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Efficient and Adaptive Object Detection Systems for Maritime Mobile

Environments

by Mingkang CHEN

As the demand for maritime surveillance and autonomous navigation grows, robust
object detection systems capable of operating in challenging maritime environments
are increasingly essential. Unlike land-based systems, maritime detection systems need
to contend with unique challenges such as variable weather, unstable communications,
and dynamic operational requirements. These systems must deliver adaptability, low
latency, and consistent results to ensure reliability across diverse and evolving maritime
conditions, including degraded performance during adverse weather or shifts in priorities

from accuracy to computational efficiency.

This dissertation addresses these challenges by introducing an adaptive optimization
method for maritime mobile object detection systems. It incorporates weather aware-
ness and lifecycle management to enhance detection performance and efficiency. The
proposed approach includes a weather-aware specialization method that deploys models
tailored to specific conditions, improving performance through targeted training and
deployment. A consistency evaluation method for time-series image data from mo-
bile devices ensures reliable detection during monitoring. A dynamic model selection
and retraining mechanism with adaptive triggers and urgency levels enables proactive
prevention of performance degradation. Multiple optimization strategies prioritizing ac-
curacy, computational efficiency, or retraining time allows systems to adapt dynamically

to changing environments and user requirements.

The results demonstrate significant improvements in detection performance and opera-
tional efficiency, with specialized models outperforming traditional approaches. Experi-
ments conducted in both simulated and real-world maritime environments validate the
feasibility and effectiveness of the proposed methods, contributing to advancements in

maritime surveillance and supporting the realization of autonomous surface ships.
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Chapter

Introduction

1.1 Background

Object detection researches utilizing machine learning play crucial roles in application
domains using mobile devices such as environmental surveillance. In recent years, devel-
opments in artificial intelligence (AI) such as deep learning (DL) have accelerated the
capabilities of maritime surveillance, enabling more precise detection, and automated
decision-making in vast ocean regions. With rising concerns about maritime security,
environmental threats, and the need for efficient logistics, the adoption of object detec-
tion system methods within maritime surveillance systems is becoming indispensable.
By enhancing the accuracy and reliability of object detection in challenging sea environ-
ments, maritime object detection systems can significantly improve operational safety,
ultimately contributing to safer, more efficient global maritime operations. According
to a recent market report [1], the global maritime surveillance market was valued at ap-
proximately USD 480.4 million in 2023, expected to register a compound annual growth
rate of 8.6% from 2023 to 2031. The main targets of maritime surveillance systems are to
monitor and secure vast ocean spaces, avoid collisions, assist in search-and-rescue oper-
ations, and detect illegal activities. Especially, ship crashes remain a major issue in the

maritime industry, with far-reaching effects. The European Maritime Safety Agency’s
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Annual Overview of Marine Casualties and Occurrences in 2023 [2] reports that roughly
4,000 safety-related occurrences occur each year. Introducing DL-based object detection
into maritime surveillance and navigation systems is becoming increasingly prevalent in
the shipping industry. Current common Al technologies in maritime surveillance sys-
tems include Computer Vision (CV), Radar, and Light Detection And Ranging (LiDAR)
techniques. They depend on different physical sensors, such as optical cameras, radars,

and LiDARs, to detect and track objects in the maritime environment.

Maritime operations often encounter adverse weather conditions such as heavy rain,
haze, and high winds, which significantly impair the performance of traditional naviga-
tional aids. Object detection on data from optical cameras is widely used in surveillance
systems, as it can provide visual information directly perceived through the senses,
enhancing situational awareness in maritime environments. There is plenty of develop-
ment and implementation of object detection systems using optical cameras in maritime
surveillance systems from on land to at sea. Besides, radar, a traditional maritime
sensor, is widely used for detecting targets in the maritime environment [3] [4] [5].
Several studies have introduced convolutional neural networks (CNN) to radar target
detection systems [6] [7] for assisting in maritime surveillance. Maritime radar systems,
predominantly operating in the X-band or S-band, play a vital role in vessel detection
and navigation under diverse conditions. However, these systems encounter limitations
when faced with challenging weather and sea states. X-band radars, which transmit at
approximately 9 GHz, provide high-resolution data suitable for short- to medium-range
detection. They are prone to signal attenuation in rain, snow, and dense haze, which
often results in reduced detection ranges and higher false alarm rates due to increased
noise levels. Meanwhile, S-band radars offer longer-range coverage with greater resilience
against atmospheric attenuation, yet their larger antennas and lower resolution can hin-
der target differentiation at closer distances. Both radar types also struggle with strong
sea clutter in rough waters, where reflections from waves and spray can mask legiti-
mate targets. Similarly, LIDAR, which relies on laser-based sensing to detect objects, is
widely used in autonomous vehicle applications. Also, several studies have introduced
LiDAR-based object detection systems in maritime surveillance systems [8] [9]. They
suffer from reduced accuracy and range in rainy or hazy conditions, where water droplets
scatter and absorb the laser beams. These limitations necessitate the adoption of robust

