmittance
response attains its maximum peak value for both resonant bands in
the dimensions a = 60 nm, b = 30 nm, d = 20 nm, and R = 80 nm.
The optimum values of the dielectric and conductor layer
thicknesses are also tmgr, = 100 nm and tay =5 nm.

According to these optimum results, the proposed
nanoantenna design is re-analyzed and the best result is shown in
Figure 3.c. Consequently, dual resonances with high Q-factor are
obtained by using optimum values. The results of the transmittance
response are shown dual resonance at 444 nm and 643 nm
wavelengths, which are very close to violet (A = 400 nm - 450 nm)
and red (A = 635 nm — 700 nm), respectively. In proximity to the
frequency range, covering biological molecules, the resonance
values have reached their peak within a specific region. For this
purpose, e-field analyzes are performed and hot points are
determined.

—-12--
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Figure 3. (a) The alterations in transmittance response
corresponds to adjustments in the thickness of the MgF layer and
(b) in the thicknesses of Au layers. (c) Transmittance and
reflectance curves for optimum dimensions of
a=60nm, b=30nm,d=20nm, R =80 nm, tugr, = 100 nm, and
tau =5 nm.
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Figure 4. (a) SisN4 - Au interlayer field monitor graph (z = 0 nm),
(b) Au - MgF first interlayer field monitor graph (z = 5 nm), (c)
MgF2 - Au second interlayer field monitor graph (z = 105 nm), and
(d) Au - air second interlayer field monitor graph
(z =110 nm) at 4 = 444 nm wavelength.
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Figure 5. (a) SisN4 - Au interlayer field monitor graph (z = 0 nm),
(b) Au - MgF first interlayer field monitor graph (z =5 nm), (c)
MgF2 - Au second interlayer field monitor graph (z = 105 nm), and
(d) Au - air second interlayer field monitor graph
(z= 110 nm) at A = 643 nm wavelength.

Electric field intensity distributions are analyzed separately
for 444 nm and 643 nm. Since there are double gold layers, four
monitors are used, one above and one below each gold surface.
Figure 4 shows the electric field intensity distributions of these
interlayer monitors for A = 444 nm respectively. The one for A =
643 nm is shown in figure 5. The enhancement of molecular
vibrational modes in spectroscopic sensing applications is largely
determined by the near-field intensity present at the hot-spot
locations. (Aslan et al., 2017). Therefore, hot spots in the electric
field intensity distribution are very important for biological sensing
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applications. Since the characteristic resonances of biological
molecules are located in the VIS region, this design with a high Q -
factor resonance that can perform in this region offers advantages.

Discussions and Conclusion

Consequently, numerical analysis of a nanoantenna array
with high Q-factor dual resonance in the VIS region, obtained by
the FDTD method is proposed. As a result of the size and thickness
analyses of the antenna, optimum values are determined for
dielectric and plasmonic layers. To the best of our knowledge, the
investigation of such a small Au layer thickness has not been
previously reported in the literature. Using these parameters, the
transmittance, the reflectance and electric field intensity analyses of
the resized four arrow-shaped nanoantenna design is performed.
Finally, dual resonances with a high Q-factor, strong peak- and
narrow bands are obtained. These wavelengths are very close to
violet and red wavelengths. It is shown that this study will
contribute to biological molecule detection applications in the VIS
region, thanks to the electric field distributions of the antenna,
which have high energy density at strong dual resonances.
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CHAPTER 11

L6-L7 Vehicles Low Voltage Harness Design

Hicran ALTUNPUL!
Alp Tekin ERGENC?

Introduction

Automotive industry is a dynamic field where technological
advancements rapidly influence vehicle design. The increasing
popularity of electric and hybrid vehicles has added complexity to
the electrical and electronic systems within vehicles, making the
design of wiring harnesses more critical. In this context, L6 and L7
class vehicles, which are ideal for urban use and light cargo
transportation, highlight the importance of the reliability and
efficiency of their electrical systems.

L6 and L7 class vehicles are defined as light commercial
vehicles and small-sized vehicles used for urban transportation.
These vehicles are known for being user-friendly, environmentally

! Student, Yildiz Technical University, altunpulhicran@gmail.com
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friendly, and economical. However, the proper functioning of their
electrical and electronic systems is crucial for safe driving and
overall vehicle performance. Therefore, the design of wiring
harnesses in these vehicles holds significant importance.

Wiring harnesses are critical components in modern
vehicles, providing the necessary electrical connections between
various parts and systems. According to [S. Olbrich and J.
Lackinger, 2022], the complexity and importance of wiring
harnesses have grown with the advent of electric and hybrid
vehicles, requiring more sophisticated design and manufacturing
techniques.

Recent studies (X. Yan, Y. Yan, Y. Li, 2019) have
highlighted the need for reliability and efficiency in harness design
to ensure vehicle safety and performance.

Methods

In this research, specifications of light vehicles were
gathered and requirements were compiled. The vehicle's electrical
systems were categorized, and both a pin-out scheme and a concept
scheme created.

L6 vehicles are often electrically powered and designed for
use in urban areas or restricted environments where speeds are
limited. These vehicles are suitable for short-distance commuting
within cities or towns, where higher speeds are not necessary. L6
vehicles are typically compact and maneuverable, making them
suitable for navigating crowded urban streets and narrow lanes. L6
vehicles are restricted to a maximum speed of around 45 km/h or
lower, ensuring safety in urban environments.
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L7 wvehicles might include specialized light vehicles
designed for specific purposes, such as golf carts, utility vehicles,
or small delivery vehicles. Similar to L6 vehicles, L7 vehicles are
designed for low-speed operation, typically with a maximum speed
of around 45 km/h or lower. While many L7 vehicles may be
electrically powered for environmental and efficiency reasons,
some may still use gasoline or other fuels depending on the
application and infrastructure available.

Light electric vehicles are primarily powered by electric
motors. The power source can be batteries (such as lithium-ion
batteries), fuel cells (for hydrogen-powered vehicles), or a
combination of both. Battery capacities may range from around 5
kWh to 20 kWh or more. Larger battery capacities generally
provide longer range but can also increase vehicle weight and cost.

Key Factors

Designing a low-voltage harness for electric vehicles,
especially for light vehicles like L6 and L7, requires careful
consideration of various factors to ensure safety, efficiency,
reliability, and compliance with regulations. Here are key factors to
consider:

Determine the voltage and current requirements of the
electrical system based on the components it will power, such as
the motor, lights, sensors, and other electronic systems. For low-
voltage systems, typical voltages may range from 12V to 48V,
while current requirements depend on the power demands of the
components.
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Select appropriate wire sizes and materials based on the
current-carrying capacity, voltage drop considerations, and
environmental factors. Use materials that are suitable for
automotive applications, such as copper or aluminum conductors
with appropriate insulation to withstand temperature variations,
moisture, and vibrations.

Plan the routing of the harness to minimize interference
with other vehicle components, avoid sharp bends, and protect the
cables from abrasion, heat, and potential damage. Use protective
conduit, grommets, and looms to secure and shield the harness
from external hazards.

Choose connectors that are compatible with the electrical
components and provide secure, reliable connections. Consider
factors such as waterproofing, durability, ease of installation, and
maintenance requirements.

Ensure that the harness design minimizes electromagnetic
interference (EMI) and susceptibility to external interference to
prevent malfunctions and ensure the proper operation of electronic
systems. Use shielding, grounding, and proper routing techniques
to mitigate EMI risks.

Incorporate appropriate fusing and circuit protection
devices to safeguard the electrical system against overcurrent
conditions, short circuits, and other faults. Use fuses, circuit
breakers, or electronic protection modules to prevent damage to
components and ensure system reliability.

Coordinate the harness design with other vehicle systems,
such as the powertrain, chassis, and body electronics, to ensure

-24--



compatibility, optimize performance, and minimize integration
challenges during vehicle assembly and testing.

Conduct thorough testing and validation of the harness
design to verify electrical continuity, functionality, and reliability
under normal and abnormal operating conditions. Perform
electrical tests, such as continuity checks, insulation resistance
measurements, and voltage drop tests, to ensure compliance with
specifications and standards.

Requirements & Standards

Homologation limits for low voltage harnesses, may vary
depending on regulatory requirements in different regions and
countries.

Electrical Safety Standards

Low-voltage harnesses must meet specific insulation
resistance requirements, typically measured in ohms per unit
length. This ensures that the insulation materials effectively isolate
conductors and prevent electrical leakage or short circuits.

The dielectric strength of insulation materials should be
sufficient to withstand high voltage levels without breakdown. This
property is crucial for ensuring electrical safety and preventing
insulation failures.

