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Deep learning, particularly computer vision algorithms, has gained significant
attention in remote sensing for solving various object detection problems. The
development of efficient object recognition techniques has been a longstanding
challenge, leading to the proposal of humerous unique methods over time to
address this issue.
In this master thesis Computer vision algorithms were used to align VHR images
with their corresponding Lidar canopy height images, in the area near
Lappeenranta in Finland. The models had been designed to predict the positions
of trees, tree boles (top of trees) and canopy height, with a primary focus on
accurately identifying real tree locations, accounting for tilt effects in satellite
imagery caused by the satellite’s viewing angle during image capture.
To achieve this, convolutional neural networks (CNNs) were combined with
transformer architectures, leveraging pre-trained models to extract weights from
large-scale datasets, thereby enhancing performance and reducing training time.
Through rigorous experimentation, the best-performing model — the DeepLabV3
architecture with the ADOPT optimizer, attention mechanisms — achieved:

e Canopy height estimation: Lowest Validation Regression Loss (RMSE) of

3.065 meters, indicating accurate continuous canopy height predictions.



e Tree cover classification: Highest validation accuracy of 89.735%, with
Class 0 Accuracy of 85.344% and Class 1 Accuracy of 91.353%,
demonstrating balanced and reliable tree cover mapping.

e Tree centroid classification: Centroid classification accuracy of 77.285%,
confirming the model’s ability to identify tree canopy centers with
reasonable precision.

These results highlight the feasibility of using deep learning approaches for forest
structure analysis, with CNN-based architectures outperforming transformer-
based models for fine-grained spatial prediction tasks.

Keywords: tree location, artificial intelligence, computer vision, Computer vision,
deep learning, pre-trained models, Remote Sensing, convolutional neural
networks
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1 Introduction

The application of deep learning in remote sensing has transformed forestry
management by automating tasks such as tree location identification and canopy
height estimation. This master’s thesis investigates the potential of computer
vision techniques, particularly Convolutional Neural Networks (CNNS)
(Kattenborn et al., 2021) and Transformers, to analyze remote sensing data and

improve forest monitoring processes.

Remote sensing plays a fundamental role in environmental monitoring, offering
critical insights into the rapid changes affecting forests. Forestry change is
accelerating due to deforestation driven by agriculture, urbanization, and
unsustainable logging, compounded by climate change impacts such as rising
temperatures and increased wildfires (Prochazka et al., 2023). lllegal activities,
population growth, and the spread of pests and diseases further exacerbate
forest loss, threatening biodiversity, disrupting ecosystems, and intensifying
climate change (Hussain et al., 2022; van Lierop et al., 2015). As technology
advances and sensor resolutions improve, managing the vast influx of data has
become increasingly challenging. This underscores the need for accurate, robust,
and efficient image processing techniques—a gap that deep learning is well-

positioned to address.

Deep learning, a subset of machine learning, has gained significant recognition
for its exceptional performance across a wide range of tasks. Utilizing neural
networks, deep learning algorithms can process complex information with
remarkable accuracy, making them invaluable for analyzing and interpreting

remote sensing data in environmental applications.

Light Detection and Ranging (LiDAR) has become a cornerstone technology for
high-precision 3D mapping and terrain analysis. Despite its unparalleled
accuracy, its high cost and infrequent data collection limit its continuous

application and scalability. To address these limitations, very high-resolution



(VHR) satellite imagery offers a promising alternative. By leveraging deep
learning models trained on existing LIDAR datasets, it becomes possible to
predict LIDAR-like data from satellite imagery, effectively bridging the temporal
gaps between LIDAR acquisitions. This approach not only enhances the
availability of 3D mapping data but also makes large-scale and continuous

environmental monitoring more feasible and cost-effective.

The central question of this study is:

How accurately can deep learning models, such as CNNs and Transformers,

translate LIDAR data from VHR satellite imagery?

This inquiry aimed to evaluate the potential of advanced deep learning
architectures to generate reliable, LIDAR-like 3D mapping data from satellite
imagery, bridging temporal and financial constraints associated with direct LIDAR

acquisitions.

This study is conducted in collaboration with Arbonaut Oy, a leading Finnish
company specializing in remote sensing and Geographic Information System
(GIS) solutions for sustainable forest management. The research focuses on a
special area near the city of Lappeenranta, covering approximately 35 km2,
aiming to develop and evaluate a deep learning model that integrates LIDAR and

satellite data for forest inventory and natural resource management.

Arbonaut has established itself as a pioneer in applying advanced technologies
like LIDAR and satellite imagery to forestry, offering a comprehensive suite of
services designed to enhance forest monitoring, inventory, and resource
planning. The company conducts airborne laser scanning (ALS) forest inventory
projects, leveraging LIDAR's high precision to capture detailed 3D data of forest
canopies and terrain. This data is critical for applications such as forest stand
delineation, semiautomatic species-specific inventories, and timber volume
estimation. By combining LIDAR data with high-resolution satellite imagery,
Arbonaut ensures a comprehensive approach to forest management, enabling

cost-effective monitoring over large and inaccessible areas.



In addition to its data acquisition capabilities, Arbonaut integrates GIS tools like
ArcGIS to support forest road construction, sustainable resource management,
and advanced mapping. The company also develops proprietary software, such
as the ArboLiDAR forest inventory technology, which has been continually refined
to meet the needs of commercial timberland owners and managers. Mobile field
terminals further complement these solutions by enabling efficient data collection

and real-time decision-making in the field.

Arbonaut’s commitment to innovation extends to its collaborations with research
institutions and government bodies. Its services are used by some of the world’s
largest forestry companies and national agencies responsible for forest resource
management. Recent advancements, including the integration of deep learning
models, enable the company to extract even greater value from LIiDAR and
satellite imagery, addressing critical challenges such as cost, temporal resolution,
and scalability in forest monitoring. This thesis focuses on automating tree cover
mapping, bole tree identification, and canopy height estimation using
multispectral VHR imagery and LIDAR datasets.

This thesis has been organized into ten sections:

1- Introduction: The opening chapter provides the context for the study,
explaining the purpose and scope of the research on automating forestry
monitoring using deep learning. It outlines the study's aims and central
research question.

2- Research Methodology and Research Questions: A detailed description of
the research approach follows, covering the problem statement, key
research questions, and study limitations. The methodology is designed to
ensure the reliability and accuracy of the findings.

3- Background / Literature Review: This chapter examines existing research
related to forestry monitoring and deep learning, identifying gaps and

establishing the technical foundation for the proposed solution.



Design: The system’s design is presented here, with a focus on dataset
preparation, model architecture, and algorithm selection. The rationale
behind each design choice is clearly explained.

Implementation: The transition from design to a working system is
described in this section, highlighting the tools, frameworks, and
techniques used to build and train the deep learning model.

Testing and Analysis: A comprehensive overview of the testing procedures
and performance evaluation is provided, along with an analysis of the
model’s accuracy, efficiency, and reliability.

Discussion: The significance of the research findings is discussed, with
attention to the challenges encountered and the broader implications of
automating forestry monitoring.

Conclusion: This final chapter summarizes the main contributions of the
research, reflects on the achievement of its objectives, and offers a
concluding assessment of the developed system.

Future Work: To conclude, suggestions are made for potential
improvements and extensions that could enhance the model’s accuracy

and applicability, offering directions for future research and development.

10- Summary: This section offers a concise overview of the entire thesis,

summarizing the key findings, contributions, and conclusions of the

research.



2 Research Methodology and Research Questions

This section introduces the problem state, research questions and the methods

used in this study.

2.1 Problem statement

Aerial remote sensing systems, such as Airbone Laser Scanning (ALS) have
been extensively used for vegetation monitoring and forest management, relying
on diverse data sources and processing methods to extract information such as
tree cover mapping, canopy structure, and tree bole identification. Among these
technologies, LIDAR has emerged as a cornerstone for high-precision 3D
mapping and terrain analysis, offering unparalleled accuracy and versatility.
LiDAR's ability to penetrate vegetation and capture detailed elevation data has
made it indispensable across various sectors, including urban planning, forestry,
disaster management, and archaeological surveying. However, despite its
remarkable capabilities, LIDAR faces significant challenges that hinder its

widespread application and scalability.

A primary limitation of LIDAR is its high cost and operational complexity. LIDAR
surveys require specialized equipment mounted on aircraft, drones, or terrestrial
vehicles, resulting in operational expenses that can reach tens of thousands of
dollars per project (Defining the True Cost behind Implementing Lidar Systems
into Your Bus — Candrone, n.d.). This financial barrier limits the frequency of data
collection, with surveys often conducted annually or even less frequently.
Consequently, temporal gaps emerge between acquisitions, restricting the ability
to monitor dynamic changes in rapidly evolving environments (Mitchell et al.,

2018), such as urban expansion, deforestation, or coastal erosion.

To overcome the limitations of LIDAR, VHR satellite imagery offers a promising
alternative. VHR imagery, captured at resolutions as fine as 30 cm, provides
frequent and widespread coverage at a fraction of the cost of LIDAR surveys

v(Cubaynes et al., 2024). However, VHR imagery alone cannot replicate the 3D



capabilities of LIDAR, as it primarily produces 2D surface-level data. By
leveraging deep learning models trained on existing LIiDAR datasets, it is possible
to approximate elevation models and infer 3D structures from VHR images,
thereby filling the temporal gaps between LIDAR acquisitions (L. Wang & Zhang,
2024).

This hybrid approach offers several advantages. VHR imagery is captured
regularly, with some satellites revisiting the same location on a daily or weekly
basis, ensuring continuous monitoring of surface changes (VHR Satellite Imagery
Made Easy! - DHI, n.d.). Deep learning models, once trained, can process this
imagery to generate near-real-time desired models, reducing the reliance on
costly LIDAR updates. This approach not only enhances the temporal resolution
of topographic data but also maximizes the value of existing LIDAR datasets,

extending their usability over time.

Thus, the integration of VHR imagery and deep learning represents a cost-
effective and scalable solution to mitigate the limitations of LIDAR, ensuring more

frequent and comprehensive environmental and infrastructural monitoring.

“Addressing the Temporal and Cost Limitations of LiDAR through VHR

Imagery and Deep Learning”

2.2 Research questions

The following research questions are designed to guide the investigation and
assess the feasibility of using deep learning for tree cover mapping, canopy
height estimation, and tree bole identification.

1. How accurately can deep learning models, such as Convolutional Neural
Networks (CNNs) and Transformers, map tree covers and identify
individual tree boles from multispectral and VHR imagery?

2. How effective are deep learning models in estimating canopy height from
VHR satellite imagery and multispectral data?



3. Can LiDAR-derived canopy height model be used to train deep learning
algorithms to infer canopy height from 2D imagery?

These questions reflect the core objectives of the thesis, focusing on automating
forest monitoring processes, reducing reliance on costly data collection methods,

and enhancing the accuracy of forest structure analysis.

2.3 Research Methodology

The methodology adopted for this study is the Case Study Methodology, which
is particularly suited for in-depth exploration and analysis of specific problems
within a real-world context (Ratnhasari & Sudradjat, 2023). This approach provides
a structured framework to investigate the feasibility of integrating deep learning
models with VHR satellite imagery and LiDAR data to address the limitations of

traditional methods in forest monitoring.

2.3.1 Overview of Case Study Methodology

A case study is a research approach that examines a particular subject, system,
or phenomenon in detail to generate insights that can be generalized or applied
to similar contexts. In this thesis, the case study methodology focuses on a
selected forest region where LIDAR data and VHR imagery are available,
enabling the evaluation of deep learning techniques for the three research
objectives.

The primary goal is to investigate how effectively these methods can achieve tree
cover mapping, canopy height estimation, and tree bole identification, providing

practical and scalable solutions for forest management.

2.3.2 Why Case Study Methodology?

e Real-World Context: The methodology allows an in-depth exploration of
how the proposed techniques perform in actual forest environments,

considering the complexities of diverse forest types and canopy densities.



e Flexibility: Case studies facilitate iterative experimentation with deep
learning models, providing room for refining techniques based on initial
findings.

e Scalability Insights: By analyzing one case in detail, this approach can
identify challenges and opportunities for scaling the solution to other

regions.

By employing the case study methodology, this research aims to provide
practical, evidence-based recommendations for improving forest monitoring
through the integration of advanced remote sensing technologies and deep

learning techniques.

2.4 Limitations

Detecting, mapping, and classifying trees, as well as predicting tree height from
very high-resolution (VHR) imagery, is a complex and challenging task. While this
study presents a novel approach to generating tree inventory data, several critical
limitations have been identified. These challenges highlight the need for further
refinement and research to enhance the accuracy, scalability, and applicability of

such methods in future studies.

1. Limited Image Variation Testing: Due to the vast scope of computer
vision and image processing (da Silva et al., 2023; Papa et al., 2023),
testing all possible variations of imagery is impractical within the
constraints of this study. Image processing and model training are time-
intensive, limiting the number of variations that can be explored. To
mitigate this, the study focuses on selecting the most relevant and
impactful image variations to ensure meaningful results within the
available time.

2. Computational Constraints and Model Optimization: Deep learning
models often improve with increased computational power, longer training
times, and extensive hyperparameter optimization (Simon et al., 2023).

However, this research is limited by the available computational resources



and the project’s time frame. Consequently, only the most promising model
architectures and configurations were tested, prioritizing efficiency and
feasibility over exhaustive exploration.

. Dataset Limitations and Labeling Challenges: The dataset used for this
study is limited in size, partly due to the complex nature of the research
topic and the time-intensive process of labeling data. Manual annotation
introduces the potential for human error and inconsistencies, even with
quality control measures in place. These inconsistencies can negatively
impact model performance and introduce biases into the results (Farooq,
2023).

. Temporal Discrepancy Between VHR Imagery and LiDAR Data: A
significant limitation of this study is the temporal gap between the datasets.
The VHR imagery used was captured in 2023, while the LIDAR data dates
back to 2020-2021. This time difference can introduce noise and
inconsistencies, particularly in dynamic forest environments where tree
growth, deforestation, and other disturbances occur. Such temporal
discrepancies may affect the accuracy of model predictions (M. J. Q.
Zhang & Choi, 2023), as newer vegetation changes are not reflected in the
older LIiDAR data.
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3 Background / Literature Review

This chapter provides essential background information on remote sensing, deep
learning, and its various models that can be applied to this thesis, along with a

literature review of the thesis topic.

3.1 Remote Sensing for Environmental Monitoring

Remote sensing has revolutionized environmental monitoring by providing
comprehensive, large-scale data for forest analysis and management (Kanga,
2023). Equipped with advanced imaging sensors, satellites, drones, and
airplanes capture detailed views of Earth’s surface, facilitating the study of
vegetation patterns, urban expansion, and deforestation (Matyukira & Mhangara,
2024). Currently, with approximately 1,000 operational satellites dedicated to
environmental monitoring, remote sensing data plays a pivotal role in biodiversity
conservation, climate research, and forest management (Earth Observation
Satellite Launches 2024 | Pixalytics Ltd, n.d.).

Remote sensing involves the collection and use of geo-referenced data gathered
remotely, typically by aircraft or satellite. This data has broad applications in
forestry, including assessing forest size and diversity, calculating urban green
volume, and monitoring changes over time. The ability to collect data across
multiple electromagnetic spectrums, such as visible, infrared, and radar, further
enhances its effectiveness in analyzing vegetation and landscape features
(zahra et al., 2024). Integrating aerial and satellite imagery with ground-based
measurements strengthens models for predicting environmental changes and
monitoring forest growth. Two of the most used forms of remote sensing data in
forestry are satellite imagery and LIDAR. These data sources provide
complementary insights, making multi-model approaches highly effective for
challenging forestry problems (Dubayah & Drake, 2000; X. Li et al., 2019).
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3.1.1 VHR Imagery

VHR imagery, with sub-meter resolution, allows precise visualization of individual
trees, aiding in species classification and forest mapping (Pu & Landry, 2020).
This high-resolution data is essential for urban forestry studies and biodiversity
analysis (X. Zhu & Helmer, 2018).

VHR imagery typically includes several spectral bands, which are crucial for
different analytical purposes. These bands generally consist of the Red, Green,
Blue (RGB) bands, which capture visible light and create true-color imagery that
mimics human vision. These RGB bands are particularly useful for urban
mapping, land use classification, and infrastructure analysis. In addition to the
visible bands, VHR imagery often includes the Near-Infrared (NIR) band, which
extends beyond the visible spectrum. The NIR band is highly sensitive to
vegetation health, water features, and soil moisture, making it invaluable for
advanced vegetation analysis and environmental monitoring. By using NIR data,
VHR imagery enables the calculation of vegetation indices like NDVI. These
capabilities make VHR imagery, particularly with its RGBN bands, a critical tool
in urban planning, precision agriculture, and ecosystem monitoring (Eugenio &
Marcello, 2019).

However, challenges such as cloud cover, seasonal variations, and shadows can
affect the accuracy of the data collected (X. Zhu & Helmer, 2018). Additionally,
tilted objects, such as trees or buildings, can create distortions in the imagery,
leading to inaccuracies in spatial measurements and classification, further

complicating the interpretation of VHR data (K. Liu et al., 2021).

3.1.2 LIiDAR

LIDAR complements remote sensing imagery by generating high-resolution 3D
representations of landscapes. This technology uses light waves to calculate
distances, producing a nominally unordered set of points (XYZ space)
representing surfaces where light is reflected. LIDAR is highly effective for precise
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canopy height estimation and tree structure mapping (What Is Lidar? |
OpenTopography, n.d.). Given the raw nature of LIDAR data, it is often rasterized

to create image-like formats. Commonly derived rasters include:

e Digital Terrain Model (DTM): Measures the absolute height of the ground.

¢ Digital Surface Model (DSM): Measures the absolute height of the tallest
object.

e Canopy Height Model (CHM): Represents the height of the tallest object
relative to the ground, calculated as the difference between DSM and
DTM.

Among these, CHM is most widely used in forestry applications, such as biomass
evaluation and tree detection. The integration of LIDAR data with multi-spectral
and hyper-spectral imagery is particularly effective for tackling complex forestry
challenges. These multi-model approaches combine the strengths of each data
type, such as LiDAR’s detailed structural data and imagery’s spectral information,
to enhance the accuracy of models used for forest management and
environmental monitoring. By uniting these technologies, researchers can better
monitor forest dynamics, assess biodiversity, and predict environmental changes,
making remote sensing an indispensable tool for sustainable forest management

and conservation efforts (Verbeeck & Van Orshoven, 2012).

3.2 Machine Learning for Remote Sensing Data

Artificial Intelligence (Al) is significantly enhancing remote sensing by enabling
the automation of complex tasks such as environmental monitoring, land-use
classification, and disaster management. Remote sensing involves collecting and
analyzing data about the Earth's surface using satellite or aerial imagery. With
the increasing volume of high-resolution spatial and temporal data, traditional
methods of analysis are often inadequate. Al, through techniques like Machine
Learning (ML) and Deep Learning (DL), offers powerful tools to extract insights
from this data efficiently and accurately. For instance, Al-driven models can

detect deforestation, monitor urban growth, and predict climate-related
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phenomena by analyzing satellite images with minimal human intervention
(Christin et al., 2019; X. X. Zhu et al., 2017).

3.2.1 ML in Remote Sensing

ML, a subset of Al, has been pivotal in remote sensing applications by enabling
systems to learn patterns from data and make predictions. ML algorithms, such
as Decision Trees and K-Nearest Neighbors (KNN), have traditionally been
employed for tasks like land-cover classification and vegetation analysis.
However, these methods often rely on handcrafted features, which can limit their
ability to capture complex spatial and spectral patterns in remote sensing data
(Ball et al., 2017; Xie et al., 2019).

3.2.2 DL: Advancing Remote Sensing Analysis

DL, a specialized branch of ML, has significantly advanced remote sensing by
automating feature extraction and enabling the analysis of raw data with minimal
preprocessing(Corbane et al., 2021; X. Wang & Wang, 2020). DL models,
particularly Convolutional Neural Networks (CNNs), excel at handling high-
dimensional and structured data, such as multispectral and hyperspectral
images. CNNs automatically learn hierarchical features from raw satellite images,
making them ideal for tasks such as object detection, change detection, and
segmentation. For example, CNNs can identify land-use changes or detect
specific features like roads and water bodies without the need for extensive
manual intervention (Alzubaidi et al., 2021; X. X. Zhu et al., 2017).

3.2.3 Computer Vision in Remote Sensing

Computer Vision (CV) is a key field within Al that focuses on enabling machines
to interpret and understand visual information from the world, similar to how
humans process and analyze images. In the context of remote sensing, computer
vision techniques are essential for analyzing visual data from satellite imagery,

aerial photography, and other imaging systems. CV aims to extract meaningful



14

insights, such as detecting patterns, recognizing objects, and analyzing spatial or
spectral features in large datasets (LeCun et al.,, 1998; Lowe, 2004). These
techniques are integral to the success of Al in remote sensing, as they automate
complex tasks and significantly reduce the need for manual processing (Ahmad
et al., 2021).

Several important applications of computer vision play a critical role in enhancing
the effectiveness of remote sensing technologies, as they enable the automated
extraction and analysis of crucial information from large datasets. These tasks
include object detection, image segmentation, feature extraction, and change
detection, which help in monitoring land use, detecting environmental changes,

and classifying land cover in satellite or aerial imagery (Ahmad et al., 2021).

1. Object Detection: This refers to identifying specific objects or regions of
interest (e.g., roads, buildings, water bodies) in satellite or aerial imagery.
In remote sensing, this is crucial for tasks like land-use classification,
urban planning, and environmental monitoring (B. Wang et al., 2023).

2. Image Segmentation: Segmentation involves dividing an image into
multiple regions or segments to simplify its analysis. In remote sensing,
segmentation can help distinguish different types of land cover or identify
particular features like roads or fields (Talha et al., 2023).

3. Feature Extraction: In CV, feature extraction identifies critical
characteristics (e.g., edges, textures, shapes) in images to aid in
understanding the visual content. In remote sensing, this could mean
analyzing the textures of forests or the shapes of urban areas to classify
land cover types (Chairet et al., 2019).

4. Change Detection: CV algorithms can also identify differences between
images taken at different times, which is important for monitoring dynamic
environmental changes such as deforestation, urban expansion, or natural
disasters (Dong et al., 2024).

5. By automating these tasks, Computer Vision enhances the ability to
monitor and analyze vast regions of Earth's surface efficiently and

accurately.
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3.24 CNNs in Remote Sensing

The integration of CV techniques with CNNs has revolutionized remote sensing,
delivering unparalleled precision and efficiency. CV tasks such as object
detection, image segmentation, feature extraction, and change detection provide
the foundation for analyzing and interpreting satellite and aerial imagery. When
paired with CNNs, these techniques become even more effective, as CNNs
specialize in identifying localized spatial patterns, such as edges, textures, and
shapes, that are essential for understanding structured visual data.

This synergy has enabled numerous applications, including accurate land-use
classification, detailed urban and natural environment mapping, and efficient
monitoring of environmental changes. CNNs are also widely used in forestry,
where they automate tasks like log identification and assess environmental
damage using aerial imagery (Pi et al., 2020). The precision of CNNs in capturing
fine-grained details makes them indispensable for a variety of remote sensing
tasks (Q. Xie et al., 2024).

3.25 Transformers: A New Era in Remote Sensing

Transformers, originally developed for natural language processing, are
redefining remote sensing with their ability to capture global dependencies
through self-attention mechanisms (Aleissaee et al., 2023). Building on the
localized strengths of CNNs, transformers introduce a groundbreaking capability

for analyzing entire images holistically (Pereira & Hussain, 2024).

Vision Transformers (ViTs), for example, divide satellite images into smaller
patches and analyze the relationships between these patches, offering a
comprehensive understanding of spatial and spectral data. Their global context
awareness makes them particularly effective for tasks such as scene
classification, land-use mapping, and anomaly detection, where understanding

broader spatial relationships is critical (Bolcek et al., 2025).
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By combining the localized precision of CNNs with the global context awareness
of transformers, remote sensing technologies are entering a new era in remote
sensing that delivers unprecedented accuracy and efficiency. CNNs excel at
extracting fine-grained details from images, while transformers provide a broader
understanding of spatial and spectral relationships. Together, they enable
advanced applications such as detailed scene classification, precise land-use
mapping, and comprehensive anomaly detection. This powerful combination is
transforming the capabilities of environmental monitoring, urban transformation

analysis, and other large-scale remote sensing tasks (Bolcek et al., 2025).

3.2.6 Transfer Learning

Transfer learning has emerged as a powerful technique in deep learning to
overcome the challenges of training models from scratch, particularly when
datasets are limited or computational resources are constrained. This approach
leverages pretrained models trained on large-scale datasets and adapts them to
target tasks, thereby improving efficiency, reducing overfitting, and enhancing
generalization (Naushad et al., 2021; M. Xie et al., 2015).

In the context of land cover classification, the significant diversity in remote
sensing data—arising from variations in sensors, geographic regions, and
resolutions—makes transfer learning especially valuable. Instead of starting from
random initialization, models can inherit generalized features from pretrained
architectures and then fine-tune them for specific tasks. This reduces the need

for extensive labeled data and computational effort (Naushad et al., 2021).

At its core, transfer learning is a methodology that allows knowledge gained from
training a model on one type of data to be applied to another, similar data type,
without requiring the model to be trained entirely from scratch. This is especially
valuable when data labeling is expensive or time-consuming. Unlike traditional
machine learning, which assumes the training and testing data come from the
same domain, task, and distribution, transfer learning is designed to handle

scenarios where these conditions differ (Pan & Yang, 2010). This flexibility makes
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it an indispensable tool in deep learning, particularly in domains where

computational resources are a bottleneck.

One of the most effective techniques in transfer learning is fine-tuning, where a
pretrained model is further trained on a target task with its weights adjusted to
better fit the specific domain. Fine-tuning involves selectively updating certain
layers of the pretrained model while keeping others fixed, depending on the

similarity between the source and target tasks (Y. M. Li et al., 2021).

Fine-tuning not only enhances the adaptability of pretrained models but also
ensures efficient utilization of computational resources by focusing training efforts
on domain-specific features. In remote sensing applications, fine-tuning has
proven particularly beneficial for addressing challenges such as sensor
variability, resolution differences, and limited labeled data (Ma et al., 2024).

These combined models leverage transfer learning to fine-tune pretrained
weights from large-scale datasets (such as ImageNet) and adapt them for specific
remote sensing image segmentation tasks. By inheriting generalized features
from the pretrained models, they are better equipped to handle the variations in
remote sensing data, such as sensor differences, resolution variations, and
geographic diversity. Fine-tuning these hybrid models allows them to effectively
adapt to the challenges of remote sensing segmentation, improving accuracy and
reducing the need for extensive labeled data.

Transfer learning plays a crucial role in enhancing segmentation tasks, especially
when using advanced hybrid architectures that integrate the strengths of U-Net
(Weng & Zhu, 2015), DeepLabv3(Chen et al., 2017), and Swin Transformer (Z.
Liu et al., 2021). These models are designed for high-resolution segmentation
tasks such as land cover classification. By combining these architectures, by

leveraging their complementary strengths:

U-Net provides a robust and well-established framework for semantic
segmentation with its encoder-decoder structure and skip connections that help
retain spatial details.
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DeepLabV3, known for its ability to capture multi-scale contextual information
using techniques like Atrous Spatial Pyramid Pooling (ASPP) (Espinosa-Curilem
et al., 2024) . Integrating DeepLabV3 with U-Net enhances the model’s ability to

extract both fine-grained details and broader contextual features.

Swin Transformer, when combined with U-Net, leverages self-attention
mechanisms to model long-range dependencies efficiently. This is particularly
beneficial for dense prediction tasks, where capturing global spatial relationships
is critical (Khoshkhahtinat et al., 2023; Z. Zhao et al., 2023).

By integrating these architectures, hybrid models can achieve superior
segmentation accuracy, effectively addressing challenges such as sensor
variability, resolution differences, and limited labeled data. The synergy of
convolutional and transformer-based methods enables more precise land cover
classification, making these models highly suitable for large-scale remote sensing

applications.

3.2.7 Model Performance Enhancement Methods

Various techniques can be implemented to improve model performance, and the

following sections will elaborate on each method.

o Attention Mechanisms

Attention mechanisms in deep learning represent a fundamental shift in how
models process visual information, taking inspiration from human visual cognition
to selectively focus on relevant features(Viet et al., 2023). The evolution of
attention mechanisms has been remarkable, starting from early spatial attention
approaches Recurrent Attention Model(Bang et al., 2024) and progressing to
more sophisticated channel-based and self-attention methods.

Channel attention mechanisms, exemplified by the highly influential Squeeze-
and-Excitation Networks, have demonstrated significant improvements in model

performance by explicitly modeling relationships between feature channels(Yuan
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et al., 2021). These approaches work by adaptively recalibrating channel-wise
feature responses, allowing models to emphasize informative features while

suppressing less useful ones(Q. Wang et al., 2019).

The introduction of self-attention mechanisms, particularly through transformers,
has revolutionized how models capture contextual relationships in visual
data(Sharma & Verma, 2023). Self-attention allows models to consider the
relationships between all elements of an input simultaneously, enabling the
capture of both local and long-range dependencies(Ramachandran et al., 2019).
This capability has proven especially valuable in complex visual tasks where
understanding the relationships between different parts of an image is crucial(Fu
et al., 2018) Modern attention approaches often combine multiple types of
attention mechanisms, integrating both spatial and channel attention to provide a
more comprehensive understanding of visual content(Hemis et al., 2024). This
multi-faceted approach to attention has shown particular effectiveness in
improving model robustness and reducing noise in feature processing(Viet et al.,
2023).

To improve the learning and representation of tree canopy structures, we
incorporate various attention modules that enhance feature selection, spatial
dependencies, and long-range contextual relationships. The implemented model
integrates:

e Squeeze-and-Excitation (SE) Block

SE Blocks emphasize channel-wise dependencies by adaptively reweighting

feature maps.

The primary function of SE blocks is to perform channel-wise recalibration,
effectively increasing the network's attention to informative features while
suppressing less relevant channel information (X. Li et al., 2023). This selective
emphasis allows the network to learn which channels carry the most meaningful
information during the training process, thereby improving its overall feature

extraction capabilities
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(Su et al., 2023), Therefore, this mechanism allows the model to learn which
spectral bands carry the most meaningful information for canopy height

estimation.

The module operates by first "squeezing" spatial information through global
average pooling to create channel-wise descriptors, followed by an "excitation”
operation that uses fully connected layers to generate channel-specific weights
(Su et al., 2023). The success of SE blocks has led to their widespread adoption
and influenced the development of more sophisticated attention mechanisms,
such as Convolutional Block Attention Module (CBAM), which builds upon SE's

channel attention concept by adding spatial attention capabilities (Su et al., 2023).

e CBAM

CBAM represents a significant advancement in attention mechanisms by
integrating both channel and spatial attention into a single, lightweight module
that can be easily incorporated into existing CNN architectures (Raimundo et al.,
2023; Tian et al., 2021). Channel attention helps identify the most relevant
spectral information (e.g., Red, Green, Blue, and Near-Infrared bands) and
spatial attention highlights important regions, such as tree crowns, by assigning

higher importance to pixels contributing to canopy height prediction.

The module continuously adjusts attention weights for features that have the
greatest impact on the target task, while suppressing less important features (Z.
Song & Yao, 2022). The effectiveness of CBAM stems from its ability to enhance
feature representation by combining the strengths of both attention types -
channel attention identifies which features are most meaningful, while spatial
attention highlights where these features are most relevant in the spatial domain
(Tian et al., 2021). This comprehensive approach to attention has made CBAM a
valuable tool for improving CNN performance across various computer vision
tasks (Raimundo et al., 2023).

e Spatial Attention Module (SAM)
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The SAM operates as a complementary mechanism to channel attention,
focusing specifically on identifying where important features are located within
the spatial dimensions of feature maps (Jin et al., 2023; B. Zhang et al., 2024)
(e.g., tree crowns, gaps in the forest, and individual tree tops). By generating
weight masks for each spatial position, SAM enables the network to enhance
regions of interest while suppressing irrelevant background areas (Jin et al.,
2023).

The processing pipeline of SAM begins after the Channel Attention Module has
refined the feature channels. It takes the channel-refined features and applies
both global average pooling and global maximum pooling operations along the
channel dimension to create two distinct feature maps (Z. Wang et al., 2023).
These pooled features capture different aspects of spatial information, with
average pooling providing global context and maximum pooling highlighting the

most prominent spatial features (Mia et al., 2023).

The effectiveness of SAM lies in its ability to help the network learn the relative
importance of different pixel locations within the same channel in an adaptive
manner (Mia et al., 2023). This spatial awareness is particularly valuable for tasks
that require precise localization, such as identifying specific regions of interest or
distinguishing between target features and background elements (Dang et al.,
2022).

By working in sequence with the Channel Attention Module, SAM completes
CBAM's dual-attention approach, enabling the network to not only identify what
features are important (through channel attention) but also precisely where these
features are located in the spatial domain (Mia et al., 2023; B. Zhang et al., 2024).

e Non-Local Block

The Non-Local Block emerged as a fundamental advancement in attention
mechanisms by introducing self-attention to computer vision tasks, enabling
networks to capture long-range dependencies across entire images (X. Wang et

al., 2017). Unlike traditional convolutional operations that process local
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neighborhoods, Non-Local Blocks compute responses by considering weighted
relationships between all positions in the feature space, allowing for truly global
context modeling (Cao et al., 2019). Therefore, Non-Local Block computes self-
attention between different spatial locations, ensuring that information about tree
structures is shared effectively across the image and by using query, key, and
value matrices, the module learns global context, which is particularly useful for

detecting tree top points and understanding complex canopy patterns.

Click or tap here to enter text.Click or tap here to enter text.Click or tap here to

enter text.Click or tap here to enter text.

o Regularization techniques

Here are the key regularization techniques used in modern deep learning:

e Dropout: A fundamental technique that randomly deactivates neurons
during training, forcing the network to learn redundant representations and
preventing co-adaptation of features(Srivastava et al., 2014). This method
has proven particularly effective in large neural networks, significantly
reducing overfitting while improving performance across various tasks
including vision, speech recognition, and document classification(Q. Li &
Ke, 2024).

« Batch Normalization: Normalizes layer inputs to maintain zero mean and
unit variance, which stabilizes training and enables the use of higher
learning rates(loffe & Szegedy, 2015). It adds a small amount of noise
during training, preventing over-dependence on specific examples and

enhancing generalization(Hammam et al., 2024).

« Weight Decay (L2 Regularization): Penalizes large weight values by
adding a term to the loss function based on the squared magnitude of
weights. This encourages simpler models that are less likely to

overfittHammam et al., 2024). Recent research has shown that weight
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decay is particularly effective for addressing long-tailed recognition

problems(Alshammari et al., 2022).

o Activation functions Tuning

The Rectified Linear Unit (ReLU) and Gaussian Error Linear Unit (GELU) are
fundamental non-linear activation functions used in neural networks. RelLU,
introduced first, simply outputs the input value if it's positive and zero if it's
negative, creating a sharp transition at zero(Dheda & Cheng, 2020). GELU,
developed later, can be viewed as a smoother version that multiplies inputs by a
probability derived from Gaussian cumulative distribution, effectively determining
how likely an input would be sampled in a Gaussian distribution(Hasan et al.,
2023). This probabilistic approach makes GELU's behavior more nuanced than
ReLU's binary decision of completely passing or blocking signals. While ReLU
gained popularity for solving the vanishing gradient problem in deep neural
networks, GELU emerged as part of the trend toward more sophisticated
activation functions that maintain good gradient flow while adding beneficial
statistical properties(Shaik & Kishore, 2024).

At their core, ReLU and GELU use different mechanisms to control information
flow in neural networks. ReLU employs a simple binary gating mechanism that
multiplies inputs by either O (for negative values) or 1 (for positive values),
creating a sharp threshold at zero(Huang, 2024)(Sivari et al., 2023). In contrast,
GELU uses the Gaussian cumulative distribution function as its gating
mechanism, allowing it to multiply inputs by any value between 0 and 1 based on

the input's magnitude(Huang, 2024)

o Optimizer Tuning

Adam (Adaptive Moment Estimation) represents a significant advancement in
optimization algorithms for deep learning, combining the best aspects of several
previous approaches(Shi et al., 2024). A key feature of Adam is its incorporation
of momentum, which accelerates convergence through running averages of past

gradients, while simultaneously utilizing adaptive learning rates inspired by
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RMSProp(Shi et al.,, 2024). This combination of features has made Adam
particularly effective at managing sparse gradients and varying learning rates
across different parameters(Kumar et al., 2023), leading to its widespread
adoption as the default optimization choice in many deep learning
applications(Makinde, 2024).

However, Adam's theoretical foundations have been challenged by several
critical limitations that affect its convergence guarantees(M. Liu et al., 2020).
ADOPT (Adaptive Optimization) represents a significant advancement in
addressing the theoretical limitations of Adam while maintaining practical
effectiveness. The algorithm achieves the optimal convergence rate of O
(1/T-=V) with any choice of B2 parameter, eliminating the need for problem-
dependent parameter tuning. The key innovation of ADOPT lies in two crucial
modifications to Adam's architecture. First, it removes the current gradient from
the second moment estimate, which helps prevent the algorithm from being
misled by temporary gradient fluctuations. Second, it alters the sequence of
operations by changing the order of the momentum update and the normalization

by the second moment estimate.

What sets ADOPT apart from previous solutions is that it achieves these
theoretical guarantees without relying on the impractical assumption of uniformly
bounded gradient noise that other approaches require. This makes ADOPT more

applicable to real-world deep learning scenarios.

Empirical validation through extensive experiments has shown that ADOPT
outperforms both Adam and its variants across a diverse range of applications,
including image classification, generative modeling, natural language processing,

and deep reinforcement learning(Taniguchi et al., 2024).
o Loss Function Tuning

Loss functions are fundamental mathematical constructs in machine learning that
quantify how well a model's predictions align with actual observed data(Lyu et al.,
2023). The selection of an appropriate loss function is crucial as it significantly
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influences both the behavior and performance of the model during
training(Bukowski et al., 2024). The value computed by the loss function
represents the sum of errors made for each sample in training or validation sets,
providing a continuous signal that guides the optimization process toward better
parameter values(Lay-Ekuakille et al., 2021). For models that combine multiple
objectives, such as those handling both regression and classification tasks,
weighting coefficients of each task like a, B, etc are used to balance the relative

importance of each loss component(Eivazi et al., 2023).

In regression problems, two fundamental approaches are commonly used: the
squared loss function (L2 loss) and the absolute loss function (L1 loss). The L2
loss applies a quadratic penalty that grows exponentially with the error size,
making it particularly sensitive to large deviations. In contrast, the L1 loss
increases linearly with error magnitude, offering a more moderate penalty
approach(H. Wang, 2021).

However, each of these basic loss functions has limitations. While L1 loss can be
more forgiving of large errors, it presents a mathematical challenge due to the
absence of a derivative at zero, which can affect optimization. This led to the
development of SmoothL1Loss, which cleverly combines both approaches by
using a squared function near zero for smoothness while maintaining L1's linear

behavior for larger errors(H. Wang, 2021).

In machine learning classification tasks, the choice of loss function plays a crucial
role in model training and performance. One significant challenge that often
arises is class imbalance, where certain classes have substantially fewer
samples compared to others, which can severely impact the model's ability to

learn and predict minority classes effectively(Nguyen-The et al., 2021).

The Binary Cross-Entropy (BCE) loss function serves as a fundamental
component in classification tasks, offering several advantages such as
computational  simplicity, differentiability, and providing probabilistic

interpretations of model outputs. BCE is specifically designed to generate high
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loss values for incorrect predictions and low loss values for correct ones, thereby
guiding the model toward optimal prediction behavior(Terven et al., 2023; P. Zhao
et al., 2024).

However, when dealing with imbalanced datasets, BCE's equal treatment of all
samples becomes problematic. This limitation led to the development of Focal
Loss, a modified version of cross-entropy loss that specifically addresses class
imbalance issues by adjusting the weight of samples during training(Terven et
al., 2023). The Focal Loss achieved notable success in object detection tasks by
addressing the extreme foreground-background class imbalance, demonstrating

its effectiveness in handling imbalanced datasets(Lin et al., 2017).

The hybrid approach of combining BCE and Focal Loss offers several distinct
advantages that address the limitations of using either loss function alone(G.
Song et al., 2021). By fusing these loss functions with adjustable weights, the
hybrid approach provides greater flexibility in controlling how the model treats

different types of samples during training(G. Song et al., 2021).

A key benefit of this hybrid approach is its ability to maintain the basic
classification capabilities of BCE while incorporating the class-balancing
properties of Focal Loss. This combination is particularly effective in scenarios
with imbalanced datasets, where it helps prevent the model from being
overwhelmed by majority classes while still maintaining good performance on
easier examples(Kashyap et al., 2024). In practice, hybrid loss functions have
shown particular utility in specialized domains such as image segmentation,
where preserving both spatial and label-wise information is crucial(Ewaidat et al.,
2024).

The flexibility of hybrid loss functions comes from their tunable parameters - not
only can the relative weights between BCE and Focal Loss be adjusted, but the
focal loss parameters themselves (y and a) can be fine-tuned to achieve optimal

performance for specific use cases(G. Song et al., 2021).This adaptability makes
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hybrid loss functions particularly valuable in real-world applications where dataset

characteristics may vary significantly.

o Gradient Clipping

Deep neural networks face two fundamental training challenges that were first
identified in the 1990s: vanishing gradients and exploding gradients(Bengio et al.,
1994; Fairbank & Samothrakis, 2020; Hochreiter & Schmidhuber, 1997).

Gradient clipping operates by imposing constraints on gradient values during the
neural network training process to prevent them from becoming excessively
large(Varshney et al., 2023; G. Zhang & Liu, 2024). This technique can be
implemented in two main ways: value-based clipping and norm-based clipping.
Value-based clipping simply enforces minimum and maximum limits on individual
gradient values. Norm-based clipping, which is more commonly used, scales the
entire gradient vector when its magnitude exceeds a specified
threshold(Varshney et al., 2023).

o Early Stopping and Learning Rate Adjustments

Early stopping has emerged as a widely-used regularization technique for
preventing overfitting in deep neural networks through careful monitoring of
model performance during training(Mahsereci et al., 2017; Vardasbi et al., 2022).
The implementation typically involves splitting the dataset into training and
validation sets, where the validation set serves as an unbiased proxy for

assessing generalization performance(Vardasbi et al., 2022).

The core mechanism involves continuously tracking the model's performance on
the validation set throughout the training process. When the validation
performance begins to degrade or fails to improve for a specified number of
epochs, training is terminated (Veldanda et al., 2022). This approach is
particularly effective for overparameterized deep networks, where the risk of
overfitting is higher (Veldanda et al., 2022).
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A Kkey implementation consideration is the "patience" parameter, which
determines how many epochs of non-improvement to allow before stopping.
Higher patience values generally permit longer training times but risk overfitting,
while lower values might lead to premature stopping(Hussein & Shareef, 2024).
The technique works by saving and updating the best model weights throughout
training, ensuring that the final model represents the optimal point in the training

trajectory(Tan et al., 2023).

Early stopping offers significant practical benefits beyond just preventing
overfitting. It enhances computational efficiency by avoiding unnecessary training
iterations and helps maintain a balance between fitting the training data and
ensuring good generalization to unseen data. The dynamic nature of this
approach allows it to adapt to each model's unique learning behavior rather than

relying on predetermined training durations(Ramdass et al., 2024).

Learning rate is one of the most critical hyperparameters in deep neural network
training, directly controlling how much model parameters are adjusted during
each update(Basodi et al., 2020). The fundamental challenge lies in the tradeoff
between training speed and optimization quality. Higher learning rates allow
models to train faster but may lead to suboptimal solutions, while lower learning
rates can achieve better solutions but require significantly more training
time(Basodi et al., 2020; H. Li et al., 2023).

This tradeoff creates practical challenges during model training. When the
learning rate is too high, the model may exhibit unstable behavior, either diverging
completely or oscillating around the optimal point without settling. Conversely, an
overly low learning rate can cause the model to become trapped in local minima
or progress so slowly that training becomes impractical(Kim, 2024). Real-world
experience has shown that when model training stagnates, reducing the learning
rate by a factor of 2-10 can often help the model escape local minima and resume
effective optimization(He et al., 2018; H. Li et al., 2023).
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3.3 Literature review

Remote sensing is essential for repeated canopy height estimation, facilitating
forest growth assessment, disturbance detection, illegal logging identification and
ecosystem services (T. Zhang et al., 2023). Advances in remote sensing and
machine learning have significantly improved the precision of these forestry

applications.

Tree cover mapping has been revolutionized by the integration of multispectral
imagery, LIDAR data, and advanced machine learning models. Cook-Patton et
al. (2020) created a global map of carbon accumulation, highlighting
discrepancies between predicted values and International Panel on Climate
Change (IPCC) default estimates (Cook-Patton et al., 2020). Similarly, Cuni-
Sanchez et al. (2021) found that carbon stocks in African tropical forests were
two-thirds higher than IPCC estimates, reinforcing the need for accurate CHMs
(Cuni-Sanchez et al., 2021).

To reduce uncertainties in biomass modeling, forest height measurements are
vital, as tree height directly correlates with carbon sequestration rates (Harris et
al., 2021). NASA's Global Ecosystem Dynamics Investigation (GEDI) and
ICESat-2 missions have significantly advanced canopy height estimation. GEDI
measures vegetation height at 25 m resolution (Dubayah et al., 2021), while
ICESat-2 collects canopy height data over 13x100 m footprints (Markus et al.,
2017). For instance, Qi et al. (2019) utilized GEDI data to refine height
measurements from TanDEM-X InSAR at sites in the United States and Costa
Rica (Qi et al., 2019). On a larger scale, Sothe et al. (2022) combined data from
ICESat-2, GEDI, Sentinel-1, Sentinel-2, and PALSAR-2 with a random forest
algorithm to produce a forest canopy height map of Canada at 250 m spatial
resolution, achieving a mean error of 4.2 m. Globally (Sothe et al., 2022), Potapov
et al. (2021) used GEDI height data alongside Landsat imagery and a tree
ensemble model to create a 30 m resolution canopy height map with a mean error
of 9.1 m (Potapov et al., 2021). More recently, Travers-Smith et al. (2024) applied

satellite LIDAR from ICESat-2, Landsat data, and a random forest model to map
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the canopy height of forest-tundra ecosystems in Canada’s northern regions
(Potapov et al., 2021; Travers-Smith et al., 2024).

Regional models have demonstrated even higher precision. For example, Liu et
al. developed a canopy height map with 3 m resolution using Planet imagery (S.
Liu et al., 2023), while Wagner et al. produced sub-meter CHMs using aerial
imagery and LIiDAR data (Wagner et al., 2024). These detailed models are

particularly useful for estimating biomass and monitoring deforestation locally.

ML approaches, particularly CNNs, have enhanced tree detection and canopy
height estimation. Lang et al. applied CNNs to Sentinel-2 imagery, creating a 10
m canopy height map(Lang et al., 2023). Additionally, U-Net models have been
trained on aerial LIDAR data to produce accurate tree height maps(S. Liu et al.,
2023).