technologies, such as Al-enhanced systems, which can integrate multiple data sources,
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compensate for the weaknesses of individual sensors, and provide reliable obstacle de-
tection and collision avoidance under diverse environmental conditions. By overcoming
these deficiencies, Al-based object detection systems with optical cameras can better

enhance maritime surveillance, and improve navigational safety.

In object detection in mobile devices, there is a growing demand for improved inference
accuracy directly correlated with safety and reliability. The object detection system as
the subject of this research, is a system that securely stores, processes, and analyzes still
or video data captured by Internet of Things (IoT) sensor cameras on edge servers or
cloud servers. On this system, object detection applications are beginning to operate
in the real world to improve services for users and to support business improvement
and efficiency by realizing object class, object location, and other visualization using
computer vision technology based on mathematics and machine learning that gives com-
puters human-like visual capabilities. Object detection systems are specialized Al-based
frameworks designed to identify and locate objects within images or video frames from
optical cameras. In applications such as surveillance, traffic monitoring, and autonomous
navigation, object detection systems play a critical role in recognizing objects of interest
in real-time. By processing visual data, these systems can identify patterns, track move-
ments, and detect objects ranging from vehicles and pedestrians to smaller, specialized
targets like maritime vessels or navigation markers. In maritime environments, object
detection systems are essential for monitoring and securing vast ocean spaces, enabling
precise detection of ships, buoys, and other objects under varying and often challenging

environmental conditions.

While most object detection systems are well-established on land, their applications to
maritime environments introduce more specific demands. Maritime object detection sys-
tems must confront a fundamental performance-resource trade-off, where high detection
performance must be achieved despite limited computing resources on mobile platforms
such as ships. To meet the requirements of these environments, object detection models
must be adaptive, efficiently optimized for diverse and evolving maritime conditions,

and capable of performing under constrained computing resources.

Moreover, most existing methods of object detection systems are tailored to land-based
platforms, where factors like stable lighting, predictable object behaviors, and accessi-

ble data collection are more manageable. While object detection systems have made
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significant advances, they still face common challenges across both land and maritime
environments. These challenges are particularly amplified in mobile applications, where
environmental variability, data limitations, and resource constraints introduce additional

layers of complexity. Key challenges include:

e Environmental Influences: Object detection systems deployed outdoors must
contend with a range of environmental factors that can affect visibility and de-
tection accuracy. Outdoor conditions such as lighting variations, shadows, and
weather conditions (e.g., rain or haze) may impact detection, leading to higher

rates of false positives or missed detections.

o Difficulty of Data Collection: Collecting diverse and labeled data is essen-
tial for developing robust object detection models, yet it remains challenging in
both land and maritime contexts. While data collection on land can be resource-
intensive, maritime settings add further logistical and cost-related difficulties, as
acquiring extensive labeled image and video datasets from remote or mobile sea
platforms is particularly complex. This limitation hampers model training and
fine-tuning efforts, especially when large, domain-specific datasets are less accessi-

ble in maritime applications compared to land-based settings.

e Resource Constraints on Mobile Platforms In both land-based and maritime
mobile applications, object detection systems often operate on edge devices with
restricted computational resources. Computing resources mounted on vehicles,
drones, or ships have limited memory, processing power, and energy, creating a
need for efficient, lightweight models that deliver accurate detection without ex-
hausting available resources. Unlike cloud-based systems with abundant computa-
tional power, edge devices must balance high detection accuracy with constrained
resources, making model optimization essential for mobile applications on land and

at sea.