Voltage drop along the length of the harness should be
within acceptable limits to ensure that electrical components
receive the required voltage for proper operation. This requires
careful consideration of conductor size, material resistance, and
circuit design.
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Electromagnetic Compatibility (EMC) Regulations

Low-voltage harnesses must limit conducted emissions,
which are electrical disturbances transmitted through the wiring
harness. This requires filtering and suppression techniques to
reduce noise and interference.

Harnesses should minimize radiated emissions, which are
electromagnetic waves emitted by the wiring harness. Shielding
and grounding techniques may be employed to contain and mitigate
radiated emissions.

Low-voltage harnesses must demonstrate immunity to
external electromagnetic interference, such as electromagnetic
fields generated by nearby electronic devices or electromagnetic
radiation from radio frequency (RF) sources. Shielding, grounding,
and filtering techniques are used to improve immunity.

Environmental Regulations

Insulation materials used in low-voltage harnesses should
have temperature ratings suitable for automotive applications,
typically ranging from -40°C to 125°C or higher. This ensures
reliable performance under extreme temperature conditions.

Harnesses must resist moisture ingress to prevent corrosion
and electrical short circuits. This may involve using moisture-
resistant insulation materials, sealing connectors, and employing
protective sheathing.

Harness materials should be resistant to automotive fluids,
such as oils, fuels, and cleaning agents, to ensure long-term
reliability and performance in harsh operating environments.
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Quality and Reliability Standards

Manufacturers must maintain traceability of materials used
in low-voltage harnesses to ensure compliance with specifications
and regulatory requirements. This involves tracking material
sources, batch numbers, and certification documents.

Harness assembly processes must be carefully controlled to
ensure consistent quality and reliability. This includes techniques
such as crimping, soldering, and heat-shrinking connectors, as well
as automated testing and inspection.

Low-voltage harnesses undergo various reliability tests,
including thermal cycling, vibration testing, mechanical stress
testing, and accelerated aging tests, to ensure durability and long-
term performance in real-world conditions.

Voltage Drop

Voltage drop is a crucial consideration in the design of low
voltage harnesses for automotive applications, including L6 and L7
vehicles. It refers to the decrease in voltage that occurs as electrical
current flows through the conductors of the harness. Excessive
voltage drop can lead to diminished performance of electrical
components, reduced efficiency, and potential safety hazards.

Voltage drop occurs due to the inherent resistance of the
conductive materials used in the harness, including wires,
connectors, and terminals.

Factors contributing to voltage drop include the length and
gauge of the conductors, the material properties of the conductors
(e.g., resistivity), and the quality of connections between
components. Voltage drop can be calculated using Ohm's Law,
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which states that voltage drop (V) equals current (1) multiplied by
resistance (R), expressed as V = | x R. The resistance of the
conductors can be determined based on factors such as wire gauge,
material properties, and length of the conductor. Voltage drop
calculations consider the maximum allowable voltage drop
specified for the electrical system and the operating conditions of
the vehicle. Excessive voltage drop can result in reduced voltage
levels reaching electrical components, affecting their performance
and functionality.

In automotive applications, voltage drop can lead to
dimming of lights, reduced motor performance, slower operation of
electronic devices, and potential damage to sensitive components.
Voltage drop may also result in increased power dissipation in the
conductors, leading to heating and potential safety hazards,
particularly in high-current circuits. Design considerations to
mitigate voltage drop include using conductors with appropriate
gauge sizes to minimize resistance, reducing the length of wiring
harnesses where possible, and optimizing routing to minimize
voltage drop.

Additionally, ensuring secure and low-resistance
connections between components, including terminals, connectors,
and splices, helps to minimize voltage drop. Voltage drop can also
be reduced by using materials with lower resistivity, such as high-
conductivity copper or aluminum alloys, and employing techniques
such as parallel conductor runs or busbars to distribute current
more effectively.
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Pin-out Schematics

The TMC(motor controller) is the core component,
interfacing with the power supply, battery, sensors, and display.
The pinout provides specific details for connecting wires to the
TMC, ensuring all components communicate correctly. This setup
is critical for managing the system, ensuring efficient and safe
vehicle operation.

- MAIN CONNECTOR PINCGUT

e
!
!I‘ll

Ty )

s
Figure 1 Pin-out Schematics of TMC
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Power Connections

The battery is connected to the PSUs(Power Supply Unit),
which then connect to the TMC(motor controller). Red line indicate
power supply (12V or 24V in automotive applications).

=
=
=
-
z

Figure 2 DC Converter Connections
TMC Connections

Inputs (Left Side)

Various inputs such as sensor data, brake signals, and other control

inputs are connected here. These inputs are critical for the TMC to
manage based on real-time data.
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Figure 3 Brake and accelerator pedal connections
Outputs (Right Side)
Outputs to the display other actuators or systems in the
vehicle.

Figure 4 Inverter and Electric Motor
Display Connection

Direct connection from the TMC to the display unit. This
connection likely includes both power and data lines to operate the
display and transmit information.
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Figure 5 Display icons

Main Connector Pinout

Each pin has a specific function, such as power input,
ground, sensor inputs, and signal outputs. Pinout helps in
understanding which wire connects to which part of the system,
ensuring proper installation and troubleshooting.
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Figure 6 Main Connector Pin-out
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Key Signals
12v_DC_1and 12V_DC_2
These are power supply lines coming from the power
supplies (PSU1 and PSU2) to the TMC.
Ground Connections

Essential for completing the electrical circuit and ensuring
stable operation of the electronic components.

Sensor Inputs (e.g., CDC)
Inputs from various sensors, like brake sensors, that provide
data to the TMC for processing.

These inputs help the TMC make decisions about how to
control the transmission.
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Figure 7 Central Door Controller
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Data and Control Lines

Lines that carry data and control signals between the TMC
and other components (like the display and optional brake
components). Ensure the TMC can send and receive information to
operate the transmission system effectively.

Since the electronic components in the braking system are
standard, no calculation has been done; only the sensors are
selected. In the lighting system, to extend the life of the LV battery,
LEDs are used at the rear. Cheaper and longer-lasting choices has
been made.

Conclusions

The research highlighted the significant shifts in
transportation behavior prompted by the COVID-19 pandemic,
emphasizing the growing trend towards micro-mobility solutions.
As urban commuters increasingly opt for environmentally friendly
and efficient alternatives, electric L-category vehicles have
emerged as a promising solution. These vehicles, characterized by
their compact size, lightweight design, and lower energy
requirements, offer advantages such as cost-effective production
and faster recharging times.

In addressing the homologation and electrification
requirements of these vehicles, this study underscores the critical
role of properly designed wiring harnesses in ensuring safe and
efficient vehicle operation. Key factors in harness design, such as
voltage and current requirements, material selection, routing,
connectors, electromagnetic interference management, and fusing,
are essential to meet regulatory standards and ensure reliability.
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By categorizing the vehicle's electrical systems and
developing comprehensive pin-out and concept schemes, the study
provides a foundation for the implementation of electric L-category
vehicles. These vehicles not only contribute to reducing emission
and noise pollution but also align with the evolving preferences of
urban commuters for convenient, sustainable transportation
solutions. Ultimately, this research supports the advancement of
light electric vehicles as viable alternatives for personal mobility,
highlighting their potential to enhance urban transportation
dynamics.
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CHAPTER 111

Design of a Titanium Nitride-Based Metasurface for
30 Degree Deflection at 1550 nm

Yunus UCAR!
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Introduction

Metasurfaces, composed of arrays of subwavelength
scatterers, have revolutionized the field of optics by enabling
precise control over light propagation (Zheludev & Kivshar, 2012).
Unlike traditional optical components, which rely on bulk materials
to manipulate light, metasurfaces operate at the nanoscale, allowing
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for tailored manipulation of phase, amplitude, and polarization
(Kildishev et al., 2013). The concept of metasurfaces has its roots
in metamaterials research, where artificial structures are engineered
to exhibit exotic electromagnetic properties (Smith et al., 2004).
Metasurfaces offer advantages such as miniaturization, ease of
fabrication using standard lithography techniques, and
compatibility with existing optical systems (Ni et al., 2013).

Metasurfaces, comprising an array of sub-wavelength
nanostructures, can be conceptualized as a grid of discrete elements
analogous to the pixels of a phase (and possibly amplitude) mask
(Scheuer, 2017). This foundational notion is elucidated in Figure 1,
where a flat surface is discretized into distinct pixels. Each pixel
imposes a distinct local phase shift denoted by @;;, collectively
delineating a discretized rendition of a phase map, @(x,y). This
phase profile elucidates the requisite phase distribution necessary
for attaining the desired beam morphology (Scheuer, 2017). These
metasurfaces, in addition to their role in shaping optical
wavefronts, also hold promise in enabling compact and lightweight
optical devices, thereby revolutionizing various fields including
imaging, sensing, and communication.