Emerging research highlights that DL methods can outperform traditional
machine learning models in canopy height prediction by learning complex
patterns directly from raw data(Fayad et al., 2024). These models offer greater
flexibility in network design and loss function optimization, enabling more
accurate predictions of outliers, such as very tall trees(Fayad et al., 2024). For
example, Lang et al. (2023) developed a probabilistic DL model that combined
sparse GEDI data with dense Sentinel-2 imagery to generate global 10 m
resolution canopy height maps with an RMSE of 7.9 m(Lang et al., 2023). Fayad
et al. (2024) also applied a vision transformer model with advanced loss
formulation to map Ghana’s canopy height, improving the sensitivity to taller
trees(Fayad et al., 2024). Liu et al. (2023) employed 3-m Planet imagery, airborne
LiDAR, and U-Net CNNs to predict tree height and cover in Europe, reporting an
average RMSE of 5.4 m. At aregional scale(J. Liu et al., 2023), Tolan et al. (2024)
used a self-supervised DINOv2 model to produce canopy height maps at 0.59 m
resolution for California and Sao Paulo(Tolan et al.,, 2024), significantly
surpassing the spatial resolution achieved in earlier studies (Lang et al., 2023;
Potapov et al., 2021). However, their method required high-end resources, such

as airborne LiDAR, Maxar imagery, and multiple GPUs, making it less accessible



31

to smaller research teams. In contrast, Wagner et al. (2024) used USDA-NAIP
imagery and airborne LIiDAR to train a regression U-Net CNN model, achieving
sub-meter resolution canopy height maps for California with an RMSE 1.6 times
lower than that of Tolan et al. (2024)(Wagner et al., 2024).

In addition to CNNSs, vision transformers have gained prominence in modeling
canopy structure. Xu et al. used Swin transformers for high-resolution land cover
classification, demonstrating superior edge detection and segmentation
performance compared to CNNs(Xu et al., 2021). Martin Brandt et al. (2021) used
a method based on U-Net to perform tree detection over large-scale regions in
West Africa’s Sahel and Sahara areas, estimating the number of trees in that
region(Brandt et al., 2020). Guo et al. (2024) utilized the Deeplabv3 network and
incorporated semi-supervised learning to generate urban tree canopy maps

across Brazil on a national scale(Guo et al., 2023).

Transformers are particularly effective for dense prediction tasks and tree
segmentation, as they capture long-range dependencies and spatial
relationships. Gibril et al. (2023) used vision transformers to segment date palm
trees from drone imagery, achieving high accuracy across varying
resolutions(Gibril et al., 2023).

Automated tree delineation from remote sensing data increasingly leverages
multispectral imagery and LiDAR point clouds. Larsen et al. and Kaartinen et al.
conducted comparative studies on tree crown detection algorithms, emphasizing
the strengths of LIDAR data(Kaartinen et al., 2012; Larsen et al., 2011). Fayad et
al. applied a U-Net CNN teacher model through knowledge distillation to derive a
10-m CHM of Ghana, integrating data from Sentinel-1, Sentinel-2, and aerial
LiDAR(Fayad et al., 2024). Recent studies consistently show that integrating
high-resolution LIDAR with DL techniques enhances canopy height estimation
accuracy(J. Liu et al., 2023; Tolan et al., 2024; Wagner et al., 2024). These
methods eliminate the need for manual feature engineering, allowing the models

to automatically learn relevant features from raw data(Fayad et al., 2024).
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Overall, the integration of remote sensing technologies and advanced machine
learning models has significantly improved forest monitoring and management,
paving the way for more accurate assessments. This body of work highlights the
evolving capabilities of remote sensing and machine learning in forestry

applications.
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4 Design

The research design was carefully developed to structure the study into distinct,
logical phases, ensuring an organized workflow. It outlines the methodologies
employed, detailing the use of models and datasets to meet the research
objectives effectively. To enhance the reliability and validity of the findings, robust
measures were implemented, minimizing potential biases and improving the
credibility of the results(Roberts & Priest, 2006). Figure 1 provides an overview
of the research design, which emphasizes a systematic approach to achieving
the study’s goals. The design integrates key phases, including objects defining,

data acquisition, preprocessing, models selection and training, and evaluation.
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Figure 1: Research Design

4.1 Define Objectives

The study's primary objectives are to apply Al-bases analysis on:

e Tree cover mapping

e Canopy height estimation

e Tree bole identification

Validity
Assessments
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To achieve these objectives, a structured workflow was designed, integrating

various data sources and processing techniques.

4.2 Data Acquisition

The research relies on multiple data sources to enhance accuracy and

robustness. These include:

e VHR Imagery: Used for vegetation analysis, with indices such as:
e CHM: Provides height information for tree canopy estimation.
e Tree Cover Data: Used to identify and classify vegetation cover.

e Tree Bole Data: Helps in detecting tree trunks and structures.

4.3 Data Preprocessing

Once data is acquired, preprocessing steps are applied to ensure consistency

and remove noise. This phase includes:

« Data cleaning and normalization

e Feature extraction from imagery

o NDVI — Measures vegetation health.

o EVI —Improves sensitivity in high biomass regions.

« Spatial alignment of datasets

« Patching large image to smaller images

« Splitting data into training, evaluation and test datasets
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4.4 Model Selection and Training

Appropriate machine learning and deep learning models are selected based on

the research goals. The models are trained using the processed datasets to:

o Predict tree cover distribution

o Estimate canopy height

« ldentify tree boles

4.5 Model Evaluation

The trained models are evaluated for accuracy and reliability using various

performance metrics. The evaluation phase includes:

Predicted CHM Map — Validates canopy height estimations.

e Predicted Tree Cover Map — Assesses vegetation classification

accuracy.

o Predicted Tree Bole Map — Measures the accuracy of tree bole

identification.

e Reliability Measures — Ensures model robustness.

o Validity Assessments — Confirms the credibility of results.

This structured research design ensures a systematic and reliable approach to
achieving the study’s objectives, integrating advanced remote sensing

techniques with Al-driven models.
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5 Implementation

The implementation phase of this study focuses on applying research design to
process data, train models, and generate outputs. This chapter details the
practical execution of each stage, from data acquisition to model training and
evaluation. The workflow follows the structured approach outlined in the research

design (Figure 1) to ensure consistency and reproducibility.

5.1 Computing Platforms and Tools

To efficiently implement and train deep learning models, high-performance
computing (HPC) platforms and cloud-based resources were utilized to ensure
optimal computational efficiency and scalability. The primary platforms used for
model development and training were Puhti (www.puhti.csc.fi/public/) and Google
Colab with A100 GPU. Additionally, | leveraged Python and PyTorch as the core

programming and deep learning frameworks.

5.2 Programming Language and Frameworks

The model implementation was conducted using Python, utilizing the following

key libraries and frameworks:

1) PyTorch — for deep learning model development, training, and GPU-
accelerated computations.

2) NumPy — for handling and manipulating numerical data arrays, and
performing mathematical operations on image data.

3) Rasterio — for reading and processing raster datasets such as satellite
imagery.

4) Matplotlib — for visualizing the data and results of the model, including
plotting training/validation curves and sample images.

5) Torchvision — for pre-trained models, transformations, and handling image

datasets.


http://www.puhti.csc.fi/public/
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6) Scikit-learn — for model evaluation, including splitting datasets and
calculating metrics like F1-score and class weights.

7) TQDM - for displaying progress bars during model training to monitor
progress in real-time.

8) OpenCV - for image preprocessing tasks such as resizing, normalization,

and augmentation.

These libraries combined enabled the implementation of an efficient and effective
solution for the given task.

The integration of these libraries enabled the development of an efficient and
effective solution for the task at hand. The computational power of Puhti and the
flexibility of Google Colab provided a balanced approach throughout the
development process. While Puhti was utilized for large-scale training and
computationally intensive tasks, Google Colab offered a convenient platform for
experimentation and model testing. This strategic use of both platforms ensured
a streamlined workflow, optimizing performance at different stages of the model’s
development and enhancing overall efficiency in training and deployment.Click
or tap here to enter text.Click or tap here to enter text.Click or tap here to enter
text.Click or tap here to enter text.Click or tap here to enter text.Click or tap here

to enter text.Click or tap here to enter text.Click or tap here to enter text.

5.3 Data Acquisition

The study area, a 35 kmz forested region near the city of Lappeenranta, Finland,
was selected due to the availability of relevant data.

The primary datasets include:

e Multispectral VHR imagery with RGBN bands (Red, Green, Blue, and

Near-Infrared).

« LiDAR-derived canopy height models.

e Tree centroid maps.
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Binary tree coverage maps.

5.4 Preprocessing

The preprocessing phase is presented in to ensure the accuracy of the resulting

models.

Resolution Normalization Feature Patch Dataset
Matching Engineering Creation Splitting

Figure 2: The preprocessing phase of model training

I Ne preprocessing pnase Is essental 10 Sstanaaraize aata, ennance reature

extraction, and ensure compatibility with machine learning models. By

resampling, normalizing, and engineering features, the data becomes more

structured and reliable for accurate analysis and model performance.

9)

Resolution Matching: Resampling VHR imagery and canopy height
models to ensure consistent spatial resolution. The raster data will be
resampled to match the VHR imagery resolution of 0.5 meters, enabling
accurate pixel-by-pixel comparisons and integration in subsequent

analyses.

Normalizing VHR imagery Bands: Since VHR imagery includes four
bands (Red, Green, Blue, and Near-Infrared), each band will be divided

by 215 = 32768 for a more manageable analysis.

Feature engineering: Vegetation indices such as the Normalized
Difference Vegetation Index (NDVI) and Enhanced Vegetation Index
(EVI) will be derived through feature engineering to improve analysis
based on remote sensing principles. The formulas for these indices are:

NDV!I is calculated as:

(B4 + B1)
(B4 — B1 + 1e — 10)

NDVI =
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where:
o B4 is the Near-Infrared (NIR) band,
o Blis the Red band.
EVI is calculated as:
(B4 — B1)

EVI =G X
(B44+C1xB1—-C2XxB3+L+1e—10)

where:
o B4isthe NIR band,
o Blisthe Red band,
o B3 s the Blue band,
o G s the gain factor (typically 2.5),
o C1 and C2 are coefficients (typically 6 and 7.5),
o L is the canopy background adjustment (typically 1).
These indices help to improve the model’s accuracy during training and

evaluation.

o Patch Creation: Due to the large size of raster images, they will be
divided into smaller patches (224*224 pixels) compatible with pre-trained

models.

« Dataset Splitting: The data will be split into training, validation and
testing subsets to ensure comprehensive performance assessment. The
test dataset will comprise 70% of the total data, while the remaining 30%
will be used for training and evaluation. Of this remaining 30%, 80%
(24% of the total data) will be allocated for training, and 20% (6% of the

total data) will be used for evaluation.

5.5 Model Development

The model development focuses on utilizing a combination of CNNs and
Transformer architectures to analyze remote sensing data for forest structure

assessment. Several architectures have been proposed and tested for the study.
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It is recommended to employ different pre-trained architectures such as Swin
TransformerClick or tap here to enter text., DeepLabv3Click or tap here to enter
textand U-Net Click or tap here to enter text.with pre-trained
deeplabv3_resnetl01Click or tap here to enter text.for improved performance

and transfer learning.

The integrated models are trained to:

1) Predict tree covers,
2) Estimate canopy height,

3) ldentify and segment tree boles and crowns

The models are designed to learn how to predict LIDAR data from VHR imagery
by translating the structural information observed in the 2D VHR images into the
3D features typically provided by LIDAR data. This unified approach harnesses
the complementary strengths of CNNs for feature extraction and Transformers
for capturing spatial relationships and context across the datasets, ultimately

allowing the model to infer 3D forest structure from 2D imagery.

The following outlines the design and implementation of two deep learning
models developed for multi tasks, combining a regression and two classifications.
The models are based on two state-of-the-art architectures: DeepLabV3 with a
U-Net decoder and Swin Transformer with a U-Net decoder. Each model's
architecture and implementation details are presented below. These hybrid
(CNNs and transformers) approaches leverage both the detailed spatial
information from CNNs and the global context modeling capabilities of

transformers. Click or tap here to enter text.

o UNetDeeplLabV3 model:

The UNetDeepLabV3 model combines the DeeplLabV3 encoder—a powerful
CNN designed for semantic segmentation—with a U-Net-style decoder. This
hybrid architecture builds on the strengths of DeeplLabV3 while incorporating a

decoder module for more refined segmentation results.
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The encoder is based on DeepLabV3 with a ResNet-101 backbone, pre-trained
on ImageNet. The initial convolution layer has been modified to support a custom
number of input channels, making it adaptable for multi-channel images. Feature
maps are extracted at four different stages of the ResNet-101 backbone, with
channel dimensions of [256, 512, 1024, 2048].

To further enhance feature learning, self-attention mechanisms such as SAM,
CBAM, SE, and Non-Local blocks are integrated. These mechanisms help the
model capture both local and global dependencies more effectively, leading to
improved segmentation performance. Figure 3 presents the overall structure of
the model, illustrating how the DeepLabV3 encoder and U-Net-style decoder

work together to achieve accurate segmentation.

Figure 3: UNetDeepLabV3 model

o UNetSwinTransformer Model:

The UNetSwinTransformer model combines a Swin Transformer encoder with a
U-Net-style decoder, creating a powerful architecture for dense prediction tasks.
The Swin Transformer efficiently captures long-range dependencies using
windowed self-attention while maintaining computational efficiency. It extracts
hierarchical feature maps, which are then processed by the decoder to

reconstruct high-resolution outputs.

Encoder: The encoder uses a Swin Transformer (base variant, patch size 4,

window size 7) to extract multi-resolution feature maps through hierarchical self-
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attention. It is initialized with a ResNet-101 backbone pre-trained on ImageNet.
Similar to the DeepLabV3 model, a custom convolution function modifies the
patch embedding layer to support multi-channel input images. The extracted
feature maps have channel dimensions of [128, 256, 512, 1024].

Decoder: The decoder mirrors the encoder’s structure but uses patch expanding
layers instead of patch merging. These layers progressively upsample feature
maps to restore spatial resolution. Skip connections link corresponding encoder
and decoder levels, preserving fine spatial details. To further enhance feature
learning, self-attention mechanisms such as SAM, CBAM, SE, and Non-Local
blocks are integrated, improving both local and global feature representation.
Figure 4 presents the model structure, illustrating how the Swin Transformer
encoder and U-Net decoder work together for accurate segmentation.

Figure 4: UNetSwinTransformer Model

5.6 Model Performance Enhancement Methods

To improve model performance, various techniques will be applied and the
following sections will describe each method.

o Data Augmentation
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During training in some scenario, we sample random tiles of size 224x224 pixels
with data augmentation: random scaling from 0.5 to 2, and rotations 0, 90°, 180-,
or 270e.

o Attention Mechanisms

Various attention mechanisms are integrated and tested to enhance feature
selection, spatial dependencies, and long-range contextual understanding across
different tasks. These include SE blocks for channel-wise refinement, CBAM for
combined channel and spatial attention, SAM for spatial focus, and Non-Local
Blocks for capturing global dependencies. Each mechanism is evaluated based
on its impact on segmentation accuracy, object localization, and overall model

performance in canopy structure representation and related tasks.

o Click or tap here to enter text.Click or tap here to enter text.Click or tap

here to enter text.Click or tap here to enter text.Regularization techniques

The model is tested with and without regularization techniques such as Dropout,
Batch Normalization, and Weight Decay (L2 Regularization). Dropout helps
prevent overfitting by randomly deactivating neurons, while Batch Normalization
stabilizes training and improves generalization. Weight Decay, set to 1e-4 in the
model, penalizes large weight values to encourage simpler models and reduce

overfitting.

o Activation functions Tuning

The model is evaluated using two activation functions: ReLU and GELU.

o Optimizer Tuning

Both Adam (Adaptive Moment Estimation) and ADOPT optimization e applied to

evaluate the model's performance.

o Loss Function Tuning
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Loss functions play a critical role in machine learning models, as they guide the
optimization process and determine how well the model's predictions match the
actual data. In this model, the BCE loss function is initially used for classification
tasks, while a combination of BCE and Focal Loss is used to address class
imbalance in the dataset. Figure 5 and Figure 6 present the Focal Loss and
Hybrid Loss functions, which are defined in the model. The hybrid approach
combines the strengths of BCE and Focal Loss, allowing the model to maintain
classification accuracy while handling imbalanced datasets more effectively.
Finally, the hybrid loss function is applied to the final model, as it showed the best

performance in the testing phase.

nn.Module):
__(self, alpha=0.25, gamma=2.8, reduction="mean")

self.alpha
self.gamma = gamma
self_reduction = reduction

def forward(self, inputs, targets):

h.sigmoid(inputs)
vinary_cross_entropy with logits(inputs, targets, reduction="none')
ch.exp(-BCE_loss)
focal_lo ** self.gamma * BCE_loss

eturn focal_loss

Figure 5: Focal Loss Function
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- compute_class_weights(class_targets, device):

_targets.view(-1).cpu().long().numpy()
(flattened_targets)

eight(class_weight=" , classes=classes, y=flattened_targets)

h.tensor([weights[1] / weights[@]]}.to(device)

self.alpha = alpha

- forward(self, inputs, targets):

Figure 6: Hybrid Loss Function

Finally, hybrid loss functions will be used for classification tasks, as it showed
better results in the testing phase. Figure 7 presents the loss function for each
task in the model, defined separately based on the fact that both classification
tasks (tree mapping and bole tree classification) are imbalanced, while the

canopy height task is treated as a regression task.

model = UNetDe 3{n_classes_reg=n_classes_reg, n_classes_class=n_classes_class, in_channels=in_channels)

ght = compute_c
ghtl = compute_

assification_criterion idL alp gamma=2, pos_weight :
roid_criterion = Hyb a 0 2, pos_weight= eightl).to(device

ression_criterion = SmoothlL1

Figure 7: Loss function of each task of the models
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o Gradient Clipping

To address issues like vanishing and exploding gradients, Gradient Clipping is
defined in the model. Figure 8 illustrates how Gradient Clipping is defined in the
model.

scaler.scale(loss).backward()

scaler.unscale {optimizer)

torch.nn.utils.clip grad norm_(model.parameters(), max_norm=1.8)

scaler.step(optimizer)
scaler.update()

Figure 8: Using Gradient Clipping in Training

o Early Stopping and Learning Rate Adjustments

In this study, the initial learning rate is set to Ir = 0.001, and the patience for early
stopping is set to 30 epochs. To further optimize learning rate adjustments, the

ReduceLROnNPIlateau scheduler is employed:

e Purpose: Adjusts the learning rate when validation loss stops improving.
e Patience = 3: Reduces the learning rate after three consecutive epochs of
no improvement.

e Factor = 0.5: Reduces the learning rate by half when triggered.

This adaptive learning rate strategy ensures that the model continues to improve

while preventing unnecessary fluctuations in optimization.
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Figure 9 illustrates the Early Stopping and Learning Rate Adjustments

parameters, as well as the weight for the loss function for each task.

Click or tap here to enter text.Click or tap here to enter text.Click or tap here to
enter text.Click or tap here to enter text.Click or tap here to enter text.Click or
tap here to enter text.Click or tap here to enter text.Click or tap here to enter

text.

num_epochs = 188

ReducelLROnPlateau(optimizer, mode="min", patience=1lr_decay_patience, factor=8.5)
ecay_patience = 3
alphal = 8.1
betal = 2.0
gammal = 2.8
initial 1r = ©.001

Figure 9: Early Stopping and Learning Rate Adjustments

5.7 Model Saving Methodology

To ensure optimal model performance and reproducibility, a robust method for
saving the best-trained model was implemented. This process is designed to
monitor model performance during training and store the model that achieves the
highest predictive accuracy, particularly with regard to the F1 score, while
ensuring that the accuracy of each class in the binary classification of tree cover
mapping (most important task) remains above 80%. This section outlines the

strategy employed to achieve this objective.

o Evaluation Metrics for Model Selection

The selection of the best model was based on multiple evaluation metrics to
ensure both global and per-class performance. Specifically, the following criteria
were applied:
e F1 Score: The harmonic means of precision and recall, providing a
balanced evaluation of the model’s classification performance, particularly

suitable for imbalanced classes.
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o Per-Class Accuracy: The classification accuracy of each individual class,
calculated from the confusion matrix, ensuring that no class
underperforms significantly.

By using these two metrics, the methodology prioritizes models that excel in
overall performance while maintaining acceptable accuracy thresholds for each

binary class.

if f1 > be
print(
best f1_.
best checkpoint = {
och + 1,
: model.state_dict()

Y,
rain_centroid_accuracy,
1 centroid_accuracy,

}

torch. d point, best_model path)
print( od ot {best_model_path}")

ch_{epoch+1}.pth™)
torc

print( C oint at {epoch_checkpoint_path}")

Figure 10: Evaluation Metrics for Model Selection

o Model Checkpointing

To prevent overfitting and save computational resources, a model checkpointing
strategy was implemented alongside early stopping. This combination ensures
that the model with the highest validation performance is preserved, while
avoiding unnecessary training epochs that could degrade performance.

The checkpointing method was defined as follows:

o Checkpoint Criteria: The model was saved only if the validation F1 score

improved compared to the previously saved model.
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Per-Class Accuracy Threshold: In addition to F1 score improvement, the
model was only saved if the accuracy for both classes exceeded 80%. If
this condition was not met, even an improved F1 score would not trigger
model saving.

Early Stopping: Training was halted if the validation loss did not improve
for a predefined number of epochs, helping mitigate overfitting and

unnecessary computation.
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6 Testing and analysis

This chapter presents the evaluation of the trained deep learning models,
focusing on their accuracy, reliability, and validity. The outputs were assessed
against LIDAR-derived ground truth data using quantitative performance metrics.
The study aimed to develop a robust workflow for generating LIDAR-like 3D
mapping outputs from satellite imagery, supporting advancements in remote

sensing and ecological studies.

6.1 Model Training and Evaluation

The trained models' outputs are evaluated against LiDAR-derived ground truth
data using quantitative metrics. As a result, the study produces a validated
workflow that automates tree cover mapping, tree bole identification, and canopy
height estimation, providing a reliable foundation for advancing remote sensing
and ecological studies.

To assess the performance of the proposed model, various metrics were tracked

during training and validation. The primary evaluation criteria included:

e Regression Loss: Monitored to evaluate the accuracy of canopy height
prediction. Root Mean Square Error (RMSE) specifically assesses
performance by comparing model outputs with LIDAR measurements in
regression tasks.

e Tree Classification Accuracy & F1-Score: Precision measured the
proportion of correctly identified tree cover pixels in classification tasks,
while the F1-score provided a balanced measure of precision and recall,
offering a comprehensive evaluation of classification performance. Figure
11 shows the F1-score (0.8930) of the decision trees results

¢ Centroid Classification Accuracy: Evaluated for the spatial accuracy of tree

centroid predictions.
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In below, the results of training and validation metrics of best model in Epoch 40
and are presented, along with the corresponding plots for all epochs of best
model. The figure displays key performance metrics from Epoch 40, highlighting
improvements in classification accuracy and regression loss. The training
accuracy of the tree-based classifier reached 89.0%, while the validation
accuracy was 89.2%, demonstrating a well-generalized model. Additionally, the
centroid classification accuracy was 76.31%, indicating an almost good
performance in tree centroid detection. The Fl-score of 0.8930 suggests a
balanced trade-off between precision and recall. These results confirm that the
model effectively learns to predict canopy height and classify tree cover with high

accuracy.

Epoch 48/10@

» Overall Centroid Classification Accuracy: 78.28%
1 Tree Training Accuracy: 90.84%
s @ Centroid Training Acc 0% Class 1 Centroid Training Accuracy: 74.06%
Training time: 35.72 seconds

Vvalidation Loss: 3.5978, Tree Accuracy: & o
validation Regression Loss: 3.5978, Overall Validation tree Classification Accuracy:

Class @ Tree Trainivalidationng Accuracy | class 1 e Validation Accuracy: 91.4
overall validation Centroid Classificat Accuracy:

Class @ Centroid vali ion Accuracy: 76.34% | Class 1 Centroid Validation Accuracy: 74.87%
Validation F1 Score

Validation time: 4.71 seconds
Validation F1 score improved and class accuracies are sufficient. Saving best model.

Figure 11: The results of training and validation metrics of best model in Epoch
40

The Figure 12 illustrates the regression loss trend for both training and validation
sets over epochs. The train regression loss (blue line) consistently decreases,
indicating that the model is effectively learning to predict canopy height. The
validation regression loss (orange line) exhibits fluctuations, particularly around
early epochs and between epochs 20-40, which may suggest some instability or
overfitting tendencies. However, both losses gradually stabilize, with validation
loss converging close to training loss, demonstrating that the model is

generalizing well.
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Regression Loss Over Epochs
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Figure 12: The regression loss of best model over epochs
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Figure 13 shows the classification accuracy of the tree classifier across epochs
for both training and validation data. The train tree accuracy (blue line) steadily
improves, reaching around 90%, while the validation tree accuracy (orange line)
follows a similar trend but with more fluctuations, particularly in the earlier epochs.

The sharp dips in validation accuracy indicate possible variations in the dataset,
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but the general upward trend suggests that the model improves its classification
performance as training progresses. The final stable accuracy levels indicate that

the model achieves high classification performance for tree cover detection.

Tree Classification Accuracy
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Figure 13: Tree Classification Accuracy of Best Model Over Epochs

To provide a more comprehensive view of the model's performance across
training epochs, additional plots illustrating key metrics are included in Appendix
1. These plots track the progression of regression loss, tree classification
accuracy, and centroid classification accuracy over time, offering insights into

model convergence and stability.

Furthermore, a detailed comparison of all trained models, including metrics such
as regression loss, classification accuracy, and centroid accuracy for both
training and validation phases, is presented in Appendix 2. This table provides an
overview of the performance of different models across various epochs, allowing

for a thorough evaluation of their effectiveness.
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6.2 Reliability and Validity

Reliability and validity are essential for ensuring that the study’s findings are
consistent, unbiased, and generalizable. This section outlines the measures
taken to establish both reliability and validity.

o Reliability

Reliability ensures that the study’s results are reproducible and consistent under

similar conditions. To achieve this, the following steps were implemented:

1. Consistent Preprocessing: Standardized and automated preprocessing

steps, including normalization and alignment, ensured data consistency.

2. Model Stability: Multiple training runs were conducted using different

random seeds to verify that results remained stable.

3. Comprehensive Evaluation Metrics: Performance metrics were
calculated separately for the training, validation, and testing datasets,

ensuring a complete assessment of model effectiveness.

4. Reproducibility Documentation: All preprocessing, modeling, and
evaluation steps were documented using version control systems,

enabling other researchers to replicate the methodology.

o Validity

Validity assesses whether the study accurately measures its intended objectives
and whether the results can be generalized beyond the specific study area.

e Internal Validity

Internal validity ensures that the study’s methods and data are correctly aligned:
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Data Alignment: Input satellite imagery and labels were carefully paired

to enable precise pixel-wise learning.

Weighted Loss Functions: Adjusted loss functions prioritized key
outputs, particularly the CHM Binary Map, which was essential for

accurate canopy height modeling.

External Validity

External validity determines how well the findings can be applied to other

contexts:

Representative Study Area: The study area, a 35 kmz2 forested region
near Lappeenranta, Finland, was chosen for its representative forest

characteristics, supporting generalizability to similar landscapes.

Flexible Model Architecture: The deep learning models (CNNs and
Transformers) were selected for their adaptability, making them suitable

for different regions and datasets beyond the study area.

o Addressing Potential Bias

To minimize biases and improve model robustness, the following strategies were

applied:

Overfitting Prevention: Regularization techniques such as dropout,
weight decay, and L2 regularization were used to prevent models from

memorizing training data.

Data Augmentation: Various augmentation techniques were applied to
enhance dataset diversity and improve model generalization across

different forest conditions.
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The evaluation process confirmed that the trained deep learning models achieved
high accuracy and reliability when validated against LIDAR-derived ground truth
data. By employing rigorous testing procedures and mitigating potential biases,
this study developed a generalizable and reproducible framework for automated
tree cover mapping, tree bole identification, and canopy height estimation,

supporting remote sensing applications in forestry and environmental research.
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7 Discussion

In this section, we present model performances from experiments in subsections
for the three experimental objectives: tree cover mapping (most important),
canopy height estimation and tree bole identification. For all these experiments
we use a batch size of 32 and an input window size of 224x224 pixels. By default,
the number of iterations is set to 100, with the learning rate and weight decay set
to 1e-3 and 1le-4, respectively. The patience for early stopping is 30, while the
patience for reducing the learning rate by half is 3. Different combinations of
optimizers, activation functions, attention mechanisms, and other
hyperparameters were tested to identify optimal configurations. The overall
accuracy and the accuracy of each class for the classification objectives are
reported, as well as the RMSE for the regression tasks, using the deep learning
methods (Computer vision-based models) on the test dataset. The following
subsections address the core research questions, evaluating the feasibility of
using deep learning models for tree cover mapping, canopy height estimation,

and tree bole identification.

Table 1 presents the performance metrics of different deep learning models for
tree cover classification, canopy height estimation, and centroid detection. The
table includes results for various optimizers, attention mechanisms, and

augmentation strategies
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Alphal Betal Gammal Tree Tree Tree Tree
Coeficeint Coeficeint of Coeficeint of Regression Tree cover cover cover Centroid Centroid Tree Centroid Class 1
Row | Optimizer Augmentation Activation Dropout of tree tree centroid Attention Model architecture & Classification Class 0 Class 1 Class 0
. I I Loss (m) Accuracy Accuracy (%)
regression classification classification Accuracy (%) Accuracy Accuracy (%) Accuracy
task task task (%) (%) ? (%)
1 Adam No GELU & ReLU 1*0.5 1 2 2 CBAM_SE_NonLocal_Block Deeplab + UNet 3.087 89.419 84.024 91.408 76.268 76.277 74.296
2 Adam No GELU & ReLU 1*0.5 1 2 2 SAM_CBAM_SE_Block Deeplab + UNet 3.080 89.782 84.044 91.897 76.599 76.608 74.559
3 Adam No 2* GELU 2*0.5 1 2 2 SAM_CBAM_SE_NonLocal_Block Deeplab + UNet 3.097 89.365 84.632 91.109 77.232 77.249 73.476
4 Adam No GELU & ReLU 1*0.5 1 2 4 SAM_CBAM_SE_NonLocal_Block Deeplab + UNet 3.152 89.350 84.923 90.982 75.079 75.080 74.967
5 ADOPT No GELU & ReLU 1*0.5 1 2 4 SAM_CBAM_SE_NonLocal_Block Deeplab + UNet 3.151 89.544 85.080 91.190 76.537 76.542 75.402
6 ADOPT Yes GELU & ReLU 1*0.5 1 2 4 SAM_CBAM_SE_NonLocal_Block Deeplab + UNet 4.585 81.813 78.985 82.856 79.410 79.456 69.170
7 Adam No 2* GELU 2*0.5 1 2 2 SAM Deeplab + UNet 26.936 100.000 0.000 99.548 100.000 0.000
8 Adam No GELU & ReLU 2*0.5 1 2 2 SAM Deeplab + UNet 3.110 89.581 84.662 91.394 77.028 77.039 74.659
9 Adam No GELU & ReLU 1*0.5 1 2 2 SAM Deeplab + UNet 3.121 89.529 84.437 91.407 76.676 76.686 74.473
10 Adam No GELU & ReLU 1*0.5 1 2 4 CBAM_SE_Block_CBAM_SE_NonLocal Block SWIN + UNet 3.084 89.509 86.201 90.728 57.334 57.240 77.980
11 Adam No 2* GELU 1*0.5 1 2 4 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 3.126 89.442 85.661 90.836 56.595 56.496 78.458
12 Adam No GELU & ReLU 1*0.5 1 2 2 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 3.171 89.023 86.212 90.059 58.688 58.608 76.245
13 Adam No GELU & ReLU 1*0.5 1 3 8 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 3.136 89.458 85.267 91.002 58.230 58.147 76.598
14 Adam Yes GELU & ReLU 1*0.5 1 2 2 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 4173 84.888 84.827 84.911 41.919 41.738 81.784
15 Adam No GELU & ReLU 1*0.5 1 2 2 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 3.077 89.714 84.701 91.562 58.258 58.174 76.833
16 No GELU & ReLU 1*0.5 1 2 4 Sam_CBAM_SE_NonLocal_Block SWIN + UNet 3.223 89.009 85.512 90.299 58.893 58.817 75.640
ADOPT
17 Adam No GELU & ReLU 1*0.5 1 2 2 SWIN + UNet 3.160 89.238 85.764 90.519 58.298 58.215 76.621

CBAM_SE_Block_Sam_CBAM_SE_NonLocal_Block
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Alphal Betal Gammal Tree Tree Tree Tree

Coeficeint Coeficeint of Coeficeint of Regression Tree cover cover cover Centroid Centroid Tree Centroid Class 1

Row | Optimizer Augmentation Activation Dropout of tree tree centroid Attention Model architecture & Classification Class 0 Class 1 Class 0
. I I Loss (m) Accuracy Accuracy (%)
regression classification classification Accuracy (%) Accuracy Accuracy (%) Accuracy
task task task (%) (%) ° (%)
18 ADOPT No GELU & ReLU 1*0.5 1 2 2 Deeplab + UNet 3.065 89.735 85.344 91.353 77.285 77.297 74.714
CBAM_SE_Block_Sam_CBAM_SE_NonLocal_Block

19 Adam No GELU & ReLU 1*0.5 1 2 2 Deeplab + UNet 3.119 89.641 84.851 91.406 77.654 77.670 74.107

CBAM_SE_Block_Sam_CBAM_SE_NonLocal_Block

Table 1- Performance metrics of different deep learning models for tree cover classification, canopy height estimation, and centroid detection
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7.1 Canopy height

The Validation Regression Loss, expressed as RMSE, is a crucial metric for
evaluating how well models predict continuous values, such as canopy height.
Among the tested configurations, the ADOPT optimizer, SAM and
CBAM_SE_Block attention mechanism, integrated with the DeepLabV3 model as
the backbone achieved the lowest RMSE of 3.065 meters. This result indicates a
significant improvement in accurately predicting continuous canopy height
values. The observed performance suggests that the ADOPT approach, when
paired with advanced attention mechanisms and a CNN-based architecture like
DeepLabV3, provides an effective solution for canopy height estimation,
addressing Research Question 2 by demonstrating that deep learning models
can reliably infer canopy height from VHR satellite imagery and multispectral

data.

Furthermore, this experiment also provides an answer to Research Question 3,
indicating that LiDAR-derived canopy height models can indeed be leveraged to
train deep learning algorithms to predict canopy height from 2D imagery. As
shown in Table 1 and Figure 14, the RMSE of 3.065 meters, the lowest among
tested configurations, suggests that CNN-based architectures, such as
DeeplLabV3, are particularly well-suited to this task. In contrast, models using the
SWIN transformer backbone consistently produced higher RMSE values (3.126—
3.160 meters), suggesting that, for this specific regression task, convolutional
neural networks may outperform transformers, which tend to capture global

dependencies but may struggle with fine-grained spatial predictions.
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Figure 14: Performance results of model 18 (The row number in Table 1)

Interestingly, when data augmentation was introduced, the regression
performance deteriorated, with the RMSE increasing to 4.173 meters (Table 1).
This reinforces the observation that temporal discrepancies between the very
high-resolution (VHR) imagery (captured in 2023) and LiDAR data (collected in
2020-2021) introduced noise that adversely impacted model performance,

highlighting the challenges of multi-temporal data integration.

When comparing methodologies across different studies, Wilkes et al. reported
RMSE values of approximately 5.6 meters (about 31% of mean canopy height)
when using Random Forest models trained on Airborne Laser Scanning data to
predict canopy height across 2.9 million hectares of heterogeneous forest in
Victoria, Australia (Wilkes et al., 2015). Similarly, Vega et al. achieved an RMSE
of 3.6 meters for their canopy height model (Vega et al., 2022). As shown in Table
1, these results indicate that while deep learning approaches often outperform
traditional methods, the magnitude of improvement varies based on forest type,

data quality, and spatial resolution.

7.2 Tree Cover Classification

For tree cover classification, the Validation Classification Accuracy measures the
model's ability to distinguish between tree cover and non-tree cover pixels. As
presented in Table 1 and Figure 14,the ADOPT optimizer, combined with SAM,
CBAM_SE_Block, and Sam_CBAM_SE_NonLocal_Block attention mechanisms
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with the DeepLabV3 model, achieved the highest validation classification
accuracy of 89.735%, with Class 0 Accuracy of 85.344% and Class 1 Accuracy
of 91.353%. This result indicates balanced performance across both classes,
with the model demonstrating strong generalization for both tree and non-tree
cover areas. This finding directly addresses Research Question 1, confirming that
CNN-based deep learning models, particularly when equipped with attention
mechanisms, can map tree covers accurately from multispectral and VHR

imagery.

However, transformer-based models, despite achieving solid overall
classification accuracies (ranging from 89.238% to 89.714%), consistently
exhibited lower centroid classification accuracies (approximately 58.258% to
58.893%). This observation suggests that while transformers capture global
contextual information effectively, they may struggle with fine-grained spatial
tasks such as tree centroid localization, reinforcing the potential advantage of

CNN-based architectures for pixel-level segmentation tasks.

While a direct comparison with traditional remote sensing techniques was not
performed within this study, the high validation classification accuracy of CNN-
based models for tree cover mapping (approaching 90%) suggests that deep
learning methods could offer competitive, if not superior, performance, especially
in heterogeneous forest landscapes where traditional methods often struggle with
feature generalization. A more detailed comparison with conventional pixel-based
and object-based image analysis (OBIA) techniques could provide further
insights, which remains a promising avenue for future work. However, one study
combining OBIA with multiple data sources including LIDAR, very high-resolution
satellite imagery, and aerial imagery achieved impressive results with over 95%
overall accuracy based on confusion matrix assessment and 70% based on
Intersection over Union (loU) (Timilsina et al., 2020). This demonstrates that
traditional methods can still be effective when leveraging diverse, high-quality

data sources.
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When data augmentation was applied, as with the ADOPT optimizer
configuration, the performance dropped significantly, with tree cover classification
accuracy falling to 81.813%. This decline suggests overfitting or insufficient
regularization strategies to mitigate the temporal and sensor-based

discrepancies present in the input data.

To better visualize the effectiveness of the tree cover classification model, we
present a comparison between the original high-resolution images and the
model’s predicted canopy maps. Figure 15 displays two randomly selected
224x224 pixel image patches. The left column contains very high-resolution
(VHR) images, the middle column shows tree cover maps extracted from LIiDAR
data, and the right column presents the predicted tree cover maps from the deep
learning model. In both tree cover maps, white pixels represent trees (class 1),
while black pixels indicate non-tree areas (class 0). These comparisons illustrate
the model’s ability to accurately capture tree cover patterns and generalize across

different landscapes.

Tree cover map extracted Predicted Tree cover map
from LiDAR

VHR Image
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Figure 15: Comparison between original high-resolution images, LiDAR-
extracted tree cover maps, and model-predicted tree cover maps. The left column
shows VHR images, the middle column represents LIiDAR-derived tree cover
maps, and the right column displays the pr

7.3 Tree Centroid Classification

Beyond tree cover classification, the models were also evaluated on their ability
to predict the spatial distribution of tree canopy centers through centroid
classification accuracy. As summarized in Table 1 and Figure 14, the best-
performing configuration — comprising the ADOPT optimizer, SAM,
CBAM_SE_Block, and Sam_CBAM_SE_NonLocal_Block attention mechanisms
with the DeepLabV3 model — achieved a centroid classification accuracy of
77.285%, with Class 0 and Class 1 centroid accuracies of 77.297% and 74.714%,
respectively. This result suggests a reasonable balance in identifying tree centers
across both classes, indicating that the model effectively captures both tree cover

and canopy spatial distributions.

Consistent with previous observations, SWIN transformer-based models lagged
behind, with centroid classification accuracies between 58.258% and 58.893%.
This finding reinforces the notion that while transformers excel at capturing long-
range dependencies, they may be less effective than CNN-based architectures
for fine-grained spatial tasks, such as predicting tree centroid locations.
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Interestingly, when data augmentation was introduced, the centroid classification
accuracy experienced a minor increase to 79.410%. However, this improvement
came at the cost of lower overall classification accuracy, once again pointing to
the challenges posed by temporal and sensor-based discrepancies within the

input data.

7.4 Validity and Reliability of Results

Ensuring the validity and reliability of the results is essential for producing
accurate and trustworthy findings.

o Reliability

Reliability means that the study’s results are consistent and reproducible under
similar conditions. Several steps were taken to ensure this:

« Standardized Preprocessing: All data were processed using the same
automated steps, ensuring consistency.

o Stable Model Training: The models were trained multiple times with
different random seeds to check if results remained stable.

e Comprehensive Evaluation: Performance metrics were calculated
separately for training, validation, and testing datasets to fully assess
model effectiveness.

e Reproducibility: The entire process, from preprocessing to evaluation,

was carefully documented so that others can replicate the study.

However, some factors may impact the reliability of the results. The temporal gap
between the VHR imagery (captured in 2023) and the LIiDAR data (collected in
2020-2021) introduced discrepancies, affecting model accuracy when data
augmentation was applied. Additionally, while deep learning models showed
strong performance, variations in accuracy across different model architectures
highlight the sensitivity of results to hyperparameter selection and network
design. Future work should explore additional validation techniques, such as
cross-validation and independent benchmarking with external datasets, to further

enhance the reliability of the findings.
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o Validity

Validity ensures that the study accurately measures what it aims to and that the
findings can be applied beyond this specific study area.

e Internal Validity:
[.  Input data were carefully matched to ensure accurate learning.

II.  Weighted loss functions were used to focus on key outputs, such
as canopy height estimation.

o External Validity:

I.  The chosen deep learning models (CNNs and Transformers) are
flexible and can be applied to different datasets and locations.

o Minimizing Bias

To reduce bias and improve the model’s performance, the following techniques

were applied:

e Overfitting Prevention: Methods like dropout, weight decay, and L2
regularization helped ensure that models did not simply memorize training
data.

e Data Augmentation: Various techniques were used to make the dataset
more diverse and improve the model’s ability to work in different

conditions.

By following these steps, the study ensured that the deep learning models
produced reliable and valid results. The findings support the use of automated
deep learning methods for tree cover mapping, tree bole identification, and

canopy height estimation in forestry and environmental research.
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8 Conclusion

This study demonstrated that attention-enhanced deep learning models,
particularly those incorporating SAM, CBAM_SE_BIlock, and
CBAM_SE_NonLocal_Block with DeepLabV3, offer strong performance for tree
cover mapping, canopy height estimation, and tree centroid classification,

addressing the core research questions with promising results.

e Canopy height estimation was most accurate using the ADOPT optimizer
with  SAM and CBAM_SE_Block attention mechanisms, achieving a
Validation Regression Loss (RMSE) of 3.065. This result indicates that
LiDAR-derived canopy height models can be effectively leveraged to train
deep learning models on 2D imagery, with CNN-based architectures like
DeepLabV3 outperforming SWIN transformers for this task.

e Tree cover classification achieved a high validation accuracy of 89.735%,
with balanced performance across tree and non-tree classes. The model
demonstrated strong generalization for both tree cover and non-tree
areas, supporting the feasibility of CNN-based models for accurate tree
cover mapping from multispectral and VHR imagery.

e Tree centroid classification, which measures the ability to identify tree
canopy centers, achieved a centroid accuracy of 77.285% with the same
ADOPT optimizer and attention-enhanced DeepLabV3 configuration.
Although  reasonable, transformer-based models consistently
underperformed in this spatial prediction task, reinforcing the advantages

of CNN-based architectures for pixel-level segmentation tasks.

Overall, these results suggest that deep learning offers a viable and scalable
approach to automating forest inventory processes, provided that careful
attention is given to mitigating overfitting, domain shifts, and noise in multi-
temporal datasets. While data augmentation was found to reduce performance in
this context, possibly due to temporal and sensor-based discrepancies, the study
highlights the importance of model selection and hyperparameter tuning in

optimizing predictive accuracy for forest structure analysis.
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8.1 Future Work

Several promising avenues for future research emerge from this study, focusing
on improving model robustness, generalization, and real-world applicability for
large-scale forest monitoring:

e Domain Adaptation: Addressing temporal inconsistencies between VHR
and LiDAR datasets through domain adaptation techniques could enhance
model stability and improve performance on multi-temporal datasets.

e DTM Integration: Incorporating Digital Terrain Model (DTM) data with VHR
imagery could provide additional spatial context, enhancing tree bole
identification and canopy height estimation, particularly in heterogeneous
forest landscapes.

e Advanced Augmentation: Exploring more sophisticated data
augmentation strategies, such as generative adversarial networks (GANS)
or self-supervised learning approaches, could help mitigate overfitting and
improve model performance on noisy, multi-temporal datasets.

e Traditional vs. Deep Learning Comparison: A formal comparison with
traditional remote sensing techniques (e.g., OBIA or pixel-based
classifiers) for tree cover mapping and canopy height estimation would
provide a clearer understanding of the added value deep learning models
offer in forestry applications.

e Hybrid Architectures: Combining convolutional and transformer-based
models could capture both local and global dependencies, potentially
improving spatial prediction tasks like tree centroid localization, where
transformers currently underperform.

e Operational Validation: Testing the model pipeline on larger and more
diverse forest areas would help assess its scalability and operational
viability for regional and global forest monitoring applications, ensuring the
methods developed are robust and efficient for real-world use.

By addressing these challenges, future work could further enhance the accuracy,

robustness, and generalization of deep learning models for forest structure
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analysis, providing scalable solutions for automated tree cover mapping and

forest inventory.