To overcome these shared challenges, object detection systems need to enhance their
utility across diverse and dynamic environments, for both land-based and maritime

mobile applications.
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1.2 Motivation

The integration of Al technologies like deep learning, particularly object detection, into
maritime surveillance and navigation systems, has become a vital advancement in the
shipping industry. These Al-driven systems enable critical functionalities, such as ob-
stacle avoidance, collision prevention, and real-time maritime rescue assistance, which
support safe and efficient navigation across increasingly congested waterways. As global
shipping demand continues to surge, the need for reliable, high-performance object detec-
tion systems in maritime environments has become ever more pressing. However, despite
the growing use of Al in maritime operations, maritime accidents remain prevalent, re-
sulting in substantial economic losses and, in some cases, significant human casualties.
This situation highlights the urgent need for continued improvement in maritime object

detection to further enhance safety and operational efficiency.

Introducing object detection to maritime environments is essential for advancing mar-
itime surveillance, ensuring safer navigation, and ultimately supporting the shift toward
autonomous shipping. Object detection systems in this context are tasked with identify-
ing and tracking critical objects, such as other vessels, buoys, and potential obstacles, to
prevent collisions and assist in efficient navigation under various conditions. These sys-
tems are integral not only to active surveillance and security but also to the development
of autonomous sailing capabilities, where timely and accurate identification of surround-
ing objects is fundamental to safe decision-making. Moreover, high-performance object
detection in maritime environments can enhance search-and-rescue operations, environ-
mental monitoring, and the detection of unauthorized activities, such as illegal fishing

or smuggling, contributing to overall maritime security.

Compared with autonomous driving on land, researches in the field of Maritime Au-
tonomous Surface Ships (MASS) are still in the early stages, amounts of whose papers
are still half of the papers in autonomous driving. Maritime object detection systems
confront more challenges due to the complexity of maritime environments and the vari-
ety of weather conditions than object detection systems on land. Maritime environments
are inherently more variable, with fluctuating lighting conditions, adverse weather, and
complex ocean dynamics that can interfere with visual clarity. Reflections from the
water’s surface, for instance, can distort object outlines, while adverse conditions such

as rain, haze, or sea spray introduce noise that traditional models struggle to filter out

5
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effectively. Furthermore, data collection for maritime object detection remains difficult
due to logistical challenges and the limited availability of labeled datasets specific to
maritime objects and scenarios. These more complicated constraints demand object de-
tection models that are not only accurate but also highly adaptive and resource-efficient,
particularly as they are often deployed on edge devices with limited computational re-

sources on board ships.

This research focuses on object detection in maritime environments, with a particular
emphasis on developing adaptive optimization techniques tailored to the unique chal-
lenges faced at sea. Although many object detection methodologies have been well-
established in land-based contexts, adapting these approaches for maritime applications
presents new opportunities and complexities. This research aims to address these chal-
lenges by designing and implementing object detection models that are both robust in
the face of maritime-specific variables and efficient enough to operate within resource-
constrained environments. It contributes to safer and more autonomous maritime nav-
igation, supporting the shipping industry’s demand for resilient Al-driven solutions ca-

pable of performing in challenging and dynamic maritime conditions.

1.3 Challenge

Compared to land-based object detection systems, maritime object detection systems

face distinct and often intensified challenges:

e Complexity of maritime environments and variety of weather conditions
Compared with on-land environments, challenges from maritime environments are
often more severe. Sea-specific conditions like light reflections on water, changing
weather, and sea spray introduce additional noise and reduce visibility. These fac-
tors can distort object features and introduce inaccuracies that standard models
struggle to filter out effectively, making environmental adaptation crucial. Addi-
tionally, maritime environments often involve moving cameras installed on vessels
or drones, introducing motion blur and further complicating detection. These
factors create a challenging scenario for object detection models, which must dy-
namically adapt to shifting environmental and operational conditions to ensure

reliable results.
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o Instability and speed constraints of communication: Under maritime envi-
ronments, reliable and fast communication links are challenging to maintain due to
the vast distances and limited connectivity options available at sea. This instabil-
ity restricts the ability of maritime object detection systems to rely on cloud-based
processing or frequent data transfers, necessitating efficient, locally deployed mod-
els that can operate autonomously with minimal dependence on remote servers.
In traditional approaches [10] [11], leveraging cloud computing resources for mar-
itime surveillance is challenging due to the mobility of ships. Those centric object
detection systems are not well-suited to these constraints, as they often require
high-speed, low-latency communication links to function effectively. Distributed
maritime platforms must contend with communication delays, packet loss, and
limited bandwidth, which can hinder the performance of object detection models

and reduce the system’s overall effectiveness.