/¢41/¢4z/¢43 ¢44/
¢31/¢32/¢33/¢34/
¢21/¢22/¢23/¢24/
/¢11/¢12/¢13/¢14/

Figure 1: Phase Diagram of Metasurface (Scheuer, 2017).
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After the incident beam interacts with the metasurface,
either by reflection or transmission, and propagates a distance z, its
surface field profile can be described by the Kirchhoff integral:

L 2 ST (22 2 .
Uz(x:y) = ellz(x ty )ff Uo(f,?’])el/'lz(f +12)+ +i0(En)
21 1)
exp [—i-—(§x + ny)]dSdn

In this context, U, stands for the initial field profile of the
incident beam, while A represents the wavelength, and U, indicates
the field profile at a distance z from the metasurface. The design of
metasurfaces for applications such as beam shaping and holography
poses two significant challenges: first, creating the proper phase
mask needed to achieve the desired beam shape, and second,
engineering the individual nanostructures to deliver specific phase
shifts between 0 and 2. (referred to as the pixels) (Scheuer, 2017).

The principal challenge encountered in the utilization of
metasurfaces for precise phase control and beam shaping resides in
the imperative to achieve arbitrary phase shifts within the interval
[0, 2=], while simultaneously ensuring a consistent amplitude
response. To address these exigencies, a plethora of techniques and
methodologies have been devised and experimentally validated.
These approaches harness a spectrum of mechanisms,
encompassing plasmonic and dielectric resonances, Cross-
polarization interactions, coupled nano-antennas, geometric phase
modulation, and related methodologies.

Recent research has explored the use of materials such as
titanium nitride (TiN) in metasurface designs. TiN exhibits
intriguing optical characteristics, such as a high refractive index

and low absorption in the visible and near-infrared spectral ranges
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(\Valour et al., 2021). Hence, by incorporating TiN into metasurface
structures, enhanced light-matter interactions have been achieved
and device performance has been (Altug & Vuckovi¢, 2005).

Beam deflection in metasurfaces plays a crucial role in
various optical systems, including imaging, communication, and
sensing (Diez et al., 2011). Traditional beam steering approaches
often suffer from limitations such as bulkiness, limited field of
view, and slow response times (Ni et al., 2015). Metasurface-
enabled beam deflection provides a promising solution by allowing
for agile and compact steering of optical beams (Arbabi et al.,
2017). The underlying principle involves tailoring the phase profile
across the metasurface to achieve the desired beam direction (Aieta
et al., 2012). This phase modulation can be achieved by designing
subwavelength scatterers with specific geometries and material
properties. The following formula illustrates the phase modulation
achieved by a metasurface:

O(x,y) = k.0(x,y) 2)

where ®(x,y) is the phase modulation across the
metasurface, k is the wavevector of the incident light, and @(x, y)
is the desired phase profile imposed by the metasurface.

The movement of light in metasurfaces is governed by
generalized Snell's laws, which describe the link between the angle
of incidence, angle of refraction, and refractive indices of the
materials involved (Yu et al., 2011). For metasurfaces, these laws
can be extended to account for the tailored phase profile imposed
by the subwavelength scatterers. The generalized Snell's law for
metasurfaces can be expressed as:
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A dod
n, sin(6,) = n, sin(6,) + 140 3)

where n; and n, are the refractive indices of the incident
and refracted media, respectively, 6, and 6, are the incident and
refracted angles, respectively, A is the wavelength of light, A is the

period of the metasurface, and % is the gradient of the phase

profile across the metasurface.

In addition to generalized beam deflection, metasurfaces
can achieve x-deflection and y-deflection by imparting different
phase profiles along orthogonal axes (Yu et al., 2011). The x-
deflection and y-deflection angles can be controlled independently
by designing the metasurface structure accordingly. The formulas
for x-deflection and y-deflection are given by:

A do

XA dx (4)
o _ Ado -
Y Ady )

where 0, and 6, are the x -deflection and y -deflection
angles, respectively, g and % are the gradients of the phase
profile along the x and y axes, respectively.

Recent advancements in metasurface-enabled beam
deflection have opened up exciting possibilities in a wide range of
applications, including augmented reality displays, LiDAR
systems, and optical communication (Khorasaninejad et al., 2016).
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Dynamic metasurfaces, which can be reconfigured in real-time,
offer enhanced functionality for applications such as beam shaping
and adaptive optics (Fischer et al., 2011). The integration of
metasurface devices into integrated photonic circuits holds promise
for realizing compact and multifunctional optical systems
(Verslegers et al., 2009). Moreover, advances in nanofabrication
techniques, such as electron beam lithography and focused ion
beam milling, have facilitated the fabrication of complex
metasurface structures with subwavelength features (Yu et al.,
2011).

In this study, an alternative TiN-based plasmonic-based
metasurface design that can perform beam deflection at an
operating wavelength of 1550 nm is proposed. In order to achieve
deflective metasurfaces, it is necessary to provide a specific
interfacial phase distribution on the metasurface, depending on the
desired deflection angle. For this particular metasurface design,
which can reflect at 30° deflection, the necessary interfacial phase
distribution is first determined. Subsequently, a set of unit cells
with various geometries and geometric parameters, exhibiting 18
different phase values in the [0-2x] range in this phase distribution,
is theoretically designed. Each nanoantenna designed for effective
beam deflection must provide this phase distribution with the
highest possible resolution. Thus, the number of meta-cells that
will provide much higher phase resolution compared to the studies
presented in the literature is obtained. The reflection characteristic
and phase responses of these unit cells at 1550 nm are analyzed
using the Finite-Difference Time-Domain (FDTD) method.
Dielectric permittivity data of TiN layers are obtained from

ellipsometric data of a TiN film deposited at 800°C using the
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Drude-Lorentz model and imported into numerical analyses. While
the periodic arrays of each antenna are analyzed separately, their
phase and reflectance values are determined using field monitors.
Finally, the aperiodic arrangement of these antennas on the
interface is designed by taking into account the phase distribution
of the relevant deflector metasurface and analyzes are carried out to
reveal the deflector feature.

Method

In this study, a metasurface design capable of deflecting
beams at a specific 6, angle through alternative plasmonic meta-
cells is presented. In this context, in order for deflection to be
achieved on the plane of incidence of light, the phase pattern that
needs to be created on the sample surface must satisfy the
following equation.

Om(x, 1) = — 2/1—ﬁ sin(6y) x (6)

The phase shift ¢, in the equation represents the phase
displacement, and 6, represents the deflection angle of the
reflected light.

According to this equation, in order to achieve a beam
deflection of 6, = 30°, the meta-cell arrangements must be
provided according to the phase map shown in Figure 2. Here, a
800 um x 800 um meta-cell array is proposed for this purpose. To
achieve this, different meta-cell designs must be conceived for each
distinct phase cell. In the meta-cell analyses for a beam deflection
application where the plane of incidence is xz and the direction of
deflection is along x, the analyzed cells are illuminated with x -
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linearly polarized light along the x -direction. Schematic
representations of the designed meta-cells are given in Figures 3
and 4. Accordingly, each meta-cell is configured sequentially with
a TiN reflective layer, an SiO> transmissive intermediary layer, and
a TiN nanoantenna layer. Such nanostructures are absorptive
structures with significant reflection resonances (Aslan et al.,
2017). Hence, they are suitable structures for efficiently deflecting
the reflected light.

The nanoantenna layer consists of two different types of
geometric structures. By adjusting the geometric parameters of
these structures, various electromagnetic phase responses can be
achieved within the range of 0-2x. The trial version of the
commercial Ansys Lumerical software, utilizing the FDTD
method, is employed to determine the electromagnetic phase
responses and reflection characteristics of the meta-cell (Optical
Simulation and Design Software | Ansys Optics, n.d.). The
operational wavelength is set to 1550 nm, falling within the fiber
optic wavelength spectrum. The 1550 nm wavelength is widely
used in fiber optic communication due to its low loss and low
dispersion characteristics.
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Figure 2: Intended Metasurface Phase Map in .

The specific values of Drude-Lorentz parameters can vary
for each material and are often provided in scientific research
articles. In the study conducted by (Naik et al., 2013), Drude-
Lorentz parameters for several alternative plasmonic materials,
including TiN have been determined using equation 7 for the
wavelengths ranging from 350 to 2000 nm (Naik et al., 2013).

wp fiw?
w(w+iy) (07 —w?—iwy)

e(w) =¢, —

(7)
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Figure 3: The Designed Jerusalem Cross Shape Antenna Structure:
(a) top view, (b) perspective and (c) side views.
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Figure 4: The Designed Semi-Circle Couple Shape Antenna
Structure: (a) top view, (b) perspective and (c) side views.