71

References

Ahmad, T., Zhang, D., Huang, C., Zhang, H., Dai, N., Song, Y., & Chen, H. (2021).
Artificial intelligence in sustainable energy industry: Status Quo, challenges
and opportunities. Journal of Cleaner Production, 289, 125834.
https://doi.org/10.1016/J.JCLEPRO.2021.125834

Aleissaee, A. A., Kumar, A., Anwer, R. M., Khan, S., Cholakkal, H., Xia, G. S., &
Khan, F. S. (2023). Transformers in Remote Sensing: A Survey. Remote
Sensing 2023, Vol. 15, Page 1860, 15(7), 1860.
https://doi.org/10.3390/RS15071860

Alshammari, S., Wang, Y. X., Ramanan, D., & Kong, S. (2022). Long- Tailed
Recognition via Weight Balancing. Computer Vision and Pattern
Recognition, 2022-June, 6887-6897.
https://doi.org/10.1109/CVPR52688.2022.00677

Alzubaidi, L., Zhang, J., Humaidi, A. J., Al-Dujaili, A., Duan, Y., Al-Shamma, O.,
Santamaria, J., Fadhel, M. A., Al-Amidie, M., & Farhan, L. (2021). Review of
deep learning: concepts, CNN architectures, challenges, applications, future
directions. Journal of Big Data 2021 81, 8(1), 1-74.
https://doi.org/10.1186/S40537-021-00444-8

Ball, J. E., Anderson, D. T., & Chan, C. S. (2017). A Comprehensive Survey of
Deep Learning in Remote Sensing: Theories, Tools and Challenges for the
Community. Journal of Applied Remote Sensing, 11(04), 1.
https://doi.org/10.1117/1.JRS.11.042609

Bang, G., Lee, J., Endo, Y., Nishimori, T., Nakao, K., & Kamijo, S. (2024).
Semantic and Geometric-Aware Day-to-Night Image Translation Network.
Italian National Conference on Sensors, 24(4).
https://doi.org/10.3390/S24041339

Basodi, S., Ji, C., Zhang, H., & Pan, Y. (2020). Gradient Amplification: An efficient
way to train deep neural networks. Big Data Mining and Analytics, 3(3), 196—
207. https://doi.org/10.26599/BDMA.2020.9020004

Bengio, Y., Simard, P., & Frasconi, P. (1994). Learning long-term dependencies
with gradient descent is difficult. IEEE Transactions on Neural Networks,
5(2), 157-166. https://doi.org/10.1109/72.279181



72

Bolcek, J., Gibril, M. B. A., Al-Ruzouq, R., Shanableh, A., Jena, R., Hammouri,
N., Sachit, M. S., & Ghorbanzadeh, O. (2025). A comprehensive evaluation
of deep vision transformers for road extraction from very-high-resolution
satellte data. Science of Remote Sensing, 11, 100190.
https://doi.org/10.1016/J.SRS.2024.100190

Brandt, M., Tucker, C. J., Kariryaa, A., Rasmussen, K., Abel, C., Small, J., Chave,
J., Rasmussen, L. V., Hiernaux, P., Diouf, A. A., Kergoat, L., Mertz, O., Igel,
C., Gieseke, F., Schoning, J., Li, S., Melocik, K., Meyer, J., Sinno, S., ...
Fensholt, R. (2020). An unexpectedly large count of trees in the West African
Sahara and Sahel. Nature 2020 587:7832, 587(7832), 78-82.
https://doi.org/10.1038/s41586-020-2824-5

Bukowski, M., Kurek, J., Swiderski, B., & Jegorowa, A. (2024). Custom Loss
Functions in XGBoost Algorithm for Enhanced Critical Error Mitigation in
Drill-Wear Analysis of Melamine-Faced Chipboard. Italian National
Conference on Sensors, 24(4). https://doi.org/10.3390/S24041092

Cao, Y., Xu, J., Lin, S., Wei, F., & Hu, H. (2019). GCNet: Non-Local Networks
Meet Squeeze-Excitation Networks and Beyond. 2019 IEEE/CVF
International Conference on Computer Vision Workshop (ICCVW), 1971—
1980. https://doi.org/10.1109/ICCVW.2019.00246

Chairet, R., Ben Salem, Y., & Aoun, M. (2019). Features extraction and land
cover classification using Sentinel 2 data. 19th International Conference on
Sciences and Techniques of Automatic Control and Computer Engineering,
STA 2019, 497-500. https://doi.org/10.1109/STA.2019.8717307

Chen, L.-C., Papandreou, G., Schroff, F., & Adam, H. (2017). Rethinking Atrous
Convolution for Semantic Image Segmentation.
https://arxiv.org/abs/1706.05587v3

Christin, S., Hervet, E., & Lecomte, N. (2019). Applications for deep learning in
ecology. Methods in Ecology and Evolution, 10(10), 1632-1644.
https://doi.org/10.1111/2041-210X.13256

Cook-Patton, S. C., Leavitt, S. M., Gibbs, D., Harris, N. L., Lister, K., Anderson-
Teixeira, K. J., Briggs, R. D., Chazdon, R. L., Crowther, T. W., Ellis, P. W.,
Griscom, H. P., Herrmann, V., Holl, K. D., Houghton, R. A., Larrosa, C.,
Lomax, G., Lucas, R., Madsen, P., Malhi, Y., ... Griscom, B. W. (2020).



73

Mapping carbon accumulation potential from global natural forest regrowth.
Nature, 585(7826), 545-550. https://doi.org/10.1038/S41586-020-2686-X

Corbane, C., Syrris, V., Sabo, F., Politis, P., Melchiorri, M., Pesaresi, M., Soille,
P., & Kemper, T. (2021). Convolutional neural networks for global human
settlements mapping from Sentinel-2 satellite imagery. Neural Computing
and Applications, 33(12), 6697-6720. https://doi.org/10.1007/S00521-020-
05449-7

Cubaynes, H. C., Forcada, J., Kovacs, K. M., Lydersen, C., Downie, R., &
Fretwell, P. T. (2024). Walruses from space: walrus counts in simultaneous
remotely piloted aircraft system versus very high-resolution satellite imagery.
Remote Sensing in Ecology and Conservation, 10(5), 584-596.
https://doi.org/10.1002/RSE2.391

Cuni-Sanchez, A., Sullivan, M. J. P., Platts, P. J., Lewis, S. L., Marchant, R.,
Imani, G., Hubau, W., Abiem, I., Adhikari, H., Albrecht, T., Altman, J., Amani,
C., Aneseyee, A. B., Avitabile, V., Banin, L., Batumike, R., Bauters, M.,
Beeckman, H., Begne, S. K,, ... Zibera, E. (2021). High aboveground carbon
stock of African tropical montane forests. Nature 2021 596:7873, 596(7873),
536-542. https://doi.org/10.1038/s41586-021-03728-4

da Silva, M. H. M., da Silva, J. V. S., Arrais, R. R., Neto, W. B. G. de A., Lopes,
L. T., Bileki, G. A., Lima, I. O., Rondon, L. B., de Souza, B. M., Regazio, M.
C., Dalapicola, R. C., & Santos, C. F. G. dos. (2023). ISP meets Deep
Learning: A Survey on Deep Learning Methods for Image Signal Processing.
https://arxiv.org/abs/2305.11994v2

Dang, L., Weng, L., Dong, W., Li, S., & Hou, Y. (2022). Spectral-Spatial Attention
Transformer with Dense Connection for Hyperspectral Image Classification.
Computational Intelligence and Neuroscience, 2022.
https://doi.org/10.1155/2022/7071485

Defining the true cost behind implementing lidar systems into your bus —
Candrone. (n.d.). Retrieved January 9, 2025, from
https://candrone.com/blogs/news/the-real-cost-of-starting-a-lidar-drone-
business

Dheda, D., & Cheng, L. (2020). A multivariate water quality parameter prediction
model using recurrent neural network. ArXiv.Org.



74

Dong, S., Wang, L., Du, B., & Meng, X. (2024). ChangeCLIP: Remote sensing
change detection with multimodal vision-language representation learning.
ISPRS Journal of Photogrammetry and Remote Sensing, 208, 53-69.
https://doi.org/10.1016/J.ISPRSJPRS.2024.01.004

Dubayah, R. O., & Drake, J. B. (2000). Lidar Remote Sensing for Forestry.
Journal of Forestry, 98(6), 44—46. https://doi.org/10.1093/JOF/98.6.44

Dubayah, R. O., Luthcke, S. B., Sabaka, T. J., Nicholas, J. B., Preaux, S., &
Hofton, M. A. (2021). GEDI L3 Gridded Land Surface Metrics, Version 2.
ORNL Distributed Active Archive Center.
https://doi.org/10.3334/ORNLDAAC/1952

Earth Observation Satellite Launches 2024 | Pixalytics Ltd. (n.d.). Retrieved
January 8, 2025, from https://www.pixalytics.com/eo-satellite-to-watch-in-
2024/

Eivazi, H., Troger, J.-A., Wittek, S., Hartmann, S., & Rausch, A. (2023). FE2
Computations with Deep Neural Networks: Algorithmic Structure, Data
Generation, and Implementation. Mathematical and Computational
Applications, 28(4), 91. https://doi.org/10.3390/MCA28040091

Espinosa-Curilem, C., Curilem, M., & Basualto, D. (2024). A Framework for Real-
Time Volcano-Seismic Event Recognition Based on Multi-Station
Seismograms and Semantic Segmentation Models.  ArXiv.Org.
https://doi.org/10.48550/ARXIV.2410.20595

Eugenio, F., & Marcello, J. (2019). Very High Resolution (VHR) Satellite Imagery:
Processing and Applications. Very High Resolution (VHR) Satellite Imagery:
Processing and Applications, 262. https://doi.org/10.3390/BOOKS978-3-
03921-757-1

Ewaidat, H. Al, Brag, Y. El, E’layan, A. W. Y., & Almakhadmeh, A. (2024).
Frequency-Guided U-Net: Leveraging Attention Filter Gates and Fast Fourier
Transformation for Enhanced Medical Image Segmentation.

Fairbank, M., & Samothrakis, S. (2020). Deep Learning in Target Space. Journal
of Machine Learning Research.

Farooq, M. (2023). Improving Pith Detection and Automated Log Identification
using Al. https://urn.kb.se/resolve?urn=urn:nbn:se:lnu:diva-124576



75

Fayad, I., Ciais, P., Schwartz, M., Wigneron, J. P., Baghdadi, N., de Truchis, A.,
d’Aspremont, A., Frappart, F., Saatchi, S., Sean, E., Pellissier-Tanon, A., &
Bazzi, H. (2024). Hy-TeC: a hybrid vision transformer model for high-
resolution and large-scale mapping of canopy height. Remote Sensing of
Environment, 302, 113945. https://doi.org/10.1016/J.RSE.2023.113945

Fu, J., Liu, J., Tian, H., Li, Y., Bao, Y., Fang, Z., & Lu, H. (2018). Dual Attention
Network for Scene Segmentation. Computer Vision and Pattern Recognition,
2019-June, 3141-3149. https://doi.org/10.1109/CVPR.2019.00326

Gibril, M. B. A., Shafri, H. Z. M., Al-Ruzouq, R., Shanableh, A., Nahas, F., & Al
Mansoori, S. (2023). Large-Scale Date Palm Tree Segmentation from
Multiscale UAV-Based and Aerial Images Using Deep Vision Transformers.
Drones, 7(2), 93. https://doi.org/10.3390/DRONES7020093

Guo, J., Xu, Q., Zeng, Y., Liu, Z., & Zhu, X. X. (2023). Nationwide urban tree
canopy mapping and coverage assessment in Brazil from high-resolution
remote sensing images using deep learning. ISPRS Journal of
Photogrammetry and Remote Sensing, 198, 1-15.
https://doi.org/10.1016/J.ISPRSJPRS.2023.02.007

Hammam, A., Sreedhar, B. K., Kawa, N., Patzelt, T., & Candido, O. De. (2024).
Structuring a Training Strategy to Robustify Perception Models with Realistic
Image Augmentations. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2408.17311

Hao, M., Dong, X., Jiang, D., Yu, X., Ding, F., & Zhuo, J. (2024). Land-use
classification based on high-resolution remote sensing imagery and deep
learning models. PLoS ONE, 19(4 April).
https://doi.org/10.1371/JOURNAL.PONE.0300473

Harris, N. L., Gibbs, D. A., Baccini, A., Birdsey, R. A., de Bruin, S., Farina, M.,
Fatoyinbo, L., Hansen, M. C., Herold, M., Houghton, R. A., Potapov, P. V.,
Suarez, D. R., Roman-Cuesta, R. M., Saatchi, S. S., Slay, C. M,
Turubanova, S. A., & Tyukavina, A. (2021). Global maps of twenty-first
century forest carbon fluxes. Nature Climate Change 2021 11:3, 11(3), 234—
240. https://doi.org/10.1038/s41558-020-00976-6



76

Hasan, M., Hossain, Md. A., Srizon, A. Y., & Sayeed, A. (2023). TaLU: A Hybrid
Activation Function Combining Tanh and Rectified Linear Unit to Enhance
Neural Networks. ArXiv.Org. https://doi.org/10.48550/ARXIV.2305.04402

He, T., Zhang, Z., Zhang, H., Zhang, Z., Xie, J., & Li, M. (2018). Bag of Tricks for
Image Classification with Convolutional Neural Networks. Computer Vision
and Pattern Recognition, 2019-June, 558-567.
https://doi.org/10.1109/CVPR.2019.00065

Hemis, M., Kheddar, H., Bourouis, S., & Saleem, N. (2024). Deep learning
techniques for hand vein biometrics: A comprehensive review. Information
Fusion, 114. https://doi.org/10.1016/J.INFFUS.2024.102716

Hochreiter, S., & Schmidhuber, J. (1997). Long Short-Term Memory. Neural
Computation, 9(8), 1735-1780.
https://doi.org/10.1162/NEC0.1997.9.8.1735

Huang, A. H. (2024). Expanded Gating Ranges Improve Activation Functions.
ArXiv.Org. https://doi.org/10.48550/ARXIV.2405.20768

Hussain, K. ;, Rahman, F.;, Ullah, I.;, Ahmad, Z.;, Schickhoff, U., Hussain, K.,
Rahman, F., Ullah, I., Ahmad, Z., & Schickhoff, U. (2022). Assessing the
Impacts of Population Growth and Roads on Forest Cover: A Temporal
Approach to Reconstruct the Deforestation Process in District Kurram,
Pakistan, since 1972. Land 2022, Vol. 11, Page 810, 11(6), 810.
https://doi.org/10.3390/LAND11060810

Hussein, B. M., & Shareef, S. M. (2024). An Empirical Study on the Correlation
between Early Stopping Patience and Epochs in Deep Learning. ITM Web
of Conferences, 64, 01003. https://doi.org/10.1051/ITMCONF/20246401003

loffe, S., & Szegedy, C. (2015). Batch Normalization: Accelerating Deep Network
Training by Reducing Internal Covariate Shift. International Conference on
Machine Learning.

Jin, C., Zheng, A., Wu, Z., & Tong, C. (2023). Real-Time Fire Smoke Detection
Method Combining a Self-Attention Mechanism and Radial Multi-Scale
Feature Connection. Italian National Conference on Sensors, 23(6).
https://doi.org/10.3390/S23063358

Kaartinen, H., Hyyppa, J., Yu, X., Vastaranta, M., Hyypp&, H., Kukko, A.,
Holopainen, M., Heipke, C., Hirschmugl, M., Morsdorf, F., Naesset, E.,



1

Pitkanen, J., Popescu, S., Solberg, S., Wolf, B. M., & Wu, J. C. (2012). An
International Comparison of Individual Tree Detection and Extraction Using
Airborne Laser Scanning. Remote Sensing 2012, Vol. 4, Pages 950-974,
4(4), 950-974. https://doi.org/10.3390/RS4040950

Kanga, S. (2023). Advancements in remote sensing tools for forestry analysis.
Sustainable Forestry, 6(1). https://doi.org/10.24294/SF.V611.2269

Kashyap, P., Tandon, P., Gupta, S., Tiwari, A., Kulkarni, R., & Jadhav, K. (2024).
Taming the Tail: Leveraging Asymmetric Loss and Pade Approximation to
Overcome Medical Image Long-Tailed Class Imbalance. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2410.04084

Kattenborn, T., Leitloff, J., Schiefer, F., & Hinz, S. (2021). Review on
Convolutional Neural Networks (CNN) in vegetation remote sensing. ISPRS
Journal of Photogrammetry and Remote Sensing, 173, 24-49.
https://doi.org/10.1016/J.ISPRSJPRS.2020.12.010

Khoshkhahtinat, A., Zafari, A., Mehta, P. M., Nasrabadi, N. M., Thompson, B. J.,
Kirk, M. S. F., & Da Silva, D. (2023). Context-Aware Neural Video
Compression on Solar Dynamics Observatory. International Conference on
Machine Learning and Applications, 667-674.
https://doi.org/10.1109/ICMLA58977.2023.00098

Kim, T.-G. (2024). HyperbolicLR: Epoch insensitive learning rate scheduler.
ArXiv.Org. https://doi.org/10.48550/ARXIV.2407.15200

Kumar, R. P. R., Prasad, A. C., Vishnuvardhan, K., Bhuvanesh, K., & Dhama, S.
(2023). Automated Handwritten Text Recognition. E3S Web of Conferences,
430. https://doi.org/10.1051/E3SCONF/202343001022

Lang, N., Jetz, W., Schindler, K., & Wegner, J. D. (2023). A high-resolution
canopy height model of the Earth. Nature Ecology & Evolution 2023 7:11,
7(11), 1778-1789. https://doi.org/10.1038/s41559-023-02206-6

Larsen, M., Eriksson, M., Descombes, X., Perrin, G., Brandtberg, T., & Gougeon,
F. A. (2011). Comparison of six individual tree crown detection algorithms
evaluated under varying forest conditions. International Journal of Remote
Sensing, 32(20), 5827-5852.
https://doi.org/10.1080/01431161.2010.507790



78

Lay-Ekuakille, A., Djungha Okitadiowo, J. P., Di Luccio, D., Palmisano, M.,
Budillon, G., Benassai, G., & Maggi, S. (2021). Image Sensors for Wave
Monitoring in Shore Protection: Characterization through a Machine
Learning Algorithm. Italian National Conference on Sensors, 21(12).
https://doi.org/10.3390/S21124203

LeCun, Y., Bottou, L., Bengio, Y., & Haffner, P. (1998). Gradient-based learning
applied to document recognition. Proceedings of the IEEE, 86(11), 2278—
2323. https://doi.org/10.1109/5.726791

Li, H., Chen, H., Tan, C., Jiang, Z., & Xu, X. (2023). Fast Trajectory Generation
with a Deep Neural Network for Hypersonic Entry Flight. Aerospace, 10(11).
https://doi.org/10.3390/AEROSPACE10110931

Li, Q., & Ke, W. (2024). Investigating the Synergistic Effects of Dropout and
Residual Connections on Language Model Training. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2410.01019

Li, X., Chen, W. Y., Sanesi, G., & Lafortezza, R. (2019). Remote Sensing in Urban
Forestry: Recent Applications and Future Directions. Remote Sensing 2019,
Vol. 11, Page 1144, 11(10), 1144. https://doi.org/10.3390/RS11101144

Li, X., Xu, X., He, X., Wei, X., & Yang, H. (2023). Intelligent Crack Detection
Method Based on GM-ResNet. Italian National Conference on Sensors,
23(20). https://doi.org/10.3390/S23208369

Li, Y. M., Baskonus, H. M., & Khudhur, A. M. (2021). Investigations of the complex
wave patterns to the generalized Calogero—Bogoyavlenskii—Schiff equation.
Volume 25, Issue 10, Pages 6999 - 7008, 25(10), 6999-7008.
https://doi.org/10.1007/s00500-021-05627-2

Lin, T. Y., Goyal, P., Girshick, R., He, K., & Dollar, P. (2017). Focal Loss for Dense
Object Detection. IEEE International Conference on Computer Vision, 2017-
October, 2999-3007. https://doi.org/10.1109/ICCV.2017.324

Liu, J., Quan, Y., Wang, B., Shi, J., Ming, L., & Li, M. (2023). Estimation of Forest
Stock Volume Combining Airborne LIDAR Sampling Approaches with Multi-
Sensor Imagery. Forests 2023, Vol. 14, Page 2453, 14(12), 2453.
https://doi.org/10.3390/F14122453

Liu, K., Jiang, Z., Xu, M., Perc, M., & Li, X. (2021). Tilt Correction Toward Building

Detection of Remote Sensing Images. IEEE Journal of Selected Topics in



79

Applied Earth Observations and Remote Sensing, 14, 5854-5866.
https://doi.org/10.1109/JSTARS.2021.3083481

Liu, M., Zhang, W., Orabona, F., & Yang, T. (2020). Adam+: A Stochastic Method
with Adaptive Variance Reduction. ArXiv.Org.

Liu, S., Brandt, M., Nord-Larsen, T., Chave, J., Reiner, F., Lang, N., Tong, X.,
Ciais, P., Igel, C., Pascual, A., Guerra-Hernandez, J., Li, S.,
Mugabowindekwe, M., Saatchi, S., Yue, Y., Chen, Z., & Fensholt, R. (2023).
The overlooked contribution of trees outside forests to tree cover and woody

biomass across Europe. Science Advances, 9(37).
https://doi.org/10.1126/SCIADV.ADH4097/SUPPL_FILE/SCIADV.ADH4097
_SM.PDF

Liu, Z., Lin, Y., Cao, Y., Hu, H., Wei, Y., Zhang, Z., Lin, S., & Guo, B. (2021). Swin
Transformer: Hierarchical Vision Transformer using Shifted Windows.
Proceedings of the IEEE International Conference on Computer Vision,
9992-10002. https://doi.org/10.1109/ICCV48922.2021.00986

Lowe, D. G. (2004). Distinctive image features from scale-invariant keypoints.
International  Journal of  Computer Vision, 60(2), 91-110.
https://doi.org/10.1023/B:VISI1.0000029664.99615.94/METRICS

Lyu, R., Vannucci, M., & Kundu, S. (2023). Bayesian Tensor Modeling for Image-
based Classification of Alzheimer's Disease. Neuroinformatics.
https://doi.org/10.1007/S12021-024-09669-3

Ma, X., Zhang, X., Pun, M.-O., & Huang, B. (2024). MANet: Fine-Tuning Segment
Anything Model for Multimodal Remote Sensing Semantic Segmentation.
http://arxiv.org/abs/2410.11160

Mahsereci, M., Balles, L., Lassner, C., & Hennig, P. (2017). Early Stopping
without a Validation Set. ArXiv.Org.

Makinde, A. (2024). Optimizing Time Series Forecasting: A Comparative Study
of Adam and Nesterov Accelerated Gradient on LSTM and GRU networks
Using Stock Market data.

Markus, T., Neumann, T., Martino, A., Abdalati, W., Brunt, K., Csatho, B., Farrell,
S., Fricker, H., Gardner, A., Harding, D., Jasinski, M., Kwok, R., Magruder,
L., Lubin, D., Luthcke, S., Morison, J., Nelson, R., Neuenschwander, A.,
Palm, S., ... Zwally, J. (2017). The Ice, Cloud, and land Elevation Satellite-2



80

(ICESat-2): Science requirements, concept, and implementation. Volume
190, Pages 260 - 273, 190, 260-273.
https://doi.org/10.1016/j.rse.2016.12.029

Matyukira, C., & Mhangara, P. (2024). Advances in vegetation mapping through
remote sensing and machine learning techniques: a scientometric review.
European Journal of Remote Sensing, 57(1).
https://doi.org/10.1080/22797254.2024.2422330

Mia, M. S., Voban, A. A. B., Arnob, A. B. H., Naim, A., Ahmed, M. K., & Islam, M.
S. (2023). DANet: Enhancing Small Object Detection through an Efficient
Deformable Attention Network. ICCD, 51-62.
https://doi.org/10.1109/ICCD59681.2023.10420622

Mitchell, B., Fisk, H., Clark, J., & Rounds, E. (2018). Lidar acquisition
specifications for forestry applications. US Forest Service, Geospatial
Technology & Applications Centre: Salt Lake City, UT, USA.

Naushad, R., Kaur, T., & Ghaderpour, E. (2021). Deep Transfer Learning for Land
Use and Land Cover Classification: A Comparative Study. Sensors 2021,
Vol. 21, Page 8083, 21(23), 8083. https://doi.org/10.3390/S21238083

Nguyen-The, M., Lamghari, S., Bilodeau, G. A., & Rockemann, J. (2021).
Leveraging Sentiment Analysis Knowledge to Solve Emotion Detection
Tasks. ICPR Workshops, 13643 LNCS, 405-416.
https://doi.org/10.1007/978-3-031-37660-3_29

Pan, S. J., & Yang, Q. (2010). A survey on transfer learning. IEEE Transactions
on Knowledge and Data Engineering, 22(10), 1345-1359.
https://doi.org/10.1109/TKDE.2009.191

Papa, L., Russo, P., Amerini, I., & Zhou, L. (2023). A survey on efficient vision
transformers: algorithms, techniques, and performance benchmarking. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 14(8).
https://doi.org/10.1109/TPAMI.2024.3392941

Pereira, G. A., & Hussain, M. (2024). A Review of Transformer-Based Models for
Computer Vision Tasks: Capturing Global Context and Spatial Relationships.
http://arxiv.org/abs/2408.15178

Pi, Y., Nath, N. D., & Behzadan, A. H. (2020). Convolutional neural networks for
object detection in aerial imagery for disaster response and recovery.



81

Advanced Engineering Informatics, 43, 101009.
https://doi.org/10.1016/J.AEI.2019.101009

Potapov, P., Li, X., Hernandez-Serna, A., Tyukavina, A., Hansen, M. C,,
Kommareddy, A., Pickens, A., Turubanova, S., Tang, H., Silva, C. E,,
Armston, J., Dubayah, R., Blair, J. B., & Hofton, M. (2021). Mapping global
forest canopy height through integration of GEDI and Landsat data. Remote
Sensing of Environment, 253, 112165.
https://doi.org/10.1016/J.RSE.2020.112165

Prochazka, P., Abrham, J., Cerveny, J., Kobera, L., Sanova, P., Benes, D., Fink,
J. M., Jiraskova, E., Primasova, S., Soukupova, J., & Smutka, L. (2023).
Understanding the socio-economic causes of deforestation: a global
perspective. Frontiers in Forests and Global Change, 6, 1288365.
https://doi.org/10.3389/FFGC.2023.1288365/BIBTEX

Pu, R., & Landry, S. (2020). Mapping urban tree species by integrating multi-
seasonal high resolution pléiades satellite imagery with airborne LiDAR data.
Urban Forestry & Urban Greening, 53, 126675.
https://doi.org/10.1016/J.UFUG.2020.126675

Qi, W., Saarela, S., Armston, J., Stahl, G., & Dubayah, R. (2019). Forest biomass
estimation over three distinct forest types using TanDEM-X InNSAR data and
simulated GEDI lidar data. Remote Sensing of Environment, 232, 111283.
https://doi.org/10.1016/J.RSE.2019.111283

Raimundo, A., Pavia, J. P., Sebastido, P., & Postolache, O. (2023). YOLOX-Ray:
An Efficient Attention-Based Single-Staged Object Detector Tailored for
Industrial Inspections. Italian National Conference on Sensors, 23(10).
https://doi.org/10.3390/S23104681

Ramachandran, P., Parmar, N., Vaswani, A., Bello, I., Levskaya, A., & Shlens, J.
(2019). Stand-Alone Self-Attention in Vision Models. Neural Information
Processing Systems.

Ramdass, P., Ganesan, G., Boulaaras, S., & Tantawy, S. S. (2024). Enhancing
Efficacy in Breast Cancer Screening with Nesterov Momentum Optimization
Techniques. Mathematics, 12(21). https://doi.org/10.3390/MATH12213354



82

Ratnasari, A., & Sudradjat, I. (2023). Case study approach in post-occupancy
evaluation research. ARTEKS Jurnal Teknik Arsitektur, 8(3), 427-434.
https://doi.org/10.30822/ARTEKS.V8I3.2584

Roberts, P., & Priest, H. (2006). Reliability and validity in research. Nursing
Standard (Royal College of Nursing (Great Britain) : 1987), 20(44), 41-45.
https://doi.org/10.7748/NS2006.07.20.44.41.C6560

Shaik, R., & Kishore, K. S. (2024). Enhancing Text Generation in Joint NLG/NLU
Learning Through Curriculum Learning, Semi-Supervised Training, and
Advanced Optimization Techniques. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2410.13498

Sharma, A. K., & Verma, N. (2023). A Novel Vision Transformer with Residual in
Self-attention  for  Biomedical Image  Classification.  ArXiv.Org.
https://doi.org/10.48550/ARXIV.2306.01594

Shi, Z., Zhang, M., Han, M., Zhang, Y., Ma, G., & Ren, H. (2024). BresNet:
Applying Residual Learning in Backpropagation Neural Networks to Predict
Ground Surface Concentration of Primary Air Pollutants. Remote Sensing,
16(16). https://doi.org/10.3390/RS16162897

Shu, X., Li, B., & Ma, Z. (2024). Wavefront Reconstruction Using Two-Frame
Random Interferometry Based on Swin-Unet. Photonics, 11(2).
https://doi.org/10.3390/PHOTONICS11020122

Simon, J. B., Karkada, D., Ghosh, N., & Belkin, M. (2023). More is Better in
Modern Machine Learning: when Infinite Overparameterization is Optimal
and Overfitting is Obligatory. 12th International Conference on Learning
Representations, ICLR 2024. https://arxiv.org/abs/2311.14646v4

Sivari, E., Bostanci, E., Guzel, M. S., Acici, K., Asuroglu, T., & Ercelebi Ayyildiz,
T. (2023). A New Approach for Gastrointestinal Tract Findings Detection and
Classification: Deep Learning-Based Hybrid Stacking Ensemble Models.
Diagnostics, 13(4). https://doi.org/10.3390/DIAGNOSTICS13040720

Song, G., Huang, D., & Xiao, Z. (2021). A Study of Multilingual Toxic Text
Detection Approaches under Imbalanced Sample Distribution. Inf., 12(5).
https://doi.org/10.3390/INFO12050205

Song, Z., & Yao, H. (2022). Segmentation method of U-net sheet metal
engineering drawing based on CBAM attention mechanism.



83

Sothe, C., Gonsamo, A., Lourenco, R. B., Kurz, W. A., & Snider, J. (2022).
Spatially Continuous Mapping of Forest Canopy Height in Canada by
Combining GEDI and ICESat-2 with PALSAR and Sentinel. Remote Sensing
2022, Vol. 14, Page 5158, 14(20), 5158.
https://doi.org/10.3390/RS14205158

Sreedhar, K., Clemons, J., Venkatesan, R., Keckler, S. W., & Horowitz, M. (2022).
Vision Transformer Computation and Resilience for Dynamic Inference.
IEEE International Symposium on Performance Analysis of Systems and
Software, 192—-204. https://doi.org/10.1109/ISPASS61541.2024.00027

Srivastava, N., Hinton, G. E., Krizhevsky, A., Sutskever, I., & Salakhutdinov, R.
(2014). Dropout: a simple way to prevent neural networks from overfitting.
Journal of Machine Learning Research.
https://doi.org/10.5555/2627435.2670313

Su, Z., Yu, J., Tan, H., Wan, X., & Qi, K. (2023). MSA-YOLO: A Remote Sensing
Object Detection Model Based on Multi-Scale Strip Attention. Italian National
Conference on Sensors, 23(15). https://doi.org/10.3390/S23156811

Talha, M., Bhatti, F. A., Ghuffar, S., & Zafar, H. (2023). ADU-Net: Semantic
segmentation of satellite imagery for land cover classification. Advances in
Space Research, 72(5), 1780-1788.
https://doi.org/10.1016/J.ASR.2023.05.007

Tan, C. K., Lim, K. M., Chang, R. K. Y., Lee, C. P., & Algahtani, A. (2023). HGR-
ViT: Hand Gesture Recognition with Vision Transformer. lItalian National
Conference on Sensors, 23(12). https://doi.org/10.3390/S23125555

Taniguchi, S., Harada, K., Minegishi, G., Oshima, Y., Jeong, S. C., Nagahara, G.,
liyama, T., Suzuki, M., Iwasawa, Y., & Matsuo, Y. (2024). ADOPT: Modified
Adam Can Converge with Any $\beta 2$ with the Optimal Rate.
https://arxiv.org/abs/2411.02853v3

Terven, J. R., Cérdova-Esparza, D.-M., Ramirez-Pedraza, A., Chavez-Urbiola,
E. A., & Romero-Gonzalez, J. (2023). Loss Functions and Metrics in Deep
Learning.

Tian, N., Liu, Y., Wu, B., & Li, X. (2021). Colorization of Logo Sketch Based on
Conditional Generative Adversarial Networks. Electronics, 10(4), 1-15.
https://doi.org/10.3390/ELECTRONICS10040497



84

Timilsina, S., Aryal, J., & Kirkpatrick, J. B. (2020). Mapping Urban Tree Cover
Changes Using Object-Based Convolution Neural Network (OB-CNN).
Remote Sensing, 12(18). https://doi.org/10.3390/RS12183017

Tolan, J., Yang, H. ., Nosarzewski, B., Couairon, G., Vo, H. V., Brandt, J., Spore,
J., Majumdar, S., Haziza, D., Vamaraju, J., Moutakanni, T., Bojanowski, P.,
Johns, T., White, B., Tiecke, T., & Couprie, C. (2024). Very high resolution
canopy height maps from RGB imagery using self-supervised vision
transformer and convolutional decoder trained on aerial lidar. Remote
Sensing of Environment, 300, 113888.
https://doi.org/10.1016/J.RSE.2023.113888

Travers-Smith, H., Coops, N. C., Mulverhill, C., Wulder, M. A., Ignace, D., &
Lantz, T. C. (2024). Mapping vegetation height and identifying the northern
forest limit across Canada using ICESat-2, Landsat time series and
topographic data. Remote Sensing of Environment, 305, 114097.
https://doi.org/10.1016/J.RSE.2024.114097

van Lierop, P., Lindquist, E., Sathyapala, S., & Franceschini, G. (2015). Global
forest area disturbance from fire, insect pests, diseases and severe weather
events. Forest Ecology and Management, 352, 78-88.
https://doi.org/10.1016/J.FORECO0.2015.06.010

Vardasbi, A., De Rijke, M., & Dehghani, M. (2022). Intersection of Parallels as an
Early Stopping Criterion. International Conference on Information and
Knowledge Management, 1965-1974.
https://doi.org/10.1145/3511808.3557366

Varshney, A. K., Garg, S., Ghosh, A. P., & Gupta, S. (2023). Fair Differentially
Private Federated Learning Framework. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2305.13878

Vega, J., Palomino-angel, S., & Anaya, J. (2022). Structural attributes estimation
in a natural tropical forest fragment using very high-resolution imagery from
unmanned aircraft systems. Earth Sciences Research Journal, 26(1), 1-12.
https://doi.org/10.15446/ESRJ.V26N1.95405

Veldanda, A., Brugere, I., Chen, J., Dutta, S., Mishler, A., & Garg, S. (2022).
Fairness via In-Processing in the Over-parameterized Regime: A Cautionary
Tale. ArXiv. https://doi.org/10.48550/ARXIV.2206.14853



85

Verbeeck, K., & Van Orshoven, J. (2012). External geo-information in the
segmentation of VHR imagery improves the detection of imperviousness in
urban neighborhoods. International Journal of Applied Earth Observation
and Geoinformation, 18(2), 428-435.
https://doi.org/10.1016/J.JAG.2012.03.015

VHR satellite imagery made easy! - DHI. (n.d.). Retrieved January 9, 2025, from
https://eo.dhigroup.com/solutions/satellite-imagery/vhr/

Viet, L. T., Le, H. M. Q., Yem, V. Van, Tran, T. T., & Pham, V. T. (2023). Attention
ConvMixer Model and Application for Fish Species Classification. EAI
Endorsed Trans. Ind. Networks Intell. Syst., 10(3).
https://doi.org/10.4108/EETINIS.V1013.3562

Wagner, F. H., Roberts, S., Ritz, A. L., Carter, G., Dalagnol, R., Favrichon, S.,
Hirye, M. C. M., Brandt, M., Ciais, P., & Saatchi, S. (2024). Sub-meter tree
height mapping of California using aerial images and LiDAR-informed U-Net
model. Remote  Sensing of  Environment, 305, 114099.
https://doi.org/10.1016/J.RSE.2024.114099

Wang, B., Ma, G., Sui, H., Zhang, Y., Zhang, H., & Zhou, Y. (2023). Few-Shot
Object Detection in Remote Sensing Imagery via Fuse Context
Dependencies and Global Features. Remote Sensing 2023, Vol. 15, Page
3462, 15(14), 3462. https://doi.org/10.3390/RS15143462

Wang, H. (2021). Neural Network-Oriented Big Data Model for Yoga Movement
Recognition. Computational Intelligence and Neuroscience, 2021.
https://doi.org/10.1155/2021/4334024

Wang, L., & Zhang, Y. (2024). Filing GRACE data gap using an innovative
transformer-based deep learning approach. Remote Sensing of
Environment, 315, 114465. https://doi.org/10.1016/J.RSE.2024.114465

Wang, Q., Wu, B., Zhu, P., Li, P., Zuo, W., & Hu, Q. (2019). ECA-Net: Efficient
Channel Attention for Deep Convolutional Neural Networks. Computer
Vision and Pattern Recognition, 11531-11539.
https://doi.org/10.1109/CVPR42600.2020.01155

Wang, X., Girshick, R., Gupta, A., & He, K. (2017). Non-local Neural Networks.
2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,
7794-7803. https://doi.org/10.1109/CVPR.2018.00813



86

Wang, X., & Wang, X. (2020). Spatiotemporal Fusion of Remote Sensing Image
Based on Deep  Learning. Journal of  Sensors, 2020.
https://doi.org/10.1155/2020/8873079

Wang, Z., Li, L., Zeng, C., & Yao, J. (2023). Student Learning Behavior
Recognition Incorporating Data Augmentation with Learning Feature
Representation in Smart Classrooms. Italian National Conference on
Sensors, 23(19). https://doi.org/10.3390/S23198190

Weng, W., & Zhu, X. (2015). U-Net: Convolutional Networks for Biomedical Image
Segmentation. IEEE Access, 9, 16591-16603.
https://doi.org/10.1109/ACCESS.2021.3053408

What is Lidar? | OpenTopography. (n.d.). Retrieved January 9, 2025, from
https://opentopography.org/lidar_basics

Wilkes, P., Jones, S. D., Suarez, L., Mellor, A., Woodgate, W., Soto-Berelov, M.,
Haywood, A., & Skidmore, A. K. (2015). Mapping Forest Canopy Height
Across Large Areas by Upscaling ALS Estimates with Freely Available
Satellite Data. Remote Sensing, 7(9), 12563-12587.
https://doi.org/10.3390/RS70912563

Xie, M., Jean, N., Burke, M., Lobell, D., & Ermon, S. (2015). Transfer Learning
from Deep Features for Remote Sensing and Poverty Mapping. 30th AAAI
Conference on Artificial Intelligence, AAAlI 2016, 3929-3935.
https://doi.org/10.1609/aaai.v30i1.9906

Xie, Q., Zhou, D., Tang, R., & Feng, H. (2024). A Deep CNN-Based Detection
Method for Multi-Scale Fine-Grained Objects in Remote Sensing Images.
IEEE Access, 12, 15622-15630.
https://doi.org/10.1109/ACCESS.2024.3356716

Xie, Z., Chen, Y., Lu, D., Li, G., & Chen, E. (2019). Classification of Land Cover,
Forest, and Tree Species Classes with ZiYuan-3 Multispectral and Stereo
Data. Remote Sensing 2019, Vol. 11, Page 164, 11(2), 164.
https://doi.org/10.3390/RS11020164

Xu, Z., Zhang, W., Zhang, T., Yang, Z., & Li, J. (2021). Efficient Transformer for
Remote Sensing Image Segmentation. Remote Sensing 2021, Vol. 13, Page
3585, 13(18), 3585. https://doi.org/10.3390/RS13183585



87

Yuan, L., Hou, Q., Jiang, Z., Feng, J., & Yan, S. (2021). VOLO: Vision Outlooker
for Visual Recognition. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 45(5), 6575-6586.
https://doi.org/10.1109/TPAMI.2022.3206108

Zahra, A., Qureshi, R., Sajjad, M., Sadak, F., Nawaz, M., Khan, H. A., & Uzair,
M. (2024). Current advances in imaging spectroscopy and its state-of-the-art
applications. Expert Systems with Applications, 238, 122172.
https://doi.org/10.1016/J.ESWA.2023.122172

Zhang, B., Qiu, S., & Liang, T. (2024). Dual Attention-Based 3D U-Net Liver
Segmentation Algorithm on CT Images. Bioengineering, 11(7).
https://doi.org/10.3390/BIOENGINEERING11070737

Zhang, G., & Liu, H. (2024). The Unified Balance Theory of Second-Moment
Exponential Scaling Optimizers in  Visual Tasks. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2405.18498

Zhang, M. J. Q., & Choi, E. (2023). Mitigating Temporal Misalignment by
Discarding Outdated Facts. http://arxiv.org/abs/2305.14824

Zhang, T., Wu, L., Liu, X., Liu, M., Chen, C., Yang, B., Xu, Y., & Zhang, S. (2023).
Detection of Forest Disturbances with Different Intensities Using Landsat
Time Series Based on Adaptive Exponentially Weighted Moving Average
Charts.  Forests 2024, Vol. 15, Page 19, 15(1), 19.
https://doi.org/10.3390/F15010019

Zhao, P., Ye, X., & Du, Z. (2024). Object Detection in Multispectral Remote
Sensing Images Based on Cross-Modal Cross-Attention. Italian National
Conference on Sensors, 24(13). https://doi.org/10.3390/S24134098

Zhao, Z., Ru, L., & Wu, C. (2023). Exploring Effective Priors and Efficient Models
for Weakly-Supervised Change Detection. ArXiv.Org.
https://doi.org/10.48550/ARXIV.2307.10853

Zhu, X., & Helmer, E. H. (2018). An automatic method for screening clouds and
cloud shadows in optical satellite image time series in cloudy regions.
https://doi.org/10.1016/).rse.2018.05.024

Zhu, X. X., Tuia, D., Mou, L., Xia, G. S., Zhang, L., Xu, F., & Fraundorfer, F.
(2017). Deep Learning in Remote Sensing: A Comprehensive Review and



88

List of Resources. IEEE Geoscience and Remote Sensing Magazine, 5(4),
8-36. https://doi.org/10.1109/MGRS.2017.2762307



Appendix 1
1 ()

Appendix 1: Detailed Training and Validation Metrics Over
Epochs
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Figure 16: Tree Classification Accuracy for Class 0 of the Best Model
Over Epochs
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Tree Classification Accuracy for Class 1
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Figure 18: Tree Centroid Classification Accuracy of Best Model Over
Epochs
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Figure 19: Tree Centroid Classification Accuracy for Class 0 of the Best
Model Over Epochs
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Figure 20: Tree Centroid Classification Accuracy for Class 1 of the Best
Model Over Epochs



Appendix 2: Performance results of all models

The order of the tables is based on the row number in Table 1 in Chapter 7 (Results)

Table 1: Performance Results of Model 1 Over Epochs

Appendix 1
1 (50)

Train Train Validation Train Validation Train Train Validation | Validation

Train Validation Train Validation Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) Accuracy (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 8.41 58.86 68.63 84.40 48.83 60.95 71.47 55.20 36.11 55.18 60.04 35.91 79.77
No 2 5.42 6.91 79.07 71.49 76.12 80.23 75.93 69.85 72.63 82.73 72.67 63.49 82.83 59.71
No 3 4,93 4.48 82.86 84.49 77.48 84.97 70.63 89.62 76.12 78.79 76.14 70.31 78.83 69.30
No 4 4.33 4.20 82.58 85.81 84.55 81.80 71.28 91.19 78.21 77.36 78.25 69.71 77.38 71.96
No 5 4.31 4.20 83.79 82.00 81.00 84.89 89.16 79.35 77.92 70.63 77.95 70.45 70.62 74.87
Yes 6 4.24 4.46 84.78 83.24 81.53 86.06 87.89 81.52 78.25 71.11 78.29 70.69 71.09 74.81
No 7 4.64 4.42 84.59 86.72 83.92 84.86 75.04 91.04 75.37 67.35 75.39 72.39 67.30 79.52
Yes 8 4.67 4.79 85.06 85.24 81.47 86.47 80.96 86.82 78.07 80.97 78.10 70.95 81.03 68.15
No 9 4.36 5.60 83.93 69.36 82.46 84.51 89.16 62.04 77.37 84.25 77.40 70.92 84.36 60.13
No 10 3.96 4.10 86.00 88.19 84.14 86.73 73.27 93.71 79.02 79.12 79.05 70.53 79.16 69.52
No 11 4.51 3.88 80.62 84.76 85.72 78.61 87.58 83.72 80.09 81.21 80.15 64.94 81.27 68.88
No 12 3.80 4.58 86.56 75.91 83.70 87.68 93.37 69.46 79.55 83.82 79.59 70.53 83.91 64.39
No 13 3.89 4.18 85.83 77.79 84.70 86.28 88.51 73.83 79.28 80.66 79.31 70.70 80.72 67.94
Yes 14 3.79 3.63 86.50 87.34 82.66 88.00 84.59 88.35 78.04 80.01 78.06 72.02 80.06 70.45
No 15 4.00 3.88 84.92 87.47 83.38 85.53 77.43 91.19 78.81 74.47 78.84 71.05 74.47 75.05
No 16 3.99 5.07 84.59 79.24 81.33 85.87 82.25 78.12 77.29 80.75 77.31 72.29 80.80 68.80
No 17 4.01 3.81 85.03 81.84 83.16 85.76 85.10 80.64 76.98 81.36 77.00 72.22 81.42 68.47
No 18 3.70 3.65 86.17 83.14 83.83 87.09 86.42 81.93 78.07 74.08 78.10 72.09 74.08 75.40
No 19 3.56 3.58 87.08 84.75 85.26 87.80 87.96 83.57 78.12 79.93 78.15 72.52 79.98 70.55
No 20 3.57 3.99 87.45 78.84 84.47 88.62 92.54 73.77 78.05 81.39 78.07 72.68 81.45 67.98
Yes 21 3.52 3.56 86.99 88.39 85.79 87.46 81.56 90.92 78.69 78.99 78.72 71.97 79.02 71.54
No 22 3.73 4.08 86.77 83.31 85.07 87.43 89.58 80.99 78.52 77.00 78.55 72.02 77.02 72.59
No 23 3.56 3.89 87.29 84.63 84.55 88.37 89.04 83.00 77.56 80.93 77.58 73.06 80.98 69.50
No 24 3.46 3.47 87.59 88.79 85.92 88.24 76.96 93.17 78.33 76.27 78.36 72.78 76.28 74.32
No 25 3.49 3.54 87.42 87.26 85.60 88.14 84.66 88.22 78.59 76.66 78.61 72.53 76.67 74.33
No 26 3.41 3.50 88.40 84.63 85.38 89.58 88.72 83.11 78.51 76.98 78.54 72.88 77.00 73.20
No 27 3.43 3.70 88.06 83.68 84.86 89.32 84.90 83.22 77.94 81.10 77.96 73.35 81.15 69.16
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. N . A Train Train . Validation Train Validation Tram- Tram. Valldatlf)n Valldatlf)n