e Complexity of training, model management, and deployment: Managing
and deploying object detection models in maritime environments is more complex
due to the decentralized and resource-constrained nature of these platforms. Unlike
centralized land-based systems, maritime systems often operate on edge devices
with limited computational capacity. This constraint complicates the training, up-
dating, and fine-tuning of models, especially as they need to be frequently adjusted
to maintain performance across diverse maritime conditions. Besides, object de-
tection models for maritime environments must be regularly retrained to maintain
accuracy as environmental conditions and data patterns evolve. However, the re-
training process is resource-intensive, involving significant computational power,
memory, and time-resources that may be limited on edge devices or mobile plat-
forms used in maritime environments. Additionally, indiscriminately retraining
models can lead to resource depletion, delayed processing, and system inefficiency,
especially when multiple retraining needs arise simultaneously. Therefore, a strate-
gic optimization approach is essential to determine when and how retraining should
be triggered, prioritizing tasks based on the model’s current performance and avail-

able computational resources.

In response to these challenges, this study proposes an adaptive optimization approach

for maritime mobile object detection systems. The author’s approach is designed to
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enable robust and efficient object detection on distributed maritime platforms, enhanc-
ing model adaptability in challenging maritime conditions, and efficiency in resource-

constrained environments.

1.4 Contribution

The contributions of this study in adaptive model optimization for maritime mobile
object detection systems are designed to address the above challenges of maritime envi-

ronments effectively. These contributions include:

e Weather-Aware Object Detection: To counteract the impact of diverse and
challenging weather conditions, this study introduces a weather-aware object de-
tection approach. By incorporating weather classification into the object detec-
tion pipeline, the system can adjust specialized object detection models to varying
environmental conditions such as rain, and haze. This adaptation reduces the
degradation of detection accuracy caused by weather noise, ensuring more reliable

detection performance across dynamic maritime environments.

e Consistency Considerations for Model Performance Evaluation: To cor-
rectly evaluate model performance in dynamic maritime settings, this study in-
troduces a consistency-based evaluation approach. By measuring the stability
of detection results of time-series data within the same object detection models,
the system can identify and address inconsistencies of detection results that may
arise from environmental noise or model staleness. This evaluation method com-
plements traditional performance metrics for average accuracy, providing a more
comprehensive assessment of model accuracy and reliability in maritime surveil-

lance applications.

o Efficient Model Selection and Retraining Mechanism: Given the limited
computational resources available on maritime edge devices, this study integrates
model selection and retraining in model life cycle management. It enables the
system to prioritize and manage retraining tasks based on performance decay and
resource availability, allowing for efficient updates without overwhelming the de-
vice. By supporting selection among multiple models and retraining as needed, the

approach ensures that the object detection models maintain accuracy over time.
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o Flexible Optimization Strategies for Varying Requirements: Recognizing
the diverse operational needs and constraints of maritime systems, the study pro-
vides multiple optimization strategies for model retraining execution. It can adapt
to different detection requirements, and provide compatibility and flexibility with
both model selection and retraining processes, allowing the system to respond ef-
fectively to changes in performance, environmental demands, and computational
resources. These strategies optimize model efficiency and performance, making

the approach suitable for a wide range of maritime surveillance applications.

Together, these contributions form a comprehensive adaptive object detection system,
specifically tailored for the complexities of maritime object detection. This approach
enhances the adaptivity, accuracy, and efficiency of object detection systems deployed
on maritime mobile platforms, addressing key limitations of traditional land-based object

detection systems in challenging maritime environments.

1.5 Organization

The remained contents of the dissertation are structured to provide a comprehensive
exploration of adaptive optimization strategies for object detection in maritime environ-
ments, addressing both approach design and practical implementations across several

chapters.

e Chapter 2 reviews existing literature relevant to the challenges tackled in this
research. It begins with an overview of weather-related noise removal techniques,
highlighting methods that address environmental noise, such as rain, haze, and sea
spray, which impact detection accuracy in maritime settings. The chapter then
delves into foundational object detection systems, focusing on Al-based models and
various system architectures that inform the proposed approach. The final section
of this chapter examines enhancements to object detection models, including con-
sistency performance evaluation, model performance optimization, and strategies

for optimizing models under constrained resources.
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e Chapter 3 presents the proposed adaptive optimization approach for object de-

tection in maritime environments. It outlines the design principles, system ar-
chitecture, and key components of the approach, including weather-aware object
detection, model selection and retraining, and optimization strategies for model
retraining. The chapter also introduces the consistency-based performance evalu-
ation method, which ensures reliable detection performance in dynamic maritime

environments.