47



In Equation 7, the second term represents the Drude model,
and the third term represents the Lorentz Oscillator. The term g, in
the equation represents the polarization response from the core
electrons, w,, is the plasma frequency, y, is the carrier relaxation

rate, f; is the strength of the Lorentz oscillator, w; is the central
frequency of the Lorentz oscillator, and y; represents the damping
of the Lorentz oscillator. The TiN data used in the study were
obtained using values of ¢, = 4.855, w, = 7.9308, y, = 0.1795,
f1 =3.2907, w; = 4.2196, and y; = 2.0341 for TiN deposited at
800°C (Naik et al., 2013). The SiO, data used in the study is
available in the library of Ansys Lumerical software.

Results and Discussion

In the meta-cell analysis, the phase and reflection responses
are examined. Table 1 presents the phase and reflection responses
of meta-cells with antenna layers in various geometrical
parameters, showing a very smooth phase change within 0-2n
range. Figures 5 and 6 illustrate the phase and reflection responses
of these antennas based on antenna number. While the phase loss
can be effectively achieved quite, the reflection remains at
approximately 0.7 on average.
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Table 1: Geometric Parameters of Designed Antenna Array.

Geometric Parameters

[<5]
s &
= =
c [4+]
c c
8 c
E 2

<

Reflection

1 Jerusalem 06699 | 00232 250 @ 200 450 @ - - 2500 2500
Cross

p Aol 07378 01247 200 350 750 - - 2500 2500
Cross

3 | Jerusalem 05940 02449 200 300 500 - - 2500 2500
Cross

4  Jerusalem 07442 03440 250 = 450 800 - - 2500 2500
Cross

5 Jerusalem 07383 | 04425 300 @ 450 850 - - 2500 2500
Cross

6  Jerusalem ,eps3  os4ss 300 450 1000 - - 2500 2500
Cross

7 Jerusalem 07857 06492 300 450 550 - - 2500 2500
Cross

g | Jerusalem 07889 07472 250 350 600 - - 2500 2500
Cross

9 Jerusalem 07738 | 08438 200 @ 400 600 - - 2500 2500
Cross

10  Jerusalem 07685 09448 200 400 650 2500 2500
Cross

1 SemiCircle o6 1gses - - 250 500 500 2500 = 2500
Couple

12 Jerusalem 07410  1,3411 200 500 700 - - 2500 2500
Cross

Semi-Circle
Couple
qq | LRLEElEm 07418 15316 200 400 700 - - 2500 2500
Cross
Semi-Circle
Couple
16~ Jerusalem 07426 17545 200 @ 250 350 - - 2500 2500
Cross
17 enusalem oo 1gere 200 a0 700 - - 2500 2500
Cross
Jerusalem

18 0,6681 1,9512 200 250 500 - - 2500 2500
Cross

1

w

0,8487 1,4383 - - 125 100 475 2500 = 2500

15 0,8314 1,6582 - - 125 175 525 2500 = 2500

—-49--



L a.r\ \\\\\\\\\\\\\\\\\\\\\\

L ’. IIIIIIIIIIIIIIIIIIIII

L . \\\\\\\\\\\\\\\\\\\\

L 'ﬂ. \\\\\\\\\\\\\\\\\\

L ~ . \\\\\\\\\\\\\\

L -1

\

L , IIIIIIIIIII

L .| IIIIIIIII

L ‘m \\\\\\\

L ’ IIIIII

L .l N

L . -

L J \%«\«M\«\V
5 - 5 o %
" (x) aseyd -

Antenna Number
Figure 5: Antenna Phase Values.

o --—-—-—-————-
-

- ——————
\'y \\\\\\\\\\\\\\

-
.\I.I. |||||||||||||||||||

~
- “ \\\\\\\\\\\\\\
.m\\....\. \\\\\\\\\\\\\\\\\\
- ®e--——\—————————-
- -
rd
' \\\\\\\\\\\\\\\\
e
. \\\\\\\\\\\\\\\\\
' -~ “- ||||||||||||||
—
O~ - i
PR R
e~ ____|
I
v-----—————1
o % ~ © ©
o o o o o

uonoa|eY

Antenna Number

Figure 6: Antenna Reflection Values.
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In the literature (Guo et al., 2018; Xu et al., 2019; Yu &
Capasso, 2014), studies on phase analysis with a maximum
resolution of 8 antennas have been found. In this study, a phase
resolution of 18 antennas could be achieved. Furtermore, a

deflection angle of 30° has been achieved as can be observed from
Figure 7, where k,. is the wavevector of the reflected light.
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Figure 7: The Theoretical Beam Deflection Characteristic of the
Proposed Metasurface Design.
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Conclusion

In this study, meta-cell designs that provide high-resolution
phase transition have been made. The necessary metasurface phase
map for these meta-cells to perform 30° beam deflection has been
determined, and the aperiodic arrangements that fit this phase map
have also been analyzed. As a result of these analyses, the
deflection outcome of the proposed metasurface design is
presented. Based on this outcome, the expected 30° deflection
could theoretically be achieved. Since the reflection values are not
exactly 1, it is an expected result that unwanted scattering or
interference cause deviation from the targeted deflection direction.
A more effective deflection can be achieved when a good and
stable reflection as well as a good phase response are attained.
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CHAPTER IV

Deep Learning-Based Classification Framework For
Colon Cancer Detection in Histopathological Images

Rukiye UZUN ARSLAN!
Ceren KAYA?
Irem SENYER YAPICI®

Introduction

Cancer is an important health problem with ever increasing
incidence and mortality rates not only in Turkey but also in the
worldwide (Siegel et al.,, 2020; Pavlopoulou, Spandidos &
Michalopoulos, 2015). According to the World Health
Organization statistics report, cancer is the second prominent cause
of death across the world, and it is accountable for an approximate
more than 9 million deaths, composing one-sixth of all human
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deaths in 2018 (Subramanian et al., 2020). Colorectal cancer (CRC)
reckons for about 10% of all cancers diagnosed yearly and cancer-
related deaths worldwide (Bray et al., 2018). It is the most
prevalent cancer type ranked second in women and third in men
worldwide, respectively. According to the Public Health Agency of
Turkey report, it has been reported as the third most common type
of cancer in men and women in our country (THSK, 2023).

Although the cause of colorectal cancer is not known
exactly, it has been reported that factors such as age, colorectal
polyps, genetic predisposition, lifestyle, and dietary habits increase
the likelihood of developing the disease. On the other hand, it is
one of the most curable cancers when diagnosed and treated in
early stages. Histopathological examination, denominated “gold
standard”, is one of the most common and trustworthy method used
to diagnose CRC. In this method, professional pathologists visually
observe organizational changes in cell morphology and tissue
components  through  microscope with the intention of
determination of the type and degree of the lesion. However,
manual examination possesses certain disadvantages such as
requiring experienced pathologists, laborious, long inspection
period, observer biases (Abdelsamea et al., 2019; Graham et al.,
2019). Hence, it results in need of development of computer-aided
detection (CAD) systems with two major aiming, automated
segmentation and classification (Kassani et al., 2022).

In this context, artificial intelligence techniques such as
deep learning (DL) have been recently used which are well known
with their capacities to examine data faster and give decisions.
There have been many studies performed based DL to detect
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colorectal and lung cancers in literature. For instance, Wang et al.
(2019) classified histopathological images of lung cancer with
convolutional neural network (CNN) based cell segmentation
approach. Hatuwal and Thapa (2020) conducted classification of
lung cancer pathological images into three classes with CNN.
Nishio et al. (2021) handled the classification of three-class lung
cancer pathological images using homology-based image
processing methods. Teramoto et al. (2017) proposed a novel deep
convolutional neural network method to classify lung tumors by
examining their pathological images. Masud et al. (2021) classified
lung and colon microscopic images with DL-based supervised
learning approach. Togacar (2021) managed to detect five classes
of histopathological images including three lung cancer classes and
two colorectal cancer classes using CAD model and optimization
approaches. Gessert et al. (2019) examined the practicability of
colorectal cancer classification in microscopic images using CNNs
based on multi-transfer learning approaches. Vuong et al. (2020)
regulated to detect colon cancer grading by applying a learning
approach analyzed the digitized pathology images where
classification and regression task combined with CNN.

In this study, automatic CAD classification of colon cancer
is proposed by applying histopathological images to deep pre-
trained convolutional neural network (CNN) based InceptionV3
and DenseNet201 models. For this purpose, the classification
performances of colon cancer are compared by applying different
batch sizes and epoch number values to InceptionV3 and
DenseNet201 models.
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The remainder of this study is organized as follows. In
Section 2, the dataset used in the study and the details of proposed
deep learning models are presented. Experimental analyzes and
obtained results are given in Section 3. Finally, the study is
concluded in Section 4.