Train Validation Train Validation Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) Accuracy (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 28 3.40 3.65 88.24 88.55 84.73 89.61 77.08 92.80 78.52 75.87 78.54 72.84 75.88 74.23
No 29 3.34 3.54 88.50 83.47 84.58 90.03 90.23 80.96 78.12 80.65 78.14 73.40 80.70 69.55
No 30 3.32 3.57 88.34 83.33 85.24 89.56 90.47 80.68 78.49 80.24 78.51 73.03 80.29 69.97
No 31 3.33 3.84 88.81 84.16 85.65 90.05 88.50 82.55 78.07 81.62 78.09 73.58 81.68 68.56
No 32 3.29 3.42 88.55 83.52 85.90 89.59 90.41 80.97 78.75 77.44 78.78 72.93 77.46 72.76
No 33 3.24 3.55 88.45 87.90 86.25 89.31 85.57 88.76 78.20 80.89 78.22 73.60 80.94 69.79
No 34 3.22 3.43 89.16 87.62 85.89 90.45 86.37 88.08 78.49 76.44 78.51 73.38 76.45 74.37
No 35 3.20 3.39 89.06 86.93 86.45 90.08 84.80 87.72 78.02 77.98 78.04 73.92 78.01 72.79
Yes 36 3.26 3.22 88.96 88.99 86.39 89.97 83.58 90.99 78.03 75.49 78.05 73.89 75.49 75.56
Yes 37 3.26 3.38 88.74 89.14 85.73 89.93 81.42 91.99 77.83 80.78 77.85 73.84 80.83 69.60
No 38 3.23 3.35 88.99 87.86 85.57 90.33 86.02 88.54 78.25 76.74 78.27 73.51 76.75 74.16
No 39 3.16 3.24 89.08 88.41 86.48 90.11 84.74 89.76 78.55 75.13 78.58 73.57 75.13 75.87
No 40 3.12 3.44 89.29 84.21 86.54 90.37 90.95 81.71 77.97 79.74 77.99 74.36 79.78 70.85
Yes 41 3.12 3.55 89.02 89.12 87.20 89.73 82.49 91.57 78.69 75.56 78.72 73.56 75.56 75.21
No 42 3.45 3.62 87.60 82.83 84.63 88.77 90.75 79.90 78.42 82.97 78.45 72.74 83.04 66.59
No 43 3.30 3.64 88.76 89.35 85.43 90.07 77.44 93.76 77.77 77.27 77.79 73.84 77.28 73.76
No 44 3.15 3.24 88.97 88.78 86.48 89.94 84.70 90.29 78.22 79.88 78.23 73.98 79.92 71.57
No 45 3.08 3.98 89.40 85.14 86.90 90.38 88.22 84.00 78.15 83.40 78.16 74.13 83.48 65.22
No 46 3.07 3.30 89.38 86.57 86.51 90.50 88.53 85.85 78.31 81.18 78.33 73.98 81.23 69.79
No 47 3.05 3.25 89.45 88.63 87.00 90.41 84.12 90.30 78.28 77.96 78.30 74.25 77.98 73.06
No 48 3.06 3.69 89.64 85.80 86.49 90.88 88.41 84.83 78.09 82.65 78.11 74.47 82.72 67.21
No 49 2.93 3.29 90.06 87.98 87.39 91.10 86.90 88.38 78.15 78.02 78.17 74.53 78.04 73.31
No 50 3.14 3.25 90.12 87.16 87.29 91.23 87.49 87.03 78.37 7491 78.39 74.51 74.90 75.89
No 51 2.91 3.19 89.88 88.23 88.04 90.61 86.77 88.78 77.87 80.01 77.88 75.10 80.05 71.34
No 52 2.97 3.26 90.37 87.89 87.11 91.65 87.07 88.19 78.23 75.90 78.24 74.93 75.91 75.13
No 53 2.91 3.23 90.27 87.67 87.74 91.26 86.31 88.18 78.04 79.82 78.05 75.13 79.86 71.57
Yes 54 2.83 3.14 90.48 89.27 87.56 91.63 83.52 91.39 78.10 77.00 78.11 75.14 77.01 74.45
No 55 3.15 3.41 89.11 87.20 87.73 89.65 86.71 87.38 78.18 79.23 78.20 74.33 79.26 71.83
No 56 3.12 3.53 89.58 89.10 86.31 90.87 81.42 91.94 77.98 80.47 77.99 74.44 80.51 70.41
No 57 3.03 3.24 89.62 87.59 86.45 90.87 87.35 87.67 78.04 77.30 78.05 74.70 77.32 73.53
No 58 2.86 3.27 89.93 89.26 87.81 90.77 83.16 91.52 78.16 76.19 78.18 74.99 76.20 74.79
No 59 2.86 3.20 90.47 88.62 87.62 91.59 84.75 90.05 77.88 78.29 77.89 75.47 78.31 73.04
Yes 60 2.90 3.27 90.70 89.47 87.49 91.96 82.59 92.01 77.77 78.95 77.78 75.52 78.98 72.26
No 61 2.90 3.36 89.82 87.79 87.64 90.68 86.69 88.19 77.82 78.84 77.83 75.09 78.87 72.27
No 62 2.95 341 89.91 88.34 86.96 91.07 81.74 90.78 77.53 80.08 77.54 75.38 80.12 70.68
No 63 3.05 3.33 90.05 88.66 86.83 91.32 84.02 90.38 78.17 78.31 78.19 74.47 78.34 72.82
No 64 2.81 3.23 90.53 87.88 88.21 91.43 86.89 88.24 78.14 78.36 78.16 75.31 78.38 72.49
No 65 2.72 3.14 90.67 89.14 88.41 91.55 83.72 91.14 77.99 75.22 78.00 75.74 75.22 75.54
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. N . A Train Train . Validation Train Validation Tram- Tram. Valldatlf)n Valldatlf)n

Train Validation Train Validation Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) Accuracy (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 66 2.81 3.17 90.73 88.33 88.14 91.75 85.94 89.21 77.82 77.97 77.83 75.95 77.99 73.05
No 67 2.73 3.21 90.56 87.74 88.17 91.49 87.09 87.98 77.87 79.26 77.88 75.76 79.29 7191
No 68 2.61 3.34 91.20 88.98 88.68 92.19 84.13 90.78 77.72 78.27 77.73 76.47 78.29 72.90
No 69 2.59 3.25 91.43 88.24 89.04 92.37 86.46 88.90 77.77 74.98 77.77 76.66 74.98 75.11
No 70 2.53 3.22 91.41 88.45 89.18 92.28 85.88 89.40 77.34 77.24 77.34 77.25 77.25 73.75
No 71 2.53 3.23 91.49 88.02 88.94 92.49 85.95 88.79 77.72 78.28 77.73 77.06 78.31 72.25
No 72 2.48 3.12 91.51 88.47 89.55 92.28 84.44 89.96 77.31 76.39 77.31 77.69 76.40 74.20
No 73 2.44 3.11 91.65 88.69 89.52 92.48 84.52 90.23 77.59 76.25 77.59 77.57 76.26 74.59
No 74 2.42 3.12 91.84 88.07 89.43 92.78 85.67 88.95 77.52 77.00 77.52 77.78 77.01 73.51
No 75 2.39 3.12 91.68 88.58 89.90 92.38 85.02 89.90 77.20 77.74 77.20 78.37 77.76 72.89
No 76 2.39 3.12 91.99 88.26 89.59 92.94 84.55 89.63 77.21 78.23 77.21 78.52 78.26 71.93
No 77 2.33 3.11 91.98 87.95 89.74 92.86 85.56 88.84 77.34 77.20 77.33 78.52 77.22 72.98
No 78 2.37 3.13 91.94 88.82 89.90 92.75 83.59 90.75 76.96 77.28 76.95 78.96 77.29 73.28
No 79 2.35 3.13 91.92 88.16 89.82 92.75 85.19 89.25 77.54 78.05 77.54 78.27 78.07 72.04
No 80 2.34 3.14 91.81 88.00 90.02 92.51 84.84 89.16 77.36 75.74 77.36 78.61 75.75 74.08
No 81 2.32 3.16 92.10 87.89 89.96 92.93 85.59 88.74 77.10 77.57 77.09 79.16 77.59 72.08
No 82 2.29 3.13 92.11 88.45 90.13 92.88 83.81 90.16 77.13 76.69 77.12 79.25 76.71 73.37
No 83 2.31 3.11 92.04 88.40 90.22 92.76 84.24 89.94 77.02 76.55 77.01 79.40 76.56 73.36
No 84 2.32 3.13 92.17 88.32 89.80 93.10 83.96 89.93 77.12 76.48 77.11 79.11 76.49 73.34
No 85 2.31 3.12 92.16 88.29 90.02 93.00 84.20 89.81 76.78 77.35 76.76 79.80 77.38 72.49
No 86 2.30 3.12 92.14 88.36 90.15 92.93 83.95 89.99 77.21 76.18 77.20 79.31 76.19 73.55
No 87 2.28 3.12 92.20 88.33 90.02 93.05 84.13 89.88 76.85 77.01 76.84 79.75 77.03 72.66
No 88 2.29 3.13 92.16 88.28 90.20 92.93 84.30 89.76 77.06 76.38 77.04 79.54 76.40 73.26
No 89 2.29 3.13 92.23 88.39 89.77 93.19 83.62 90.16 76.89 76.81 76.88 79.78 76.83 72.93
No 90 2.25 3.13 92.28 88.37 90.10 93.13 83.94 90.02 77.07 76.61 77.05 79.78 76.63 72.96




Table 2: Performance Results of Model 2 Over Epochs

Appendix 1

. . N N . Sy Train Train Validation | Validation

Train Validation Train Validation Train Train Validation | Validation Tram. Valldat|-on Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 8.07 56.84 53.14 77.10 48.89 87.02 40.60 80.46 87.49 80.61 47.28 87.69 42.08
No 2 5.73 5.04 79.79 80.24 73.82 82.14 79.22 80.62 70.40 82.77 70.39 72.60 82.87 62.44
No 3 4.88 4.34 81.86 84.01 76.45 83.98 76.89 86.64 79.09 80.00 79.14 68.19 80.06 67.96
No 4 4.74 5.86 82.25 84.79 80.88 82.78 74.77 88.49 77.83 79.57 77.86 70.21 79.62 69.01
No 5 4.40 5.38 82.84 75.08 81.50 83.37 83.63 71.92 78.87 81.70 78.91 69.38 81.77 65.89
No 6 4.55 4.57 83.50 77.71 80.90 84.53 90.65 72.92 77.93 81.05 77.96 70.77 81.11 68.41
Yes 7 4.40 4.08 83.91 85.37 83.81 83.96 81.94 86.64 76.89 80.32 76.92 71.36 80.37 69.50
Yes 8 4.16 3.91 83.57 86.85 85.96 82.62 80.96 89.03 77.85 80.09 77.88 70.92 80.13 69.82
No 9 3.99 3.93 85.34 85.51 84.42 85.70 83.57 86.22 78.83 79.78 78.87 70.55 79.83 70.38
No 10 4.01 4.21 84.75 76.96 84.06 85.02 90.97 71.78 78.74 7191 78.77 70.75 71.90 73.47
No 11 3.98 5.59 84.61 69.35 86.14 84.01 94.07 60.21 78.00 81.90 78.03 71.23 81.97 65.71
No 12 3.80 5.99 85.89 67.79 82.81 87.09 91.37 59.07 77.48 83.64 77.50 72.45 83.73 62.35
No 13 3.90 4.55 85.69 77.37 84.01 86.35 85.35 74.42 78.69 80.32 78.73 71.10 80.37 69.07
No 14 3.68 3.86 86.65 78.95 84.22 87.61 91.59 74.27 77.98 81.30 78.01 72.34 81.36 68.32
No 15 3.63 4.52 86.60 76.87 84.95 87.24 93.10 70.87 77.93 83.58 77.95 72.62 83.66 65.40
No 16 3.61 3.70 87.42 85.38 83.73 88.86 85.32 85.40 78.11 80.24 78.14 72.51 80.28 70.06
Yes 17 3.61 3.58 86.07 88.22 86.48 85.91 82.07 90.50 78.41 77.12 78.44 72.18 77.14 73.71
No 18 3.73 3.89 86.54 88.40 82.91 87.97 77.90 92.28 77.48 69.16 77.50 72.69 69.12 79.82
No 19 3.60 4.43 87.14 78.51 83.74 88.47 89.01 74.62 77.59 82.05 77.61 72.50 82.12 66.99
No 20 3.69 4.16 87.02 87.79 84.61 87.97 77.20 91.72 77.91 75.67 77.93 72.84 75.68 74.33
No 21 3.61 3.74 87.15 88.21 83.89 88.43 77.20 92.28 77.95 78.15 77.97 72.94 78.17 72.35
No 22 3.68 3.52 86.67 86.43 84.41 87.55 87.14 86.17 77.95 78.19 77.97 72.84 78.21 72.58
No 23 3.39 4.36 88.64 74.55 84.47 90.28 93.34 67.60 78.31 83.75 78.34 73.18 83.85 62.98
No 24 3.41 3.40 88.06 85.86 85.11 89.22 87.60 85.21 78.14 79.25 78.16 73.32 79.29 71.65
No 25 3.36 341 88.38 85.61 84.74 89.81 89.47 84.18 77.77 77.59 77.79 73.83 77.61 72.74
Yes 26 3.40 3.68 88.44 88.28 85.33 89.66 84.34 89.74 78.29 72.83 78.31 73.28 72.81 77.30
No 27 3.42 5.95 88.15 63.78 85.15 89.33 93.81 52.67 78.12 85.90 78.14 73.14 86.03 57.05
No 28 3.43 3.75 88.44 82.05 84.78 89.87 84.59 81.10 77.94 80.49 77.96 73.72 80.55 67.90

4 (50)
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 29 3.38 3.31 88.22 86.46 85.04 89.46 87.82 85.96 77.85 78.85 77.87 73.63 78.88 72.14
No 30 3.25 3.93 88.66 80.77 85.76 89.80 92.23 76.53 78.16 80.21 78.18 73.55 80.25 69.60
Yes 31 3.35 3.48 88.90 88.51 86.74 89.74 83.30 90.43 77.79 75.77 77.81 74.05 75.77 75.10
No 32 3.32 4.48 88.35 75.48 85.43 89.49 92.07 69.34 77.68 82.18 77.70 74.04 82.27 63.61
No 33 3.37 3.54 88.05 85.66 86.42 88.69 88.45 84.63 78.32 81.30 78.35 73.21 81.36 67.74
Yes 34 3.27 3.34 88.35 89.39 86.66 89.01 80.87 92.54 77.70 79.95 77.71 74.41 79.99 71.23
No 35 3.27 341 88.63 88.39 85.27 89.95 82.73 90.49 77.87 78.11 77.88 73.86 78.14 72.91
No 36 3.34 3.67 88.48 89.05 85.98 89.46 75.00 94.25 77.66 77.19 77.68 74.07 77.21 73.48
No 37 3.37 3.44 88.13 88.04 83.75 89.86 83.51 89.72 77.75 75.32 77.76 73.94 75.32 75.37
No 38 3.34 3.97 88.63 88.53 85.84 89.73 75.48 93.36 78.06 80.33 78.08 73.65 80.38 70.16
No 39 3.35 3.45 88.34 86.58 84.93 89.67 85.68 86.91 77.91 80.27 77.93 73.76 80.31 70.40
No 40 3.19 3.26 88.72 88.97 86.77 89.48 82.75 91.27 78.31 76.40 78.33 73.91 76.41 74.71
No 41 3.19 3.45 88.86 84.41 86.48 89.80 87.75 83.17 77.69 80.94 77.70 74.54 80.99 69.81
No 42 3.20 3.33 89.17 87.87 86.48 90.22 85.68 88.68 77.77 73.90 77.79 74.72 73.89 76.81
No 43 3.10 3.19 89.38 88.39 86.70 90.43 85.96 89.28 78.04 78.25 78.05 74.56 78.28 73.04
No 44 3.08 3.24 89.45 88.00 86.50 90.61 86.60 88.52 78.02 78.59 78.03 74.60 78.62 72.79
No 45 3.10 3.41 89.42 88.44 86.86 90.43 82.58 90.61 77.48 80.09 77.49 75.19 80.13 70.69
No 46 3.02 3.47 89.68 88.51 86.81 90.81 84.49 89.99 78.12 78.72 78.13 74.56 78.75 72.27
No 47 3.03 3.84 89.81 89.33 86.71 91.03 80.36 92.65 78.14 76.44 78.15 74.72 76.44 74.68
No 48 3.05 3.32 88.90 87.91 87.58 89.42 86.70 88.36 78.06 77.99 78.07 74.60 78.01 73.02
No 49 3.05 3.33 89.70 88.31 86.51 90.95 86.63 88.93 77.98 75.11 77.99 74.83 75.11 75.75
No 50 3.02 3.38 89.31 85.36 87.52 90.02 89.82 83.71 77.84 79.88 77.85 74.89 79.93 70.58
No 51 3.04 3.38 89.68 86.80 87.19 90.67 86.91 86.77 77.80 78.04 77.82 75.23 78.07 72.48
No 52 3.04 3.34 89.93 88.87 86.98 91.09 84.35 90.54 77.91 75.55 77.92 75.06 75.55 75.09
Yes 53 2.95 3.13 90.14 89.49 87.92 91.01 82.94 91.92 77.74 76.24 77.75 75.47 76.24 75.04
No 54 3.08 4.07 89.60 78.63 86.55 90.81 92.49 73.50 78.11 82.19 78.13 74.45 82.27 63.38
No 55 3.16 6.07 89.33 57.41 86.04 90.62 97.43 42.60 77.76 87.08 77.77 74.87 87.24 53.44
No 56 3.11 4.58 89.08 88.22 87.73 89.60 77.49 92.19 77.90 72.07 77.92 74.86 72.05 77.50
No 57 3.18 3.90 88.78 89.06 86.92 89.52 79.62 92.55 77.85 74.60 77.87 74.62 74.59 75.76
No 58 3.04 3.23 89.90 88.76 86.54 91.22 84.15 90.46 77.86 78.29 77.88 75.09 78.31 73.05
No 59 3.02 3.36 89.73 88.62 86.61 90.96 82.86 90.75 78.14 77.57 78.15 74.92 77.59 73.16
No 60 2.95 3.29 90.05 89.37 87.33 91.12 81.37 92.32 77.52 76.87 77.53 75.64 76.88 74.47
No 61 2.95 3.47 90.25 86.63 87.48 91.34 87.24 86.41 77.81 79.47 77.82 75.72 79.51 71.55
Yes 62 2.93 3.25 90.26 89.53 87.51 91.34 82.25 92.23 77.84 77.61 77.85 75.55 77.63 73.73
No 63 2.94 3.57 90.24 85.33 87.56 91.29 89.25 83.88 77.94 79.76 77.95 75.55 79.80 70.71
No 64 2.86 3.18 90.42 88.35 87.89 91.42 86.13 89.17 77.66 76.68 77.66 75.96 76.69 74.42
No 65 2.86 3.21 90.50 88.44 88.29 91.36 85.52 89.52 77.92 76.34 77.93 75.76 76.34 74.68
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. . A N . . Train Train Validation | Validation

Train Validation Train Validation Train Train Validation | Validation Tram- Valldat|.on Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 66 2.83 3.34 90.47 84.32 88.24 91.34 91.13 81.80 77.75 81.65 77.76 76.04 81.71 68.52
No 67 2.82 3.20 90.33 88.46 88.89 90.89 85.61 89.52 78.16 78.07 78.17 75.88 78.09 73.04
No 68 2.76 3.23 91.11 88.41 88.47 92.14 85.16 89.62 77.54 76.75 77.54 76.67 76.76 74.60
No 69 2.71 3.14 90.98 89.00 88.59 91.91 83.96 90.87 77.68 78.67 77.69 76.66 78.70 72.53
No 70 2.70 3.14 91.26 89.40 88.89 92.18 83.02 91.76 77.73 78.28 77.73 76.78 78.31 73.06
No 71 2.65 3.10 91.37 88.83 88.73 92.41 84.06 90.60 77.59 76.66 77.59 77.20 76.67 74.37
No 72 2.62 3.11 91.45 88.48 89.16 92.36 84.34 90.01 77.60 76.15 77.60 77.36 76.15 74.76
No 73 2.64 3.11 91.48 88.12 89.20 92.38 86.00 88.90 77.66 77.04 77.67 77.29 77.06 73.86
No 74 2.63 3.13 91.59 87.63 89.00 92.60 87.12 87.81 77.69 77.21 77.69 77.21 77.23 73.51
No 75 2.64 3.10 91.39 88.66 89.62 92.09 84.54 90.19 77.27 76.64 77.27 77.89 76.65 74.19
No 76 2.60 3.13 91.66 88.42 89.44 92.54 84.85 89.73 77.51 78.00 77.51 77.81 78.02 72.79
No 77 2.61 3.11 91.76 88.63 89.29 92.73 84.41 90.19 77.72 77.69 77.73 77.56 77.71 73.12
No 78 2.56 3.16 91.79 88.47 89.52 92.68 84.19 90.05 77.60 76.58 77.60 77.80 76.59 73.87
No 79 2.55 3.11 91.82 88.41 89.48 92.75 84.57 89.83 77.36 77.56 77.36 78.28 77.58 73.01
No 80 2.54 3.11 91.79 88.58 89.87 92.54 83.97 90.28 77.47 78.23 77.47 78.18 78.25 72.42
No 81 2.53 3.12 91.98 88.33 89.36 93.02 84.10 89.89 77.57 77.87 77.57 78.23 77.90 72.49
No 82 2.56 3.12 91.82 88.29 89.80 92.61 84.56 89.68 77.39 78.02 77.38 78.33 78.04 72.43
No 83 2.54 3.13 91.94 88.45 89.62 92.85 84.17 90.03 77.48 77.31 77.48 78.33 77.33 73.07
No 84 2.53 3.12 91.89 88.50 89.88 92.68 84.06 90.14 77.45 77.43 77.45 78.51 77.45 73.05
No 85 2.57 3.12 92.03 88.41 89.30 93.10 84.20 89.96 77.36 77.45 77.36 78.46 77.47 72.97
No 86 2.53 3.12 91.95 88.48 89.76 92.81 83.89 90.18 77.32 77.27 77.32 78.58 77.29 73.10
No 87 2.53 3.12 92.00 88.32 89.68 92.91 84.26 89.82 77.45 77.28 77.44 78.51 77.30 72.98
No 88 2.52 3.12 91.92 88.37 89.80 92.75 84.19 89.92 77.24 77.16 77.23 78.71 77.18 73.16
No 89 2.51 3.12 92.01 88.38 89.82 92.87 84.34 89.87 77.35 77.35 77.35 78.70 77.37 72.89
No 90 2.51 3.13 92.02 88.42 89.61 92.97 84.01 90.05 77.36 77.19 77.35 78.67 77.21 73.03
No 91 2.52 3.12 92.01 88.45 89.80 92.88 84.01 90.10 77.13 77.15 77.12 78.89 77.16 73.11
No 92 2.51 3.12 92.00 88.56 89.67 92.92 83.60 90.39 77.34 76.99 77.33 78.75 77.01 73.28
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Table 3: Performance Results of Model 3 Over Epochs

Appendix 1

. . N N . . Train Train Validation | Validation
Train Validation Train Validation Train Train Validation | Validation Tram. Valldat|-on Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)
No 1 9.20 69.56 74.71 62.11 72.48 39.31 87.81 99.32 90.95 99.76 0.97 91.27 19.54
No 2 7.90 60.03 31.24 74.45 54.36 57.51 21.51 95.81 98.79 96.17 13.11 99.24 0.00
No 3 7.46 76.72 72.77 58.12 84.03 74.56 72.11 94.62 98.00 94.96 18.30 98.41 7.85
No 4 4.66 4.87 83.14 66.88 77.60 85.32 95.02 56.47 94.12 99.55 94.43 24.28 100.00 0.00
No 5 4.52 5.44 82.87 81.48 80.33 83.86 40.62 96.60 94.79 95.30 95.11 21.53 95.64 21.64
Yes 6 4.38 4.23 82.68 81.49 82.65 82.69 83.63 80.69 93.75 92.86 94.05 25.83 93.14 32.04
No 7 4.20 5.93 84.36 59.22 83.89 84.54 96.28 45.51 94.40 99.43 94.71 24.99 99.88 0.74
Yes 8 4.16 3.85 85.27 81.79 82.42 86.39 83.94 80.99 94.48 88.11 94.79 24.38 88.28 49.83
No 9 4.06 4.04 84.81 79.79 83.06 85.49 90.88 75.69 94.12 92.19 94.42 26.51 92.44 36.36
No 10 3.99 3.74 85.61 86.47 83.30 86.52 76.17 90.29 93.93 89.33 94.23 27.11 89.52 46.93
Yes 11 3.96 4.14 85.04 86.65 83.16 85.78 82.01 88.36 93.19 96.10 93.46 32.05 96.45 20.49
No 12 4.09 4.72 85.54 87.92 83.75 86.24 72.12 93.76 93.65 97.76 93.93 30.67 98.15 11.49
No 13 3.86 4.04 86.81 86.32 82.66 88.44 85.34 86.69 94.55 89.68 94.85 26.22 89.87 46.18
Yes 14 4.00 3.99 84.18 87.05 83.88 84.29 81.19 89.21 93.85 96.97 94.14 29.23 97.34 16.12
No 15 4.05 4.21 84.89 76.40 82.91 85.66 92.67 70.38 94.31 92.58 94.60 28.56 92.84 36.37
No 16 4.20 86.31 77.19 79.90 88.83 35.11 92.76 92.69 90.19 92.95 34.60 90.56 9.15
No 17 3.80 3.96 86.27 86.34 82.60 87.72 83.44 87.42 94.02 95.91 94.30 29.57 96.24 21.96
No 18 3.81 3.66 85.78 81.34 85.38 85.94 90.08 78.11 93.86 95.49 94.13 32.00 95.81 24.99
Yes 19 3.75 3.93 85.95 88.52 84.46 86.53 80.38 91.53 93.21 94.18 93.46 36.03 94.46 31.44
No 20 3.79 5.57 86.52 65.01 82.90 87.94 95.35 53.79 93.77 97.60 94.04 33.65 97.98 13.44
No 21 3.99 3.62 83.12 83.69 85.08 82.36 88.28 81.99 94.07 91.22 94.35 31.96 91.44 43.44
No 22 3.86 86.56 71.03 81.74 88.46 93.78 62.62 93.63 94.72 93.90 34.26 95.02 28.03
No 23 5.35 4.14 82.11 87.29 71.57 86.25 81.41 89.47 94.12 92.81 94.41 27.99 93.07 37.00
No 24 3.63 3.81 87.07 87.93 83.44 88.49 81.08 90.47 93.66 95.16 93.92 35.24 95.46 27.65
No 25 3.57 5.32 86.94 66.17 85.74 87.41 95.36 55.37 93.49 96.61 93.75 36.09 96.96 19.05
No 26 3.47 3.49 87.22 88.51 85.18 88.03 79.98 91.66 93.14 92.42 93.39 38.31 92.65 40.47
No 27 3.51 3.84 86.99 88.77 85.15 87.71 78.80 92.46 93.75 91.30 94.01 35.71 91.51 44.63
No 28 3.49 3.58 87.70 86.46 84.87 88.81 83.02 87.73 93.45 95.13 93.70 37.38 95.43 28.70
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 29 3.39 3.38 88.01 87.45 85.01 89.19 86.27 87.89 93.55 91.37 93.81 37.04 91.58 4491
No 30 3.40 3.41 88.02 87.64 85.79 88.90 84.72 88.72 93.25 94.38 93.49 38.37 94.66 32.65
No 31 3.47 4.11 87.87 80.90 84.62 89.15 90.78 77.25 93.56 94.94 93.81 36.90 95.24 29.40
Yes 32 3.45 3.43 87.63 88.56 83.08 89.42 81.80 91.06 93.35 93.80 93.60 37.71 94.07 35.13
No 33 3.47 3.49 87.29 87.68 85.87 87.85 83.97 89.05 93.32 92.65 93.57 37.61 92.89 39.86
No 34 3.39 3.47 88.10 87.80 85.73 89.02 85.11 88.80 93.44 92.94 93.69 37.81 93.18 38.95
No 35 3.34 3.57 87.98 88.71 85.17 89.09 79.69 92.04 93.31 92.68 93.55 38.54 92.92 39.80
No 36 3.36 3.43 88.02 87.30 85.59 88.97 86.70 87.53 93.49 92.76 93.73 37.71 93.00 39.79
No 37 3.29 3.54 88.41 87.51 86.12 89.31 86.32 87.95 93.29 93.46 93.53 38.81 93.72 36.94
No 38 3.32 3.32 88.67 87.42 85.01 90.11 86.91 87.60 93.19 93.16 93.43 39.31 93.40 38.13
Yes 39 3.25 3.56 88.17 88.63 86.77 88.72 81.79 91.16 93.35 94.37 93.59 38.53 94.65 32.63
No 40 3.38 3.73 87.81 86.57 86.36 88.38 85.38 87.01 93.52 94.04 93.76 37.80 94.32 33.82
No 41 3.21 3.30 88.75 86.81 86.51 89.64 87.88 86.42 93.18 94.02 93.42 39.66 94.29 34.78
No 42 3.22 3.64 88.42 88.93 86.12 89.32 79.62 92.37 93.24 91.84 93.48 39.15 92.06 42.97
No 43 3.23 3.31 88.94 88.03 86.29 89.99 85.95 88.80 93.19 93.06 93.42 39.46 93.31 39.20
No 44 3.27 3.26 88.36 87.49 86.95 88.91 87.16 87.61 93.18 94.32 93.42 39.91 94.59 34.05
No 45 3.18 3.23 88.78 88.11 87.02 89.47 85.18 89.19 93.46 93.32 93.71 38.68 93.57 38.44
No 46 3.20 3.21 88.97 87.10 86.15 90.08 88.33 86.64 93.38 92.79 93.62 39.18 93.03 40.57
No 47 3.15 3.44 88.84 83.96 87.20 89.48 90.40 81.58 93.39 94.22 93.63 39.15 94.50 34.35
No 48 3.15 3.35 89.31 86.05 86.74 90.31 89.34 84.83 93.22 93.55 93.45 39.89 93.80 37.51
Yes 49 3.08 3.22 89.10 89.05 87.29 89.81 84.37 90.78 93.24 92.39 93.48 39.84 92.62 42.31
No 50 3.19 3.29 89.40 86.05 85.55 90.91 89.57 84.75 93.25 93.00 93.49 39.74 93.24 39.47
No 51 3.11 3.37 88.97 88.12 87.03 89.73 85.25 89.19 93.31 93.09 93.55 39.65 93.34 38.77
No 52 3.14 3.75 88.96 79.60 86.87 89.79 91.71 75.12 93.16 93.58 93.40 40.03 93.84 36.21
No 53 3.11 3.78 89.24 89.08 86.64 90.26 74.05 94.64 93.27 93.60 93.50 40.00 93.86 34.87
No 54 3.06 3.19 89.55 88.16 86.89 90.59 86.38 88.82 93.28 93.64 93.51 39.95 93.89 37.16
No 55 3.04 3.16 89.60 88.97 86.91 90.66 85.11 90.39 93.29 94.16 93.53 40.01 94.43 34.69
No 56 3.03 3.23 89.73 88.08 86.87 90.86 87.45 88.31 93.10 92.76 93.33 40.85 93.00 40.81
No 57 3.01 3.21 89.63 88.35 86.63 90.80 86.09 89.18 93.00 93.33 93.22 41.42 93.58 38.44
No 58 2.96 3.25 89.88 88.15 87.73 90.72 87.00 88.57 93.19 93.49 93.42 40.73 93.74 37.82
No 59 3.02 3.19 89.65 88.50 87.94 90.33 86.32 89.30 93.03 92.60 93.26 41.15 92.83 41.77
No 60 2.97 3.25 89.97 87.56 87.37 90.99 87.26 87.67 93.29 93.27 93.52 40.39 93.51 38.88
No 61 2.99 3.32 89.79 89.04 87.49 90.69 84.25 90.81 93.00 93.53 93.23 41.62 93.78 37.01
No 62 2.94 3.14 89.77 88.52 87.80 90.55 86.15 89.40 93.14 93.39 93.37 40.84 93.64 38.45
No 63 2.90 3.12 90.21 87.95 87.54 91.26 86.72 88.40 93.03 93.63 93.26 41.64 93.88 37.58
No 64 2.88 3.22 90.32 88.60 87.76 91.32 86.03 89.55 93.10 93.43 93.33 41.39 93.68 38.21
No 65 2.85 3.12 90.22 87.56 88.33 90.96 87.91 87.44 92.89 93.54 93.12 42.37 93.79 37.85
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

Yes 66 2.89 3.14 90.42 89.14 87.76 91.46 83.78 91.12 93.02 93.05 93.24 41.72 93.29 39.84
No 67 3.19 3.78 88.90 79.83 86.85 89.71 92.52 75.13 93.15 93.83 93.39 40.12 94.09 35.67
No 68 3.00 3.42 89.70 86.87 86.70 90.87 87.22 86.75 93.12 94.20 93.35 40.85 94.47 34.56
No 69 3.14 3.24 89.35 87.22 86.41 90.50 87.86 86.98 93.21 93.26 93.44 40.45 93.50 38.83
No 70 3.01 3.22 89.65 87.26 87.95 90.32 87.63 87.12 93.01 93.98 93.24 41.47 94.25 35.87
No 71 3.00 3.25 89.63 87.77 87.64 90.41 87.61 87.83 93.10 93.68 93.33 40.96 93.93 37.07
No 72 2.88 3.14 90.20 88.71 88.14 91.01 85.35 89.96 93.12 92.10 93.35 41.34 92.32 43.72
No 73 2.82 3.36 90.61 88.62 87.85 91.70 84.50 90.15 92.95 92.17 93.18 42.30 92.39 43.62
Yes 74 2.85 3.13 90.49 89.36 88.34 91.34 82.63 91.86 92.97 92.51 93.19 42.20 92.74 42.27
No 75 3.07 5.64 89.08 60.26 87.22 89.80 94.97 47.41 93.12 97.16 93.35 40.41 97.53 16.55
No 76 3.19 3.32 89.47 89.12 86.30 90.71 83.23 91.30 92.97 93.75 93.20 41.23 94.01 36.49
Yes 77 2.93 3.26 89.98 89.46 87.84 90.82 80.71 92.70 93.25 91.63 93.48 40.61 91.84 44.94
No 78 2.96 3.37 89.84 85.28 86.63 91.09 90.24 83.44 92.92 94.74 93.15 40.67 95.03 31.47
No 79 2.98 3.65 89.43 86.23 87.87 90.04 85.48 86.51 93.12 92.06 93.35 40.90 92.28 42.86
No 80 2.94 3.16 90.20 88.57 87.55 91.25 84.72 89.99 92.85 92.29 93.08 42.33 92.52 43.23
No 81 2.85 3.30 90.47 86.98 87.92 91.47 88.21 86.52 92.83 95.23 93.05 42.81 95.53 29.95
No 82 2.80 3.26 90.49 86.98 88.79 91.16 87.77 86.69 92.96 93.90 93.19 42.21 94.16 35.99
No 83 2.81 3.18 90.32 87.31 88.25 91.14 87.91 87.09 92.84 92.17 93.06 42.79 92.39 43.62
No 84 2.80 3.16 90.74 89.12 89.00 91.43 82.48 91.57 92.94 91.92 93.16 42.61 92.14 44.76
No 85 2.66 3.16 91.20 88.24 88.92 92.09 84.36 89.68 92.73 92.53 92.95 43.85 92.76 42.23
No 86 2.75 3.14 91.16 88.48 88.59 92.17 84.85 89.82 92.80 92.27 93.02 43.36 92.50 43.13
No 87 2.65 3.14 91.26 89.18 89.14 92.10 81.76 91.92 92.81 91.43 93.03 43.42 91.63 46.12
No 88 2.65 3.14 91.43 88.93 89.17 92.31 83.10 91.08 92.67 92.93 92.89 43.97 93.17 40.35
No 89 2.59 3.11 91.41 88.02 89.62 92.11 85.52 88.95 92.58 92.40 92.79 44.59 92.63 42.76
No 90 2.59 3.20 91.61 88.33 89.39 92.48 83.75 90.03 92.70 91.74 92.92 44.23 91.95 45.41
No 91 2.58 3.15 91.75 88.13 89.23 92.74 84.91 89.33 92.47 93.13 92.68 45.28 93.38 39.55
No 92 2.56 3.17 91.71 88.46 90.01 92.38 84.10 90.07 92.56 91.58 92.77 45.08 91.78 46.18
No 93 2.55 3.16 91.85 88.30 89.72 92.69 84.14 89.85 92.52 92.26 92.73 45.37 92.49 43.28
No 94 2.52 3.15 91.92 88.45 89.50 92.88 83.95 90.12 92.42 92.15 92.62 45.83 92.37 43.79
No 95 2.55 3.15 91.85 87.93 89.90 92.61 85.64 88.78 92.51 91.91 92.72 45.36 92.12 44.88
No 96 2.54 3.15 92.02 88.42 90.03 92.80 83.85 90.10 92.36 92.29 92.56 46.04 92.51 43.09
No 97 2.51 3.14 92.07 88.24 89.79 92.96 84.13 89.76 92.44 92.22 92.65 45.72 92.44 43.15
No 98 2.52 3.16 92.06 88.43 89.73 92.98 83.78 90.14 92.35 92.01 92.56 46.13 92.23 44.07
No 99 2.50 3.15 92.07 88.30 89.98 92.89 84.00 89.89 92.44 91.78 92.64 45.95 91.99 45.06
No 100 2.50 3.16 92.03 88.14 89.88 92.87 84.42 89.52 92.38 92.50 92.59 46.13 92.73 42.08




Table 4: Performance Results of Model 4 Over Epochs

Appendix 1

. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 8.33 71.12 54.48 62.54 74.50 87.85 42.14 64.29 78.78 64.27 70.21 78.95 42.24
No 2 5.97 6.83 75.42 68.91 74.36 75.83 81.48 64.26 76.10 79.75 76.14 67.48 79.81 67.42
No 3 4.86 5.52 81.79 81.47 77.14 83.62 38.46 97.39 77.81 63.70 77.84 70.02 63.62 79.85
No 4 4.61 4.82 83.50 82.46 78.33 85.54 72.36 86.20 78.79 76.26 78.84 69.13 76.28 72.15
No 5 5.61 5.61 81.86 74.85 76.94 83.80 91.19 68.80 78.26 78.75 78.30 68.08 78.80 67.78
No 6 4.99 4.81 80.56 84.48 76.33 82.22 68.72 90.31 77.55 72.46 77.58 69.24 72.45 74.75
No 7 4.37 4.32 83.49 80.51 81.12 84.42 84.30 79.11 78.70 80.44 78.74 70.30 80.50 69.02
Yes 8 4.42 4.32 83.82 83.13 81.21 84.84 80.04 84.28 78.20 76.10 78.23 70.63 76.11 73.30
No 9 4.32 4.89 83.60 84.35 79.83 85.08 49.89 97.10 77.72 76.18 77.74 71.25 76.20 72.20
No 10 4.26 4.43 83.96 75.64 82.93 84.36 83.01 72.92 78.63 80.59 78.67 70.72 80.65 67.74
No 11 4.13 4.21 84.29 76.89 82.86 84.85 87.93 72.80 78.28 76.46 78.31 71.14 76.49 71.34
No 12 4.03 4.44 84.42 78.06 82.83 85.05 88.80 74.09 78.06 82.02 78.08 71.68 82.09 67.03
No 13 4.03 3.98 85.09 86.52 83.13 85.86 79.67 89.05 78.41 75.35 78.44 71.41 75.35 74.60
Yes 14 3.99 3.84 85.77 86.19 82.81 86.93 82.93 87.40 77.46 74.48 77.48 72.52 74.47 75.63
No 15 4.08 4.15 85.07 79.26 82.23 86.19 86.87 76.44 77.66 81.32 77.69 72.29 81.38 67.55
No 16 4.06 4.48 85.90 77.04 80.19 88.14 84.45 74.29 77.03 80.99 77.05 73.11 81.05 66.65
No 17 3.92 4.36 85.75 79.14 82.00 87.23 85.89 76.64 77.98 76.02 78.01 72.22 76.03 73.42
No 18 3.92 3.92 85.14 85.40 84.54 85.37 85.52 85.35 77.06 81.70 77.07 73.16 81.77 67.48
Yes 19 3.79 3.90 86.00 87.37 85.34 86.26 81.79 89.44 78.79 73.04 78.83 71.67 73.02 76.65
No 20 3.87 4.57 86.86 87.67 82.53 88.56 78.71 90.99 77.79 75.07 77.81 72.80 75.07 74.99
No 21 3.84 4.01 86.35 87.41 84.63 87.02 76.27 91.54 78.08 75.20 78.10 72.30 75.20 75.17
No 22 3.85 4.13 86.38 87.16 82.47 87.91 80.61 89.58 77.61 76.47 77.63 72.73 76.48 73.85
No 23 3.81 3.92 87.01 82.96 83.39 88.43 86.46 81.66 77.85 79.51 77.87 73.00 79.55 71.04
No 24 3.88 3.93 85.84 83.22 84.80 86.25 88.65 81.22 78.05 80.55 78.07 72.77 80.60 68.65
No 25 3.78 3.83 85.99 86.25 85.02 86.37 79.43 88.78 78.03 78.27 78.06 72.61 78.30 72.09
No 26 3.76 3.80 86.95 85.55 83.37 88.35 78.44 88.18 77.28 81.16 77.30 73.54 81.21 68.76
No 27 3.70 5.24 87.38 71.54 84.19 88.64 91.85 64.03 77.75 80.28 77.77 73.45 80.33 69.36
Yes 28 3.55 3.80 87.49 88.23 85.72 88.19 81.72 90.65 77.96 79.25 77.98 73.29 79.29 71.26
No 29 3.64 3.69 87.17 88.19 83.94 88.44 79.83 91.29 78.27 72.30 78.29 73.05 72.28 76.87
Yes 30 3.57 3.89 87.57 88.33 84.39 88.82 80.68 91.16 77.78 76.77 77.80 73.71 76.79 74.02
No 31 3.64 4.66 86.89 73.87 84.01 88.02 94.94 66.08 78.24 81.38 78.26 72.92 81.44 68.28
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.60 3.78 87.14 83.63 83.91 88.40 85.89 82.80 77.20 81.87 77.21 74.04 81.93 68.36
No 33 3.56 3.52 88.29 87.05 84.82 89.65 86.03 87.43 78.03 79.86 78.05 73.78 79.90 71.10
No 34 3.38 3.51 88.52 85.02 85.73 89.62 89.07 83.52 78.29 78.74 78.31 73.72 78.77 72.12
No 35 3.38 3.43 88.36 85.00 85.88 89.34 86.73 84.36 77.97 80.73 77.98 74.16 80.78 69.91
No 36 3.35 3.76 88.35 87.05 85.70 89.39 82.43 88.75 78.21 76.59 78.23 73.86 76.61 73.31
No 37 3.46 3.62 87.72 86.21 84.85 88.85 88.01 85.54 77.90 80.35 77.92 74.02 80.40 70.66
Yes 38 3.29 3.82 88.43 88.75 86.74 89.10 82.10 91.21 78.36 75.77 78.38 74.12 75.77 75.06
No 39 3.45 3.85 86.98 81.76 85.11 87.71 91.84 78.03 77.89 79.74 77.91 73.93 79.78 70.62
No 40 3.35 3.52 88.45 86.54 85.32 89.67 84.72 87.22 78.17 77.23 78.18 73.92 77.25 73.42
No 41 3.48 3.80 87.48 88.56 85.62 88.22 78.36 92.33 77.04 72.63 77.05 74.47 72.61 77.59
No 42 3.29 3.51 88.13 87.84 86.77 88.67 85.97 88.53 78.49 78.51 78.51 73.70 78.54 72.76
No 43 3.33 3.45 87.56 87.95 87.07 87.75 84.84 89.10 78.24 76.35 78.26 73.88 76.35 74.60
No 44 3.27 3.72 88.71 87.20 86.41 89.62 87.33 87.15 78.10 80.20 78.12 74.23 80.24 70.53
No 45 3.32 3.58 88.29 89.09 86.55 88.97 79.77 92.54 77.91 77.43 77.92 74.53 77.44 73.69
Yes 46 3.25 3.29 88.54 88.72 85.70 89.66 83.92 90.50 77.57 77.82 77.58 74.89 77.84 73.56
No 47 3.28 3.94 87.79 87.65 86.68 88.23 83.75 89.09 77.96 78.95 77.97 74.29 78.98 72.00
No 48 3.50 4.16 87.49 89.09 85.83 88.14 74.26 94.58 78.80 74.48 78.83 73.03 74.47 75.85
No 49 3.44 3.65 88.01 84.35 86.01 88.80 89.21 82.55 77.58 79.39 77.59 74.56 79.43 70.88
No 50 3.24 3.51 88.83 87.88 86.31 89.81 85.08 88.92 78.09 75.31 78.11 74.56 75.31 75.96
Yes 51 3.25 3.88 88.74 88.97 86.65 89.56 80.58 92.07 77.60 74.19 77.61 75.18 74.18 76.65
No 52 3.25 3.38 88.75 87.96 86.40 89.68 85.83 88.75 78.37 77.71 78.39 74.17 77.73 73.55
No 53 3.29 3.48 88.80 88.31 85.78 89.99 82.63 90.41 77.69 78.44 77.71 74.87 78.47 72.42
No 54 3.44 3.40 87.96 87.79 85.74 88.83 82.67 89.69 77.78 80.52 77.79 74.65 80.57 70.24
No 55 3.33 3.64 88.22 82.02 86.56 88.88 88.95 79.46 77.75 82.21 77.76 74.41 82.28 66.95
No 56 3.22 3.64 88.90 88.89 86.39 89.89 78.52 92.73 78.29 73.64 78.31 74.35 73.62 76.83
No 57 3.12 3.65 88.98 88.91 87.18 89.69 75.78 93.77 77.93 73.69 77.94 75.14 73.68 76.72
No 58 3.22 3.25 89.40 86.66 86.32 90.61 87.97 86.18 77.76 76.81 77.78 75.41 76.82 74.44
No 59 3.12 3.47 88.85 87.56 87.47 89.40 86.18 88.07 77.67 80.21 77.68 75.48 80.25 70.85
No 60 3.07 3.24 89.32 88.72 87.42 90.06 84.92 90.13 77.92 75.13 77.93 75.36 75.13 75.97
Yes 61 3.10 3.34 89.13 89.14 87.71 89.69 81.94 91.81 77.72 73.45 77.73 75.82 73.43 77.06
No 62 3.19 3.39 89.39 88.80 85.44 90.95 79.48 92.25 77.89 76.86 77.91 74.98 76.87 74.12
No 63 3.12 3.44 89.12 85.28 87.11 89.91 89.70 83.64 77.94 77.80 77.95 75.21 77.82 72.24
No 64 3.28 3.53 88.22 88.15 86.43 88.92 85.02 89.30 77.60 79.63 77.61 75.15 79.67 71.29
No 65 3.20 3.58 88.84 87.83 87.19 89.49 86.74 88.24 77.63 78.10 77.64 75.47 78.12 73.04
No 66 3.10 3.32 89.59 88.68 86.64 90.75 84.79 90.12 77.68 74.25 77.69 75.82 74.24 75.96
No 67 3.02 3.29 89.57 87.44 87.53 90.37 86.64 87.73 77.12 76.75 77.13 76.62 76.76 74.42
No 68 3.07 3.21 89.50 87.83 87.49 90.29 87.45 87.97 77.79 75.57 77.80 75.99 75.58 75.16
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 69 2.95 3.17 90.07 88.58 87.58 91.05 85.72 89.64 77.10 75.16 77.10 77.02 75.16 75.63
No 70 2.91 3.20 90.06 88.95 87.99 90.87 84.63 90.55 77.40 77.46 77.41 76.84 77.48 73.70
Yes 71 2.92 3.26 90.12 89.31 87.85 91.01 82.74 91.74 77.19 76.15 77.19 77.24 76.16 75.05
No 72 3.11 3.44 89.39 87.52 87.04 90.32 84.84 88.51 77.37 77.29 77.37 76.26 77.31 73.44
No 73 3.04 3.45 89.77 89.26 87.37 90.71 81.81 92.01 77.15 77.78 77.15 76.91 77.80 73.53
No 74 3.01 3.27 89.64 86.00 87.72 90.39 88.16 85.20 77.09 81.42 77.09 77.07 81.47 68.86
No 75 2.96 3.21 90.23 87.90 87.41 91.33 86.97 88.24 77.02 80.49 77.02 77.02 80.53 70.58
No 76 2.97 3.48 89.80 85.72 87.26 90.80 88.94 84.53 76.80 80.42 76.79 77.36 80.47 68.90
No 77 2.89 3.21 90.06 88.40 88.49 90.67 85.68 89.41 76.91 75.98 76.91 77.84 75.98 74.96
No 78 2.90 3.18 90.57 88.81 87.49 91.78 85.02 90.21 76.92 75.64 76.91 78.02 75.64 74.97
No 79 2.86 3.20 90.36 88.33 88.19 91.21 85.78 89.27 76.47 77.14 76.46 78.42 77.15 73.60
No 80 2.86 3.29 90.40 88.28 88.09 91.31 85.06 89.47 76.93 74.92 76.93 78.31 74.92 75.03
No 81 2.78 3.15 90.60 89.10 88.90 91.27 83.39 91.21 76.40 75.33 76.39 79.17 75.33 75.16
No 82 2.80 3.18 90.67 87.91 88.38 91.57 86.08 88.59 76.65 77.27 76.64 79.00 77.29 73.00
No 83 2.80 3.28 90.74 88.80 88.77 91.52 83.19 90.87 76.13 75.09 76.12 79.76 75.09 75.17
No 84 2.86 3.21 90.91 88.25 87.93 92.08 85.35 89.32 75.94 77.03 75.92 80.11 77.05 73.13
No 85 2.78 3.19 90.77 88.14 88.81 91.54 85.91 88.96 76.52 75.49 76.51 79.66 75.49 74.24
No 86 2.79 3.19 90.97 87.92 88.58 91.90 86.08 88.60 76.02 75.57 76.00 80.27 75.58 74.06
No 87 2.77 3.20 90.80 88.26 89.28 91.40 85.20 89.39 75.83 76.09 75.81 80.54 76.10 73.61
No 88 2.76 3.20 91.07 88.56 88.71 91.99 83.98 90.25 75.76 75.42 75.74 80.89 75.42 74.46
No 89 2.76 3.20 90.95 88.28 88.93 91.74 84.99 89.49 76.00 76.62 75.98 80.69 76.64 73.25
No 90 2.75 3.20 90.83 88.10 89.17 91.48 85.46 89.08 75.89 76.00 75.87 80.89 76.01 73.48
No 91 2.74 3.20 90.99 87.85 88.90 91.81 85.78 88.62 75.92 76.21 75.89 80.90 76.22 73.23
No 92 2.74 3.21 91.11 88.24 88.86 92.00 84.59 89.59 75.62 76.04 75.59 81.36 76.05 73.60
No 93 2.72 3.21 90.97 88.08 89.36 91.60 85.17 89.16 76.06 75.47 76.04 80.97 75.48 73.77
No 94 2.72 3.20 91.13 88.19 89.05 91.94 85.00 89.37 75.69 75.32 75.67 81.53 75.33 74.03
No 95 2.75 3.22 91.23 88.33 88.68 92.23 84.48 89.75 75.37 75.91 75.34 81.91 75.92 73.64
No 96 2.73 3.21 90.96 87.92 89.50 91.54 85.43 88.85 75.72 75.64 75.70 81.69 75.65 73.65
No 97 2.75 3.20 91.08 88.18 88.96 91.91 84.83 89.42 75.43 75.40 75.40 81.68 75.41 73.91
No 98 2.74 3.21 91.06 88.16 89.24 91.78 84.78 89.40 75.53 75.45 75.50 81.76 75.46 73.87
No 99 2.73 3.21 91.09 88.19 88.98 91.91 84.91 89.40 75.78 75.68 75.75 81.42 75.69 73.61
No 100 2.70 3.21 91.11 88.16 89.16 91.88 84.88 89.38 75.48 75.48 75.45 81.93 75.49 73.70