2. Material and Method

In this study, deep neural network models based on
InceptionV3 and DenseNet201 are used to detect colon cancer from
histopathological images. In this direction, firstly, the images in the
data set are resized. Then, the data set is expanded with the data
augmentation process in order to present more examples to the
network. It is then presented to the network to be trained. In the
next step, the pooling process is applied between the layers to
reduce the splitting and size in the network. Thus, a smaller sized
matrix is obtained. Batch normalization is used to reduce the
dependence of the model on the data. As the learning algorithm,
adaptive moment estimation (Adam) algorithm, which is known to
have the best performance in reaching the optimum solution, is
preferred (Uckuner & Erol, 2021). Block diagram of proposed deep
neural network-based model for the classification of colon cancer
from histopathological images are illustrated in Figure 1. Finally,
colon adenocarcinoma and colon benign cancers are detected by
classifying images through fully connected layers.
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2.1 Colon cancer dataset

The dataset used in this study includes LC25000 lung and
colon cancer histopathological images provided as open source in
GitHub repository (Kaggle, 2023). This dataset contains 25000
images, of which 10000 belong to the type of colon cancer. Colon
cancer dataset consisting of 5000 benign and 5000 adenocarcinoma

model
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images is in jpeg format with 768x768 resolution.
Histopathological images of colon cancer belonging to
adenocarcinoma and benign classes are presented in Figure 2,
respectively.
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Figure 2. Representative class samples of colon cancer
histopathological image dataset (a) colon adenocarcinoma (b)
colon benign

In this study, histopathological images of 1000 benign and
1000 adenocarcinomas in the colon cancer dataset are included.
The original images (768 x 768 pixels) in the data set are resized to
224 x 224 pixels to be used within the scope of study. The
parameters required for the data augmentation method in the
training dataset are scaling factor = 1./255, shear range = 0.1, zoom
range = 0.1, and horizontal flip.

2.2 Convolutional neural network model

Deep learning, a sub-branch of artificial intelligence, is one
of the machine learning methods. The difference between deep
learning and machine learning is the use of multilayer artificial
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neural networks in deep learning. Thus, deep learning produces
more successful results (Nasip & Zengin, 2018). In deep learning,
the output is estimated depending on the data set used and the
training of artificial intelligence is carried out depending on the
result. Deep learning generally consists of an input layer, three or
more hidden layers, and an output layer. The fact that deep learning
includes more than one layer makes the learning process more
successful. In the hidden layer, all complex operations that enable
learning are carried out and learning algorithms are applied. In the
input and output layers, no operation is performed. The biggest
contribution of these layers in the field of artificial intelligence is
that they can produce answers between 0 and 1 other than 0 and 1.
Thus, more detailed solutions are obtained by dealing with a
problem more specifically (Nasip & Zengin, 2018). Deep learning
has recently been widely used in pattern recognition and image
classification processes.

Convolutional Neural Network (CNN), which is widely
used in image processing in deep learning, is based on the visual
perception mechanism of living things. This algorithm is used in
classification, clustering, object recognition, medical image
analysis and natural language processing. CNN consists of
convolution, pooling and fully connected layers. Deep features are
obtained by applying filtering processing to the image in the
convolution layer. In the pooling layer, which is usually used after
each convolution layer, the size of the high-dimensional data set in
the previous layers is reduced. This layer works according to the
principle of taking the average (average pooling) of the
neighboring elements in certain areas or taking the largest (max
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pooling) of the neighboring elements. In the activation layer, the
thresholding process is performed by passing the data through the
selected activation function. The features obtained from the
convolution and pooling layers are transferred to the fully
connected layers for classification. This layer performs similar
functions with traditional artificial neural networks (Uzen, Yeroglu
& Hanbay, 2019).

In this study, a comparison of deep learning techniques with
different models that can classify colon cancer images as colon
adenocarcinoma and colon benign is made. In this direction,
InceptionVV3 and DenseNet201 deep learning techniques are used.
The Inception network belonging to CNN includes InceptionV1,
InceptionV2 and InceptionV3 versions of the Keras library. In this
study, analyzes are carried out using the Inception\V3 model, which
is developed in 2016 (Sezegedy et al.,, 2016). Based on
InceptionV1, InceptionV3 has higher accuracy. In addition,
compared to other models (InceptionV1l and InceptionV2), the
number of parameters has been reduced and the training speed has
been increased. InceptionVV3 adjusts the depth and width of the
network optimally to ensure the highest flow of information from
the network (Bozkurt, 2021). DenseNet is one of the deep learning
models used to classify the classes contained in datasets consisting
of images. The DenseNet201 model, which is a new version of
DenseNet model, are used in the study (Huang et al., 2017; El
Gannour et al., 2021). The DenseNet201 model has the possibility
to reuse features by different layers, which increases variation and
performance in the next layer input. Therefore, it benefits from a
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condensed network that is easy to train and can provide highly
parametrically efficient models (Jaiswal et al., 2021).

2.3 Performance metrics

The performances of deep learning models created for the
classification of colon cancer are compared regarding the criteria
calculated using the confusion matrix. These metrics are accuracy,
specificity, sensitivity, precision, and F1-Score. The mathematical
formulas of these metrics can be expressed as follows:

TP+TN

Accuracy = qornerien @)
Precision = — (2
TP+FP
. TP
Sensitivity = P (3)
o TN
Specificity = previpes 4)
F1 — Score = 2*PrecisionxSensitivity (5)

Precision+Sensitivity

where TP is true positive, TN is true negative, FP is false
positive, and FN is false negative.

3. Results and Discussion

In this study, experimental studies are carried out using
Python programming language and Keras library in Google
Colaboratory environment containing Tesla K80 Graphics
Processing Unit (GPU). Two different pre-trained deep learning
networks, InceptionV3 and DenseNet201 models, are employed to
classify colon cancer. The categorical cross-entropy function with
ADAM optimizer (1= 0.9 and B> = 0.999) is used to pre-train
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these models with random initialization weights. For each
experiment, batch size (2, 3, 4, 8, 16 and 32), learning rate (1e-5),
and number of epochs (30, 40 and 50) are all experimentally
examined. The study's histopathological image dataset used is
randomly divided into 80% training and 20% test.

Graphics of training/test accuracy and loss values for 30,
40, and 50 epochs of pre-trained DenseNet201 model are given in
Figure 3, Figure 4, and Figure 5, respectively. 30, 40 and 50 epochs
are run separately with different selected batch size values (2, 3, 4,
8, 16 and 32). When looking at Figure 3-5 in detail, it is clear that
when batch size is set to 16 and 32 for 30, 40, and 50 epochs, the
balance between train and test loss values offers more accurate
results.

In our previous study (Kaya, Senyer Yapici & Uzun Arslan,
2022), batch size values used in InceptionVV3 model, just as used in
DenseNet201 model, were tested for 30 and 40 epochs. Overall
classification accuracy was obtained as 100% (at batch size = 4, 8,
16 and 32), 99.75% (at batch size = 2 and 3) for 30 epochs and
100% (at batch size = 3, 8 and 32), 99.75% (at batch size = 4 and
16), 99.50% (at batch size = 2) for 40 epochs in InceptionVV3 model
(Kaya, Senyer Yapici & Uzun Arslan, 2022). In addition to that, in
this study, InceptionV3 model is also performed for 50 epochs.
Related graphics of training/test accuracy and loss values for 50
epochs of pre-trained InceptionV3 model are given in Figure 6.
Similar to the results obtained in DenseNet201 model, the balance
between the train and test loss values in InceptionVV3 model for 50
epochs produces more accurate results at batch size = 16 and 32, as
shown in Figure 6.
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Figure 3: Training/test accuracy and loss values for 30 epochs in
DenseNet201 where (a) batch size=2 (b) batch size=3 (c) batch
size=4 (d) batch size=8 (e) batch size=16 (f) batch size=32
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Figure 4: Training/test accuracy and loss values for 40 epochs in
DenseNet201 where (a) batch size=2 (b) batch size=3 (c) batch
size=4 (d) batch size=8 (e) batch size=16 (f) batch size=32
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Figure 5: Training/test accuracy and loss values for 50 epochs in
DenseNet201 where (a) batch size=2 (b) batch size=3 (c) batch
size=4 (d) batch size=8 (e) batch size=16 (f) batch size=32
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In Figure 7 and Figure 8, confusion matrices of colon
adenocarcinoma and colon benign test results obtained from pre-
trained InceptionV3 (for 50 epochs) and DenseNet201 models (for
30, 40 and 50 epochs) at different batch size values (2, 3, 4, 8, 16
and 32) are displayed, respectively. These confusion matrices are
matched with experimental results from the graphics in Figures 3-6.
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Figure 7: Confusion matrix for 50 epochs in InceptionV3 where (a)
batch size=2 (b) batch size=3, 4 (c) batch size=8, 16, 32

Five performance metrics (accuracy (Acc.), specificity

(Spec.), sensitivity (Sens.), precision (Prec.), and F1-Score) are

calculated for pre-trained InceptionV3 and DenseNet201 models

from related confusion matrices as seen above in Figure 7 and

Figure 8. Classification performance results obtained from the

models are presented in Table 1 and Table 2 in detail, respectively.
--70--



Actual Value

Confusion Matrix

Colon{Adenocarcinoma)

Colon(Benign}

Colon{Adenocarcinoma) Colon{Benign}
Predicted Value

200

175

150

125

- 100

-75

-50

-25

Figure 8: Confusion matrix for 30, 40 and 50 epochs in
DenseNet201 (a) batch size=2, 3, 4, 8, 16, 32

Table 1: Evaluation metrics of pre-trained InceptionV3 model for
different batch sizes

Epochs  Batch Acc. (%) Spec. Sens.  Prec. F1-
Size (%) (%) (%) Score (%)

2 98.25 96.62 100 96.5 98.22
3 99.25 98.52 100 98.5 99.24
4 99.25 98.52 100 98.5 99.24

50 8 100 100 100 100 100
16 100 100 100 100 100
32 100 100 100 100 100

Table 2: Evaluation metrics of pre-trained DenseNet201 model for
different batch sizes

Epochs  Batch Acc. (%) Spec. Sens.  Prec. F1-
Size (%) (%) (%) Score (%)

2 100 100 100 100 100
3 100 100 100 100 100
30-40- 4 100 100 100 100 100
50 8 100 100 100 100 100
16 100 100 100 100 100
32 100 100 100 100 100
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As seen in Table 1, overall classification accuracy is
obtained as 100% (at batch size = 8, 16 and 32), 99.25% (at batch
size = 3 and 4), and 98.25% (at batch size = 2) in InceptionV3
model for 50 epochs. Similarly, Table 2 shows that for all epochs
and batch sizes, overall classification accuracy, specificity,
sensitivity, precision, and F1-Score are all 100%. When compared
to pre-trained InceptionVV3 model, pre-trained DenseNet201 model
has a higher consistent classification accuracy. In addition to that,
the classification performance of DenseNet201 model is also better
than InceptionV3 model within 30 and 40 epochs, as seen in Table
2 and (Kaya, Senyer Yapici & Uzun Arslan, 2022).

4. Conclusion

Early detection of colon cancer, which is one of the most
common types of cancer in the world, is critical for complete
eradication of illness. In this study, we present two deep pre-trained
DenseNet201 and InceptionVV3 models for automatically predicting
colon cancer using histopathological images acquired from colon
benign and colon adenocarcinoma patients. The dataset contained
1600 histopathological colon cancer images is used to train the
models and 400 images to test them. In the light of our findings, it
is apparently observed that DenseNet201 model has higher and
stable classification performance with 100% overall accuracy at
batch size = 2, 3, 4, 8, 16 and 32 for 30, 40 and 50 epochs
according to InceptionV3 model (99.75% accuracy at batch size =
2 and 3 for 30 epochs), (99.50% accuracy at batch size = 2, 99.75%
accuracy at batch size = 4 and 16 for 40 epochs), and (98.25%
accuracy at batch size = 2, 99.25% accuracy at batch size = 3 and 4
for 50 epochs). This research sheds light on how deep transfer
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learning models can be used to detect colon cancer early on. The
performance of different CNN models will be assessed in future
investigations by increasing the amount of histopathological colon
cancer images.
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BOLUM V

The Relationship Between Renewable And Non-
Renewable Electrical Energy Production And
Consumption And Carbon Footprint

inci BILGE!
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Introduction

The exponential growth of the global population leads to a
surge in both the demand for and supply of electrical energy.
Electrical energy production is provided from renewable sources as
well as non-renewable sources. Figure 1 depicts wind turbines,
solar panels, and thermal and hydroelectric power plants.
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Figure 1. Electrical energy production plants

Electrical energy production is provided from renewable sources as
well as non-renewable sources. Figure 1 depicts wind turbines,
solar panels, and thermal and hydroelectric power plants. Thermal
power plants running on natural gas, thermal power plants running
on coal, thermal power plants running on fuel oil, and thermal
power plants running on diesel fuel can be examples of non-
renewable resources. Wind turbines, solar panels, hydroelectric
power plants, geothermal energy, and biomass can produce
electrical energy using renewable energy sources.

According to TEIAS data, the total amount of electrical

energy produced in Turkey in 2022 is given in Grafic 1 (TEIAS
(2022)).
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Graphic 1. Electrical energy produced in Turkey in 2022

Turkey Electricity Transmission Inc. Approximately 55.58
percent of Turkey's electricity production in May 2024 will come
from renewable energy sources, with thermal power plants
accounting for 47.17 percent. Solar energy contributes 9.92% to
electricity  production, wind turbines contribute  9.16%,
hydroelectric power plants contribute 30.65%, geothermal energy
contributes 3.1%, and biomass energy contributes 3% to the total
generated electrical energy ("May 2024 Electricity Production,”
2024).

According to these data, reducing fossil fuel use over time
and increasing electrical energy production with renewable energy
sources will have a positive impact on the carbon footprint.
Graphic 2 shows the graph of TEIAS's electrical energy production
data for May 2024.
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Graphic 2. Electrical Energy Production Data for May 2024
Carbon Footprint and Electricity Generation Methods

Carbon footprint is obtained from measuring the CO2
emissions that occur during the production, transportation, use and
consumption stages of a product (Wiedmann and Minx, 2008). In
this study, the energy sources used in electrical energy production
are examined comparatively due to the carbon footprint formed
during the production and consumption of electrical energy.

Variations in the techniques employed in the generation of
electrical energy result in varying degrees of carbon emissions.
Power plants that utilise fossil fuels like coal and natural gas emit a
significant quantity of CO2, resulting in the largest carbon footprint
among all other types of electrical energy production.

It is also stated that hydroelectric and nuclear power plants
have lower carbon footprint values than thermal power plants
because they do not cause CO2 emissions during electrical energy
production (Wan-bin, 2012).

--81--



Furthermore, the utilisation of renewable energy sources
such as wind, solar, and biomass for electricity production results
in significantly reduced CO2 emissions compared to the use of
fossil fuels, hence generating a minimal carbon footprint.

In a study conducted in South Africa regarding the effect of
solar panels on carbon footprint, it is stated that solar energy
production of electrical energy will be effective in increasing the
country's economy as well as reducing greenhouse gas emissions
and carbon footprint (Mutombo and Numbi, 2019).

Another study conducted in Australia concluded that the
country's greenhouse gas emissions can be reduced by producing
electrical energy using renewable energy sources (Wolfram et al.,
2016).

Thermal power plants, which produce electrical energy
using fossil fuels, constitute a significant part of the carbon
footprint. Carbon emissions can be significantly reduced by adding
carbon capture and storage technologies during electricity
production in thermal power plants that run on coal, one of the
fossil fuels. This technique has the potential to decrease greenhouse
gas emissions and enhance the sustainability of electricity
production (Saboori and Hemmati, 2016).

Relationship between solar energy and carbon footprint

Photovoltaic (PV) panels that produce electricity are sustainable
because they do not cause CO2 emissions and prevent the
greenhouse gas effect. In addition, unlike fossil fuels, solar energy
does not produce carbon emissions as a result of electrical energy
production, so it has a significant impact on reducing the carbon
footprint. Therefore, increasing electricity production by using
renewable energy sources instead of fossil fuels is extremely
important in reducing the carbon footprint.
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De Souza Grilo et al. (2018), in the literature on electrical
energy production using PV panels, it was stated that the use of PV
panels makes a significant contribution to reducing the carbon
footprint. Expanding the utilisation of renewable energy sources
not only diminishes carbon emissions but also offers a pristine
energy source that avoids environmental damage (Sharif et al.,
2019).

A study conducted in 30 provinces in China found that the
carbon footprint was diminished as a result of the electricity
generated by solar power plants (Zhao and Li, 2023).

Utilising photovoltaic (PV) panels for electricity generation
promotes the enhancement of environmental sustainability
(Dominguez-Ramos & Irabien, 2019).

A separate study conducted by Ito in 2017 discovered that
the utilisation of renewable energy sources had a dual effect of
decreasing carbon emissions and promoting economic growth in 42
developed countries.

The study analysed data from the years 2002 to
2011.Thermal power plants, which generate electricity by burning
fossil fuels, make up a substantial portion of the carbon footprint.
Carbon emissions can be substantially decreased by using carbon
capture and storage technology in coal-fired thermal power plants,
which are powered by one of the fossil fuels. The utilisation of this
technology has the capability to reduce release of greenhouse gases
and improve long-term viability of power generation (Saboori and
Hemmati, 2016).