Table 5: Performance Results of Model 5 Over Epochs
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)
No 1 9.10 9.31 51.97 72.99 57.71 49.72 0.00 100.00 45.08 99.55 44.97 69.80 100.00 0.00

No 2 70.97 64.83 71.44 70.78 84.23 57.65 74.07 81.66 74.10 67.19 81.81 48.22
No 3 9.38 64.62 27.01 73.14 61.27 100.00 0.00 74.71 76.62 74.80 53.29 76.64 70.62
No 4 7.24 8.81 62.74 32.91 83.62 54.53 99.05 8.44 76.24 94.55 76.29 63.49 94.88 22.72
No 5 6.64 7.86 73.91 47.83 78.93 71.93 91.69 31.61 78.68 93.16 78.75 62.12 93.47 25.80
No 6 6.64 5.10 72.48 83.30 73.56 72.06 61.60 91.33 75.59 75.50 75.64 64.52 75.52 71.15
No 7 6.65 66.97 65.82 78.20 62.56 88.47 57.45 75.06 85.18 75.12 62.55 85.32 54.32
No 8 5.20 6.00 80.78 74.79 79.57 81.26 84.87 71.06 76.53 77.44 76.56 69.25 77.47 70.65
No 9 7.01 5.69 73.45 60.91 71.02 74.40 95.31 48.18 76.37 87.91 76.41 66.81 88.08 50.75
No 10 5.44 4.39 75.45 76.94 80.16 73.59 90.21 72.03 76.83 75.82 76.86 69.23 75.84 70.90
No 11 4.79 6.80 79.98 54.52 80.24 79.87 97.39 38.66 77.96 82.28 77.99 69.71 82.36 65.05
No 12 4.58 4.30 82.28 76.73 83.04 81.98 86.99 72.93 79.86 79.72 79.91 68.08 79.78 66.56
No 13 4.73 6.49 82.17 58.31 81.11 82.59 92.41 45.69 76.17 81.94 76.19 70.85 82.02 64.65
No 14 5.05 5.26 77.22 73.01 79.27 76.41 79.60 70.58 79.78 81.05 79.84 65.82 81.12 66.80
No 15 4.41 5.60 83.25 63.43 81.35 83.99 91.39 53.08 78.56 75.93 78.60 69.87 75.95 71.07
Yes 16 4.85 4.48 80.84 84.36 78.59 81.72 82.02 85.23 77.22 71.14 77.25 70.71 71.12 76.75
No 17 4.38 4.31 85.00 86.73 80.59 86.73 72.61 91.95 77.92 72.37 77.95 71.09 72.35 76.77
No 18 4.24 4.40 83.92 82.01 83.76 83.99 84.94 80.92 78.36 78.26 78.39 70.66 78.30 71.09
No 19 4.37 6.95 82.50 56.39 84.83 81.58 95.25 42.02 79.14 85.60 79.18 69.40 85.74 54.51
No 20 4.20 4.10 84.70 87.24 82.82 85.43 69.94 93.64 78.06 76.83 78.09 71.72 76.85 72.27
No 21 4.31 4.40 83.53 80.14 80.24 84.82 90.79 76.20 78.12 81.86 78.15 70.61 81.93 67.26
No 22 4.27 4.07 83.47 85.43 84.88 82.91 79.29 87.71 78.82 79.74 78.86 70.34 79.79 69.49
No 23 4.22 5.52 84.44 66.30 82.40 85.24 93.34 56.29 77.88 82.43 77.91 70.63 82.51 64.69
No 24 4.14 4.22 84.40 84.68 82.15 85.28 75.01 88.26 78.43 78.50 78.47 71.13 78.53 71.02
Yes 25 4.21 3.93 84.52 85.65 81.36 85.75 83.96 86.28 77.99 79.06 78.02 71.35 79.09 70.66
No 26 4.10 3.90 85.10 84.01 82.73 86.03 87.28 82.79 77.83 81.46 77.85 71.86 81.52 68.43
No 27 3.92 4.64 84.82 74.10 81.45 86.14 92.40 67.33 77.99 82.55 78.02 71.65 82.64 64.67
Yes 28 4.12 3.70 84.84 86.24 85.14 84.73 84.67 86.82 78.05 80.89 78.08 71.68 80.94 69.02
No 29 3.87 3.88 85.23 87.67 84.16 85.65 77.72 91.35 77.79 79.42 77.82 72.50 79.46 69.93
No 30 3.87 3.90 85.71 81.17 83.36 86.64 87.06 78.99 78.28 80.05 78.30 71.95 80.10 70.11
No 31 3.67 3.65 86.96 88.16 85.06 87.70 75.72 92.77 78.43 74.22 78.46 72.06 74.22 75.80
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 4.03 3.90 85.12 80.83 80.93 86.76 88.75 77.90 77.03 82.61 77.05 72.70 82.68 66.56
No 33 3.97 5.39 85.09 64.68 80.66 86.84 89.94 55.34 77.87 84.69 77.89 72.26 84.81 59.04
No 34 3.83 3.77 86.00 81.32 83.33 87.04 89.29 78.37 78.16 76.56 78.19 72.04 76.58 72.92
No 35 3.78 3.99 85.26 85.74 84.67 85.49 80.43 87.71 77.99 73.48 78.01 72.34 73.47 75.81
No 36 3.68 4.22 86.94 88.09 83.73 88.20 77.02 92.19 78.45 74.89 78.48 72.45 74.89 75.34
Yes 37 3.54 3.51 86.93 87.33 86.26 87.20 83.43 88.77 78.48 77.79 78.51 72.68 77.82 73.14
No 38 3.85 4.34 84.16 76.49 85.77 83.53 89.64 71.62 78.58 78.30 78.62 71.26 78.34 69.82
No 39 3.99 3.67 85.65 86.06 83.59 86.46 87.05 85.70 78.08 80.33 78.10 72.41 80.37 70.10
No 40 4.12 3.86 85.07 87.45 81.44 86.50 78.75 90.67 78.10 79.17 78.13 71.76 79.21 71.12
No 41 3.94 4.96 85.87 71.89 82.80 87.08 92.99 64.09 78.20 82.90 78.23 72.59 82.98 65.23
Yes 42 3.76 3.59 86.87 87.96 85.16 87.54 84.23 89.34 78.59 76.71 78.62 72.35 76.72 74.08
No 43 3.83 3.79 85.96 86.61 82.94 87.15 83.54 87.74 77.38 79.78 77.40 73.03 79.82 70.72
No 44 3.71 4.17 86.15 87.64 84.48 86.81 71.92 93.45 77.74 75.59 77.76 73.14 75.60 73.48
No 45 3.77 3.85 86.37 86.77 83.67 87.43 82.10 88.50 78.19 77.73 78.22 72.29 77.76 72.30
No 46 3.63 3.62 85.72 88.03 86.49 85.42 81.62 90.39 78.38 78.46 78.41 72.66 78.49 71.96
No 47 3.40 4.29 87.49 78.83 86.34 87.94 91.23 74.24 78.43 81.49 78.46 73.31 81.55 67.83
No 48 3.45 3.60 87.22 86.39 85.87 87.75 86.34 86.40 78.09 77.56 78.11 73.40 77.58 73.13
No 49 3.42 3.60 88.18 85.72 84.42 89.66 85.60 85.76 78.28 79.95 78.30 73.53 79.99 70.97
No 50 3.43 3.53 87.96 84.86 85.80 88.81 84.34 85.06 78.00 77.94 78.02 73.87 77.96 72.65
No 51 3.43 3.55 86.76 87.79 86.08 87.02 84.52 89.01 77.77 73.09 77.79 74.08 73.07 77.23
No 52 3.32 3.80 88.46 89.08 85.23 89.73 79.24 92.72 77.97 77.25 77.99 74.06 77.27 73.71
No 53 3.38 3.55 88.22 85.53 84.61 89.64 88.90 84.28 77.82 76.91 77.84 74.03 76.92 73.83
Yes 54 3.40 3.57 87.46 88.11 87.14 87.58 82.37 90.23 77.82 76.79 77.83 74.31 76.80 73.50
No 55 3.58 3.56 87.13 84.93 82.90 88.79 86.15 84.48 78.15 77.55 78.18 73.19 77.57 72.83
No 56 3.56 4.15 87.44 74.45 84.91 88.43 94.74 66.94 77.65 82.29 77.67 73.63 82.36 66.22
No 57 3.51 4.64 87.14 86.85 85.96 87.61 60.13 96.74 77.65 77.17 77.66 73.96 77.19 72.40
No 58 3.49 3.58 87.95 85.96 83.05 89.87 85.17 86.25 77.52 78.45 77.53 74.14 78.48 72.04
No 59 3.47 3.43 87.79 85.72 85.56 88.66 89.02 84.50 77.88 79.45 77.90 74.00 79.49 70.97
Yes 60 3.33 3.63 88.31 88.64 85.27 89.50 81.34 91.34 78.38 74.88 78.40 73.78 74.87 75.73
No 61 3.41 3.70 88.11 85.38 86.85 88.61 87.05 84.77 77.72 81.31 77.73 74.21 81.36 69.29
No 62 3.45 3.49 88.06 82.53 84.58 89.42 92.11 78.99 78.14 79.22 78.16 73.87 79.25 71.65
No 63 3.23 3.33 88.35 87.82 87.23 88.79 85.96 88.51 77.96 76.39 77.97 74.52 76.39 74.81
No 64 3.19 3.48 88.83 88.10 86.62 89.69 84.35 89.48 77.92 76.34 77.94 74.59 76.35 74.71
No 65 3.33 3.26 87.74 86.90 86.54 88.21 87.63 86.63 78.29 77.80 78.31 74.25 77.82 73.38
No 66 3.24 3.51 88.92 85.71 85.89 90.11 88.70 84.60 78.09 81.09 78.11 74.42 81.14 69.66
No 67 3.23 3.31 89.09 88.44 86.28 90.20 83.68 90.20 77.79 77.89 77.80 74.83 77.91 72.99
No 68 3.13 3.31 88.85 86.84 86.66 89.71 87.78 86.49 78.34 77.32 78.36 74.56 77.34 73.56
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

Yes 69 3.19 3.25 88.43 88.65 85.74 89.49 84.03 90.36 77.73 77.49 77.74 75.11 77.51 73.86
No 70 3.36 4.41 88.39 86.86 86.02 89.32 65.66 94.70 77.67 76.17 77.68 74.48 76.18 73.37
No 71 3.37 4.07 87.67 83.01 86.26 88.22 88.78 80.87 77.89 77.91 77.90 74.03 77.93 72.30
No 72 3.51 3.99 87.57 79.95 84.52 88.76 90.11 76.19 77.34 83.16 77.36 74.32 83.24 65.61
No 73 3.46 4.03 87.17 87.30 85.93 87.66 75.59 91.63 77.64 78.74 77.65 74.28 78.78 71.68
No 74 3.28 3.29 88.14 88.18 85.86 89.04 83.22 90.02 78.40 75.93 78.42 73.91 75.93 75.36
No 75 3.18 3.33 88.97 86.45 85.98 90.14 88.82 85.57 78.24 74.53 78.25 74.46 74.53 76.13
No 76 3.17 3.43 89.13 85.10 86.19 90.28 90.19 83.21 77.67 79.77 77.69 74.98 79.81 70.76
No 77 3.18 3.42 88.51 87.67 86.56 89.28 86.94 87.95 77.77 79.94 77.78 74.98 79.98 71.05
No 78 3.11 3.28 89.35 86.64 86.56 90.45 88.60 85.92 78.38 78.27 78.40 74.67 78.30 72.74
No 79 3.12 3.33 89.16 86.34 87.40 89.85 88.97 85.36 78.09 76.24 78.10 75.12 76.24 74.78
No 80 3.09 3.28 89.38 86.91 87.64 90.06 87.79 86.59 77.87 79.58 77.88 75.37 79.61 71.77
No 81 3.05 3.23 89.69 86.85 86.63 90.90 88.03 86.42 78.08 79.05 78.10 75.20 79.09 72.00
Yes 82 3.01 3.29 89.59 88.90 87.71 90.33 83.00 91.08 77.92 76.00 77.93 75.59 76.00 75.11
No 83 3.28 3.65 88.21 83.80 85.91 89.11 87.59 82.40 77.86 81.90 77.88 74.33 81.96 67.93
No 84 3.22 3.47 89.12 88.47 85.54 90.53 75.94 93.10 78.07 77.69 78.09 74.34 77.71 72.20
No 85 3.26 3.27 88.57 87.01 86.97 89.20 87.09 86.98 77.76 77.81 77.78 74.76 77.84 72.80
No 86 3.08 3.26 89.30 87.24 86.32 90.48 87.71 87.06 77.81 78.73 77.82 75.34 78.75 72.71
No 87 3.09 3.56 89.33 80.54 87.12 90.19 93.03 75.91 77.70 81.68 77.71 75.56 81.74 67.88
No 88 3.11 3.82 89.25 88.52 87.19 90.06 84.54 89.98 77.67 80.45 77.68 75.58 80.49 70.84
No 89 3.07 3.42 89.37 87.37 87.05 90.28 83.92 88.64 78.28 76.44 78.29 74.97 76.45 73.69
No 90 3.02 3.31 89.54 87.38 86.87 90.59 86.67 87.65 77.35 79.74 77.36 76.17 79.78 71.36
No 91 2.94 3.34 89.90 87.17 87.49 90.85 87.68 86.99 77.83 78.48 77.84 75.91 78.51 72.48
No 92 2.96 3.30 89.68 88.67 87.77 90.44 84.45 90.23 77.77 77.89 77.78 76.05 77.91 73.33
No 93 3.02 3.18 89.77 87.97 87.61 90.61 86.53 88.51 77.70 78.68 77.71 76.03 78.71 72.40
No 94 2.92 3.24 90.30 86.50 86.97 91.60 88.17 85.89 77.79 77.57 77.80 76.22 77.59 73.04
No 95 2.94 3.25 90.22 87.68 87.48 91.29 86.76 88.02 77.44 79.39 77.44 76.53 79.42 71.53
No 96 2.91 3.19 89.79 86.75 87.79 90.58 88.30 86.17 77.98 77.71 77.99 76.07 77.73 73.25
No 97 2.89 3.20 90.36 87.43 87.45 91.50 87.01 87.59 77.53 78.35 77.54 76.69 78.38 72.69
No 98 2.89 3.18 90.11 87.95 88.04 90.92 86.03 88.66 77.56 78.18 77.57 76.63 78.21 73.02
No 99 2.87 3.18 90.30 88.10 87.99 91.21 85.69 89.00 77.82 77.48 77.83 76.54 77.49 73.59
No 100 2.87 3.20 90.27 88.35 87.71 91.27 85.09 89.56 77.44 76.99 77.45 76.80 77.00 74.20




Table 6: Performance Results of Model 6 Over Epochs
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 8.57 8.91 39.00 59.99 82.17 22.03 62.40 59.10 81.03 54.27 81.20 43.42 54.32 43.34
No 2 7.72 66.73 51.65 61.73 68.70 86.88 38.62 74.31 90.19 74.35 65.21 90.45 33.63
No 3 7.51 6.42 62.67 76.65 56.93 64.93 75.58 77.04 79.41 76.62 79.50 57.37 76.65 70.54
No 4 6.49 7.84 68.76 83.13 56.40 73.61 55.87 93.22 74.50 75.19 74.52 69.74 75.21 71.07
No 5 6.72 6.08 63.70 70.04 62.79 64.06 82.00 65.61 72.76 75.26 72.77 70.29 75.27 71.07
No 6 6.23 5.71 70.60 82.61 58.57 75.33 53.27 93.46 75.27 75.19 75.30 68.78 75.21 71.07
No 7 6.19 6.50 72.34 78.88 58.17 77.91 55.70 87.46 76.51 75.20 76.54 69.45 75.21 71.07
No 8 7.49 9.85 52.01 27.47 70.17 44.88 99.89 0.68 73.68 75.19 73.75 57.57 75.20 71.07
No 9 6.43 6.53 66.17 67.08 60.68 68.33 85.92 60.11 75.47 78.48 75.50 67.29 78.53 68.96
No 10 6.48 5.15 67.17 78.33 64.21 68.33 82.27 76.87 75.95 75.75 75.99 67.44 75.77 71.06
No 11 6.08 5.60 71.26 74.75 60.61 75.45 51.27 83.44 76.04 73.73 76.08 68.87 73.78 62.28
No 12 6.46 5.37 65.42 76.88 62.50 66.57 61.31 82.64 76.67 75.19 76.71 68.98 75.21 71.07
No 13 6.21 5.31 67.92 62.36 62.02 70.24 87.22 53.16 76.98 76.54 77.02 67.62 76.56 70.76
No 14 5.88 5.33 73.71 82.20 62.05 78.29 50.47 93.95 76.85 75.85 76.89 69.09 75.87 71.02
No 15 6.04 5.84 67.18 81.40 69.18 66.40 34.06 98.92 76.15 75.79 76.18 69.77 75.82 71.06
No 16 5.86 7.50 72.32 29.54 68.67 73.76 98.61 3.98 76.74 77.17 76.78 69.02 77.20 70.81
No 17 5.78 5.36 72.75 81.68 68.58 74.39 64.30 88.11 76.59 75.94 76.62 69.30 75.96 71.01
No 18 6.07 4.70 68.03 82.36 64.92 69.25 75.23 85.00 76.70 77.76 76.73 69.38 77.79 70.59
No 19 5.82 4.92 72.99 75.16 61.89 77.34 89.40 69.89 77.03 79.66 77.07 69.09 79.70 69.31
No 20 5.75 5.12 72.33 85.31 66.71 74.54 63.83 93.25 76.52 76.10 76.56 69.40 76.13 71.00
No 21 5.84 4.43 71.67 78.49 62.42 75.30 87.77 75.06 77.34 81.27 77.38 68.79 81.34 66.80
No 22 5.75 4.65 73.46 83.28 66.93 76.03 67.34 89.17 76.60 75.52 76.63 69.10 75.54 71.06
No 23 5.50 6.13 75.19 50.80 68.82 77.69 96.76 33.80 77.74 78.91 77.78 68.87 78.96 69.62
No 24 5.48 4.88 74.48 72.77 68.56 76.81 80.26 70.00 77.37 81.00 77.40 69.17 81.06 66.64
No 25 5.41 4.71 74.12 84.56 72.88 74.61 75.43 87.93 77.68 76.56 77.72 68.84 76.59 70.97
No 26 5.57 5.26 73.54 66.44 68.73 75.43 83.88 59.99 78.08 77.28 78.13 67.84 77.31 70.55
No 27 5.42 4.74 73.01 79.39 74.28 72.51 68.19 83.54 77.10 77.42 77.13 69.50 77.45 70.68
No 28 5.33 4.74 75.25 81.92 74.65 75.48 67.92 87.10 77.83 76.62 77.87 68.97 76.65 70.96
No 29 5.31 4.85 75.20 73.66 72.69 76.19 84.58 69.61 78.16 79.87 78.20 69.11 79.92 67.90
No 30 5.16 4.62 77.05 79.61 75.15 77.79 78.66 79.96 78.06 79.62 78.10 69.19 79.67 68.66
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Table 7: Performance Results of Model 7 Over Epochs

. . . L. Train Train Validation | Validation Train Validation Train_ Train. Validatif)n Validatif)n

Train Validation Train Validation . ) Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 8.79 70.53 34.30 70.33 70.61 99.00 10.35 56.00 91.47 56.02 52.80 91.83 12.93
No 2 5.94 6.67 72.73 63.03 79.55 70.05 84.25 55.18 52.88 99.44 52.84 62.91 99.89 0.13
No 3 4.86 4.92 82.04 76.87 74.71 84.92 82.89 74.63 57.70 61.91 57.69 59.38 61.93 58.58
No 4 4.49 4.54 82.35 80.06 81.32 82.75 87.53 77.29 53.50 78.17 53.43 69.54 78.35 37.88
No 5 4.49 4.80 82.92 85.73 83.20 82.81 75.12 89.65 58.46 38.00 58.44 62.57 37.79 85.88
No 6 4.39 4.62 83.46 83.98 79.75 84.91 75.69 87.05 50.99 42.67 50.89 72.89 42.49 81.90
Yes 7 4.39 4.17 81.84 83.30 83.38 81.24 84.55 82.84 56.54 74.77 56.49 67.51 74.90 44.74
Yes 8 4.26 4.01 84.08 84.21 82.43 84.73 83.38 84.51 55.51 49.25 55.46 66.63 49.13 75.43
No 9 4.20 4.09 84.47 83.20 82.95 85.07 78.94 84.77 52.42 65.05 52.33 72.76 65.09 56.15
No 10 4.19 3.96 83.99 86.00 83.91 84.03 76.16 89.64 56.65 54.82 56.61 65.27 54.76 68.59
No 11 4.05 4.57 84.80 86.88 83.16 85.44 78.12 90.12 55.83 39.14 55.77 69.31 38.93 85.79
No 12 4.05 4.18 85.00 82.80 83.37 85.65 86.85 81.30 50.87 69.44 50.77 75.11 69.51 52.64
No 13 4.07 4.36 86.01 86.96 82.36 87.44 68.91 93.63 49.52 41.99 49.40 76.87 41.80 84.40
Yes 14 3.88 3.86 85.86 84.21 84.72 86.31 85.03 83.90 51.56 53.59 51.45 75.26 53.50 72.86
No 15 4.06 4.24 85.29 86.73 80.93 87.00 64.62 94.91 58.96 27.79 58.93 65.78 27.49 94.54
No 16 4.08 4.19 85.59 77.72 81.46 87.21 91.10 72.76 55.44 68.24 55.39 67.29 68.31 52.54
No 17 3.96 3.90 85.51 82.68 83.12 86.45 86.30 81.34 54.17 57.51 54.09 72.65 57.47 66.57
Yes 18 4.47 3.84 82.49 84.32 80.36 83.32 84.01 84.43 52.70 64.03 52.61 72.14 64.05 60.06
No 19 3.89 4.05 86.78 87.22 82.69 88.39 69.90 93.63 51.51 55.52 51.40 76.19 55.45 70.68
Yes 20 3.92 3.84 86.13 85.31 82.39 87.60 83.86 85.84 59.54 54.07 59.51 66.64 53.99 72.12
No 21 4.02 4.25 85.28 77.78 82.36 86.42 90.48 73.08 53.83 66.78 53.74 73.14 66.83 56.87
No 22 4.06 5.02 85.79 74.47 82.13 87.23 87.07 69.80 56.70 85.85 56.64 69.99 86.11 28.58
No 23 3.94 5.24 86.15 86.35 82.54 87.56 76.61 89.95 54.68 37.94 54.61 71.93 37.72 86.04
Yes 24 3.98 3.99 85.91 86.98 81.67 87.58 80.62 89.34 54.52 66.70 54.43 73.40 66.74 58.62
No 25 3.81 4.63 86.64 77.09 82.76 88.17 90.12 72.27 55.31 77.26 55.23 73.06 77.41 43.16
No 26 3.68 3.80 86.85 83.13 84.63 87.72 88.72 81.06 55.45 68.50 55.36 74.07 68.55 57.86
Yes 27 3.71 3.80 86.86 87.96 84.53 87.78 80.08 90.87 57.83 53.54 57.76 72.11 53.44 75.76
No 28 3.76 4.75 86.78 72.18 83.35 88.12 92.81 64.54 58.64 78.48 58.58 71.80 78.64 42.53
No 29 3.79 3.92 86.93 82.91 82.95 88.50 86.37 81.63 58.44 58.59 58.38 72.74 58.54 69.42
No 30 13.07 6.71 75.73 82.65 76.79 75.32 38.45 99.01 59.51 57.09 59.49 63.52 56.97 82.60

No 31 67.83935 31.21826 60.20992 | 70.83673 | 99.37883 | 5.999387 | 67.1094 | 96.42753 | 67.19728 | 47.30842 | 96.83922 | 5.514308
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. N . . Train Train Validation | Validation Train Validation Train' Train. Validati? 4 Validati? f
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 28.80957 27.02974 99.91571 | 0.874131 | 99.99908 | 0.031652 | 99.17107 | 99.52803 | 99.60753 | 0.827137 | 99.97859 | 0.031236

No 33 28.83698 27.04672 99.9112 | 0.914084 | 99.99471 | 0.056537 | 99.15112 | 99.50772 | 99.58745 | 0.836969 | 99.95806 | 0.060069

No 34 28.86325 27.03333 99.91574 | 0.948882 | 99.99824 | 0.03689 | 99.12624 | 99.52322 | 99.56208 | 0.922387 | 99.97372 | 0.038444
No 35 28.86619 27.00699 99.91013 | 0.955186 100 0.000148 | 99.11399 | 99.54921 | 99.54986 | 0.902108 100 0
No 36 28.87693 27.00714 99.91206 | 0.969391 100 0.000356 | 99.12164 | 99.54912 | 99.55752 | 0.909482 | 99.99991 0

No 37 28.80236 27.02624 99.91439 | 0.864612 | 99.99948 | 0.02671 99.1809 | 99.53044 | 99.61756 | 0.792724 | 99.98101 | 0.028833
No 38 28.76039 27.0071 99.91097 | 0.807489 100 0.000297 | 99.20744 | 99.54916 | 99.64448 | 0.73496 | 99.99996 0
No 39 28.81232 27.00713 99.91134 | 0.879672 100 0.000341 | 99.16576 | 99.54911 | 99.60231 | 0.801942 | 99.9999 0
No 40 28.84729 27.00722 99.91327 | 0.92762 | 99.99996 | 0.000475 | 99.13604 | 99.54921 | 99.57218 | 0.863393 100 0
No 41 28.84316 27.00695 99.91432 | 0.921459 100 8.9E-05 | 99.14491 | 99.54921 | 99.58111 | 0.860321 100 0

No 42 28.84334 27.06911 99.91073 | 0.923115 | 99.99414 | 0.087416 | 99.14585 | 99.49267 | 99.58193 | 0.887359 | 99.94273 | 0.105721
No 43 28.78805 27.00688 99.91634 | 0.843909 100 0 99.19167 | 99.54921 | 99.62836 | 0.796411 100 0
No 44 28.77674 27.00844 99.91397 | 0.82908 | 99.99968 | 0.002256 | 99.20188 | 99.54917 | 99.63897 | 0.71591 | 99.99997 0
No 45 28.66554 27.00688 99.93658 | 0.665317 100 0 99.2472 | 99.54921 | 99.68493 | 0.616973 100 0
No 46 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 47 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 48 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 49 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 50 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 51 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 52 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 53 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 54 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 55 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 56 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
No 57 28.20577 27.00688 100 0 100 0 99.55815 | 99.54921 100 0 100 0
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 9.05 69.29 53.29 53.91 75.34 94.42 38.08 54.17 79.58 54.11 68.05 79.68 56.65
No 2 5.35 5.76 80.33 78.59 75.42 82.25 85.41 76.06 72.15 77.94 72.16 70.12 77.98 67.89
No 3 4.70 4.60 82.76 85.48 80.45 83.67 65.77 92.77 76.00 78.40 76.02 70.69 78.44 70.44
No 4 4.67 4.58 81.90 84.19 82.75 81.57 59.91 93.17 77.45 76.17 77.48 70.15 76.19 71.02
No 5 4.42 5.34 82.18 82.81 82.94 81.88 56.41 92.58 78.26 77.71 78.29 70.23 77.74 70.38
Yes 6 4.30 4.02 85.05 83.82 81.33 86.51 85.71 83.12 77.88 80.98 77.91 70.87 81.04 67.96
No 7 4.21 4.87 84.26 71.25 84.01 84.36 93.52 63.01 79.04 84.23 79.08 69.92 84.34 61.94
Yes 8 4.20 3.85 84.16 85.51 82.14 84.96 82.43 86.65 78.51 80.19 78.55 70.05 80.24 69.56
No 9 4.19 3.93 84.79 81.57 82.99 85.50 89.59 78.61 78.44 79.61 78.47 70.60 79.65 69.98
No 10 4.01 4.50 84.35 87.30 85.72 83.81 69.73 93.79 79.74 78.73 79.78 69.67 78.77 70.22
No 11 3.99 4.89 85.55 87.33 82.50 86.75 67.73 94.59 78.60 77.62 78.63 70.87 77.64 71.94
No 12 3.93 5.23 85.21 66.49 83.93 85.71 94.99 55.94 79.47 84.96 79.51 70.14 85.07 59.75
No 13 3.76 3.93 86.04 87.97 85.16 86.39 69.96 94.64 78.72 76.86 78.75 71.41 76.87 72.75
Yes 14 3.76 3.59 86.79 87.58 82.62 88.43 80.15 90.33 78.31 78.62 78.34 71.94 78.65 71.56
No 15 3.73 3.66 86.80 86.11 84.26 87.80 86.30 86.04 78.68 79.37 78.71 71.74 79.41 70.96
No 16 3.86 3.78 86.37 87.19 83.63 87.45 84.49 88.19 78.62 77.59 78.65 71.50 77.61 72.99
No 17 3.90 3.67 85.89 85.38 83.38 86.87 87.34 84.65 78.26 78.62 78.28 71.95 78.65 71.83
No 18 3.69 3.60 87.09 87.93 84.64 88.05 79.20 91.17 77.99 79.38 78.01 72.36 79.42 70.48
No 19 3.79 4.00 86.75 87.66 84.25 87.73 64.94 96.07 78.33 76.73 78.36 71.94 76.75 72.50
No 20 3.74 4.37 87.58 76.83 83.80 89.07 92.16 71.16 78.23 81.73 78.25 72.37 81.79 68.32
Yes 21 3.51 3.45 87.83 87.92 85.68 88.67 83.50 89.55 78.72 77.65 78.75 72.39 77.67 73.23
No 22 3.64 3.57 87.53 88.47 83.17 89.24 78.27 92.24 77.92 80.25 77.94 72.83 80.30 69.51
No 23 3.58 3.71 87.48 86.65 85.81 88.14 80.86 88.79 78.31 79.20 78.34 72.52 79.24 71.34
No 24 3.54 3.51 88.17 87.08 85.00 89.41 85.69 87.59 78.21 78.28 78.24 72.80 78.31 72.44
No 25 3.53 3.68 87.56 84.98 84.77 88.65 88.28 83.77 78.09 81.29 78.11 72.82 81.35 68.48
No 26 3.51 3.58 87.85 88.55 84.87 89.02 78.99 92.09 78.13 73.04 78.16 72.96 73.02 76.94
No 27 3.50 3.46 87.80 88.97 86.12 88.47 75.87 93.82 78.00 76.05 78.02 73.32 76.06 74.85
No 28 3.68 3.58 87.14 86.81 84.34 88.24 75.82 90.88 77.43 80.55 77.45 73.25 80.60 69.57
No 29 3.46 4.20 88.29 79.86 84.78 89.67 91.28 75.64 78.35 81.79 78.38 72.96 81.86 67.27
No 30 3.34 3.35 88.62 87.74 85.74 89.76 85.68 88.50 77.93 79.24 77.95 73.75 79.27 71.68
Yes 31 3.40 3.31 88.87 88.44 86.18 89.92 84.46 89.92 78.32 79.41 78.34 73.43 79.44 71.66
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.41 4.46 88.14 79.61 84.66 89.50 92.41 74.87 77.84 82.32 77.85 73.37 82.39 67.33
No 33 3.42 3.57 88.23 88.80 85.73 89.22 79.96 92.07 78.22 80.75 78.25 73.32 80.80 69.47
No 34 3.28 3.37 88.93 86.52 86.03 90.06 85.67 86.84 77.69 79.29 77.71 74.04 79.33 71.17
No 35 3.35 3.42 88.46 88.15 85.59 89.59 85.50 89.14 77.90 76.32 77.92 73.75 76.33 74.76
No 36 3.28 3.81 88.73 80.30 85.91 89.84 92.23 75.88 78.34 81.34 78.36 73.67 81.40 68.52
No 37 3.20 3.29 88.71 88.31 87.31 89.26 85.09 89.50 78.16 78.83 78.17 73.95 78.86 72.39
No 38 3.24 3.29 89.25 88.20 87.08 90.10 86.66 88.78 78.01 77.90 78.03 74.27 77.92 73.19
No 39 3.16 3.40 89.14 86.20 86.59 90.14 89.50 84.98 78.31 77.99 78.32 74.03 78.02 72.92
No 40 3.19 3.26 89.32 85.70 87.41 90.07 89.09 84.44 77.85 77.08 77.87 74.35 77.09 74.10
No 41 3.12 3.55 89.62 82.73 87.06 90.63 90.02 80.04 77.94 81.49 77.95 74.55 81.56 67.28
No 42 3.22 3.63 89.53 88.64 87.31 90.40 75.15 93.63 78.19 75.14 78.21 74.25 75.14 75.31
Yes 43 3.17 3.38 89.68 89.45 85.76 91.22 80.91 92.61 77.73 78.50 77.74 74.85 78.53 72.78
No 44 3.31 3.87 88.39 80.61 86.35 89.19 91.03 76.75 77.97 76.41 77.98 74.15 76.43 71.26
No 45 3.33 3.52 88.61 89.23 86.88 89.30 74.46 94.70 77.55 80.20 77.57 74.09 80.25 70.03
No 46 3.20 4.00 89.10 83.19 85.49 90.52 90.34 80.54 78.14 80.52 78.15 74.14 80.58 68.04
No 47 3.22 3.40 89.32 89.19 87.42 90.06 78.28 93.22 77.99 77.24 78.00 74.30 77.26 73.76
No 48 3.16 3.35 89.65 87.36 87.13 90.64 87.38 87.35 77.91 77.24 77.92 74.75 77.26 73.75
No 49 3.14 3.21 89.41 89.18 87.01 90.35 83.68 91.21 78.05 76.07 78.06 74.49 76.07 74.99
No 50 3.05 3.63 89.87 89.15 87.30 90.88 83.00 91.42 78.13 76.15 78.14 74.69 76.16 74.62
No 51 3.02 3.24 90.00 89.18 87.74 90.89 82.19 91.77 77.59 75.78 77.60 75.44 75.78 75.26
No 52 3.00 3.21 90.09 89.16 87.77 91.00 83.87 91.11 77.89 76.74 77.90 75.13 76.75 74.60
No 53 2.96 3.12 90.43 88.75 87.14 91.72 85.72 89.87 77.49 78.73 77.50 75.81 78.76 72.80
No 54 2.98 3.15 90.34 89.05 88.10 91.21 84.11 90.88 77.83 75.90 77.84 75.41 75.90 75.45
No 55 2.89 3.13 90.61 89.04 88.27 91.53 84.14 90.85 77.66 77.42 77.67 75.83 77.43 74.10
No 56 2.86 3.22 90.89 88.73 87.97 92.04 83.88 90.52 77.85 77.48 77.86 75.72 77.49 73.94
No 57 2.86 3.15 90.58 87.65 88.46 91.42 87.77 87.61 78.00 77.11 78.01 75.56 77.12 73.96
No 58 2.86 3.15 90.88 88.80 88.13 91.97 84.90 90.25 77.22 77.47 77.22 76.47 77.48 73.92
No 59 2.83 3.14 90.99 88.08 88.38 92.01 86.38 88.71 78.04 78.07 78.05 75.77 78.09 73.20
No 60 2.82 3.12 91.08 88.47 88.56 92.07 85.60 89.53 77.77 78.15 77.77 76.09 78.17 73.20
No 61 2.81 3.16 91.14 88.61 88.45 92.19 84.77 90.03 77.58 77.48 77.58 76.28 77.49 73.81
No 62 2.80 3.14 91.05 88.30 88.70 91.98 85.95 89.17 77.88 78.08 77.88 76.08 78.10 73.13
No 63 2.79 3.14 91.07 88.47 88.79 91.96 85.27 89.65 77.63 77.69 77.63 76.41 77.71 73.53
No 64 2.84 3.14 91.22 88.45 88.66 92.23 84.98 89.74 77.53 77.52 77.53 76.53 77.54 73.69
No 65 2.77 3.15 91.06 88.90 88.85 91.93 83.73 90.82 77.84 77.06 77.84 76.27 77.07 74.24
No 66 2.74 3.15 91.24 88.38 89.18 92.04 85.29 89.53 77.63 77.54 77.64 76.52 77.56 73.57
No 67 2.76 3.15 91.28 88.51 88.81 92.25 84.68 89.93 77.78 77.53 77.79 76.39 77.55 73.62
No 68 2.75 3.16 91.40 88.46 88.83 92.41 84.78 89.82 77.66 77.68 77.66 76.60 77.70 73.47
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. . A N . Sy Train Train Validation | Validation
. N . . Train Train Validation | Validation Train Validation . . . .
Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
. . e . e L. Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 69 2.74 3.16 91.35 88.46 89.08 92.24 84.82 89.81 77.59 77.73 77.60 76.73 77.75 73.37
No 70 2.75 3.16 91.34 88.40 89.17 92.19 85.03 89.65 77.69 77.51 77.70 76.72 77.53 73.51
No 71 2.75 3.17 91.45 88.59 88.82 92.48 84.34 90.16 77.60 77.52 77.60 76.68 77.54 73.63
No 72 2.74 3.16 91.20 88.27 89.28 91.96 85.21 89.41 77.92 77.68 77.93 76.43 77.70 73.31
No 73 2.74 3.16 91.34 88.40 88.97 92.28 84.76 89.75 77.53 77.58 77.53 76.85 77.60 73.48
Table 9: Performance Results of Model 9 Over Epochs
. N . C . Train Train Validation | Validation Train Validation Tram. Traln' Valldatl.on Valldatl.on
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
. . e . e s Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 1 7.05 68.73 71.83 57.51 73.14 79.19 69.11 75.35 82.91 75.45 52.33 83.02 59.70
No 2 4.88 5.37 81.05 76.28 79.62 81.61 87.23 72.23 77.75 79.26 77.79 68.47 79.31 69.09
No 3 4.79 5.66 82.54 85.96 79.18 83.86 69.84 91.93 77.68 79.26 77.71 70.27 79.30 69.93
No 4 4.38 5.66 84.16 73.00 80.60 85.56 77.31 71.41 79.85 76.81 79.89 68.83 76.84 71.46
No 5 4.47 4.21 84.12 85.89 79.23 86.03 76.00 89.55 77.93 78.82 77.96 70.71 78.86 70.30
No 6 5.25 4.76 77.70 80.58 80.48 76.61 84.71 79.05 77.52 82.99 77.55 69.80 83.08 63.00
No 7 36.45 5.73 74.89 84.95 59.22 81.04 76.71 87.99 77.69 66.42 77.75 63.84 66.38 75.19
No 8 4.76 5.14 83.85 76.88 78.13 86.09 84.57 74.04 78.37 80.83 78.40 69.65 80.88 68.29
Yes 9 4.22 4.02 84.29 83.81 83.61 84.55 86.75 82.72 78.75 75.02 78.78 70.44 75.02 73.73
Yes 10 3.96 3.85 86.18 84.38 84.40 86.88 85.40 84.00 79.52 79.65 79.56 70.25 79.69 70.55
Yes 11 3.92 3.95 85.07 85.71 83.52 85.68 83.79 86.42 78.41 80.62 78.44 70.95 80.68 68.90
Yes 12 3.87 3.64 86.03 85.95 83.04 87.20 82.08 87.39 79.63 74.72 79.67 70.31 74.72 74.83
No 13 3.88 3.68 86.52 85.34 82.88 87.94 83.23 86.12 77.88 80.54 77.90 71.92 80.58 69.54
No 14 3.86 4.19 85.94 84.34 83.65 86.84 80.06 85.92 78.91 79.57 78.95 70.76 79.61 70.42
No 15 3.93 3.86 86.35 82.09 82.76 87.77 88.93 79.57 78.46 83.22 78.49 71.43 83.30 65.09
Yes 16 3.59 3.53 87.57 87.49 84.18 88.90 82.60 89.30 78.50 76.69 78.52 72.09 76.71 73.64
Yes 17 3.92 3.57 86.78 87.57 82.00 88.65 83.83 88.95 77.69 63.58 77.72 72.11 63.49 82.86
No 18 3.60 4.83 87.06 87.51 84.65 88.00 60.84 97.38 77.67 78.68 77.69 72.74 78.72 70.62
Yes 19 3.84 3.67 86.61 87.86 83.13 87.98 81.22 90.32 78.72 71.24 78.75 71.54 71.21 78.42
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 20 3.71 5.10 86.78 68.10 84.78 87.57 89.08 60.33 78.04 82.29 78.06 72.39 82.37 63.51
No 21 3.68 3.92 86.88 88.61 84.63 87.76 71.89 94.80 77.67 72.57 77.69 72.82 72.55 76.61
Yes 22 3.44 3.62 88.13 88.54 85.25 89.26 82.77 90.68 77.64 76.59 77.66 73.36 76.60 73.99
No 23 3.63 3.65 87.34 87.75 82.54 89.22 77.20 91.65 78.11 80.25 78.13 72.37 80.30 69.94
No 24 3.50 3.43 87.34 87.87 85.34 88.13 83.45 89.50 77.65 78.31 77.67 73.08 78.33 72.52
No 25 3.45 3.60 88.02 86.23 85.18 89.14 84.49 86.87 77.72 80.15 77.74 73.32 80.20 70.50
No 26 3.52 3.72 87.51 86.19 84.94 88.52 81.99 87.74 78.38 77.49 78.40 72.67 77.51 73.03
No 27 3.51 3.52 87.82 88.45 84.98 88.94 81.35 91.08 78.48 78.94 78.50 72.53 78.97 71.76
No 28 3.43 5.38 87.62 67.69 86.31 88.14 95.24 57.50 78.08 84.42 78.10 72.93 84.52 60.91
Yes 29 341 3.38 87.73 88.71 86.23 88.32 83.05 90.80 77.86 76.14 77.88 73.51 76.15 74.69
No 30 3.42 3.89 87.42 88.17 84.95 88.40 76.68 92.42 78.08 78.81 78.10 73.09 78.85 71.29
No 31 3.46 4.20 87.86 88.54 85.13 88.94 73.90 93.95 77.59 75.52 77.61 73.85 75.52 74.88
No 32 3.55 4.15 87.91 87.36 84.36 89.30 76.70 91.31 77.88 75.26 77.90 73.30 75.26 75.29
No 33 3.41 3.61 88.12 82.40 85.48 89.15 91.52 79.02 78.30 79.93 78.32 73.15 79.98 69.70
No 34 3.26 3.33 88.81 88.47 85.53 90.10 83.34 90.36 77.90 76.28 77.92 73.87 76.28 74.72
No 35 3.20 3.31 88.74 86.41 86.22 89.73 87.81 85.89 78.39 78.01 78.41 73.52 78.03 73.07
No 36 3.19 4.06 89.10 82.02 86.38 90.17 91.34 78.57 77.86 82.47 77.88 74.18 82.55 66.30
No 37 3.18 3.24 89.31 87.97 86.46 90.43 86.39 88.56 78.28 78.73 78.30 73.89 78.76 72.43
No 38 3.21 3.34 89.01 89.04 86.39 90.04 78.91 92.78 78.12 76.02 78.13 73.80 76.02 74.74
Yes 39 3.20 3.89 88.61 88.91 86.33 89.51 80.34 92.09 78.10 76.15 78.11 74.06 76.15 74.37
No 40 3.37 3.53 88.36 88.22 84.53 89.86 82.74 90.24 77.63 80.06 77.64 74.18 80.10 70.85
No 41 3.36 3.54 88.55 87.56 86.08 89.51 82.08 89.59 78.05 79.42 78.07 73.63 79.46 70.74
No 42 3.15 3.44 88.94 87.75 86.99 89.71 84.85 88.82 78.02 78.80 78.04 74.28 78.83 72.32
No 43 3.17 3.26 89.36 86.87 86.35 90.54 88.50 86.27 78.09 79.26 78.11 74.42 79.30 71.33
No 44 3.09 5.06 89.53 66.29 86.81 90.61 94.84 55.73 77.86 85.08 77.87 74.82 85.21 56.98
No 45 3.17 3.66 88.96 88.79 86.82 89.81 82.43 91.14 78.09 77.76 78.10 74.26 77.78 73.29
No 46 3.17 3.21 89.42 88.46 86.40 90.61 85.60 89.52 77.88 78.20 77.90 74.71 78.22 73.06
No 47 3.04 3.15 89.61 88.42 87.44 90.46 86.13 89.27 78.22 77.39 78.24 74.60 77.41 74.05
No 48 2.93 3.23 90.04 88.03 87.34 91.10 86.49 88.60 78.04 77.91 78.06 75.06 77.94 73.28
No 49 2.98 3.17 89.90 88.32 87.65 90.79 85.30 89.43 78.36 77.07 78.37 74.62 77.08 74.20
No 50 2.96 3.16 89.99 86.92 87.19 91.10 88.38 86.38 77.93 78.77 77.94 75.18 78.80 72.42
No 51 2.95 3.26 89.96 88.57 87.42 90.96 84.96 89.91 77.96 76.43 77.97 75.25 76.44 74.55
No 52 2.93 3.15 90.00 88.58 87.93 90.81 85.03 89.90 78.05 78.50 78.07 75.17 78.53 72.81
No 53 2.89 3.21 90.33 88.49 87.45 91.46 86.12 89.37 78.19 75.08 78.20 75.10 75.08 75.57
No 54 2.92 3.11 90.12 88.75 88.00 90.96 85.41 89.98 77.96 77.74 77.97 75.46 77.76 73.61
Yes 55 2.88 3.11 90.52 88.91 87.43 91.73 84.70 90.47 78.06 78.21 78.08 75.51 78.23 72.94
No 56 3.09 3.38 89.45 89.14 86.84 90.47 77.05 93.61 77.79 81.01 77.80 74.95 81.07 67.08
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 57 3.14 3.78 88.87 82.85 86.70 89.73 89.38 80.43 78.08 80.26 78.10 74.40 80.31 69.11
No 58 3.01 3.27 89.64 88.27 86.18 91.01 84.98 89.48 77.78 76.76 77.80 75.08 76.77 74.02
No 59 3.05 3.28 89.65 85.49 86.88 90.73 89.92 83.85 78.13 78.44 78.15 74.84 78.47 72.18
Yes 60 2.97 3.36 89.91 89.31 87.71 90.77 82.94 91.67 78.34 76.67 78.36 74.85 76.68 74.46
No 61 3.09 3.78 89.40 87.15 86.65 90.48 85.08 87.92 77.85 69.06 77.86 74.84 69.02 78.78
No 62 3.03 3.18 89.74 88.17 87.05 90.80 85.69 89.08 77.31 78.50 77.32 75.54 78.53 72.80
No 63 2.96 3.22 90.07 89.18 87.65 91.03 82.68 91.58 77.74 78.38 77.75 75.82 78.40 72.89
No 64 2.93 341 90.34 85.56 87.30 91.53 89.34 84.17 78.06 77.62 78.07 75.32 77.65 71.33
No 65 2.90 3.35 90.30 85.42 87.78 91.29 89.73 83.82 77.46 81.37 77.46 75.76 81.43 68.98
No 66 2.89 3.15 90.43 88.24 87.51 91.58 86.83 88.76 77.86 76.44 77.87 75.82 76.45 74.69
No 67 2.81 3.14 90.78 88.39 88.20 91.80 85.93 89.31 77.38 76.29 77.39 76.68 76.30 74.92
No 68 2.77 3.14 90.83 89.02 88.43 91.77 83.34 91.12 77.98 75.41 77.99 76.13 75.41 75.55
No 69 2.78 3.23 91.13 88.45 88.24 92.27 86.10 89.32 77.88 78.99 77.89 76.24 79.02 72.16
No 70 2.77 3.13 91.04 87.88 88.87 91.89 86.76 88.29 77.77 78.02 77.78 76.67 78.05 72.94
No 71 2.70 3.14 91.21 88.76 88.97 92.09 84.64 90.28 77.66 75.95 77.66 77.03 75.95 74.95
No 72 2.68 3.14 91.33 88.83 88.81 92.31 84.01 90.62 77.40 77.63 77.40 77.34 77.65 73.25
No 73 2.66 3.21 91.38 88.70 89.03 92.30 84.71 90.17 77.76 77.11 77.77 77.11 77.12 73.89
No 74 2.64 3.15 91.52 88.85 89.19 92.43 83.78 90.73 77.50 76.95 77.49 77.63 76.96 74.04
No 75 2.64 3.16 91.51 88.29 89.10 92.46 84.83 89.57 77.86 77.25 77.87 77.25 77.27 73.52
No 76 2.61 3.16 91.62 88.54 89.21 92.57 84.43 90.06 77.30 77.00 77.29 78.03 77.01 73.79
No 77 2.63 3.15 91.49 88.33 89.37 92.33 85.53 89.37 77.57 77.62 77.56 77.72 77.65 72.97
No 78 2.60 3.15 91.71 88.30 89.50 92.58 85.10 89.48 77.41 77.54 77.41 78.01 77.56 73.11
No 79 2.60 3.15 91.64 88.67 89.56 92.45 84.32 90.28 77.54 77.24 77.54 77.91 77.26 73.40
No 80 2.61 3.14 91.76 88.46 89.40 92.69 84.64 89.87 77.53 76.82 77.53 77.97 76.83 73.72
No 81 2.61 3.17 91.73 88.51 89.30 92.68 84.33 90.05 77.45 77.45 77.45 78.07 77.47 73.15
No 82 2.60 3.16 91.80 88.50 89.65 92.64 84.49 89.98 77.23 77.33 77.22 78.46 77.35 73.24
No 83 2.62 3.16 91.72 88.28 89.49 92.60 85.08 89.46 77.51 76.91 77.50 78.07 76.92 73.50
No 84 2.58 3.16 91.79 88.45 89.49 92.69 84.63 89.86 77.43 77.18 77.43 78.28 77.20 73.27
No 85 2.57 3.16 91.69 88.45 89.78 92.45 84.43 89.93 77.34 77.36 77.34 78.49 77.38 73.12
No 86 2.57 3.16 91.90 88.41 89.54 92.82 84.65 89.80 77.35 77.29 77.34 78.43 77.31 73.12
No 87 2.57 3.17 91.78 88.28 89.83 92.55 84.99 89.50 77.52 77.20 77.51 78.33 77.22 73.07
No 88 2.59 3.17 91.82 88.37 89.63 92.68 84.61 89.76 77.18 77.28 77.17 78.63 77.30 73.13
No 89 2.57 3.16 91.80 88.40 89.51 92.69 84.64 89.80 77.46 77.07 77.46 78.26 77.09 73.34
No 90 2.57 3.16 91.87 88.42 89.57 92.77 84.54 89.85 77.13 77.16 77.13 78.66 77.18 73.27
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Table 10: Performance Results of Model 10 Over Epochs