A recent study in the literature shown the efficacy of
renewable energy power plants in mitigating carbon emissions
(Kerem, 2022). Furthermore, a separate study advocated for the

augmentation of renewable energy sources to mitigate the carbon
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emissions associated with electricity generation (Alderson et al.,
2012). Differences in the energy sources used in electrical energy
production and their geographical distribution significantly affect
the carbon footprint.

The Relationship Between Electricity Production and Carbon
Footprint in Wind Turbines

Wind energy is one of the renewable energy sources and
has an important role in reducing the carbon footprint by reducing
the use of fossil fuels in electricity production. There are
environmental factors that affect the efficiency of electrical energy
produced by wind turbines.

Wind turbines electrical energy production is influenced by

environmental conditions including wind speed, temperature,
humidity, pressure, and precipitation. By enlarging the wind
turbine, the efficiency of the generated electrical energy can be
enhanced. The performance of wind farms is contingent upon
fluctuations in temperature and wind velocity at the specific
location of installation.
Regions with high wind speeds generate less electrical energy
compared to regions with low wind speeds. Consequently,
installing wind turbines in areas with low wind speeds may
diminish the effectiveness of generating electrical energy.
Furthermore, failure to choose suitable locations may result in
decreased turbine efficiency (Haskew et al., 2016).

It is stated that since the production of electrical energy
with wind energy does not cause greenhouse gas emissions, it can
be effective in reducing global warming by significantly reducing
the carbon footprint compared to fossil fuels (Mendecka and
Lombardi, 2019).
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The relationship between biomass electrical energy production
and the carbon footprint

Burning fuels made of organic, biological, or plant materials
produces electrical energy, and in addition to serving as an
alternative to fossil fuels, biomass can lessen the greenhouse gas
effect and carbon footprint (Adams and McManus, 2014).

Carbon footprint analysis in thermal power plants

Numerous studies in the literature examine the impact of
electrical energy generated in thermal power plants on carbon
footprint. These studies indicate that since thermal power plants
create greenhouse gas emissions, these emissions should be
reduced. Turkey Electricity Transmission Inc. According to
(TEIAS) data, 38% of the electrical energy produced by Turkey in
thermal power plants in May 2024 is provided by imported coal,
30% is provided by natural gas, 28% is provided by lignite coal and
3% is provided by hard coal while 1% was provided by fuel oil
("May 2024 Electricity Production,” 2024). Graphic 3 shows the
graph of Energy Produced in Thermal Power Plants in May 2024
(MWh).

Energy Produced in Thermal Power Plants in May 2024
(MwWh)

FUEL OIL; 64.981; 1%

IMPORTED COAL;
4.571.016; 38%

LIGNITE;
3.326.082; 28%

HARD COAL;
366.243; 3%

= NATUREL GASS LIGNITE HARD COAL IMPORTED COAL = FUEL OIL

Graphic 3. Energy Produced in Thermal Power Plants in May
2024 (MWh)
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As a result of the carbon footprint analysis of a thermal
power plant located in Liaoning province of China, the total carbon
footprint of the power plant is approximately 6.52 million tons,
90.23% of which is due to fuel combustion.

Lou et al. (2013) assert that carbon emissions can be
diminished by enhancing energy efficiency and technological
advancements. Electrofilters are capable of filtering a range of
gases, including carbon dioxide, which is released during the
combustion of fossil fuels in thermal power plants, with the aim of
diminishing the carbon footprint.

Oxy-fuel combustion power cycles are a technique used in
the energy sector to reduce carbon dioxide emissions. Compared to
the combined cycle with carbon dioxide capture, the Allam cycle is
more efficient and has lower carbon dioxide emissions as well as
lower installation costs. (Rogalev et al.,2021). Utilising the waste
heat produced in thermal power plants for residential heating
purposes leads to a decrease in carbon emissions, as well as a
reduction in the consumption of natural gas and coal for residential
heating.

It is of critical importance as it will reduce the carbon
footprint by increasing energy efficiency in thermal power plants.
According to Prisyazhniuk (2008), fuel consumption and carbon
emissions can be decreased by improving energy efficiency
through the wuse of advanced technologies like magneto-
hydrodynamic resonance and the Kalina cycle.

It is necessary to decrease global fossil fuel use due to the
higher carbon emissions associated with thermal power plants that
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utilise fossil fuels like coal, oil, and natural gas, compared to
hydroelectric and nuclear power plants (Wan-bin, 2012).

Conclusion

Generating electrical energy from solar energy using solar
panels is an important method to reduce the carbon footprint.
Similar to solar energy, wind energy is a sustainable energy source
that does not generate carbon emissions. Enhancing the electrical
energy generation in wind turbines will effectively decrease the
carbon footprint. Electrical energy produced in wind turbines varies
depending on the selection of appropriate locations for wind
turbines, the design of wind turbines, and environmental variables.
These variables significantly affect the efficiency of the electrical
energy produced by wind turbines.

Utilising wind energy through wind turbines for electricity
production is an effective strategy to reduce carbon emissions, as it
does not generate greenhouse gases, unlike the usage of fossil fuels.
The burning of coal, a fossil fuel commonly utilised in thermal
power plants, results in the emission of carbon dioxide (CO2) gas,
consequently resulting in an increase in the carbon footprint.
Carbon filters are essential for mitigating the carbon emissions
produced by thermal power plants. Increasing energy efficiency in
power plants where electrical energy is produced, using advanced
technologies, and reducing dependence on fossil fuels will increase
environmental sustainability and reduce carbon emissions.
Expanding the use of renewable energy sources for electricity
generation will not only increase environmental sustainability but
also improve the economy and reduce carbon emissions.
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BOLUM VI

Determination of Chick Quality Via Image Processing

Emre Aydemir
Inci Bilge

Introduction

With the increasing popularity around the world, the need
for nutrients also increases. Inasmuch as this increasing need for
nutrients and the limited production of various nutrients, the
desired demand is not met. Especially; The fact that protein-based
products do not meet the desired supply and are more expensive
than other nutrients further increases the value of protein-based
products. But; Among the protein-based products, poultry products
are the most accessible protein-based product due to both their high
protein content and affordable price performance. With the
increasing need for food, the amount of production increases
significantly throughout the world. However, with this increasing
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amount of production, one of the problems encountered during
production in the sector is chick quality. Chick quality is one of the
main criteria affecting the profitability of production (Stardig et al.
2016). In this way, as chick quality increases, production
profitability also increases.

T
-

To increase this profitability, qualitative and quantitative
methods are used to determine chick quality. Especially with the
developing technology, these methods have begun to be replaced
by advanced technologies such as artificial intelligence (Asadi and
Raoufat 2010).

Image Processing
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Especially in recent years, image processing methods used
to determine egg and meat quality have attracted attention. One of
the biggest aids in determining chick quality by image processing
method is the number of pixels (Asadi and Raoufat 2010).
Moreover; The number of digital images formed may vary
depending on the number of pixels, pixel width, optical filter,
number and quality of optical lenses. Depending on this, chick
quality is affected positively or negatively.

In addition, various algorithms and mathematical models
are used to classify chick quality. For example; thanks to
morphometric measurements, chick quality may be determined
within the total area in pixels (Tao et al. 2004). In other words,
based on image processing algorithms; helps determine chick
quality by using morphometric variables created by the average
length of the total area in pixels along with the data obtained and
the developed technique.

Chick quality

Quialitative and quantitative methods are used to determine
the physical characteristics of the chick. These methods are
determined by using morphological measurements such as chick

viability, developmental status, chick weight, leg length, chest area,
bone development, body posture, leg structure, belly closure,
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deformities in the beak, eyes and legs, and shank diameter (
Molenaar 2018).

Image processing

Images taken from the model chick; It is processed in a
computer environment (Gonzalez and Woods, 2005). First, the
preliminary preparation phase of the image is by removing the
image blur on it; the image is sharpened. Moreover; The captured
image can be subjected to low, medium, and high-level processing.

The processing of the image taken from the chick during the
entry and exit processes is low-level. Segmentation and description
processes during the recognition and classification of objects in the
received image are intermediate-level operations. Recognizing the
objects in the images and analyzing the images are high-level
processes.

Image Acquisition - Image Pre-Procesing - Image Segmentation - Image Analysis
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By analyzing the image taken from the model chick in a
computer environment; It is the detailed determination of the image
content of the objects found in the images (Jahne, 2005). In this
way, the model ensures the accuracy of the score in determining the
quality of the chick.

Image pre- processing

Pre-processing of the image received from the model chick,
filtering, graying the image, and converting it into a binary image
are performed on the received image, respectively. In this

application, it helps to make the image more distinct and easily
processed (Palchikova et al. 2018; Seo et al. 2019; Ma et al. 2022).

Digital imaging

To create a digital image of the image taken from the model
chick, the energy emitted electromagnetically from the analog
image can be establish and converted into a digital signal. In
addition, the digital image is created by sampling the 2-dimensional

image function existing in real life using the sampling technique
(Palchikova et al. 2018; Seo et al. 2019; Li et al. 2020).

Color image processing

The model appears in image processing analysis, such as
description and extraction of the image taken from the chick. Its
visibility electromagnetic spectrum ranges between approximately
400 nm and 700 nm. This helps determine the quality score of the
model creature by determining visible colors (Norouzi et al. 2014;
Ma et al. 2022; Han et al. 2018).
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Image processing and histograms

The histogram of the image from the model chick is a plot
of the number of image pixels against a specific brightness value.
By adjusting the brightness value of each pixel of the model chick's
image, corrections in image brightness and contrast are achieved
(Seo et al. 2019; Li et al. 2020).
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Color histogram

Color histogram of the image in determining chick quality;
It refers to the color distribution in the image. The image taken
from the model chick; The color histogram for a digital image is an
indication of the number of pixels that have colors in each of the
fixed list of the color space. Moreover; the color histogram of the
image of the model chick is statistical and can be considered as a
continuous distribution approximation (Palchikova et al. 2018; Li
et al. 2020).

Histogram equalization

Using the histogram of images taken from the model chick;
It is an image processing technique based on contrast adjustment; It
provides a wide range of contrast enhancements for many images.
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Also effective by emitting the most frequent brightness values; It
helps in images with bright or dark backgrounds and foreground
(Seo et al. 2019; Palchikova et al. 2018).

Image Segmentation

Dividing the digital image taken from the model into
multiple compartments is called image clouding. In this way, it
facilitates the analysis and expression of the image. It is also used
to find objects and boundaries, lines, curves) in the image (Yan et
al. 2020; Pare et al. 2020).
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BOLUM VII

Determination of Scattering Parameters in Horn
Antenna Design Using Machine Learning Algorithm

Ahmet Arif ULUSLU?
Giilsiim ARI?

Introduction

With the development of wireless communication systems,
the need for compact, efficient and high-performance antenna
design has increased. Antennas, which are an important part of
wireless communication systems, must have certain performance
evaluation levels such as gain, radiation diagram, operating band
and return loss (Tirkas & Balanis, n.d.). Antennas are generally
described in two ways, based on their size. Planar antennas such as
patch antennas (Chen et al., 2023; Fang et al., 2022) or complex 3D
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antennas such as 2D and Horn antennas (Lee et al., 2023; Ren et
al., 2021; Trzebiatowski et al., 2022; Wu et al., 2020). Antennas in
the specified structures have advantages and disadvantages in terms
of performance evaluations. Microstrip antennas require less design
area and volume, so their production cost is low (Tirkas & Balanis,
n.d.). However, it has limited bandwidth and low gain values that
can only be improved by array design. Horn antennas require more
design volume than microstrip antennas. However, Horn antennas
are better in terms of bandwidth, gain values and radiation
characteristics (Yan et al., 2021). Horn antenna is preferred in
many applications requiring high-performance radiation diagram
features and ultra-wideband operating range (Coburn &
McCormick, 2018). Antenna design takes scattering parameters
into account. Inefficiency at the antenna input significantly reduces
the gain and therefore the radiation performance of the antenna,
especially in ultra-wideband antennas. However, in ultra-wideband
antenna designs, only scattering parameters are required. A design
that has the desired scattering parameters may not have the
expected radiation performance. Thus, the radiation performance of
the design can be evaluated independently of the scattering
parameter. Besides these features, other factors such as design size
and volume must be taken into account, which limit the potential
uses to which the antenna design can be put and directly affect
production costs (Bongard et al., 2020; Jie et al., 2017; Jin et al.,
2018; Montalvo et al., 2015). As a result, the design of a horn
antenna that provides the desired performance criteria is a
challenging and complex problem. To meet these requirements, an
accurate electromagnetic (EM) characterization is necessary. For
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this, design tools capable of performing full-wave electromagnetic
analysis (TEM) are required. Although EM simulations provide
high-precision measurements, they are at a disadvantage in solving
computationally important and complex problems such as tolerance
analyzes and optimization. The machine learning method is an
effective solution method to eliminate the disadvantages of full-
wave EM modeling, which is computationally inefficient and
expensive. It has been proven to be used as a low-cost method in
the design procedure of high-frequency devices. This can be used
to calculate steps such as scattering parameters (I. Khan et al.,
2018; Mahouti et al., 2022), reflection phase of reflective array
antennas (T. Khan & De, 2012), characteristic impedance
(Angiulli, 2009), and resonance frequency estimation of antenna
designs (Valagiannopoulos & Tsitsas, 2008).

MATERIAL and METHOD
Dataset

The data set used in the machine learning model consists of
18750 data. These data consist of attributes used in the horn
antenna design and forming the performance value of the design. It
consists of 8 attributes and 1 label column. The attributes are
radius, cone height, Aperture Radius, Waveguide Height, feed
height, feed Width, feed offset and frequency value, respectively.
The label value is created by the scattering parameter called S11.
2.2. Machine Learning and XGBoost Model Machine Learning
method is an artificial intelligence method that offers the
opportunity to work with many types of data simultaneously,
especially numerical and categorical data. All data used in this
study are features that determine the performance of horn antenna
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data and all consist of numerical values. At the same time, the
artificial intelligence model created is a regression model, that is, it
can produce a numerical output from the values given to it,
considering the task required of it. After determining the desired
task from the model, the next stage is to determine the model
algorithm that will perform and the hyperparameters of this model.
The machine learning model used in this study is the XGBoost
algorithm, which is a gradient-based learning algorithm. It works
with the logic of decision trees based on the XGBoost algorithm
and uses an ensemble learning method. Gradient-based learning
algorithms use bagging and boosting methods due to their structure.
These two learning pairs extract samples with k elements in the
dataset consisting of N_samples data and introduces them to
individual trees, thus forming a collective tree learning model. In
other words, the XGBoost model is a machine learning algorithm
where a collection of weak tutors combine to form a strong final
learning model. The machine learning method is based on
statistical information rather than deep learning, which is another
popular intelligence method. The error metrics to be used when
examining the performance of the models established in this
method are determined according to these statistical methods. The
performance metrics used in this study are Mean Squared Error
(MSE), Root Mean Squared Error (RMSE) and R2, respectively. To
explain briefly, MSE is a measure of the average squared
difference between the predicted values and the actual values. The
mathematical formula is:

1 A
MSE = ;Z?ﬂ()’i —9)?
(1)
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Another performance metric is RMSE. RMSE is the square
root of MSE. It provides an estimate of the standard deviation of
the prediction errors. If expressed with a mathematical formula,
RMSE is:

RMSE = vMSE = \/iz;’:l(yi Ok
)

And the last performance metric, R2, takes a value between
0 and 1, indicating how close the predictions made by the
regression model are to the real predictions. During modeling, 30%
of 18750 pieces of data were separated into training and testing. As
a result, 13125 training and 5625 testing data were obtained.
XGBoost learned the model with the data allocated for training and
evaluated itself with the data allocated for testing. While creating
the model architecture, the GridSearchCV method was used
without determining the hyperparameter values. Thus, the most
appropriate hyperparameter values for the model and dataset were
obtained. In addition, with the “n_estimator” parameter, which
determines the number of trees in the community, one of these
hyperparameters, the change in the performance metric of the
model with each tree added to the model can be examined. The
specified graphics are below
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Figure 6:Variation of performance metrics in each tree
While the model is in the learning phase in the data set, it tries to
train itself by establishing relationships between the attributes. In
the XGboost model, which performs treetype learning, the
algorithm establishes more relationships between some attributes,
that is, it encounters those attributes more often. These attributes
are called high-weight labels. Even though he encounters some of
them less frequently, he achieves better results and earns profit
while obtaining the label value. These attributes are called more
profitable attributes. When the study was examined, the graphs
below were obtained when the model was asked to compare the

weights and gains between the features at the end of the training.
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Figure 7: The mod heaviest and most profitable attributes
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Conclusions

In this study, when this model, which was trained with the
training set and tested with the test set, was examined, three
performance metric values and performance rates were obtained. In
this study, when this model, which was trained with the training set
and tested with the test set, was examined, three performance
metric values and performance rates were obtained. These values
are respectively: accuracy score for training 96%, MSE value
2.429877, RMSE value 1.558806 and R2 value 0.943632. When
these results are examined, it can be seen that the scattering
parameter predictions made by the model are close to the real
values because the MSE and RMSE values are small and the R2
value is close to 1. This result is also seen in the result graph
showing the actual values and the predictions made by the model.
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Figure 8: Graph of real and predicted values
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Thus, this study demonstrated the advantages of using
machine learning algorithms when designing horn antennas,
reinforced the importance of using artificial intelligence in the field
of communication, and achieved the expected results.
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