. . . L. Train Train Validation | Validation Train Validation Train_ Train. Validatif)n Validatif)n

Train Validation Train Validation . ) Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 7.25 6.90 58.36 77.73 52.26 60.76 70.07 80.56 38.75 40.18 38.63 67.28 40.02 76.96
No 2 7.31 5.05 75.20 83.31 51.71 84.43 69.16 88.55 57.43 32.98 57.44 54.79 32.74 86.60
No 3 5.11 5.98 83.10 72.92 74.52 86.47 92.32 65.74 41.50 65.36 41.33 79.71 65.41 53.47
Yes 4 4.76 4.62 83.05 82.77 79.90 84.29 83.54 82.48 49.40 61.03 49.28 74.62 61.02 63.65
Yes 5 4.71 4.35 82.75 84.27 79.57 83.99 83.42 84.59 56.53 56.18 56.47 69.40 56.12 70.44
Yes 6 4.64 4.43 83.76 85.16 84.02 83.66 81.23 86.61 58.48 57.95 58.43 69.47 57.90 69.51
No 7 4.53 4.67 84.21 81.05 82.38 84.93 88.81 78.18 58.46 60.54 58.41 69.54 60.51 67.22
Yes 8 4.41 4.16 85.57 86.23 81.45 87.19 81.05 88.15 55.25 57.46 55.16 73.83 57.41 69.46
No 9 4.21 4.00 84.53 83.36 83.90 84.78 85.84 82.45 58.89 62.22 58.84 70.08 62.21 65.39
No 10 4.06 4.05 85.48 85.20 82.87 86.51 84.23 85.55 58.31 59.07 58.25 71.36 59.03 69.60
No 11 4.09 3.99 85.33 83.90 83.83 85.92 85.97 83.13 58.58 58.78 58.52 71.42 58.73 70.25
No 12 4.00 4.01 85.71 87.50 84.34 86.25 70.24 93.89 57.25 49.95 57.18 73.22 49.82 78.66
No 13 3.90 3.94 86.17 84.41 84.44 86.86 84.30 84.45 57.53 61.62 57.46 73.13 61.60 67.03
No 14 4.08 4.03 85.26 83.48 83.69 85.88 85.68 82.66 57.17 58.64 57.10 72.69 58.59 70.58
Yes 15 3.92 3.71 86.12 87.33 83.85 87.01 82.74 89.03 56.76 54.34 56.68 74.11 54.24 76.05
No 16 3.88 3.80 87.00 85.17 83.35 88.44 86.30 84.75 56.19 56.77 56.10 75.44 56.70 73.71
No 17 3.84 3.98 86.30 85.22 84.66 86.94 86.03 84.92 56.89 61.27 56.81 74.31 61.24 68.76
No 18 4.58 4.08 81.59 83.73 83.40 80.88 85.32 83.14 57.57 53.44 57.51 71.17 53.34 75.91
No 19 4.25 4.01 84.48 81.92 84.29 84.56 88.16 79.62 57.17 55.17 57.10 73.64 55.09 74.46
No 20 3.97 4.00 86.22 81.76 84.00 87.09 89.31 78.97 56.45 60.67 56.37 75.29 60.63 69.34
No 21 3.71 3.62 86.95 87.05 85.07 87.69 83.67 88.30 57.44 56.12 57.36 75.09 56.04 74.20
No 22 3.74 3.64 87.03 87.04 84.72 87.94 81.92 88.94 57.33 53.52 57.25 75.30 53.42 76.52
No 23 3.63 3.57 87.75 86.40 84.65 88.97 86.26 86.45 56.52 56.89 56.43 76.44 56.81 74.76
No 24 3.58 3.59 87.90 87.05 85.26 88.94 82.16 88.86 57.79 57.14 57.71 75.72 57.07 73.76
No 25 3.54 3.54 87.77 85.87 85.25 88.75 87.11 85.42 57.09 58.55 57.01 76.57 58.49 73.06
No 26 3.49 3.72 87.88 83.89 84.91 89.04 89.63 81.77 56.71 58.17 56.62 77.09 58.10 73.72
Yes 27 3.42 3.47 88.04 87.53 86.33 88.71 82.30 89.46 57.09 57.26 57.00 77.07 57.18 74.14
No 28 3.75 3.58 87.01 87.09 82.10 88.94 83.00 88.60 56.38 52.12 56.29 75.73 52.00 78.80
No 29 4.17 3.93 86.28 82.50 83.18 87.50 87.91 80.49 57.68 60.20 57.60 74.19 60.16 70.06
No 30 3.94 3.74 85.64 85.13 84.73 86.00 85.84 84.86 58.91 60.21 58.85 72.56 60.16 71.09
No 31 4.00 3.88 85.98 80.51 83.14 87.10 88.68 77.48 57.44 61.85 57.37 73.48 61.82 68.03
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. N . . Train Train Validation | Validation Train Validation Train' Train. Validati? 4 Validati? f

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid

saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.815723 86.67079 85.24614 84.78721 | 87.41079 | 81.93476 | 86.47133 | 55.79319 | 59.65948 | 55.70399 | 75.89074 | 59.61024 | 70.53269
No 33 3.746355 3.652389 87.17445 83.86942 84.8078 | 88.10424 | 88.45274 | 82.17363 | 56.70374 | 59.40671 | 56.61663 | 76.33012 | 59.3487 72.21702
No 34 3.541588 | 3.501193 87.83054 86.92142 85.07343 | 88.91372 | 85.70466 | 87.37161 57.627 60.44491 | 57.54427 | 76.26928 | 60.39475 | 71.52022
No 35 3.581041 3.562628 87.77096 85.99605 84.85623 | 88.91606 | 87.08969 | 85.59142 | 57.98384 | 57.92604 | 57.9053 | 75.6818 57.8525 74.16565

Yes 36 3.466511 3.484199 88.29339 88.31665 86.01657 | 89.18788 | 80.81944 | 91.09055 | 57.10099 | 55.28166 | 57.01065 | 77.45529 | 55.18644 | 76.3089
No 37 3.504725 3.523251 88.22078 86.21293 85.46334 | 89.30409 | 85.21633 | 86.58167 | 55.95204 | 57.16031 | 55.85342 | 78.17305 | 57.08248 | 74.34585
No 38 3.538865 3.619984 87.79304 86.94769 84.91628 | 88.92323 | 84.32609 | 87.91767 | 57.14486 | 57.7706 | 57.05758 | 76.81067 | 57.69726 | 73.96622
No 39 3.695425 3.790648 87.73731 87.5994 84.3943 | 89.05068 | 77.48108 | 91.3431 | 55.87331 | 54.94963 | 55.77676 | 77.6292 | 54.85573 | 75.68659
No 40 4.631064 3.66946 80.50878 87.47274 85.4859 | 78.55342 | 82.01561 | 89.49183 | 58.46519 | 53.31893 | 58.40596 | 71.81098 | 53.20578 | 78.30558
No 41 3.566228 | 3.713601 88.12836 84.06989 84.95219 | 89.37619 | 89.97457 81.8852 | 55.35715 | 61.95205 | 55.25403 | 78.59215 | 61.91813 | 69.44184
Yes 42 3.457845 3.577462 88.38573 88.60381 85.85396 | 89.38038 | 80.55614 | 91.58138 | 57.85193 | 56.12922 | 57.7685 | 76.65151 | 56.04323 | 75.11713
No 43 3.380371 3.741027 88.3641 87.59339 86.32705 | 89.1644 85.6139 | 88.32578 | 57.90245 | 56.45822 | 57.8179 | 76.95201 | 56.3667 76.66931

No 44 3.329084 | 3.394762 89.07831 88.08844 85.88273 | 90.33375 | 85.09172 89.1972 56.4903 | 57.49044 | 56.39084 | 78.90063 | 57.41113 75.0042
Yes 45 3.297715 3.337815 88.78565 88.58521 85.8271 | 89.94798 | 82.59013 | 90.80335 | 56.51056 57.535 56.4119 | 78.74086 | 57.45403 | 75.41507
No 46 3.460686 | 3.639339 88.33472 86.74788 86.35968 | 89.11066 | 85.37751 87.2549 | 55.69968 | 59.09451 | 55.60001 | 78.15707 | 59.03156 | 72.99551
No 47 3.473865 3.408868 88.46232 87.60531 85.30359 | 89.70328 | 84.32677 | 88.81835 | 56.63274 | 56.76784 | 56.53842 | 77.88484 | 56.68177 | 75.77549
No 48 3.378568 3.45959 88.50915 88.03474 86.21751 | 89.40946 | 82.71137 | 90.00434 | 58.34704 | 54.21883 | 58.26653 | 76.48866 | 54.11016 | 78.21668
No 49 3.453923 3.620363 88.81753 85.86788 85.29517 | 90.20136 | 87.53759 | 85.25009 | 56.05294 | 59.45921 | 55.95174 | 78.85577 | 59.3992 72.71198
No 50 3.410374 | 3.333627 88.6085 87.87361 85.60672 | 89.78781 | 84.94745 | 88.95626 | 57.24872 | 55.99111 | 57.15701 | 77.91249 | 55.89464 | 77.29402
No 51 3.40455 3.520331 88.59342 87.48718 86.62556 | 89.36653 | 84.56612 | 88.56794 | 56.82495 | 51.88713 | 56.72766 | 78.74762 | 51.75451 | 81.17446
No 52 3.38268 3.39343 89.10562 85.40927 85.46463 | 90.53606 | 88.9744 84.0902 | 56.60534 | 59.37411 | 56.50785 | 78.57187 | 59.3098 73.57697
No 53 3.256417 | 3.343079 88.8431 86.81341 86.80266 | 89.64472 | 87.42393 | 86.58752 | 57.36379 | 58.17926 | 57.27047 | 78.3912 58.1038 74.84322
No 54 3.177134 | 3.278726 89.38547 87.34316 86.02798 | 90.70453 | 86.23382 | 87.75361 | 57.24131 | 55.16501 | 57.14456 | 79.04197 | 55.06013 | 78.32721
No 55 3.20355 3.340129 89.03153 86.21108 86.75103 | 89.92747 | 88.35913 | 85.41632 | 57.77334 | 58.61241 | 57.68024 | 78.75069 | 58.53964 | 74.68224
No 56 3.223073 3.328336 88.95805 86.36341 86.99474 | 89.72938 | 88.43934 | 85.59534 | 57.3281 | 61.30504 | 57.23052 | 79.3142 | 61.26119 | 70.98921
No 57 3.148636 | 3.290536 89.3712 88.1091 87.04256 | 90.28605 | 85.81591 | 88.95755 | 57.19294 | 60.15271 | 57.09471 | 79.32649 | 60.09405 | 73.10603
No 58 3.117959 | 3.221679 89.39202 87.60836 86.97478 | 90.34168 | 86.30385 | 88.09102 | 57.18956 | 52.28932 | 57.08993 | 79.63867 | 52.1586 | 81.15764
No 59 3.050365 3.222389 89.50769 87.82136 87.43321 | 90.3227 | 86.10989 | 88.45459 | 56.9841 | 58.19581 | 56.88136 | 80.13335 | 58.11815 75.3454

No 60 3.083331 3.24966 89.55797 86.76957 87.41042 | 90.40168 | 88.41556 | 86.16057 | 57.44664 | 61.00927 | 57.34732 | 79.82671 | 60.95737 | 72.4693
No 61 3.056817 | 3.289731 89.4807 87.20452 87.48001 | 90.26671 | 87.55777 | 87.07382 | 57.77391 | 60.01457 | 57.67621 | 79.78738 | 59.95321 | 73.56496

No 62 3.02679 3.2281 89.56849 88.33599 87.49997 | 90.38115 | 85.46194 | 89.39937 | 57.22344 | 57.73082 | 57.12056 | 80.40312 | 57.64745 76.1407

No 63 3.057643 3.318268 89.56123 87.09683 87.37836 | 90.41882 | 88.1675 86.70069 | 57.62333 | 59.64506 | 57.52375 | 80.06145 | 59.57832 74.3843
No 64 3.020585 3.229816 89.65929 87.22019 87.7708 | 90.40122 | 87.99882 | 86.93211 | 57.92429 | 57.42499 | 57.82618 | 80.03011 | 57.33898 | 76.41942
No 65 2.979792 3.185469 89.68307 87.56784 87.68582 | 90.46773 | 87.44888 | 87.61185 | 57.2686 | 58.27723 | 57.16358 | 80.93283 | 58.19823 | 75.72263
No 66 2.982791 3.169462 89.78902 87.89405 87.4683 | 90.70075 | 86.6847 88.3415 | 57.42038 | 57.61036 | 57.31698 | 80.71837 | 57.52419 | 76.64048
No 67 2.980587 | 3.210169 89.82809 87.41775 87.57234 | 90.7143 | 87.63237 | 87.33834 | 57.26245 | 58.14088 | 57.15639 | 81.15897 | 58.06081 | 75.82114
No 68 2.987286 | 3.162235 89.66207 88.44772 87.83928 | 90.37818 | 85.52992 | 89.52728 | 57.36105 | 56.83297 | 57.25542 | 81.16266 | 56.74173 | 76.98167
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. N . . Train Train Validation | Validation Train Validation Train' Train. Validati? 4 Validati? f

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid

saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 69 2.950272 3.152929 89.77486 87.73852 87.90317 | 90.51018 | 87.17403 | 87.94738 | 57.57927 | 57.93695 | 57.47532 | 80.99982 | 57.85413 76.2272
No 70 2.951487 | 3.178406 89.74567 87.9145 87.99743 | 90.4325 | 86.62113 | 88.39303 | 57.82768 | 57.5189 | 57.72601 | 80.73496 | 57.43209 | 76.69093
Yes 71 2.977423 3.166471 89.61918 88.66231 87.91614 | 90.28825 | 84.64666 | 90.14807 | 57.84995 | 56.01937 | 57.74829 | 80.75647 | 55.92027 | 77.90192
No 72 3.294259 | 3.575084 89.20176 85.9702 87.06206 | 90.04238 | 88.59664 | 84.99844 | 55.40591 | 56.6866 | 55.29165 | 81.15037 | 56.59398 | 77.14025
No 73 3.246756 | 3.362095 89.19219 85.68586 86.14238 | 90.39037 | 87.4729 | 85.02467 | 56.84758 | 58.7032 | 56.74511 | 79.93486 | 58.6311 74.62457
Yes 74 3.209769 | 3.372527 88.97821 88.80584 86.86005 | 89.81038 | 83.34092 | 90.82782 | 57.07214 | 49.55026 | 56.97256 | 79.50962 | 49.39905 | 82.94048
No 75 3.09264 3.220843 89.59112 88.32723 86.96596 | 90.62247 | 85.42283 | 89.40183 | 56.87344 | 55.5622 | 56.76837 | 80.54815 | 55.45853 | 78.45695

No 76 3.059479 | 3.197607 89.63517 88.04352 87.34039 | 90.53672 | 86.09161 | 88.76572 | 57.4195 59.8003 | 57.31679 | 80.56228 | 59.73542 74.1272
No 77 3.023448 | 3.329427 89.57184 88.33107 87.59514 | 90.34842 | 83.90806 | 89.96755 | 57.39752 | 56.09151 | 57.29353 | 80.82837 | 55.99434 | 77.55112
No 78 3.073352 3.231999 89.67818 87.99895 87.43091 | 90.56106 | 86.49981 | 88.55362 | 57.3316 55.8729 | 57.22665 | 80.97831 | 55.7731 77.91153
No 79 3.031281 3.157724 89.68091 87.56084 87.83197 | 90.4073 | 86.97234 | 87.77858 | 57.4834 | 60.43842 | 57.37805 | 81.22227 | 60.37902 | 73.55535
No 80 2.961816 | 3.166188 89.83841 88.52208 87.51195 | 90.75241 | 84.45876 | 90.02547 | 57.82213 | 56.16634 | 57.71868 | 81.12948 | 56.06892 | 77.67846
No 81 2.98875 3.172171 89.78355 88.17978 87.93416 | 90.51012 | 86.04031 | 88.97137 | 57.54581 | 55.40936 | 57.43966 | 81.46316 | 55.30357 | 78.77171
No 82 2.968653 3.192965 89.88154 88.05252 87.74349 | 90.72151 | 86.59422 | 88.59208 | 57.61538 | 57.42603 | 57.50858 | 81.68008 | 57.34019 | 76.38338
No 83 2.926208 | 3.167446 89.94246 87.87483 88.10159 | 90.66568 | 87.06222 | 88.17549 | 57.93484 | 58.22852 | 57.82945 | 81.68131 | 58.14909 | 75.77068
No 84 2.92537 3.183098 90.02303 87.61134 87.92176 | 90.84856 | 87.2234 | 87.75487 | 56.98085 | 58.54675 | 56.86652 | 82.74012 | 58.46938 | 75.63372
No 85 2.910093 3.137887 90.01274 87.97317 88.058 | 90.78069 | 86.86209 | 88.38426 | 57.67215 | 57.43608 | 57.56317 | 82.227 57.34933 | 76.59242
No 86 2.924577 | 3.177675 90.07824 88.03609 87.53582 | 91.07708 | 86.70776 | 88.52756 | 57.42082 | 57.96004 | 57.3094 | 82.52627 | 57.87816 | 76.03979

No 87 2.895241 3.136786 90.01307 87.97063 88.11683 | 90.75805 | 86.69051 | 88.44426 | 57.73075 | 58.18672 | 57.62088 | 82.48694 | 58.10542 76.1383
No 88 2.889947 | 3.127885 90.06021 87.92592 88.03447 | 90.85606 | 86.8302 88.33133 | 57.75734 | 57.84268 | 57.6477 | 82.46052 | 57.7589 76.34254
No 89 2.888065 3.136471 90.10456 87.87024 88.1135 | 90.88679 | 87.03731 | 88.17842 | 57.70613 | 57.4193 | 57.59555 | 82.62152 | 57.33172 | 76.75821

No 90 2.880081 3.113675 90.10697 88.32465 88.15632 | 90.87332 | 85.92917 | 89.21096 | 57.68651 | 57.70775 | 57.57497 | 82.81817 | 57.62232 76.5732
No 91 2.88143 3.120257 90.19998 88.13044 87.87351 | 91.11398 | 86.4806 | 88.74087 | 58.12136 | 57.98053 | 58.01366 | 82.38739 | 57.89732 | 76.35455
No 92 2.874693 3.122309 90.1363 87.94537 88.1016 | 90.93567 | 86.92726 | 88.32206 | 57.82418 | 58.43526 | 57.71382 | 82.68973 | 58.35618 | 75.90043
No 93 2.873081 3.114392 90.11288 88.10773 88.1507 | 90.88377 | 86.5961 88.66702 | 57.84288 | 56.96421 | 57.73245 | 82.7266 | 56.87179 | 77.37332
No 94 2.879266 3.1332 90.12362 88.1142 88.1952 | 90.88124 | 86.49375 | 88.71375 | 57.93566 | 57.60571 | 57.82569 | 82.71493 | 57.5195 76.64288
No 95 2.875951 3.115232 90.15525 88.03179 88.02443 | 90.99239 | 86.74469 | 88.50801 | 57.54254 | 58.13764 | 57.42879 | 83.17213 | 58.05601 | 76.16473
No 96 2.863772 3.112114 90.12446 88.08829 88.11453 | 90.91411 | 86.68325 | 88.60814 | 57.99758 | 57.7683 57.8879 | 82.71062 | 57.68351 | 76.49151
No 97 2.861079 | 3.113941 90.13739 88.2486 88.21299 | 90.89343 | 86.21156 | 89.00229 | 57.89503 | 57.26343 | 57.7845 | 82.79973 | 57.17422 | 76.96485
No 98 2.866876 | 3.111463 90.09746 88.23131 88.09046 | 90.88595 | 86.19339 | 88.98532 | 57.93097 | 57.14509 | 57.82072 | 82.77269 | 57.05476 | 77.09219
No 99 2.856202 3.112469 90.20869 88.10882 88.17346 | 91.00828 | 86.5414 | 88.68876 | 57.79264 | 57.63965 | 57.68102 | 82.9423 57.5537 76.62125
No 100 2.859908 | 3.110295 90.16339 88.20892 88.17634 | 90.94404 | 86.35522 | 88.89477 | 57.85106 | 57.44266 | 57.73973 | 82.93677 | 57.35487 | 76.83029
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 7.10 6.17 60.65 80.35 45.12 66.75 35.42 96.97 30.18 25.07 29.99 73.09 24.77 91.52
No 2 5.61 5.67 81.75 82.37 65.62 88.09 73.89 85.51 36.15 40.72 35.95 82.08 40.54 80.61
Yes 3 5.10 4.72 82.91 83.29 74.10 86.38 80.98 84.14 42.22 51.58 42.05 79.83 51.49 72.22
No 4 7.60 5.54 74.16 75.58 81.72 71.18 90.32 70.13 63.63 48.66 63.66 55.38 48.55 74.41
No 5 4.94 4.43 83.65 85.25 80.32 84.95 73.82 89.49 54.11 51.04 54.03 71.61 50.93 75.68
No 6 4.55 4.66 84.17 81.02 81.50 85.22 89.01 78.06 55.29 61.65 55.21 72.27 61.63 65.10
No 7 4.40 4.25 85.30 84.16 82.67 86.33 67.48 90.33 56.64 57.79 56.57 71.75 57.74 68.91
No 8 4.33 4.10 83.94 86.26 81.93 84.74 79.54 88.75 56.10 47.35 56.02 72.48 47.21 80.14
Yes 9 4.31 4.01 84.97 84.79 82.64 85.88 83.97 85.10 56.22 61.00 56.15 72.87 60.97 67.40
Yes 10 4.10 4.01 85.90 84.86 83.39 86.88 85.72 84.54 56.21 58.12 56.13 73.31 58.06 70.79
No 11 4.13 3.97 85.89 83.93 82.92 87.06 87.62 82.56 57.78 60.49 57.72 72.01 60.46 68.15
No 12 4.10 4.70 86.34 84.49 82.46 87.86 85.67 84.05 56.24 54.97 56.16 74.10 54.88 74.74
Yes 13 4.02 3.81 86.38 86.23 83.03 87.69 83.64 87.18 56.98 53.52 56.91 73.70 53.41 76.34
Yes 14 3.98 3.94 86.99 87.41 83.06 88.54 82.16 89.35 55.04 50.32 54.95 75.82 50.19 79.51
Yes 15 3.97 3.87 86.90 87.63 83.34 88.30 80.36 90.32 56.61 54.51 56.53 74.43 54.41 75.52
No 16 3.89 3.80 86.86 87.52 83.76 88.07 83.41 89.04 57.72 50.00 57.65 72.99 49.87 79.87
No 17 3.98 3.70 86.63 87.43 83.52 87.85 83.98 88.70 56.31 56.24 56.23 74.70 56.16 74.14
No 18 3.73 3.72 87.18 88.04 83.33 88.70 79.99 91.02 57.83 53.59 57.76 73.90 53.49 76.41
No 19 3.71 3.73 86.89 87.46 85.05 87.61 82.74 89.21 57.13 58.49 57.05 75.08 58.43 72.03
No 20 3.83 3.81 87.28 86.17 84.03 88.56 82.73 87.44 57.32 56.77 57.25 74.85 56.69 73.38
No 21 3.89 3.78 87.28 87.13 83.92 88.60 85.12 87.87 56.82 57.34 56.74 75.16 57.27 73.82
No 22 3.91 3.81 87.65 88.66 83.69 89.20 76.44 93.19 56.76 52.87 56.67 75.68 52.76 78.19
No 23 3.53 3.60 88.19 86.22 84.36 89.69 86.07 86.28 57.14 58.15 57.06 76.28 58.09 72.50
Yes 24 3.50 3.54 88.17 88.04 85.20 89.34 81.56 90.44 56.63 54.99 56.54 76.86 54.89 76.24
No 25 3.58 3.60 88.12 85.32 84.61 89.50 85.91 85.10 56.59 60.41 56.51 76.44 60.36 70.25
No 26 3.67 3.59 87.77 85.93 85.05 88.84 86.33 85.78 57.61 56.43 57.53 75.39 56.34 75.11
No 27 3.71 3.61 87.70 86.12 84.48 88.97 87.59 85.58 56.07 58.68 55.98 76.92 58.62 72.51
No 28 3.65 3.93 87.58 84.41 84.30 88.86 88.50 82.89 56.59 61.32 56.50 76.40 61.29 69.38
No 29 3.60 3.57 88.26 84.98 84.77 89.62 89.03 83.49 57.80 60.74 57.72 75.77 60.70 69.63
No 30 3.55 3.83 87.75 87.59 85.45 88.65 79.93 90.43 56.82 50.30 56.74 76.76 50.16 81.47
No 31 3.41 3.45 88.80 86.62 85.17 90.23 86.31 86.74 56.51 57.42 56.41 78.00 57.34 74.81
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

Yes 32 3.37 3.46 88.73 88.10 85.82 89.87 82.04 90.34 57.08 56.44 56.99 77.44 56.36 75.96
No 33 3.51 3.63 87.94 86.96 85.65 88.84 85.62 87.46 56.80 58.81 56.71 76.81 58.75 72.99
No 34 3.43 3.62 88.35 85.07 86.11 89.23 86.56 84.52 57.04 58.49 56.95 77.17 58.42 73.50
No 35 3.39 3.57 88.25 87.51 86.09 89.09 81.08 89.89 57.10 56.39 57.01 77.20 56.30 75.33
No 36 3.33 3.40 89.07 86.94 85.98 90.29 87.35 86.79 57.18 58.06 57.09 77.66 57.98 74.68
No 37 3.26 3.34 88.94 86.44 86.48 89.91 88.22 85.79 56.48 56.38 56.38 78.53 56.29 76.27
No 38 3.33 3.47 88.98 87.94 86.37 90.00 83.27 89.67 57.84 56.04 57.75 77.35 55.95 76.98
No 39 3.27 3.39 89.08 87.32 86.41 90.13 86.60 87.59 57.14 57.46 57.05 78.08 57.38 75.50
No 40 3.23 3.28 89.34 87.17 86.60 90.42 87.20 87.16 56.65 57.31 56.55 79.07 57.23 76.02
No 41 3.15 3.39 89.24 86.61 86.92 90.16 87.97 86.11 57.28 59.83 57.19 78.69 59.77 73.07
Yes 42 3.16 3.45 89.37 88.05 86.57 90.47 85.58 88.97 57.12 56.94 57.02 78.96 56.85 76.62
No 43 3.31 3.41 88.90 87.16 86.13 89.99 86.01 87.59 57.60 53.23 57.51 77.25 53.11 79.49
Yes 44 3.31 3.51 88.91 88.62 86.32 89.93 83.47 90.53 56.40 54.16 56.30 78.53 54.05 77.38
No 45 3.28 3.38 89.11 87.43 86.34 90.20 85.40 88.18 57.14 57.18 57.04 78.22 57.10 75.53
No 46 3.18 3.34 89.31 87.98 86.37 90.46 86.47 88.54 56.94 57.55 56.84 78.98 57.46 75.97
No 47 3.17 3.30 89.23 86.98 87.03 90.10 86.91 87.00 57.37 58.77 57.28 78.61 58.70 74.45
No 48 3.22 3.38 89.14 86.36 87.12 89.94 88.58 85.54 57.15 56.95 57.05 79.11 56.86 76.54
No 49 3.14 3.29 89.42 87.98 86.45 90.59 86.45 88.54 57.81 57.75 57.71 78.30 57.67 75.41
No 50 3.16 3.39 89.32 88.57 86.73 90.34 83.87 90.31 57.29 53.82 57.20 79.15 53.70 79.21
No 51 3.17 3.29 89.48 86.71 86.91 90.49 87.78 86.31 57.26 60.86 57.16 79.36 60.81 72.02
No 52 3.12 3.30 89.57 88.09 87.12 90.53 84.59 89.39 57.51 54.71 57.42 79.35 54.60 78.85
No 53 3.04 3.22 89.74 88.11 87.32 90.69 86.39 88.75 57.16 57.68 57.06 80.04 57.60 75.56
No 54 3.05 3.27 89.75 87.93 87.15 90.77 86.39 88.50 57.61 58.58 57.51 79.87 58.50 75.07
No 55 3.03 3.20 89.76 87.34 86.99 90.84 87.39 87.32 56.90 61.58 56.79 80.44 61.53 71.88
No 56 3.02 3.20 89.82 88.46 87.38 90.78 84.96 89.76 58.09 54.59 57.99 79.42 54.48 79.54
No 57 3.02 3.24 89.84 87.86 87.25 90.86 86.58 88.33 57.56 56.00 57.46 80.09 55.90 78.19
No 58 2.98 3.23 89.89 87.16 87.29 90.91 87.27 87.11 57.53 58.19 57.43 80.38 58.11 75.82
No 59 2.95 3.20 90.02 88.11 87.37 91.06 86.19 88.82 57.54 59.10 57.43 80.59 59.03 75.10
No 60 2.94 3.18 89.90 88.54 87.74 90.76 84.89 89.89 58.21 54.70 58.11 80.01 54.58 79.43
No 61 2.97 3.15 90.03 87.76 87.29 91.11 87.00 88.04 56.98 57.25 56.87 81.26 57.16 77.02
No 62 2.94 3.17 90.01 87.82 87.59 90.96 86.86 88.18 57.63 56.46 57.52 80.99 56.36 77.71
No 63 2.92 3.17 90.05 88.14 87.57 91.03 86.25 88.84 57.79 57.40 57.69 80.79 57.31 76.60
No 64 291 3.17 90.12 88.30 87.60 91.11 85.64 89.28 57.95 56.84 57.85 80.68 56.75 77.29
No 65 291 3.16 90.13 88.17 87.59 91.13 86.03 88.96 57.64 57.82 57.54 81.04 57.73 76.46
No 66 2.90 3.17 90.17 87.87 87.57 91.19 86.63 88.33 57.66 57.38 57.55 81.18 57.30 76.84
No 67 2.89 3.15 90.10 88.45 87.80 91.00 85.55 89.53 57.89 56.90 57.79 80.98 56.80 77.38
No 68 2.89 3.14 90.14 88.21 87.72 91.10 86.18 88.96 57.76 56.41 57.65 81.20 56.31 77.91
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n
Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
. . e . e L. Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 69 2.89 3.14 90.19 88.21 87.66 91.19 86.10 88.99 58.04 56.51 57.94 80.84 56.42 77.80
No 70 2.89 3.15 90.21 88.31 87.60 91.23 85.91 89.20 57.37 56.62 57.27 81.51 56.52 77.68
No 71 2.90 3.15 90.15 88.18 87.71 91.12 86.19 88.91 57.69 56.94 57.58 81.21 56.85 77.33
No 72 2.89 3.14 90.16 88.22 87.76 91.10 86.03 89.03 58.13 57.01 58.03 80.70 56.92 77.24
No 73 2.89 3.15 90.16 88.25 87.77 91.10 86.00 89.09 57.88 56.76 57.78 81.12 56.66 77.53
No 74 2.89 3.15 90.22 88.17 87.55 91.26 86.17 88.91 57.63 57.07 57.53 81.35 56.98 77.26
Table 12: Performance Results of Model 12 Over Epochs
. N . N Train Train Validation | Validation Train Validation Traln. Traln. Valldatl.on Valldatl.on
Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
. . e AP Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 1 7.00 7.67 64.12 68.97 51.26 69.17 84.74 63.14 68.58 48.69 68.72 37.04 48.61 67.38
No 2 5.66 4.82 81.10 81.40 68.42 86.09 77.05 83.01 38.08 48.00 37.90 80.06 47.89 73.13
No 3 4.97 4.82 82.44 80.84 76.76 84.67 85.79 79.01 47.95 50.58 47.84 73.72 50.48 72.62
Yes 4 4.59 4.46 83.21 82.71 82.16 83.62 83.12 82.56 49.68 63.58 49.57 74.54 63.59 60.58
Yes 5 4.59 4.22 83.87 84.45 80.69 85.12 82.07 85.33 58.34 52.62 58.30 68.45 52.52 74.21
No 6 4.43 4.60 84.09 83.55 82.75 84.62 82.80 83.83 58.81 60.79 58.77 68.63 60.76 66.29
No 7 4.70 4.97 83.72 83.73 79.85 85.24 84.23 83.54 58.48 50.70 58.44 69.25 50.58 76.47
No 8 4.33 4.10 84.76 84.09 82.03 85.83 84.73 83.85 56.71 65.34 56.64 71.79 65.35 61.63
No 9 4.18 4.06 85.10 82.59 82.95 85.94 86.92 80.98 57.16 55.28 57.10 71.79 55.20 72.92
No 10 4.09 4.15 85.63 79.52 82.58 86.82 90.01 75.64 56.56 64.81 56.49 72.77 64.81 62.99
No 11 4.08 4.23 85.53 85.84 83.08 86.50 78.65 88.51 57.85 59.09 57.79 71.84 59.05 68.31
No 12 4.14 3.92 85.85 81.77 81.79 87.45 86.84 79.90 56.93 63.24 56.86 72.94 63.24 64.44
No 13 4.01 3.96 85.08 82.43 84.65 85.25 88.88 80.04 58.56 64.75 58.50 72.03 64.75 63.88
No 14 3.90 3.87 86.36 85.92 83.37 87.54 79.87 88.16 56.34 60.74 56.26 74.33 60.71 68.07
Yes 15 3.94 3.88 85.34 84.74 83.97 85.88 82.82 85.45 57.03 60.19 56.96 73.45 60.16 68.65
Yes 16 3.89 4.02 86.02 85.34 83.24 87.11 83.07 86.18 57.60 59.88 57.53 72.80 59.83 69.20
No 17 3.96 4.21 85.96 87.30 83.48 86.94 78.47 90.57 57.44 57.05 57.37 73.67 56.98 72.70
No 18 3.91 3.97 86.81 86.83 82.79 88.40 76.94 90.49 56.41 52.52 56.32 75.09 52.41 77.11
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 19 3.94 3.97 86.45 84.36 82.67 87.94 86.73 83.48 56.19 57.92 56.10 75.47 57.87 70.75
No 20 3.85 3.74 85.97 81.83 84.35 86.61 90.50 78.63 57.79 62.13 57.72 73.60 62.10 68.25
Yes 21 3.80 3.72 86.53 85.99 84.42 87.36 85.19 86.29 57.32 61.33 57.24 74.71 61.30 68.86
No 22 3.83 3.71 86.74 87.44 83.86 87.88 76.60 91.45 57.02 51.42 56.94 75.12 51.30 78.18
No 23 3.78 4.28 87.36 87.77 83.99 88.68 77.82 91.46 56.70 55.78 56.62 75.61 55.70 73.04
No 24 3.82 3.74 86.89 83.57 84.77 87.72 89.13 81.51 56.44 60.97 56.36 75.86 60.93 69.81
No 25 3.93 3.76 85.71 85.36 84.10 86.34 84.22 85.78 58.10 55.16 58.03 73.26 55.07 74.89
No 26 3.73 3.72 87.01 85.46 84.53 87.98 84.78 85.71 56.83 55.60 56.75 75.73 55.51 75.12
Yes 27 3.59 3.62 87.39 87.12 85.10 88.29 83.32 88.52 57.38 58.34 57.30 75.77 58.28 72.43
No 28 3.60 3.70 87.52 84.95 85.08 88.48 87.97 83.83 56.22 60.30 56.13 76.90 60.26 70.10
No 29 3.79 3.61 87.16 86.93 82.84 88.85 83.35 88.25 55.97 58.36 55.88 76.24 58.30 71.39
No 30 3.78 3.66 86.06 86.93 85.47 86.29 84.54 87.81 59.27 61.26 59.21 72.79 61.22 69.63
No 31 3.61 3.67 87.19 85.66 85.64 87.80 87.10 85.13 57.51 55.95 57.43 75.17 55.86 75.38
No 32 3.54 3.52 87.82 86.17 85.00 88.92 85.63 86.37 56.43 60.59 56.34 77.07 60.54 70.70
No 33 3.60 3.58 87.55 87.44 85.25 88.45 79.08 90.53 57.53 55.29 57.44 75.98 55.19 75.75
No 34 3.49 3.53 88.08 86.86 84.38 89.53 85.16 87.49 55.67 59.57 55.57 77.86 59.52 71.76
No 35 3.52 3.60 87.67 85.77 85.30 88.60 86.92 85.35 58.45 57.28 58.38 74.97 57.21 73.84
No 36 3.59 3.81 87.60 84.24 84.85 88.68 88.51 82.66 57.07 55.55 56.99 75.89 55.47 73.66
No 37 3.61 3.54 87.10 86.54 85.02 87.92 85.37 86.97 57.30 58.36 57.22 75.86 58.29 73.29
Yes 38 3.59 3.60 87.80 88.41 85.75 88.61 80.78 91.24 57.51 57.73 57.43 76.56 57.65 74.04
No 39 3.53 3.83 88.07 84.86 85.40 89.12 88.42 83.55 57.16 66.95 57.07 77.18 66.97 62.12
Yes 40 3.51 3.63 87.96 88.42 85.49 88.94 81.31 91.04 57.59 51.64 57.50 76.32 51.51 80.57
No 41 3.48 3.52 88.30 86.91 85.43 89.42 85.66 87.37 57.13 51.34 57.04 76.74 51.22 79.93
No 42 3.34 3.46 88.50 86.88 86.14 89.43 86.23 87.12 56.56 58.96 56.46 78.20 58.89 72.90
Yes 43 3.30 3.39 88.45 88.39 86.85 89.08 82.30 90.65 57.39 56.59 57.30 77.84 56.50 75.73
No 44 3.37 3.42 88.55 87.53 85.93 89.58 84.27 88.74 57.03 54.56 56.93 77.94 54.45 77.48
No 45 3.40 3.50 88.78 88.14 85.54 90.05 83.34 89.91 57.76 58.58 57.68 77.05 58.51 73.36
No 46 3.46 3.42 88.48 87.07 85.81 89.52 85.36 87.70 56.24 57.56 56.15 78.32 57.48 74.70
No 47 3.40 3.37 88.27 86.94 86.21 89.09 85.58 87.45 57.35 59.78 57.26 77.60 59.72 71.58
No 48 3.35 3.64 88.50 87.93 85.70 89.60 81.74 90.23 57.38 56.07 57.29 77.61 55.98 75.91
No 49 3.38 3.56 88.41 88.25 86.69 89.08 83.43 90.04 57.89 53.10 57.81 77.50 52.98 79.21
No 50 3.31 3.43 88.96 87.02 86.64 89.87 86.33 87.28 56.82 62.26 56.72 78.91 62.22 70.01
No 51 3.28 3.33 88.59 87.65 86.93 89.24 84.83 88.69 58.05 56.76 57.97 77.77 56.67 76.31
Yes 52 3.26 3.40 88.80 88.63 86.87 89.55 81.72 91.19 57.43 52.88 57.34 78.55 52.76 79.73
No 53 3.18 3.37 89.01 87.86 86.64 89.95 84.00 89.28 56.77 61.05 56.67 79.62 61.01 71.28
No 54 3.18 3.38 89.09 87.45 86.91 89.95 86.31 87.87 57.55 56.73 57.46 78.98 56.64 75.93
No 55 3.18 3.34 89.05 87.06 86.98 89.86 86.64 87.21 56.80 58.77 56.70 79.83 58.70 74.38
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 56 3.19 3.32 89.10 87.61 86.97 89.94 86.01 88.20 57.83 57.73 57.74 78.99 57.65 75.79
No 57 3.18 3.34 89.15 88.18 86.92 90.02 83.97 89.74 56.76 57.61 56.65 79.98 57.53 75.08
No 58 3.19 3.34 89.25 86.35 86.88 90.18 88.13 85.69 57.43 60.61 57.33 79.18 60.56 71.64
No 59 3.09 3.29 89.35 87.55 87.38 90.13 85.88 88.16 57.65 55.91 57.55 79.57 55.81 77.93
No 60 3.09 3.28 89.53 87.99 87.33 90.40 85.42 88.94 57.13 58.98 57.03 80.51 58.91 74.67
No 61 3.08 3.28 89.41 87.97 87.43 90.20 85.42 88.92 57.91 58.87 57.81 79.81 58.79 74.95
No 62 3.07 3.27 89.48 88.47 87.31 90.34 83.87 90.18 57.30 56.97 57.20 80.59 56.88 76.55
No 63 3.08 3.49 89.45 87.72 87.70 90.14 85.76 88.45 57.73 58.91 57.63 80.27 58.84 74.86
No 64 3.10 3.26 89.70 88.50 87.26 90.66 83.47 90.36 57.41 57.21 57.30 80.93 57.12 76.30
No 65 3.07 3.25 89.28 87.70 87.91 89.82 86.16 88.27 57.66 59.07 57.56 80.48 59.00 74.51
No 66 3.03 3.26 89.82 87.82 87.25 90.83 85.92 88.52 57.72 57.12 57.62 80.77 57.03 76.67
No 67 3.01 3.25 89.64 87.46 87.73 90.39 86.68 87.75 57.55 59.56 57.45 80.98 59.50 74.28
No 68 3.02 3.29 89.71 87.15 87.67 90.52 86.98 87.22 57.71 58.83 57.60 80.82 58.76 74.98
No 69 3.03 3.23 89.75 87.72 87.65 90.58 86.15 88.30 57.53 58.11 57.43 81.03 58.03 75.85
No 70 3.00 3.24 89.76 87.91 87.79 90.53 85.87 88.66 57.18 59.44 57.07 81.64 59.38 74.57
No 71 2.99 3.24 89.72 87.80 88.01 90.39 86.11 88.43 57.92 57.52 57.82 80.93 57.44 76.42
No 72 2.99 3.22 89.91 87.51 87.61 90.81 86.54 87.87 57.78 57.60 57.68 81.26 57.51 76.43
No 73 2.98 3.22 89.84 88.01 87.85 90.62 85.44 88.96 57.91 56.96 57.81 81.10 56.87 77.02
No 74 3.00 3.26 89.81 87.68 87.83 90.58 86.32 88.18 57.61 57.07 57.50 81.42 56.98 76.79
No 75 2.99 3.24 89.83 87.04 87.85 90.61 87.20 86.98 57.53 59.92 57.42 81.64 59.85 73.92
No 76 2.98 3.23 89.83 87.52 87.88 90.59 86.49 87.90 57.78 58.57 57.67 81.44 58.50 75.30
No 77 2.98 3.23 89.86 87.71 87.87 90.64 86.27 88.25 57.48 59.04 57.37 81.84 58.97 74.92
No 78 2.98 3.22 89.83 87.69 87.76 90.65 86.08 88.28 58.25 57.14 58.15 80.96 57.05 76.87
No 79 2.97 3.23 89.87 87.73 87.89 90.65 86.13 88.32 57.26 59.18 57.15 81.98 59.11 74.67
No 80 2.97 3.22 89.87 87.84 87.92 90.64 85.87 88.57 57.86 58.03 57.75 81.35 57.95 75.98
No 81 2.97 3.22 89.92 87.74 87.78 90.75 86.07 88.36 57.63 58.58 57.52 81.79 58.50 75.37
No 82 2.96 3.23 89.89 87.67 87.91 90.67 86.21 88.21 57.90 58.92 57.80 81.36 58.85 75.02




Table 13: Performance Results of Model 13 Over Epochs

Appendix 1

. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 6.73 4.90 72.65 82.70 70.76 73.39 71.22 86.94 53.35 37.26 53.34 55.79 37.05 83.45
Yes 2 5.11 5.44 82.69 82.47 75.78 85.40 85.45 81.36 45.19 52.22 45.05 75.71 52.14 71.64
No 3 4.97 5.17 83.49 77.67 77.01 86.04 89.02 73.48 52.40 56.56 52.31 72.56 56.51 67.59
Yes 4 4.68 4.25 84.43 84.38 82.20 85.30 84.03 84.51 54.49 59.72 54.41 72.63 59.69 67.33
No 5 4.38 4.33 85.05 81.34 81.48 86.45 86.59 79.40 56.66 70.24 56.59 72.01 70.31 54.34
No 6 4.36 4.32 84.50 86.56 83.14 85.04 74.87 90.88 58.96 54.78 58.91 69.80 54.70 73.16
No 7 4.37 4.13 84.66 86.51 83.86 84.98 78.56 89.45 56.01 58.23 55.93 73.55 58.17 70.67
Yes 8 4.20 4.05 86.46 86.29 80.69 88.73 80.29 88.51 57.42 55.23 57.35 72.22 55.15 73.86
No 9 4.34 4.19 85.58 82.06 83.88 86.24 87.21 80.16 56.53 57.23 56.46 73.03 57.16 71.68
No 10 4.29 3.95 86.09 84.21 83.26 87.21 87.53 82.98 55.95 63.02 55.87 74.52 63.01 64.55
Yes 11 4.12 3.76 86.19 86.75 83.57 87.21 82.98 88.15 55.80 58.39 55.71 74.54 58.33 71.77
No 12 4.04 4.20 85.92 80.35 84.00 86.68 90.68 76.52 57.16 67.07 57.09 73.37 67.10 60.24
No 13 4.30 3.98 85.60 86.64 83.55 86.41 80.21 89.02 57.16 49.45 57.08 73.52 49.31 79.67
No 14 4.10 3.87 85.89 84.90 84.10 86.60 81.28 86.25 55.50 60.34 55.41 75.29 60.30 68.47
No 15 4.10 3.97 84.85 87.09 85.06 84.77 77.86 90.51 58.76 53.22 58.70 71.69 53.13 75.26
No 16 3.81 3.78 86.99 85.16 85.35 87.64 85.82 84.92 57.56 62.80 57.48 74.32 62.78 67.33
No 17 3.71 4.32 87.68 84.91 84.41 88.96 87.99 83.77 56.34 58.74 56.25 76.07 58.68 71.79
Yes 18 3.84 3.73 87.93 88.21 84.29 89.36 80.17 91.18 56.82 55.65 56.73 75.56 55.56 75.40
No 19 3.85 4.17 87.14 87.76 85.04 87.96 80.55 90.43 55.15 50.91 55.05 76.59 50.78 80.00
No 20 3.87 3.85 87.34 85.57 83.56 88.83 87.10 85.00 57.01 57.80 56.93 74.94 57.74 72.66
No 21 3.72 3.67 87.81 84.90 84.39 89.15 88.46 83.58 56.00 54.30 55.91 76.52 54.20 77.05
No 22 3.65 3.81 87.75 85.07 85.27 88.73 88.10 83.95 55.72 58.31 55.62 77.34 58.24 73.25
No 23 3.69 3.82 87.70 87.85 85.39 88.61 75.61 92.38 56.90 47.46 56.81 76.32 47.30 82.65
No 24 3.96 3.89 87.14 88.60 85.08 87.95 75.95 93.28 56.84 47.53 56.76 76.30 47.38 82.43
No 25 3.65 3.55 87.82 87.87 84.76 89.02 81.65 90.17 56.20 53.81 56.10 77.37 53.70 78.17
No 26 3.47 3.60 88.72 84.80 84.94 90.21 87.19 83.91 56.90 61.53 56.80 77.26 61.49 70.01
No 27 3.47 3.48 88.56 86.82 86.09 89.53 84.65 87.62 56.67 57.14 56.58 77.68 57.06 74.74
No 28 3.42 3.42 88.97 87.09 85.73 90.24 85.57 87.65 55.95 60.05 55.85 78.67 60.00 71.81
No 29 3.33 3.49 88.92 85.70 85.84 90.13 88.20 84.78 55.95 57.34 55.84 78.95 57.26 75.08
No 30 3.40 3.45 88.65 88.92 86.30 89.57 79.36 92.46 56.60 52.15 56.50 78.20 52.03 79.53
No 31 3.35 3.52 89.12 87.71 85.79 90.43 84.95 88.73 56.01 57.89 55.91 79.15 57.82 74.95
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.27 3.34 89.32 87.57 86.44 90.45 85.82 88.22 56.59 55.92 56.49 79.19 55.82 77.32
No 33 3.20 3.44 89.38 85.22 86.57 90.49 88.38 84.06 56.59 60.58 56.49 79.34 60.53 72.07
No 34 3.19 3.33 89.24 87.49 86.94 90.15 85.27 88.32 56.81 57.68 56.71 79.30 57.60 75.41
No 35 3.19 3.39 89.50 87.75 86.51 90.67 85.98 88.41 57.03 59.07 56.93 79.12 59.01 73.64
Yes 36 3.15 3.32 89.38 88.25 87.00 90.31 83.76 89.91 56.23 56.49 56.13 80.14 56.40 76.73
Yes 37 4.08 3.52 87.29 88.28 85.74 87.90 83.29 90.12 55.62 56.24 55.53 77.52 56.15 75.53
No 38 3.49 3.49 88.44 87.75 84.94 89.81 81.43 90.09 55.83 55.00 55.73 78.84 54.90 77.45
No 39 3.45 3.57 88.05 85.67 85.47 89.06 86.46 85.37 57.15 58.22 57.06 77.46 58.15 73.65
Yes 40 3.34 3.37 88.94 88.77 86.36 89.95 81.08 91.61 56.93 55.44 56.83 78.82 55.33 77.83
No 41 3.30 3.38 88.87 87.87 86.07 89.97 83.49 89.49 56.42 49.26 56.32 79.00 49.11 83.19
No 42 3.38 4.04 88.67 82.66 85.60 89.88 90.24 79.85 57.52 60.27 57.43 77.61 60.22 71.62
No 43 3.38 3.52 88.62 87.79 86.80 89.34 81.57 90.10 55.87 52.19 55.77 79.89 52.07 80.01
No 44 3.32 3.35 89.20 88.03 86.43 90.29 84.39 89.38 56.90 57.67 56.79 79.54 57.58 75.74
No 45 3.22 3.34 89.40 88.05 86.28 90.63 83.56 89.71 56.16 55.74 56.06 80.64 55.65 77.42
No 46 3.14 3.28 89.70 87.06 86.51 90.96 87.03 87.06 56.67 53.91 56.56 80.32 53.80 79.22
No 47 3.14 3.28 89.47 88.66 87.18 90.37 82.94 90.77 56.04 56.94 55.93 81.11 56.85 76.19
No 48 3.11 3.26 89.82 87.87 86.91 90.96 84.79 89.01 56.91 56.70 56.80 80.52 56.61 76.83
No 49 3.10 3.28 89.83 87.58 86.96 90.96 84.94 88.56 56.23 56.57 56.12 81.43 56.48 76.85
Yes 50 3.04 3.28 90.02 88.71 87.13 91.15 83.55 90.62 56.76 56.17 56.65 81.53 56.08 77.32
No 51 3.24 3.39 89.06 87.26 86.44 90.09 86.16 87.66 56.34 51.48 56.23 80.61 51.34 81.09
No 52 3.19 3.36 89.39 86.14 87.08 90.30 87.13 85.77 56.37 56.56 56.26 80.71 56.47 76.24
No 53 3.23 3.43 89.28 86.90 86.89 90.22 87.61 86.64 56.12 58.90 56.01 80.60 58.84 73.66
No 54 3.11 3.34 89.68 87.71 87.05 90.71 84.54 88.89 57.31 54.74 57.21 80.50 54.63 78.14
No 55 3.14 3.28 89.70 87.14 87.10 90.72 85.84 87.62 57.41 57.13 57.31 80.83 57.04 76.52
No 56 3.09 3.27 89.71 87.56 86.95 90.79 86.98 87.77 56.25 59.42 56.14 82.22 59.36 74.11
Yes 57 3.00 3.27 90.06 88.86 87.16 91.20 82.03 91.39 57.32 54.58 57.21 81.70 54.47 78.64
No 58 3.07 3.44 90.06 86.22 87.21 91.18 87.73 85.66 56.74 59.04 56.63 82.20 58.98 74.08
No 59 3.11 3.23 89.90 87.80 88.07 90.62 86.26 88.37 57.14 57.60 57.03 82.23 57.52 76.04
No 60 2.98 3.25 90.21 88.29 87.61 91.23 84.41 89.72 57.18 57.68 57.07 82.47 57.60 75.99
No 61 2.98 3.23 90.23 87.93 87.48 91.31 85.79 88.72 57.18 58.19 57.06 82.77 58.11 75.46
No 62 2.96 3.21 90.28 88.27 87.77 91.26 85.19 89.41 57.54 58.02 57.43 82.91 57.94 75.74
No 63 2.92 3.22 90.55 87.48 87.66 91.68 86.39 87.89 57.11 58.47 56.99 83.86 58.40 75.17
No 64 2.89 3.22 90.40 87.97 88.00 91.34 85.77 88.78 57.38 56.77 57.26 83.77 56.67 77.02
No 65 2.90 3.25 90.57 87.85 87.62 91.73 86.06 88.52 57.42 59.30 57.30 83.84 59.23 74.12
No 66 2.87 3.19 90.55 88.23 88.05 91.54 84.27 89.70 57.59 56.22 57.47 84.35 56.13 77.33
No 67 2.86 3.20 90.58 87.84 88.14 91.53 86.18 88.45 57.82 58.84 57.70 84.20 58.77 74.94
No 68 2.86 3.18 90.66 88.12 87.99 91.71 85.25 89.19 57.84 57.76 57.72 84.40 57.67 75.99
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n
Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
. . e . e L. Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 69 2.85 3.20 90.60 88.23 88.09 91.59 84.66 89.55 57.60 57.04 57.48 84.74 56.95 76.70
No 70 2.83 3.18 90.74 88.20 88.12 91.77 84.73 89.48 57.63 57.06 57.51 85.00 56.97 76.54
No 71 2.83 3.17 90.74 88.05 88.02 91.82 85.40 89.03 57.66 57.98 57.54 85.12 57.90 75.71
No 72 2.82 3.17 90.73 88.31 88.18 91.73 84.38 89.77 57.90 56.89 57.78 84.92 56.80 76.78
No 73 2.82 3.18 90.73 88.30 88.14 91.75 84.52 89.70 57.38 58.66 57.26 85.47 58.59 74.85
No 74 2.81 3.17 90.72 88.10 88.18 91.72 85.08 89.22 58.42 58.64 58.31 84.70 58.56 75.08
No 75 2.82 3.18 90.80 88.20 88.16 91.84 84.77 89.46 57.82 58.36 57.70 85.26 58.29 75.21
No 76 2.81 3.17 90.78 88.02 88.27 91.76 85.44 88.98 57.95 58.90 57.83 85.28 58.82 74.73
No 77 2.81 3.16 90.85 88.19 88.09 91.94 85.18 89.30 58.10 57.80 57.98 85.10 57.72 75.84
No 78 2.81 3.17 90.77 88.04 88.19 91.79 85.33 89.04 57.96 58.54 57.84 85.21 58.47 75.03
No 79 2.81 3.17 90.80 88.17 88.36 91.77 84.95 89.37 58.08 58.22 57.96 85.12 58.15 75.45
No 80 2.81 3.17 90.80 88.10 88.24 91.81 85.27 89.15 58.10 58.65 57.98 85.30 58.58 74.94
No 81 2.80 3.17 90.78 88.09 88.25 91.77 85.31 89.12 57.86 58.53 57.74 85.54 58.46 75.03
No 82 2.80 3.17 90.81 88.10 88.19 91.85 85.29 89.15 57.97 58.38 57.85 85.40 58.31 75.22
No 83 2.80 3.17 90.77 88.10 88.22 91.78 85.19 89.17 57.89 58.40 57.77 85.46 58.32 75.21
No 84 2.79 3.17 90.78 88.11 88.38 91.73 85.18 89.19 58.09 58.60 57.97 85.38 58.52 74.97
No 85 2.80 3.17 90.86 88.08 88.12 91.94 85.27 89.12 58.19 58.54 58.07 85.28 58.46 75.07
No 86 2.80 3.17 90.76 88.10 88.25 91.75 85.19 89.17 58.04 58.34 57.92 85.29 58.26 75.26
No 87 2.80 3.17 90.80 88.13 88.32 91.78 85.12 89.24 58.01 58.30 57.89 85.49 58.23 75.31
Table 14: Performance Results of Model 14 Over Epochs
. A . . Train Train Validation | Validation Train Validation Tram. Tram. Valldatl? M Valldatl? f
Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
. . e e Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 1 7.14 5.47 61.39 76.74 38.36 70.44 77.58 76.43 34.28 37.17 34.11 72.39 36.97 80.95
No 2 6.15 5.11 69.39 83.41 60.72 72.79 66.96 89.50 38.35 42.74 38.18 74.86 42.58 77.84
No 3 5.97 4.97 72.96 83.24 59.28 78.33 65.08 89.96 46.72 26.70 46.64 65.55 26.41 90.81
No 4 5.89 4.75 72.39 76.86 62.77 76.17 86.21 73.40 39.97 43.39 39.82 73.21 43.23 78.20
No 5 5.85 5.39 74.71 72.68 63.10 79.27 87.39 67.24 42.35 57.92 42.22 71.36 57.92 59.19
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. . A N . . Train Train Validation | Validation

Train Validation Train Validation Train Train Validation | Validation Tram- Valldat|.on Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 6 6.17 5.01 75.06 82.45 57.76 81.85 78.39 83.95 40.55 45.50 40.40 73.46 45.36 76.13
No 7 5.95 4.78 74.91 83.40 62.95 79.60 67.99 89.10 41.83 61.12 41.70 72.37 61.13 56.92
No 8 5.96 4.52 72.81 79.07 62.73 76.77 83.53 77.42 43.15 48.06 43.03 70.08 47.95 72.70
No 9 5.68 5.24 75.10 84.85 65.61 78.83 58.13 94.74 42.85 29.29 42.72 72.26 29.02 90.76
No 10 5.87 4.47 73.14 84.65 62.13 77.47 71.12 89.65 42.51 38.30 42.38 71.64 38.10 83.31
No 11 5.67 4.84 75.85 84.74 61.17 81.62 66.29 91.56 38.21 25.21 38.04 76.39 24.90 92.91
No 12 5.72 4.80 74.36 79.74 65.23 77.94 81.39 79.13 41.27 44.38 41.13 72.83 44.23 77.18
No 13 5.62 4.58 75.34 85.39 60.79 81.05 72.79 90.05 39.47 33.77 39.31 75.08 33.53 87.69
No 14 5.58 4.51 75.26 81.43 64.48 79.50 77.83 82.77 40.95 45.78 40.80 74.06 45.65 75.58
No 15 5.78 4.54 72.64 84.15 66.56 75.03 78.47 86.25 43.84 47.76 43.72 70.52 47.65 73.67
No 16 5.65 4.42 75.61 84.62 61.79 81.04 76.01 87.81 42.87 37.67 42.75 71.62 37.46 84.24
No 17 5.63 5.05 75.35 75.31 64.93 79.44 88.78 70.32 42.36 72.18 42.22 72.45 72.32 42.61
No 18 5.55 4.40 75.81 85.85 65.45 79.88 65.73 93.29 43.35 33.15 43.22 71.43 32.90 88.58
No 19 5.53 4.46 76.20 84.72 62.51 81.57 70.58 89.96 42.39 40.38 42.26 72.59 40.20 81.37
No 20 5.55 4.52 74.76 80.14 63.97 79.00 84.58 78.50 42.38 37.54 42.24 72.26 37.33 84.40
No 21 5.47 4.50 76.04 78.97 64.67 80.51 84.54 76.91 39.96 50.24 39.80 75.56 50.15 70.84
No 22 5.43 4.40 75.96 85.30 66.80 79.56 72.57 90.00 43.05 35.64 42.92 72.21 35.41 86.41
Yes 23 5.54 4.55 75.99 83.15 63.11 81.06 82.46 83.41 38.04 40.87 37.87 77.27 40.68 82.00
No 24 5.45 4.52 75.98 85.76 66.74 79.60 68.91 91.99 43.43 30.48 43.31 71.99 30.21 90.83
No 25 5.44 4.34 76.35 84.98 64.85 80.87 78.28 87.46 41.34 36.10 41.20 74.23 35.87 86.23
No 26 5.40 4.53 76.40 84.18 65.84 80.55 76.69 86.95 41.29 38.73 41.15 74.46 38.53 82.65
No 27 5.39 4.25 76.47 85.19 65.51 80.78 76.53 88.40 41.77 39.88 41.63 74.00 39.68 82.55
No 28 5.40 4.33 76.72 85.32 64.35 81.58 71.95 90.27 39.82 33.08 39.66 75.95 32.83 88.62
No 29 5.51 4.70 76.35 80.97 63.15 81.54 83.52 80.03 38.69 43.28 38.52 76.89 43.11 78.88
No 30 5.47 4.40 76.11 82.81 64.02 80.86 80.62 83.62 41.31 41.40 41.16 74.14 41.23 80.24
Yes 31 5.38 4.27 76.14 84.60 66.07 80.09 80.02 86.30 41.53 39.54 41.38 74.43 39.34 83.20
No 32 5.45 4.30 76.00 84.44 65.31 80.20 75.92 87.59 41.13 35.95 40.98 74.17 35.72 85.89
No 33 5.53 4.65 75.52 83.80 65.22 79.56 81.20 84.76 40.91 43.24 40.76 74.11 43.08 78.64
No 34 5.47 4.63 76.00 85.09 67.16 79.47 68.60 91.19 41.42 31.66 41.28 74.38 31.39 89.64
No 35 5.47 4.29 75.58 84.19 63.33 80.39 76.24 87.13 38.23 45.13 38.06 76.81 44.99 77.05
No 36 5.54 5.02 76.21 82.03 64.34 80.87 82.75 81.76 41.70 45.50 41.56 73.73 45.35 76.79
No 37 5.52 4.36 75.73 86.07 66.67 79.29 71.14 91.60 44.66 35.98 44.54 70.66 35.75 86.59
No 38 5.37 4.30 77.29 84.96 64.59 82.27 74.68 88.76 40.20 37.45 40.04 75.91 37.24 84.94
No 39 5.33 4.29 76.07 85.04 67.35 79.50 77.32 87.90 41.36 39.36 41.21 74.90 39.16 83.05
No 40 5.40 4.26 75.37 82.50 65.83 79.12 80.62 83.20 42.77 43.87 42.64 72.81 43.71 78.28
No 41 5.30 4.18 76.59 82.50 66.86 80.42 83.08 82.29 41.84 41.55 41.70 74.34 41.38 81.07
No 42 5.33 4.24 76.22 83.07 67.21 79.76 81.04 83.81 42.17 43.61 42.03 73.97 43.45 78.69
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 43 5.33 4.23 76.72 85.40 66.42 80.77 78.34 88.01 40.71 34.89 40.55 75.43 34.65 87.85
No 44 5.27 4.19 77.38 84.86 67.49 81.26 77.71 87.50 39.44 37.72 39.27 77.13 37.50 84.92
No 45 5.31 4.23 77.19 83.35 65.27 81.87 80.41 84.44 39.41 41.39 39.24 76.82 41.21 81.12
No 46 5.34 4.14 76.45 85.04 66.21 80.47 78.92 87.31 40.90 39.59 40.74 75.20 39.39 83.42
No 47 5.29 4.22 77.40 84.04 66.11 81.83 82.39 84.65 39.81 41.94 39.64 76.38 41.76 81.13
No 48 5.25 4.19 78.18 83.91 65.36 83.22 80.44 85.19 38.97 40.85 38.80 77.55 40.66 82.13
No 49 5.25 4.12 76.95 84.19 66.48 81.06 80.58 85.52 41.51 41.16 41.36 74.62 40.98 81.70
No 50 5.26 4.17 77.10 81.39 65.39 81.69 84.93 80.08 39.59 47.72 39.42 76.77 47.60 74.22
No 51 5.23 4.13 76.52 84.01 67.29 80.15 80.86 85.17 43.39 42.59 43.26 73.32 42.42 80.30
No 52 5.32 4.15 76.63 84.79 65.63 80.95 79.48 86.75 40.95 39.46 40.79 75.28 39.26 83.63
Yes 53 5.20 4.12 77.11 84.60 67.51 80.87 80.29 86.19 40.96 39.89 40.81 75.92 39.69 83.18
No 54 5.39 4.12 77.09 84.72 66.44 81.27 79.91 86.50 38.91 38.65 38.74 77.55 38.44 84.35
No 55 5.50 4.39 74.56 74.42 64.33 78.57 91.53 68.09 40.65 52.88 40.50 74.23 52.81 68.11
No 56 5.37 4.23 75.20 84.92 67.51 78.22 77.98 87.49 43.84 38.48 43.72 71.79 38.27 84.58
No 57 5.34 4.48 76.55 76.86 65.27 80.98 87.40 72.96 40.10 54.26 39.94 75.95 54.20 66.10
No 58 5.36 4.21 75.71 85.47 65.93 79.55 76.07 88.94 44.51 37.96 44.39 71.11 37.75 84.93
No 59 5.27 4.16 77.53 85.48 66.01 82.06 77.92 88.28 40.27 37.20 40.11 76.16 36.98 85.91
No 60 5.26 4.15 77.11 85.26 66.31 81.35 77.56 88.11 40.79 39.93 40.64 75.64 39.74 82.83
No 61 5.26 4.10 76.83 84.21 66.83 80.76 81.28 85.30 40.98 40.58 40.83 75.18 40.39 82.25
No 62 5.29 4.12 76.98 84.35 66.73 81.01 80.96 85.60 41.19 37.76 41.04 75.20 37.54 84.98
Yes 63 5.24 4.14 76.99 84.61 66.62 81.07 80.58 86.10 38.78 41.24 38.61 77.79 41.05 81.79
No 64 5.41 4.41 77.45 85.14 64.96 82.36 76.56 88.31 39.42 34.67 39.25 77.00 34.43 88.10
No 65 5.43 4.52 75.93 83.97 65.28 80.11 78.23 86.09 42.22 40.97 42.08 73.30 40.79 81.35
No 66 5.39 4.47 76.90 74.47 63.41 82.19 90.12 68.68 39.04 55.71 38.87 76.51 55.67 64.32
No 67 5.42 4.33 76.07 79.24 66.00 80.03 84.19 77.41 41.93 49.48 41.79 73.62 49.38 71.73
No 68 5.34 4.20 75.79 85.61 68.21 78.76 75.89 89.21 44.05 35.37 43.93 71.67 35.14 87.24
No 69 5.31 4.17 76.88 83.77 66.53 80.94 83.05 84.04 39.28 41.66 39.12 76.97 41.48 81.59
No 70 5.29 4.16 76.85 83.93 66.94 80.74 80.37 85.24 41.51 42.06 41.37 74.87 41.88 80.73
No 71 5.22 4,11 77.14 81.89 67.21 81.05 84.78 80.82 41.90 44.40 41.75 74.59 44.24 78.21
No 72 5.22 4.14 77.48 84.67 67.90 81.24 78.98 86.77 40.18 39.75 40.01 76.61 39.55 83.19
No 73 5.21 4.20 77.54 84.01 67.14 81.63 80.38 85.35 40.42 40.64 40.26 76.46 40.45 82.26
No 74 5.28 4.10 77.07 84.70 65.29 81.69 79.77 86.52 40.01 39.25 39.85 76.20 39.05 83.81
No 75 5.17 4.04 78.24 83.36 67.05 82.63 83.51 83.30 40.12 42.76 39.95 76.74 42.59 80.47
No 76 5.27 4.07 76.98 81.87 66.29 81.18 83.61 81.23 40.02 45.41 39.86 76.62 45.27 77.15
No 77 5.23 4.19 77.25 85.63 67.42 81.11 77.94 88.48 40.20 38.82 40.04 76.47 38.61 84.18
Yes 78 5.30 4.01 76.54 84.69 65.69 80.81 82.39 85.54 41.33 43.69 41.18 7491 43.52 79.59
No 79 541 4.21 75.88 81.02 65.95 79.78 85.69 79.29 41.87 50.08 41.73 73.67 49.99 71.58
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo M
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
. . e . e L. Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 80 5.37 4.26 76.67 85.29 65.22 81.17 73.81 89.53 40.43 41.72 40.28 75.48 41.55 80.84
No 81 5.26 4.50 77.04 86.49 66.50 81.19 67.29 93.59 42.44 27.57 42.30 73.72 27.27 93.29
No 82 5.47 4.42 76.39 86.04 64.52 81.05 74.46 90.32 39.80 37.64 39.64 75.73 37.42 85.37
No 83 5.35 4.20 76.10 86.46 67.21 79.59 73.50 91.26 44.43 33.98 44,31 71.53 33.73 88.96
No 84 5.32 4.10 76.80 83.48 64.69 81.56 82.52 83.84 41.22 41.12 41.07 74.91 40.93 82.10
No 85 5.28 4.02 77.08 83.77 65.54 81.61 82.57 84.22 39.60 44.83 39.44 76.81 44.68 78.13
No 86 5.22 4.07 77.40 84.27 66.58 81.65 83.03 84.73 42.81 45.55 42.67 73.65 45.41 77.18
No 87 5.17 4.04 77.70 84.41 66.91 81.94 81.20 85.60 40.61 42.12 40.45 76.20 41.94 81.12
No 88 5.22 4.19 76.62 86.28 68.08 79.97 74.40 90.67 42.51 34.10 42.37 73.88 33.85 89.02
No 89 5.24 4.09 77.31 85.62 66.30 81.64 78.43 88.28 40.44 38.21 40.29 76.21 38.00 85.06
No 90 5.32 4.07 76.56 85.34 66.10 80.67 78.11 88.01 40.88 37.30 40.72 75.23 37.08 85.99
No 91 5.18 4.11 77.12 84.20 67.90 80.74 83.64 84.41 41.80 45.82 41.65 75.00 45.68 77.48
Yes 92 5.23 4.01 76.94 85.35 65.89 81.28 80.50 87.14 41.73 37.92 41.58 74.51 37.70 85.86
No 93 5.32 4.32 76.61 86.28 65.77 80.86 74.17 90.76 41.00 32.78 40.85 75.41 32.52 90.04
No 94 5.35 4.31 77.41 83.97 64.87 82.33 81.97 84.70 38.91 41.45 38.74 77.42 41.26 81.54
No 95 5.51 4.23 75.78 84.27 64.95 80.04 73.73 88.17 40.95 37.48 40.80 74.61 37.27 84.47
No 96 5.24 4.03 76.72 84.32 67.83 80.21 82.50 85.00 43.98 41.84 43.85 72.41 41.66 81.56
No 97 5.29 4.07 76.57 84.51 68.03 79.93 83.09 85.04 40.57 36.72 40.41 75.99 36.49 86.66
No 98 5.26 4.15 76.75 85.09 66.06 80.95 79.68 87.10 39.89 43.07 39.72 76.48 42.90 80.14
No 99 5.25 4.13 77.58 85.16 65.98 82.13 76.45 88.38 40.92 38.96 40.76 75.49 38.76 83.52
No 100 5.27 4.10 76.66 82.99 65.77 80.93 85.29 82.15 40.78 44.77 40.62 75.62 44.62 78.47
Table 15: Performance Results of Model 15 Over Epochs
. A . . Train Train Validation | Validation Train Validation Tram. Tram. Valldatl? M Valldatl? M
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
. . e . e Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 1 8.23 6.34 62.27 80.35 35.73 72.70 73.13 83.03 60.80 87.86 60.89 41.67 88.20 13.24
No 2 5.25 4.79 82.57 83.80 65.71 89.20 75.71 86.79 43.73 39.51 43.59 74.82 39.32 81.17
Yes 3 5.27 4.38 82.84 84.63 77.37 84.99 82.39 85.46 38.79 40.07 38.60 82.39 39.87 82.93
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 4 4.61 4.38 84.40 79.63 81.48 85.55 89.86 75.84 40.42 50.06 40.23 83.26 49.95 74.18
No 5 4.47 4.33 84.56 83.80 81.04 85.95 85.84 83.04 44.69 60.80 44.53 80.62 60.79 63.29
Yes 6 4.34 4.10 84.68 85.47 83.41 85.18 82.79 86.46 53.56 49.84 53.47 7291 49.71 77.33
No 7 4.21 4.05 84.84 85.04 84.16 85.11 84.52 85.24 56.43 55.12 56.36 71.75 55.03 73.05
No 8 4.26 3.97 84.88 83.35 83.64 85.36 84.92 82.77 56.00 63.55 55.93 72.67 63.55 63.50
Yes 9 4.26 4.02 85.77 87.11 81.44 87.48 80.86 89.42 54.54 54.45 54.45 74.66 54.36 74.21
No 10 4.26 4.29 84.29 83.66 83.15 84.74 85.14 83.11 56.30 61.92 56.22 72.73 61.90 65.50
No 11 3.96 4.02 86.39 86.09 83.46 87.55 81.91 87.64 55.54 51.06 55.46 74.34 50.94 77.57
Yes 12 4.00 3.83 85.37 87.70 84.82 85.58 80.14 90.50 57.78 47.62 57.72 71.87 47.47 80.73
No 13 4.03 4.57 86.12 79.34 83.22 87.25 88.15 76.07 55.53 63.34 55.45 74.08 63.34 64.91
No 14 4.07 3.89 86.41 86.90 83.23 87.67 81.91 88.74 56.52 54.32 56.44 73.90 54.22 75.64
No 15 3.96 4.12 86.81 86.16 83.12 88.26 85.35 86.46 55.71 52.50 55.62 75.21 52.38 77.28
No 16 3.85 3.89 86.44 83.09 84.03 87.39 85.23 82.30 56.02 62.22 55.93 75.20 62.20 66.35
No 17 3.90 4.43 86.32 82.53 82.80 87.71 89.44 79.97 57.02 60.94 56.95 73.67 60.91 68.58
No 18 3.89 3.98 86.27 85.86 84.82 86.85 85.73 85.91 55.54 59.96 55.45 75.56 59.92 69.95
No 19 3.68 3.63 87.47 85.87 83.48 89.04 87.16 85.40 55.81 57.19 55.72 75.97 57.12 73.74
No 20 3.59 3.89 87.68 87.81 85.66 88.48 79.85 90.76 56.32 54.71 56.23 75.95 54.61 75.89
No 21 3.56 3.60 88.13 87.16 85.04 89.34 84.57 88.12 55.92 57.72 55.83 76.82 57.65 73.44
No 22 3.53 3.59 88.22 86.89 85.02 89.48 84.53 87.76 56.14 54.36 56.05 76.71 54.26 76.63
No 23 3.48 3.55 88.03 85.07 85.52 89.01 85.04 85.08 55.66 60.76 55.56 77.24 60.72 70.08
No 24 3.48 3.58 87.97 88.20 85.14 89.08 78.89 91.64 55.99 53.88 55.89 77.05 53.78 77.00
Yes 25 3.48 3.53 88.13 87.85 85.19 89.29 82.10 89.98 57.25 51.06 57.17 75.86 50.93 79.86
No 26 3.49 3.50 87.70 84.50 85.24 88.66 89.34 82.71 56.66 59.14 56.58 76.29 59.09 71.48
No 27 3.55 3.59 87.63 84.58 85.05 88.65 87.75 83.40 56.67 64.76 56.58 75.92 64.77 63.62
No 28 3.62 3.74 87.89 83.79 85.11 88.98 89.45 81.70 56.60 62.24 56.52 75.76 62.21 68.48
No 29 3.46 3.58 88.28 86.75 85.93 89.20 85.21 87.33 56.41 54.55 56.32 76.36 54.45 75.71
No 30 3.56 3.55 88.36 87.92 85.02 89.67 79.58 91.00 56.29 53.80 56.20 76.98 53.69 77.35
No 31 3.50 3.60 88.13 87.34 84.92 89.39 85.26 88.11 55.55 60.65 55.45 77.90 60.60 70.10
No 32 3.51 3.49 87.86 86.80 85.46 88.80 83.97 87.84 56.69 61.71 56.61 76.26 61.67 68.75
No 33 3.53 3.50 88.36 87.76 84.89 89.73 84.43 88.99 56.61 57.88 56.52 76.59 57.81 73.38
No 34 3.36 3.45 88.72 87.75 85.67 89.92 83.18 89.44 56.09 56.75 55.99 77.84 56.67 74.96
Yes 35 3.28 3.40 88.94 87.87 86.07 90.07 85.23 88.85 56.21 60.17 56.11 78.33 60.12 71.22
No 36 3.35 3.44 88.91 86.55 85.31 90.33 86.79 86.46 56.07 56.47 55.97 77.84 56.38 75.41
Yes 37 3.40 3.44 88.57 88.15 85.77 89.67 81.47 90.62 56.92 53.32 56.83 77.34 53.21 78.62
No 38 3.25 3.47 88.82 87.25 86.63 89.69 85.64 87.84 56.94 58.71 56.85 77.82 58.64 73.63
No 39 3.33 3.41 88.95 88.04 85.61 90.26 84.19 89.46 56.74 55.94 56.64 78.24 55.85 76.35
No 40 3.19 3.33 89.33 87.84 86.63 90.38 83.26 89.54 56.59 54.84 56.50 78.61 54.73 77.79
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

Yes 41 3.14 3.30 89.37 88.36 86.75 90.40 84.51 89.79 56.47 56.55 56.38 78.95 56.46 76.58
No 42 3.25 3.44 88.76 87.38 86.98 89.46 83.01 89.00 57.02 51.36 56.93 78.04 51.23 79.91
No 43 3.44 3.41 88.43 87.48 85.80 89.46 83.47 88.96 56.09 52.53 56.00 77.82 52.41 79.54
No 44 3.35 3.47 88.78 88.32 86.57 89.65 83.27 90.19 55.94 52.25 55.84 78.62 52.13 79.77
No 45 3.28 3.36 88.76 86.97 86.19 89.77 84.51 87.88 57.14 53.91 57.05 77.79 53.79 78.83
Yes 46 3.12 3.36 89.08 88.57 86.57 90.07 82.14 90.96 56.74 53.10 56.64 78.83 52.98 79.29
No 47 3.24 3.35 89.47 88.39 86.56 90.61 84.41 89.87 55.77 55.18 55.67 79.71 55.08 77.97
No 48 3.22 3.94 88.99 87.81 86.86 89.82 80.10 90.67 56.49 55.21 56.39 78.68 55.12 75.87
No 49 3.38 3.81 88.70 86.11 85.98 89.77 89.08 85.01 57.29 59.92 57.20 77.76 59.86 72.61
Yes 50 3.19 3.31 89.27 88.57 86.55 90.34 82.84 90.69 56.73 58.49 56.63 79.20 58.42 74.64
Yes 51 3.19 3.42 89.67 88.66 86.52 90.91 83.41 90.60 57.08 53.46 56.98 78.75 53.35 78.54
No 52 3.24 3.36 89.49 88.09 86.37 90.72 83.94 89.63 56.01 58.63 55.91 79.68 58.56 74.26
Yes 53 3.20 3.56 89.61 88.90 86.99 90.64 80.71 91.93 57.09 54.16 57.00 78.69 54.05 78.29
No 54 3.13 3.30 89.59 88.04 86.83 90.68 85.54 88.96 56.30 53.82 56.20 79.84 53.71 78.40
No 55 3.05 3.26 89.59 87.37 87.62 90.37 86.52 87.69 56.30 56.79 56.20 80.24 56.70 76.48
No 56 2.99 3.17 90.02 88.46 87.21 91.13 84.91 89.77 56.60 54.02 56.49 80.58 53.90 79.58
No 57 2.97 3.25 90.04 88.71 87.67 90.97 84.48 90.27 56.69 58.98 56.58 80.82 58.91 74.20
No 58 2.99 3.36 90.04 88.29 88.14 90.78 83.81 89.94 56.74 56.02 56.64 80.81 55.92 77.55
No 59 2.99 3.22 90.04 88.70 87.59 91.00 84.78 90.15 56.72 55.29 56.61 81.03 55.19 77.91
No 60 2.97 3.24 90.06 87.62 87.65 91.01 86.97 87.86 56.83 56.98 56.73 81.10 56.89 76.54
No 61 2.87 3.17 90.31 88.62 88.07 91.19 85.08 89.92 56.76 57.85 56.65 81.69 57.77 76.17
No 62 2.86 3.18 90.61 88.34 87.96 91.65 85.33 89.46 57.39 55.75 57.28 81.18 55.65 77.62
No 63 2.85 3.25 90.49 88.69 88.32 91.34 84.54 90.23 56.60 57.03 56.49 82.03 56.94 76.48
No 64 2.86 3.18 90.62 88.35 88.15 91.59 86.05 89.20 57.07 56.21 56.96 81.71 56.11 77.87
No 65 2.81 3.18 90.80 87.98 88.06 91.87 86.53 88.51 56.90 57.04 56.79 82.17 56.95 76.93
No 66 2.79 3.18 90.73 88.31 88.51 91.60 85.44 89.38 55.90 59.93 55.78 83.44 59.87 73.31
No 67 2.77 3.15 90.76 88.33 88.41 91.69 85.82 89.26 57.82 55.08 57.72 81.37 54.97 78.84
No 68 2.76 3.17 90.85 88.45 88.41 91.81 85.19 89.66 56.30 56.91 56.18 83.28 56.82 76.98
No 69 2.75 3.16 90.93 88.11 88.39 91.93 86.35 88.76 57.03 58.49 56.92 82.66 58.41 75.29
No 70 2.73 3.17 90.97 88.56 88.63 91.89 85.03 89.86 57.22 57.31 57.10 83.01 57.22 76.72
No 71 2.71 3.11 91.03 88.15 88.39 92.07 86.63 88.71 56.87 58.77 56.75 83.44 58.69 75.50
Yes 72 2.71 3.13 91.02 88.85 88.74 91.92 84.40 90.50 57.18 57.50 57.07 83.30 57.41 76.69
No 73 3.03 3.25 90.07 88.15 87.65 91.02 84.85 89.37 55.83 60.42 55.71 82.05 60.36 72.96
No 74 2.90 3.21 90.61 87.75 87.56 91.82 85.85 88.45 57.10 58.28 56.99 82.14 58.20 75.20
No 75 2.81 3.17 90.66 87.38 88.31 91.59 86.78 87.60 57.44 58.71 57.33 82.23 58.64 74.97
No 76 2.79 3.25 90.63 87.61 88.39 91.51 86.67 87.96 57.06 59.29 56.94 82.78 59.23 74.20
No 77 2.76 3.17 90.87 88.80 88.39 91.84 83.94 90.59 56.57 58.41 56.45 83.60 58.33 75.56
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. . s s . . Train Train Validation | Validation
. . . e L. Train Train Validation | Validation Train Validation . . . .
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
. . P e s Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 78 2.70 3.13 91.17 88.27 88.62 92.17 85.91 89.14 57.53 56.77 57.42 83.37 56.68 77.24
No 79 2.71 3.12 91.18 88.56 88.76 92.13 85.54 89.67 57.50 58.08 57.38 83.75 58.00 75.67
No 80 2.69 3.13 91.32 88.18 88.67 92.36 86.44 88.83 56.96 59.42 56.84 84.40 59.35 74.58
No 81 2.68 3.16 91.13 88.69 89.05 91.94 83.87 90.47 57.46 56.30 57.34 83.95 56.20 77.50
No 82 2.63 3.13 91.39 88.79 89.03 92.33 84.56 90.35 57.50 57.31 57.38 84.51 57.22 76.62
No 83 2.61 3.16 91.50 88.77 89.00 92.48 84.20 90.46 57.74 57.92 57.62 84.45 57.84 75.90
No 84 2.64 3.14 91.39 88.11 89.14 92.27 86.37 88.76 57.52 59.12 57.40 84.64 59.05 74.81
No 85 2.62 3.14 91.47 88.03 88.83 92.51 86.53 88.58 57.59 58.37 57.47 84.73 58.29 75.63
No 86 2.58 3.10 91.44 88.63 89.06 92.37 85.11 89.93 57.56 58.08 57.44 85.13 58.00 76.00
No 87 2.58 3.13 91.57 88.83 89.15 92.52 84.13 90.57 57.93 56.99 57.81 84.96 56.90 77.03
No 88 2.57 3.11 91.56 88.84 89.12 92.52 84.25 90.53 57.74 57.60 57.62 85.26 57.52 76.53
No 89 2.56 3.11 91.64 88.44 89.06 92.65 85.59 89.49 57.62 58.92 57.50 85.37 58.85 75.27
No 90 2.56 3.11 91.62 88.49 89.23 92.55 85.31 89.67 57.89 59.07 57.77 85.29 59.00 74.98
No 91 2.55 3.11 91.60 88.50 89.26 92.53 85.13 89.75 58.04 58.74 57.92 85.16 58.66 75.34
No 92 2.55 3.12 91.67 88.73 89.23 92.63 84.48 90.30 57.85 57.97 57.73 85.44 57.89 76.06
No 93 2.55 3.12 91.64 88.68 89.18 92.60 84.47 90.24 58.05 57.58 57.93 85.23 57.50 76.30
No 94 2.55 3.11 91.65 88.55 89.11 92.65 85.10 89.83 57.97 58.33 57.85 85.41 58.25 75.77
No 95 2.55 3.12 91.60 88.59 89.22 92.54 84.92 89.94 57.82 58.08 57.70 85.50 57.99 75.97
No 96 2.54 3.11 91.67 88.67 89.28 92.61 84.59 90.18 58.02 58.14 57.89 85.45 58.06 75.81
No 97 2.53 3.12 91.68 88.77 89.27 92.63 84.27 90.44 57.95 57.72 57.83 85.43 57.64 76.26
No 98 2.54 3.11 91.70 88.67 89.19 92.68 84.66 90.15 57.89 58.09 57.76 85.63 58.00 75.88
No 99 2.54 3.11 91.62 88.68 89.22 92.57 84.58 90.19 57.98 57.97 57.86 85.43 57.88 75.97
No 100 2.53 3.11 91.66 88.63 89.29 92.59 84.77 90.06 58.04 58.35 57.92 85.54 58.28 75.62
Table 16: Performance Results of Model 16 Over Epochs
. s . . Train Train Validation | Validation Train Validation Tram. Tram. Valldatl? n Valldatl? n
Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
. . ipe ae pe ae Class 0 Class 1 Class 0 Class 1 Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1
Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
’ ’ ’ ’ ’ ’ (%) (%) (%) (%)
No 1 8.02 5.59 57.72 82.35 70.46 52.71 64.11 89.10 57.76 23.87 57.80 47.91 23.56 92.47
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 2 6.70 5.03 75.71 81.72 65.43 79.75 73.63 84.71 44.93 27.52 44.83 67.73 27.24 90.90
No 3 5.87 5.26 75.26 83.17 72.66 76.29 45.77 97.01 51.44 29.15 51.39 63.31 28.88 90.59
No 4 6.17 5.18 77.07 82.52 72.80 78.74 76.87 84.61 51.52 39.80 51.47 62.64 39.61 82.14
No 5 5.64 4.74 78.79 83.05 77.87 79.15 69.44 88.09 52.20 23.00 52.14 66.95 22.67 94.60
No 6 6.96 4.83 79.08 84.53 73.46 81.29 74.35 88.29 42.74 27.61 42.59 77.54 27.32 91.16
No 7 6.16 5.82 75.22 80.98 80.66 73.08 85.26 79.40 59.69 57.69 59.68 61.37 57.66 65.67
No 8 6.06 5.34 77.84 70.63 74.70 79.07 92.64 62.49 60.85 65.89 60.85 60.47 65.92 58.24
No 9 5.55 5.05 76.40 76.86 82.03 74.18 89.33 72.25 60.23 65.65 60.21 64.19 65.68 58.95
No 10 4.80 4.37 81.69 81.61 82.09 81.53 86.44 79.82 59.36 60.94 59.33 66.82 60.92 65.31
No 11 4.76 4.93 82.23 69.83 83.01 81.92 92.93 61.29 58.90 80.22 58.86 68.20 80.41 38.85
No 12 4.94 491 78.20 84.73 82.02 76.69 71.36 89.68 60.24 50.29 60.22 64.51 50.18 74.43
No 13 4,71 4.66 80.99 86.07 81.61 80.74 71.77 91.36 59.38 51.98 59.35 67.45 51.88 74.18
No 14 4.55 4.53 83.18 84.21 81.02 84.03 72.91 88.39 59.73 44.58 59.70 67.79 44.41 80.76
Yes 15 4.95 4.21 78.80 84.27 82.72 77.26 82.23 85.03 59.42 59.89 59.38 66.91 59.86 67.58
No 16 4.53 4.36 82.51 86.36 82.30 82.59 73.64 91.07 60.50 49.72 60.48 67.06 49.60 76.29
No 17 4.47 5.00 82.95 72.89 82.58 83.09 85.88 68.08 59.20 74.29 59.16 68.22 74.41 47.86
No 18 4.65 4.36 81.78 85.06 81.83 81.76 79.24 87.22 60.55 50.48 60.52 66.54 50.36 77.15
No 19 4.72 4.17 80.02 82.48 83.83 78.53 84.82 81.62 59.53 55.48 59.49 68.08 55.41 72.64
No 20 4.28 4.46 83.64 74.13 82.46 84.10 92.46 67.35 58.71 76.69 58.66 70.27 76.84 45.29
No 21 4.34 4.26 83.08 84.59 82.98 83.12 77.68 87.15 60.11 55.66 60.07 67.60 55.59 71.03
No 22 4.24 4.10 84.24 82.26 82.24 85.03 86.82 80.57 56.79 59.78 56.72 72.56 59.74 67.86
No 23 4.21 4.28 83.69 80.26 82.21 84.27 88.08 77.36 59.23 62.90 59.18 69.44 62.89 64.88
No 24 4.31 4.66 83.81 70.30 83.38 83.98 94.19 61.46 59.99 65.29 59.95 68.93 65.31 61.14
Yes 25 4.21 3.98 83.97 86.74 82.61 84.50 81.01 88.85 58.80 58.19 58.75 70.09 58.13 70.38
No 26 4.18 3.99 84.25 85.19 83.14 84.69 83.48 85.82 59.08 53.67 59.03 70.00 53.58 74.78
No 27 4.17 4.16 84.54 80.48 82.77 85.24 88.68 77.45 58.89 66.86 58.84 70.62 66.89 59.77
No 28 4.29 3.96 83.64 83.77 82.47 84.10 83.71 83.79 58.30 60.29 58.24 71.04 60.26 68.22
No 29 4.11 4.01 84.09 84.15 83.13 84.47 84.45 84.04 59.37 60.36 59.32 70.02 60.33 67.28
No 30 4.10 4.07 85.55 83.08 83.27 86.45 84.38 82.60 58.10 61.80 58.04 72.03 61.78 66.32
No 31 3.97 3.88 85.11 86.67 84.14 85.50 80.72 88.87 57.74 56.93 57.67 72.86 56.86 71.83
No 32 4.08 4.07 84.33 86.91 83.23 84.77 78.19 90.13 57.93 56.49 57.87 71.67 56.42 72.59
Yes 33 3.95 4.01 85.68 87.12 83.79 86.42 80.16 89.69 59.88 56.00 59.83 71.08 55.92 72.98
No 34 3.95 4.01 85.94 83.58 83.21 87.02 82.19 84.09 57.95 61.54 57.88 73.05 61.52 66.53
No 35 4.08 3.95 84.81 84.65 82.69 85.64 85.40 84.38 58.76 55.16 58.70 71.61 55.08 74.25
No 36 3.97 3.82 85.74 85.41 82.31 87.09 81.20 86.97 57.12 59.20 57.05 73.62 59.15 70.34
No 37 3.85 3.94 85.56 81.98 84.16 86.12 88.36 79.63 58.33 60.22 58.27 72.53 60.18 68.40
No 38 3.86 4.21 85.98 86.15 84.48 86.57 79.81 88.49 58.58 56.16 58.52 72.73 56.08 73.32
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 39 3.84 3.92 86.49 86.37 83.05 87.84 81.28 88.25 58.01 53.46 57.94 73.21 53.36 76.45
No 40 3.90 3.81 84.81 86.57 85.91 84.39 83.02 87.88 58.64 56.83 58.57 72.69 56.75 73.33
No 41 3.90 4.03 85.99 82.17 83.67 86.91 89.51 79.45 58.24 60.59 58.18 73.34 60.56 68.42
No 42 3.88 3.85 86.04 87.09 84.07 86.81 78.86 90.13 58.41 51.51 58.35 73.08 51.38 78.72
No 43 3.79 3.75 86.19 86.12 84.20 86.97 84.06 86.89 58.75 58.32 58.68 72.98 58.26 71.81
No 44 3.88 3.78 86.25 85.97 84.52 86.93 84.82 86.40 58.63 61.53 58.57 73.08 61.50 68.71
No 45 3.79 3.67 86.66 86.68 83.63 87.85 82.16 88.35 57.96 56.23 57.89 74.19 56.14 74.93
No 46 3.78 3.75 86.88 84.86 84.08 87.98 86.52 84.24 58.33 65.20 58.26 74.29 65.21 63.86
No 47 3.78 3.73 85.93 84.62 84.53 86.47 85.64 84.24 58.99 61.05 58.93 72.56 61.02 69.75
No 48 3.72 3.71 87.07 86.07 83.28 88.56 82.91 87.24 57.71 59.34 57.64 74.98 59.28 71.33
No 49 3.81 3.80 86.59 83.78 84.19 87.53 88.22 82.13 58.07 62.55 57.99 74.31 62.53 67.82
No 50 3.66 3.68 87.14 86.90 84.66 88.11 83.86 88.02 57.74 58.40 57.66 75.17 58.34 73.15
Yes 51 3.63 3.60 86.47 87.41 85.97 86.66 81.79 89.49 59.59 57.85 59.53 73.67 57.78 72.53
No 52 3.85 3.92 86.33 82.08 82.73 87.75 87.60 80.04 57.26 63.43 57.19 74.68 63.41 66.90
No 53 3.71 3.73 86.91 84.97 84.67 87.79 87.76 83.94 58.20 56.50 58.12 74.24 56.42 75.06
No 54 3.62 3.73 87.03 85.22 85.30 87.71 86.60 84.71 57.84 61.83 57.76 75.42 61.80 69.28
Yes 55 3.59 3.66 87.37 87.86 85.51 88.10 81.31 90.29 58.87 54.16 58.80 74.42 54.05 77.47
No 56 3.72 3.79 86.38 83.00 85.40 86.76 87.93 81.17 58.71 63.39 58.64 74.12 63.38 65.84
No 57 3.63 3.62 87.15 86.72 84.51 88.19 84.73 87.45 57.90 56.03 57.82 75.04 55.94 75.69
No 58 3.52 3.53 87.38 86.85 85.86 87.97 85.46 87.37 58.86 55.73 58.79 75.07 55.63 76.27
No 59 3.47 3.56 87.75 86.06 85.39 88.68 85.79 86.16 58.85 59.93 58.78 75.17 59.87 71.85
No 60 3.46 3.54 87.72 86.22 85.19 88.71 86.33 86.18 58.37 59.65 58.30 75.88 59.60 72.18
No 61 3.46 3.49 87.72 86.97 85.98 88.40 84.71 87.80 58.32 58.57 58.24 76.14 58.50 73.95
No 62 3.42 3.59 88.00 87.76 85.28 89.07 82.10 89.85 58.39 56.64 58.31 76.07 56.56 74.71
Yes 63 3.48 3.57 87.82 88.10 85.89 88.58 81.38 90.59 57.99 56.38 57.91 76.69 56.29 75.60
No 64 3.61 3.64 86.97 86.32 85.86 87.41 84.80 86.89 58.67 57.08 58.60 74.59 57.00 74.63
No 65 3.60 3.59 87.33 85.40 84.81 88.32 87.45 84.64 57.91 58.38 57.83 75.75 58.31 73.45
No 66 3.49 3.59 87.78 87.34 85.90 88.52 84.17 88.51 58.26 59.66 58.18 76.19 59.60 72.39
Yes 67 3.40 3.60 87.87 88.22 86.49 88.41 82.12 90.47 58.48 55.11 58.40 76.10 55.01 77.18
No 68 3.50 3.68 87.89 88.14 85.45 88.85 81.87 90.46 58.27 53.18 58.19 75.87 53.07 78.26
No 69 3.53 3.54 87.75 87.23 85.62 88.58 84.84 88.12 57.92 61.34 57.84 76.26 61.30 70.48
No 70 3.45 3.46 87.87 87.24 86.02 88.61 84.90 88.11 58.18 60.67 58.10 76.48 60.62 71.35
No 71 3.34 3.46 88.35 86.91 85.98 89.28 86.52 87.06 58.30 60.35 58.22 76.56 60.30 72.16
Yes 72 3.34 3.46 88.45 88.34 86.12 89.36 81.57 90.85 58.33 59.21 58.25 76.98 59.15 73.46
Yes 73 3.46 3.55 87.70 88.44 85.29 88.65 81.15 91.13 58.20 56.01 58.12 76.37 55.92 76.26
No 74 3.49 3.81 87.91 88.35 85.40 88.89 78.71 91.91 57.71 54.49 57.63 76.56 54.40 76.00
No 75 3.63 3.53 86.93 88.21 85.97 87.31 81.24 90.79 59.36 53.30 59.30 74.63 53.18 78.56
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 76 3.44 3.59 88.27 88.42 84.38 89.80 79.43 91.74 57.59 55.41 57.51 77.06 55.31 77.06
No 77 3.36 3.38 88.28 87.15 86.41 89.01 86.14 87.53 58.26 58.93 58.18 77.31 58.86 73.28
No 78 3.28 3.40 88.56 86.39 86.01 89.56 87.61 85.94 58.89 60.89 58.81 76.70 60.84 71.30
No 79 3.37 3.40 88.58 87.35 85.85 89.66 85.92 87.88 58.12 58.38 58.03 77.40 58.30 74.85
No 80 3.30 3.39 88.34 87.42 86.49 89.06 84.95 88.34 58.51 59.17 58.42 77.23 59.10 73.29
No 81 3.30 3.44 88.48 87.99 85.84 89.52 83.14 89.78 58.38 59.52 58.30 77.70 59.46 73.06
No 82 3.23 3.41 88.88 86.88 86.07 89.99 86.81 86.91 58.66 61.97 58.57 77.75 61.93 70.84
No 83 3.19 3.37 88.69 86.55 86.88 89.39 86.94 86.40 58.71 59.78 58.62 77.92 59.71 73.49
No 84 3.17 3.34 88.88 88.28 86.63 89.77 83.79 89.95 58.83 56.45 58.74 77.96 56.36 76.78
No 85 3.17 3.33 89.09 87.84 86.22 90.21 84.84 88.95 58.31 59.47 58.22 78.72 59.40 73.69
No 86 3.18 3.34 88.76 87.90 86.88 89.50 84.91 89.01 59.04 58.13 58.96 77.87 58.05 75.47
No 87 3.17 3.33 89.06 87.77 86.60 90.02 85.46 88.63 58.47 58.00 58.38 78.62 57.92 75.54
No 88 3.15 3.32 89.06 87.69 86.85 89.93 85.41 88.53 58.61 58.29 58.52 78.68 58.21 75.25
No 89 3.14 3.32 89.07 87.46 86.65 90.02 85.66 88.12 59.04 58.54 58.95 78.45 58.46 75.04
No 90 3.13 3.32 89.08 87.95 87.08 89.86 84.74 89.14 58.77 57.30 58.68 78.82 57.22 76.05
No 91 3.12 3.37 89.19 87.05 86.67 90.18 86.76 87.15 58.80 57.57 58.71 78.79 57.48 75.90
No 92 3.13 3.31 89.18 87.40 86.89 90.07 85.73 88.01 58.76 58.37 58.67 78.84 58.30 75.26
No 93 3.11 3.31 89.26 87.83 86.77 90.24 85.03 88.86 58.51 58.73 58.42 79.30 58.65 74.82
No 94 3.10 3.30 89.27 87.31 86.84 90.22 86.35 87.67 58.91 59.42 58.82 79.00 59.35 74.18
No 95 3.11 3.32 89.14 87.00 86.80 90.05 86.95 87.02 58.98 59.30 58.90 78.88 59.23 74.27
No 96 3.10 3.31 89.11 87.98 87.29 89.82 84.66 89.21 58.87 58.78 58.78 79.07 58.71 74.77
No 97 3.09 3.31 89.25 87.75 86.91 90.17 85.33 88.65 58.89 58.23 58.80 79.14 58.16 75.36
No 98 3.08 3.31 89.28 87.68 86.97 90.18 85.30 88.56 59.22 58.18 59.14 78.84 58.10 75.44
No 99 3.08 3.29 89.23 87.46 87.10 90.07 85.91 88.03 58.48 58.80 58.39 79.62 58.73 74.76
No 100 3.08 3.30 89.20 87.70 87.19 89.99 85.34 88.58 58.63 59.18 58.54 79.63 59.11 74.37
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 1 6.82 5.16 74.55 83.50 50.86 83.85 63.25 90.99 41.53 29.27 41.41 69.38 29.00 89.62
Yes 2 5.16 4.77 82.13 81.82 72.24 86.01 81.31 82.01 40.96 77.98 40.78 79.95 78.18 35.79
Yes 3 4.86 4.52 83.07 82.22 79.74 84.38 86.14 80.78 47.21 48.37 47.08 76.34 48.24 76.11
No 4 4.61 4.75 83.56 85.44 82.72 83.89 75.29 89.20 53.81 53.57 53.72 72.93 53.48 72.84
No 5 4.70 4.21 83.20 85.88 83.00 83.28 76.52 89.34 56.51 50.53 56.45 71.03 50.41 76.92
No 6 4.28 4.29 84.93 86.39 82.36 85.94 68.90 92.87 57.14 50.78 57.08 71.39 50.67 75.90
Yes 7 4.28 4.10 84.63 83.88 81.26 85.96 83.95 83.86 55.88 66.41 55.80 72.65 66.44 60.25
No 8 4.30 4.27 84.09 78.95 82.56 84.68 91.41 74.34 57.88 60.55 57.82 70.69 60.51 67.46
No 9 4.21 4.18 84.34 83.77 83.34 84.73 86.42 82.79 59.03 59.29 58.98 70.19 59.25 69.24
Yes 10 4.30 4.22 84.14 84.32 83.76 84.28 84.56 84.23 57.21 61.46 57.14 72.36 61.43 67.34
No 11 4.14 4.01 84.84 83.53 84.16 85.11 86.65 82.38 57.86 57.12 57.80 71.72 57.05 71.61
No 12 4.14 3.89 84.72 86.96 82.88 85.44 77.35 90.51 56.78 56.15 56.71 73.02 56.07 72.56
No 13 4.11 3.99 85.36 83.50 83.15 86.22 87.66 81.97 57.00 66.03 56.93 73.38 66.05 62.20
Yes 14 3.97 3.87 85.94 86.03 82.90 87.13 83.49 86.97 56.28 54.36 56.20 74.38 54.26 75.16
Yes 15 3.98 3.83 85.75 86.41 83.94 86.45 82.66 87.80 57.09 51.98 57.01 73.73 51.86 77.67
No 16 3.90 4.13 86.71 83.93 82.34 88.42 86.43 83.01 57.16 61.36 57.09 73.81 61.34 67.68
No 17 4.01 3.84 86.10 85.23 83.55 87.10 86.50 84.76 56.30 55.02 56.22 75.46 54.93 75.54
Yes 18 3.84 3.67 86.27 86.71 84.25 87.06 82.44 88.29 56.74 59.10 56.66 75.01 59.04 71.31
Yes 19 3.71 3.72 87.00 87.11 84.09 88.14 81.08 89.34 56.58 53.99 56.50 75.58 53.89 75.53
No 20 3.85 3.88 86.70 87.91 84.90 87.41 73.49 93.25 56.44 48.33 56.35 75.54 48.19 80.23
No 21 3.75 3.72 87.17 85.10 83.56 88.60 86.90 84.44 56.35 61.48 56.26 75.79 61.44 68.80
No 22 3.69 3.66 87.09 85.74 84.31 88.18 85.12 85.97 56.32 59.94 56.24 76.08 59.90 70.76
Yes 23 3.66 3.62 87.35 87.63 84.54 88.46 80.44 90.30 57.20 52.99 57.12 75.63 52.88 78.00
No 24 3.65 3.83 87.37 87.15 85.16 88.24 80.39 89.65 57.38 54.64 57.30 75.72 54.54 75.96
No 25 3.69 3.85 87.32 85.96 84.99 88.24 85.14 86.26 56.97 61.00 56.88 76.16 60.95 70.25
No 26 3.76 3.59 87.19 84.96 84.90 88.09 86.51 84.39 57.64 60.31 57.56 75.39 60.26 70.80
No 27 3.63 4.22 87.09 84.04 85.90 87.56 88.07 82.55 56.95 58.64 56.86 76.07 58.58 72.84
No 28 3.54 3.52 87.70 86.85 85.96 88.38 85.27 87.44 58.26 58.93 58.19 75.42 58.87 72.75
No 29 3.46 3.59 87.95 86.43 85.64 88.86 86.04 86.57 57.08 58.56 57.00 77.11 58.50 72.60
No 30 3.48 3.50 88.07 86.45 85.04 89.26 86.14 86.56 56.54 55.90 56.45 77.72 55.81 75.90
No 31 3.46 3.61 88.24 86.42 84.70 89.63 82.36 87.92 56.50 52.24 56.41 77.94 52.12 78.99
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.45 3.47 87.75 87.24 86.43 88.27 84.03 88.43 57.49 57.23 57.40 76.79 57.15 75.20
Yes 33 3.39 3.42 88.19 88.31 85.77 89.14 81.50 90.82 57.53 53.05 57.45 77.04 52.93 79.46
No 34 3.47 3.58 88.32 86.75 85.38 89.47 86.32 86.90 55.32 54.84 55.21 78.89 54.74 77.10
No 35 3.51 3.68 88.08 88.44 85.92 88.93 78.44 92.14 57.64 51.61 57.56 76.24 51.49 80.06
No 36 3.53 3.41 87.81 87.01 85.70 88.64 85.50 87.58 56.09 57.96 55.99 78.12 57.89 74.52
No 37 3.41 3.61 88.33 85.80 85.29 89.52 87.75 85.07 56.68 58.37 56.59 77.96 58.30 73.27
No 38 3.39 3.46 88.34 87.16 85.81 89.34 85.24 87.88 57.04 56.89 56.95 77.37 56.80 75.06
No 39 3.38 3.49 88.40 87.83 86.12 89.29 82.93 89.64 57.46 58.46 57.38 77.19 58.39 73.17
Yes 40 3.39 3.39 88.53 88.33 85.73 89.63 82.31 90.55 57.45 49.63 57.36 77.47 49.48 82.74
No 41 3.39 3.49 88.25 87.50 86.11 89.09 84.44 88.64 57.14 56.78 57.05 77.41 56.69 76.04
No 42 3.42 3.54 88.51 87.79 85.65 89.63 80.65 90.43 57.53 51.01 57.44 77.73 50.87 81.13
No 43 3.44 3.49 88.45 86.78 85.80 89.49 85.81 87.15 56.37 50.36 56.27 78.21 50.22 80.16
No 44 3.45 3.56 88.24 85.36 85.79 89.21 87.68 84.50 57.04 57.37 56.95 77.52 57.29 75.10
No 45 3.29 3.38 88.80 86.91 86.40 89.74 86.04 87.24 56.92 59.86 56.82 78.76 59.80 72.56
No 46 3.23 3.36 88.90 87.62 86.77 89.74 85.61 88.37 57.40 57.05 57.30 78.83 56.96 76.22
No 47 3.33 3.46 88.91 85.62 86.28 89.95 88.54 84.53 57.44 59.47 57.34 78.78 59.41 73.69
No 48 3.27 3.42 89.13 85.94 86.75 90.06 87.75 85.27 57.83 60.64 57.74 78.64 60.59 72.42
No 49 3.30 3.35 88.96 86.41 86.87 89.78 86.70 86.30 57.04 60.08 56.94 79.46 60.02 72.69
No 50 3.26 3.39 89.20 88.16 86.29 90.34 84.16 89.63 57.65 53.63 57.56 78.96 53.51 79.62
No 51 3.17 3.30 89.28 87.24 86.75 90.27 86.46 87.53 56.84 57.29 56.73 80.18 57.20 76.34
No 52 3.12 3.31 89.30 87.72 87.34 90.07 85.72 88.46 57.74 57.85 57.64 79.64 57.77 75.41
No 53 3.14 3.35 89.30 86.90 87.06 90.18 87.20 86.79 57.10 57.07 57.00 80.17 56.98 76.63
No 54 3.13 3.29 89.37 86.78 86.99 90.31 87.28 86.59 57.55 59.23 57.45 80.00 59.16 74.51
No 55 3.11 3.30 89.37 86.82 87.41 90.14 86.86 86.80 57.65 57.86 57.55 80.15 57.78 75.63
No 56 3.06 3.27 89.51 87.30 87.30 90.37 86.49 87.60 57.36 59.12 57.26 80.64 59.05 74.41
No 57 3.06 3.29 89.63 87.91 87.19 90.58 85.51 88.80 57.53 56.36 57.43 80.60 56.26 77.27
No 58 3.09 3.30 89.53 87.80 87.35 90.39 85.69 88.58 57.56 57.27 57.46 80.54 57.19 76.57
Yes 59 3.05 3.31 89.59 88.41 87.33 90.47 83.92 90.08 57.56 58.33 57.45 80.73 58.25 75.11
No 60 3.22 3.36 89.16 87.30 86.92 90.04 85.80 87.86 56.45 58.36 56.34 80.60 58.29 74.03
No 61 3.22 3.37 89.09 86.17 86.76 90.01 87.34 85.74 56.72 54.92 56.62 80.06 54.81 78.36
No 62 3.20 3.53 89.08 85.08 87.08 89.87 85.33 84.99 57.23 58.62 57.13 79.76 58.55 74.16
No 63 3.35 3.38 88.01 88.17 85.69 88.92 82.23 90.37 57.74 55.79 57.64 78.57 55.70 75.79
No 64 3.22 3.31 89.05 87.95 86.55 90.04 84.82 89.11 57.79 56.06 57.69 79.11 55.97 77.08
No 65 3.13 3.34 89.41 87.24 87.37 90.21 85.24 87.99 57.53 59.19 57.43 80.54 59.13 73.89
Yes 66 3.10 3.34 89.42 88.68 87.40 90.21 81.74 91.25 57.29 55.39 57.18 80.84 55.29 77.88
No 67 3.25 3.53 89.18 84.95 86.54 90.21 89.25 83.35 56.89 63.32 56.79 80.24 63.29 69.31
No 68 3.16 3.31 89.20 86.70 87.60 89.83 87.18 86.52 57.72 57.03 57.62 80.22 56.94 75.86
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 69 3.10 3.30 89.35 87.16 87.38 90.13 84.69 88.07 57.50 58.69 57.40 80.87 58.62 74.36
No 70 3.08 3.36 89.46 87.61 87.40 90.27 85.74 88.31 57.26 57.74 57.16 81.24 57.66 75.57
No 71 3.07 3.47 89.34 88.29 87.55 90.05 83.72 89.98 57.69 56.07 57.58 81.26 55.98 76.30
No 72 3.08 3.26 89.73 87.55 87.51 90.60 86.19 88.06 57.64 57.19 57.53 81.65 57.10 76.26
No 73 2.99 3.26 89.73 87.75 87.91 90.44 85.32 88.64 57.77 57.12 57.66 81.95 57.03 76.76
No 74 3.03 3.31 89.95 87.51 87.41 90.94 86.07 88.04 57.71 58.16 57.61 82.17 58.08 75.43
No 75 3.00 3.25 89.95 87.48 87.59 90.88 86.31 87.91 57.02 60.62 56.90 82.88 60.57 72.82
No 76 2.96 3.23 89.94 88.13 88.18 90.63 84.88 89.34 58.31 57.21 58.20 82.10 57.12 76.51
No 77 2.95 3.22 90.03 87.30 87.80 90.91 86.81 87.49 57.94 59.64 57.83 82.57 59.57 74.21
No 78 2.96 3.24 90.04 88.21 88.00 90.84 85.00 89.39 57.76 57.94 57.65 82.95 57.86 75.76
No 79 2.96 3.24 90.12 88.32 87.79 91.04 84.19 89.85 57.93 57.26 57.82 82.87 57.17 76.43
No 80 2.94 3.23 90.19 88.46 87.82 91.12 84.36 89.98 57.98 57.73 57.87 83.05 57.65 75.79
No 81 2.93 3.22 90.20 88.42 87.76 91.15 84.48 89.88 58.07 57.21 57.96 83.08 57.12 76.50
No 82 2.92 3.22 90.20 87.84 87.95 91.09 85.67 88.64 57.85 57.91 57.73 83.41 57.83 75.78
No 83 2.93 3.21 90.18 87.69 87.97 91.05 86.10 88.28 57.88 58.17 57.76 83.36 58.09 75.69
No 84 2.93 3.21 90.18 87.93 88.11 90.99 85.51 88.83 58.26 58.22 58.15 83.11 58.14 75.57
No 85 2.91 3.21 90.29 87.58 87.91 91.22 86.34 88.04 57.84 59.24 57.72 83.57 59.17 74.55
No 86 2.91 3.21 90.22 87.98 88.10 91.05 85.34 88.95 58.00 58.66 57.88 83.49 58.58 75.16
No 87 2.91 3.21 90.19 87.95 88.12 91.01 85.55 88.83 58.36 58.06 58.25 83.09 57.98 75.72
No 88 2.90 3.21 90.31 87.90 88.00 91.22 85.57 88.77 58.03 58.39 57.92 83.46 58.31 75.38
No 89 2.90 3.21 90.23 87.91 88.13 91.05 85.54 88.79 58.01 58.48 57.90 83.51 58.41 75.34
No 90 2.90 3.21 90.30 87.83 87.94 91.22 85.78 88.60 58.11 58.48 58.00 83.39 58.40 75.28
No 91 2.90 3.21 90.27 87.79 88.11 91.12 85.83 88.51 58.08 58.70 57.97 83.61 58.63 75.07
No 92 2.90 3.20 90.29 87.92 88.04 91.17 85.55 88.79 58.16 58.32 58.04 83.42 58.24 75.46
No 93 2.90 3.21 90.28 87.81 88.12 91.13 85.80 88.55 58.01 58.50 57.90 83.69 58.42 75.29
No 94 2.90 3.21 90.32 87.84 87.99 91.23 85.71 88.63 58.04 58.42 57.92 83.67 58.34 75.37
No 95 2.90 3.21 90.27 87.84 88.18 91.09 85.72 88.62 58.22 58.55 58.10 83.50 58.47 75.20
No 96 2.90 3.21 90.27 87.89 88.13 91.10 85.64 88.72 58.14 58.45 58.03 83.50 58.38 75.31
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Train Validation Train Validation Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

saved_model | Epoch | Regression | Regression | Classification | Classification | Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Centroid | Centroid | Centroid Centroid
Loss Loss Accuracy Accuracy Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy
No 1 7.41 68.40 67.13 69.20 68.09 82.64 61.40 59.00 87.30 58.96 68.29 87.53 37.32
No 2 5.86 80.21 73.82 66.70 85.52 20.20 93.65 72.23 75.81 72.25 68.22 75.84 70.32
No 3 4.66 4.75 82.51 78.70 78.15 84.23 84.54 76.54 78.78 78.32 78.82 69.40 78.36 70.39
No 4 4.44 5.80 83.69 85.73 79.66 85.28 57.92 96.02 78.53 77.37 78.57 70.31 77.40 70.80
No 5 4.23 4.07 84.18 84.32 83.26 84.54 73.45 88.35 79.25 77.16 79.29 69.74 77.18 72.25
No 6 4.06 4.05 85.23 86.59 82.21 86.42 74.40 91.09 78.49 79.92 78.53 70.90 79.97 69.90
No 7 4.00 3.82 84.43 87.88 84.02 84.59 69.68 94.61 79.75 79.88 79.80 69.61 79.93 70.09
No 8 4.12 4.33 85.66 71.73 78.46 88.48 91.04 64.59 78.47 83.85 78.51 70.75 83.95 62.22
No 9 3.88 3.97 84.94 86.56 84.33 85.18 79.65 89.11 78.45 77.22 78.48 70.96 77.25 72.09
No 10 4.04 3.96 85.25 87.77 84.00 85.74 68.67 94.83 78.86 78.24 78.90 70.60 78.27 70.67
Yes 11 3.68 3.70 87.10 84.51 83.27 88.60 84.96 84.35 78.44 78.76 78.47 71.85 78.79 71.69
No 12 4.05 4.19 85.69 87.97 81.65 87.28 68.40 95.21 78.25 77.24 78.28 71.60 77.27 72.23
Yes 13 3.92 3.95 85.96 86.73 81.95 87.53 81.32 88.73 77.83 80.84 77.85 72.27 80.90 67.94
No 14 3.74 3.62 86.49 85.15 84.09 87.44 88.42 83.95 78.08 76.97 78.10 72.17 76.99 72.95
No 15 3.70 3.78 86.61 88.41 83.55 87.81 72.19 94.41 78.22 77.03 78.25 72.00 77.05 72.69
No 16 3.65 3.75 86.82 88.25 84.35 87.79 77.22 92.33 78.17 75.72 78.19 72.33 75.73 74.66
Yes 17 3.46 3.50 87.77 88.30 84.55 89.03 83.45 90.09 78.50 76.10 78.52 72.33 76.11 74.40
No 18 3.56 4.09 87.64 88.94 85.22 88.59 73.51 94.65 78.35 77.13 78.38 72.62 77.15 73.51
No 19 3.68 4.06 86.39 81.58 83.62 87.48 88.10 79.16 78.60 75.79 78.63 71.49 75.80 74.23
No 20 3.49 3.74 86.96 87.62 86.26 87.24 77.64 91.32 78.08 79.32 78.10 72.60 79.36 70.53
No 21 3.51 6.37 86.72 58.57 84.35 87.65 95.58 44.88 77.54 87.11 77.56 73.00 87.27 51.70
No 22 3.50 3.44 87.87 86.93 83.18 89.72 86.44 87.11 77.75 75.69 77.77 73.21 75.69 74.97
No 23 3.41 3.82 87.85 80.56 84.74 89.07 91.30 76.58 78.06 80.96 78.09 73.21 81.02 68.76
No 24 3.36 3.39 88.14 86.07 85.38 89.23 87.93 85.38 78.32 80.57 78.34 73.13 80.62 70.07
No 25 3.37 3.57 87.77 83.00 85.53 88.65 89.70 80.52 78.03 82.62 78.05 73.35 82.69 67.24
No 26 3.32 3.32 88.59 88.55 85.37 89.85 79.13 92.03 77.53 77.93 77.55 74.01 77.95 73.14
No 27 3.30 3.82 88.35 87.82 84.85 89.73 85.04 88.85 78.80 74.54 78.83 72.71 74.53 75.91
No 28 3.32 3.59 88.50 86.88 85.14 89.82 87.72 86.57 77.63 78.36 77.64 74.10 78.39 72.50
No 29 3.24 3.46 88.47 88.29 86.42 89.28 79.37 91.59 78.44 78.18 78.46 73.24 78.20 72.60
No 30 3.29 3.38 88.89 86.02 84.83 90.48 88.72 85.01 77.66 74.78 77.67 74.14 74.77 75.77
No 31 3.26 3.37 88.09 85.80 86.80 88.60 89.05 84.60 78.52 79.60 78.54 73.47 79.64 71.40
No 32 3.38 3.71 88.06 88.15 84.66 89.39 83.57 89.84 77.67 81.97 77.69 74.07 82.03 68.47
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Train Validation Train Validation Train Train Validation | Validation Train Validation Train- Train. Validatif)n Validatif)n

saved_model | Epoch | Regression | Regression | Classification | Classification | Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Centroid | Centroid | Centroid | Centroid
Loss Loss Accuracy Accuracy Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy
No 33 3.23 3.57 88.29 85.12 85.95 89.21 88.86 83.73 78.25 77.67 78.28 73.41 77.69 73.05
No 34 3.22 3.18 88.34 87.78 87.38 88.72 85.03 88.79 78.02 78.93 78.04 74.10 78.96 72.38
Yes 35 3.15 3.29 88.66 88.98 86.47 89.53 82.81 91.26 78.23 75.98 78.25 73.88 75.98 75.27
No 36 3.39 3.60 88.88 86.28 85.18 90.34 87.95 85.66 77.64 78.28 77.66 74.07 78.30 72.10
No 37 3.29 3.44 88.31 85.76 85.70 89.33 86.31 85.55 78.19 80.20 78.21 73.50 80.24 70.66
No 38 3.42 3.46 88.43 87.85 83.86 90.22 85.59 88.68 77.70 77.91 77.72 73.88 77.93 73.16
No 39 3.32 3.37 88.17 89.09 86.92 88.66 79.35 92.69 78.21 77.24 78.24 73.53 77.26 73.74
Yes 40 3.13 3.60 89.09 89.20 86.65 90.04 83.18 91.43 78.28 76.33 78.29 74.06 76.34 74.87
No 41 3.41 3.85 88.22 82.97 85.09 89.45 88.02 81.09 77.65 83.27 77.67 73.88 83.35 65.03
No 42 3.33 4.26 88.54 89.23 85.61 89.69 74.33 94.74 78.00 77.94 78.02 73.84 77.96 72.70
No 43 3.19 3.30 89.31 86.30 85.96 90.62 89.16 85.23 78.44 77.52 78.46 73.78 77.54 73.63
No 44 3.14 3.24 89.34 87.15 86.43 90.49 88.04 86.82 77.72 79.82 77.73 74.81 79.86 70.91
No 45 3.11 3.33 88.92 86.35 87.39 89.52 89.01 85.36 77.81 81.23 77.82 74.67 81.28 69.67
No 46 3.05 3.39 89.53 84.91 86.86 90.58 90.16 82.96 78.00 83.36 78.02 74.54 83.44 66.71
No 47 2.98 3.13 89.95 87.88 87.13 91.06 87.73 87.93 78.32 79.21 78.34 74.64 79.24 72.23
No 48 3.07 3.44 89.32 85.89 87.11 90.18 89.86 84.42 78.05 78.49 78.06 74.75 78.52 72.28
No 49 2.99 3.20 89.87 86.76 86.85 91.05 88.95 85.95 78.05 79.33 78.06 75.04 79.37 71.55
No 50 3.01 3.15 89.74 89.04 87.83 90.49 84.49 90.73 78.00 76.49 78.01 7491 76.49 74.92
No 51 2.92 3.10 90.02 88.35 87.37 91.06 86.34 89.09 78.08 76.19 78.10 75.13 76.19 75.17
No 52 2.87 3.12 89.83 88.10 88.34 90.41 86.43 88.71 78.13 76.60 78.15 75.16 76.61 74.90
No 53 2.90 3.14 90.34 86.95 87.38 91.51 88.42 86.40 77.84 79.01 77.86 75.43 79.04 72.22
No 54 2.87 3.15 90.11 87.92 88.01 90.93 87.08 88.23 77.92 77.36 77.94 75.37 77.38 73.99
No 55 2.89 3.14 90.30 88.67 87.91 91.25 85.40 89.88 78.14 77.12 78.16 75.33 77.14 74.22
No 56 2.83 3.10 90.21 88.73 88.34 90.94 85.66 89.87 77.80 78.80 77.80 75.76 78.83 72.73
No 57 2.82 3.11 90.27 89.02 88.29 91.05 84.88 90.55 77.75 77.64 77.75 75.92 77.66 73.83
No 58 2.81 3.12 90.49 88.78 88.21 91.39 85.49 90.00 78.29 77.56 78.30 75.31 77.58 73.89
No 59 2.80 3.08 90.60 88.47 88.43 91.45 86.46 89.22 77.87 77.44 77.88 75.86 77.45 74.02
No 60 2.78 3.09 90.73 88.53 88.09 91.77 86.04 89.45 78.23 77.88 78.24 75.55 77.90 73.54
No 61 2.74 3.10 90.78 88.54 88.32 91.75 85.97 89.49 77.70 77.97 77.70 76.12 77.99 73.49
No 62 2.74 3.09 90.62 88.73 88.84 91.32 85.58 89.90 78.09 77.95 78.10 75.79 77.97 73.53
No 63 2.76 3.09 90.77 88.21 88.19 91.78 86.75 88.75 78.01 78.33 78.02 75.95 78.35 73.01
No 64 2.76 3.09 90.65 88.49 88.81 91.37 86.06 89.40 77.88 77.55 77.89 76.01 77.56 73.88
No 65 2.73 3.10 90.99 88.51 87.89 92.21 85.99 89.44 77.92 77.83 77.93 76.06 77.85 73.49
No 66 2.71 3.10 90.69 88.45 88.99 91.35 85.83 89.42 77.88 78.08 77.89 76.16 78.10 73.35
No 67 2.72 3.10 90.77 88.59 88.49 91.67 85.80 89.62 78.00 77.53 78.01 76.08 77.54 73.85
No 68 2.72 3.09 90.92 88.51 88.56 91.85 85.98 89.45 77.95 77.96 77.96 76.10 77.98 73.39
No 69 2.75 3.09 90.77 88.40 88.48 91.67 86.04 89.27 78.02 77.86 78.03 76.01 77.88 73.55
No 70 2.73 3.10 90.88 88.62 88.50 91.82 85.51 89.78 77.77 77.70 77.78 76.28 77.72 73.71




Table 19: Performance Results of Model 19 Over Epochs
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. . . L. Train Train Validation | Validation Train Validation Train. Train. Validati_on Validati_on

Train Validation Train Validation . . Centroid | Centroid | Centroid Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)
No 1 6.93 75.42 27.04 49.53 85.59 99.35 0.29 55.91 99.35 55.86 67.39 99.80 0.18

No 2 5.25 81.17 78.94 72.59 84.53 60.71 85.69 76.10 77.63 76.13 69.81 77.68 67.12
No 3 4.83 4.28 82.46 84.78 79.45 83.64 78.59 87.07 75.25 81.48 75.27 70.94 81.55 66.73
No 4 4.41 5.82 83.98 63.72 81.22 85.07 92.49 53.08 80.40 82.96 80.46 67.93 83.05 62.49
No 5 4.28 4.29 83.80 86.78 83.79 83.81 71.85 92.30 79.67 78.57 79.72 69.24 78.61 70.42
Yes 6 4.10 3.94 85.40 83.14 83.05 86.33 88.60 81.12 78.20 79.76 78.24 71.06 79.81 68.94
Yes 7 4.08 4.18 84.71 83.38 83.56 85.16 87.84 81.73 78.86 80.52 78.90 70.37 80.57 69.50
No 8 4.03 4.18 85.85 86.87 82.96 86.98 78.54 89.95 78.25 79.47 78.28 71.21 79.51 70.25
No 9 3.90 5.99 84.01 87.19 85.53 83.42 68.96 93.93 79.17 71.70 79.21 70.25 71.68 76.54
Yes 10 4.24 3.92 86.06 83.89 80.14 88.39 86.68 82.86 79.36 81.06 79.40 70.31 81.12 67.42
No 11 4.02 4.75 85.70 78.48 84.27 86.27 88.39 74.81 78.21 82.52 78.24 71.58 82.60 62.99
No 12 3.84 4.02 86.70 79.17 83.31 88.04 91.67 74.54 77.98 76.95 78.01 7191 76.97 71.27
Yes 13 3.86 3.79 85.69 87.68 84.81 86.04 82.69 89.52 78.78 74.02 78.81 71.12 74.01 75.77
No 14 3.75 3.99 86.52 83.61 84.77 87.20 83.86 83.52 78.11 80.18 78.13 72.29 80.23 69.88
No 15 3.66 4.01 86.64 80.88 85.07 87.26 83.48 79.91 78.63 80.38 78.66 71.96 80.43 69.49
No 16 3.62 3.82 87.38 87.63 83.64 88.85 79.43 90.66 78.57 79.54 78.60 72.03 79.58 70.92
No 17 3.59 3.67 87.44 82.19 84.31 88.67 90.27 79.19 78.16 79.84 78.19 72.51 79.89 70.47
Yes 18 3.54 3.52 87.59 87.74 84.72 88.72 85.44 88.60 77.94 78.24 77.96 72.99 78.27 72.61
No 19 3.60 4.43 87.03 74.05 82.50 88.80 88.85 68.57 78.44 84.67 78.47 72.25 84.78 59.97
No 20 3.69 3.67 87.61 85.77 82.34 89.68 86.08 85.66 78.11 78.98 78.13 72.64 79.01 71.42
Yes 21 3.54 3.66 87.53 88.02 85.10 88.48 83.62 89.66 78.43 78.60 78.45 72.70 78.63 72.18
No 22 3.52 3.89 87.91 84.89 84.76 89.15 87.48 83.94 78.49 79.20 78.52 72.65 79.24 71.62
No 23 3.39 3.55 88.34 87.60 85.04 89.64 85.87 88.25 78.35 76.61 78.37 73.25 76.62 74.16
No 24 3.37 3.34 88.51 86.52 85.52 89.68 88.46 85.80 77.90 78.48 77.92 73.83 78.51 72.51
No 25 3.31 3.71 88.25 84.06 86.01 89.13 89.48 82.06 78.54 80.52 78.56 73.25 80.57 70.01
No 26 3.24 3.39 89.02 85.33 85.87 90.26 88.98 83.98 78.23 78.62 78.25 73.85 78.65 72.17
Yes 27 3.36 4.23 88.66 89.14 85.89 89.75 80.49 92.34 78.60 71.95 78.62 73.37 71.93 78.22
No 28 3.33 3.32 88.51 87.44 85.45 89.71 84.38 88.57 77.85 78.61 77.87 73.81 78.64 72.44
No 29 3.28 3.54 88.72 87.40 86.38 89.64 85.86 87.97 78.33 77.05 78.35 73.56 77.06 73.75
No 30 3.29 4.29 88.44 77.00 85.71 89.52 92.02 71.44 77.94 83.64 77.96 74.02 83.73 63.66
No 31 3.41 3.59 88.23 86.37 85.40 89.34 85.23 86.79 78.42 76.91 78.45 73.18 76.92 73.12

49 (50)
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. N . . Train Train Validation | Validation Train Validation Tram. Tram. Vahdatllo M Vahdatllo n

Train Validation Train Validation . . Centroid | Centroid | Centroid | Centroid
saved_model | Epoch | Regression | Regression | Classification | Classification Class 0 Class 1 Class 0 Class 1 Centroid | Centroid Class 0 Class 1 Class 0 Class 1

Accuracy | Accuracy | Accuracy | Accuracy | Accuracy | Accuracy
Loss (m) Loss (m) | Accuracy (%) | Accuracy (%) (%) (%) (%) (%) (%) (%) Accuracy | Accuracy | Accuracy | Accuracy
(%) (%) (%) (%)

No 32 3.41 4.07 88.28 88.15 85.51 89.36 84.82 89.38 78.28 75.65 78.30 73.30 75.66 74.64
No 33 3.34 3.31 88.78 85.27 86.06 89.85 88.86 83.94 77.78 79.89 77.79 74.19 79.94 70.72
No 34 3.24 3.67 88.59 86.16 87.62 88.97 89.01 85.11 78.74 74.99 78.77 73.43 74.99 75.58
No 35 3.15 3.41 89.48 84.22 85.72 90.96 90.46 81.92 77.95 81.68 77.96 74.43 81.74 68.27
No 36 3.14 3.36 89.06 89.07 87.45 89.70 81.65 91.81 77.93 73.39 77.95 74.39 73.37 77.49
No 37 3.05 3.33 89.95 87.77 86.78 91.19 87.26 87.96 78.37 78.30 78.39 74.41 78.32 72.85
No 38 3.02 3.25 89.80 88.91 87.57 90.68 84.26 90.62 78.11 78.46 78.12 74.83 78.48 72.81
No 39 3.02 3.22 90.00 88.41 86.46 91.40 85.18 89.60 78.51 77.95 78.53 74.40 77.97 73.43
No 40 3.00 3.19 90.00 86.97 86.70 91.29 88.20 86.52 78.42 77.20 78.43 74.60 77.22 73.84
No 41 2.95 3.19 89.78 88.97 87.70 90.60 84.22 90.73 78.09 78.08 78.10 75.01 78.10 73.22
No 42 2.99 3.14 90.52 88.36 86.98 91.91 85.89 89.28 78.18 78.01 78.20 75.02 78.03 73.34
No 43 2.92 3.14 90.14 87.92 87.80 91.06 86.63 88.41 78.38 77.35 78.39 74.96 77.37 74.01
No 44 2.89 3.14 90.41 88.83 87.58 91.52 84.20 90.54 78.38 77.80 78.40 74.94 77.81 73.58
No 45 2.86 3.13 90.38 88.18 88.04 91.31 86.43 88.82 78.13 79.36 78.14 75.31 79.40 71.86
No 46 2.84 3.15 90.58 88.60 87.97 91.60 84.58 90.09 78.39 77.60 78.40 75.17 77.62 73.67
No 47 2.88 3.15 90.80 88.36 87.70 92.01 85.72 89.34 78.31 77.82 78.32 75.30 77.84 73.29
No 48 2.82 3.15 90.72 88.27 87.99 91.79 85.12 89.44 78.04 78.77 78.05 75.68 78.80 72.46
No 49 2.79 3.16 90.90 88.75 87.78 92.13 84.11 90.46 78.41 77.90 78.43 75.40 77.92 73.35
No 50 2.81 3.16 90.93 88.51 88.27 91.97 84.77 89.90 78.31 77.78 78.32 75.55 77.80 73.45
No 51 2.79 3.16 90.88 88.34 88.28 91.91 84.88 89.62 78.31 77.99 78.32 75.60 78.01 73.11
No 52 2.79 3.16 91.08 88.13 87.80 92.37 85.91 88.96 78.10 78.31 78.11 75.83 78.33 72.74
No 53 2.76 3.15 90.98 88.41 88.33 92.02 85.05 89.65 78.23 78.40 78.24 75.73 78.42 72.76
No 54 2.80 3.16 90.98 88.31 88.33 92.02 84.87 89.58 78.34 77.88 78.36 75.54 77.91 73.17
No 55 2.80 3.16 91.06 88.31 88.02 92.25 85.07 89.50 78.19 78.16 78.20 75.77 78.19 72.95
No 56 2.74 3.16 91.14 88.47 88.23 92.28 84.71 89.86 78.22 78.25 78.23 75.78 78.28 72.88
No 57 2.74 3.16 91.15 88.37 88.46 92.20 85.03 89.60 78.31 78.18 78.32 75.74 78.21 72.90
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