Chapter 4 focuses on the development of a weather-aware object detection ap-
proach to address noise caused by fluctuating environmental conditions. The dis-
cussion begins with an exploration of weather noise removal methods, with an
emphasis on outdoor surveillance scenarios where visibility is affected by adverse
weather. The chapter then introduces an approach called Weather-OD , which
is specialized for maritime environments. This model adapts to specific weather
conditions through adaptive model specialization and life cycle management, en-
suring consistent performance under variable conditions. Implementation details
are also provided, covering dataset preparation, noise rendering, weather classifi-

cation, model retraining, and data collection processes.

Chapter 5 is dedicated to improving the efficiency of object detection model re-
training. It begins by examining the problem of consistency in object detection,
particularly in dynamic maritime settings where environmental shifts can intro-
duce variations in detection accuracy. Additionally, it addresses comprehensive
optimization techniques for object detection models, presenting an architectural
design and problem statement that identifies retraining triggers for model retrain-
ing and selection. The chapter closes with implementation specifics, such as mobile

device clustering and model selection that enhance model adaptability.

Chapter 6 presents the experimental validation and evaluation of the proposed
adaptive object detection approach. The experiments begin with an assessment of
the weather-aware object detection model, evaluating the effectiveness of weather
noise removal techniques and model specialization under various weather condi-
tions. Consistency evaluation methods are then validated to ensure robustness in
challenging maritime scenarios. The chapter concludes with a thorough analysis

of object detection model retraining optimization strategies, validating adaptive
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methods in resource-constrained environments to quantify performance improve-

ments.
Together, these remained chapters of the dissertation progressively illustrates the design,

implementation, and evaluation of adaptive optimization strategies for object detection

in maritime environments.

11






Chapter

Related Work

2.1 Overview

This chapter reviews the existing literature relevant to the research concerns of this dis-
sertation. The discussion focuses on key areas that provide the foundation for developing
adaptive object detection systems for maritime mobile systems. The following sections
describe the background and related work, emphasizing advancements in the areas of
object detection in maritime systems. Previous research on maritime object detection
systems has primarily aimed to enhance detection performance in complex and dynamic

maritime environments.

These studies address critical challenges, including the impact of adverse weather con-
ditions, the design of efficient system architectures, the enhancement of object detection
models, and optimization strategies for resource-constrained deployments. Approaches
for mitigating weather-induced performance degradation discuss the negative effects of
environmental factors, such as rain, and haze, and how to deal with degradation in object
detection performance. Object detection system architecture approaches explore archi-
tectural designs that support adaptive and efficient object detection on maritime mobile
platforms, including device-edge-cloud integration. Object detection model enhance-
ment approaches review techniques for improving object detection models, including

13
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methods for performance consistency evaluation, and model retraining. Constrained ob-
ject detection model optimization researchers have used various optimization strategies
for object detection models operating under resource limitations, focusing on retrain-
ing mechanisms, inference efficiency, and profiling-based decision-making. The chapter
concludes with a synthesis of these approaches, surveying how existing methods aim to
provide efficient object detection systems with the adaptability to respond to changing

maritime conditions.

2.2 Weather-Induced Performance Degradation

This section reviews recent methods for mitigating weather-induced performance degra-
dation in object detection systems. Weather-related noise in outdoor image data presents
significant challenges to the feasibility of object detection systems. Most common meth-
ods focus on removing weather-related noise from image data, which can significantly
impact object detection performance. Existing weather-related noise removal techniques
generally fall into two categories: those based on physical or optical models, and those

leveraging deep learning approaches.

Over the past two decades, physical and optical model-based methods have achieved
considerable success in specific, ideal conditions. These methods can be categorized as

follows:

e Physical Modeling Approaches: This type of method focuses on modeling
the appearance of raindrops, rain streaks, and snow streaks. Kim et al. [12]
assumed that the direction of rain traces in the rain model is vertical, and detected
the rain streak region by analyzing the rotation angle and aspect ratio of the
elliptical kernel at each pixel position. Bossuet’s team [13] used the amplitude
of Gaussian distribution to determine the rain impurity, assumed that the rain
falls or snow falls in a near-vertical direction with different ranges, and utilized
an evaluator to assess the intensity of the rain or snow to finally realizing the
separation of the rain layer from the background layer. These methods typically
assume a vertical orientation of rain streaks or snow streaks, identifying noise-
affected regions by analyzing the rotation angle and aspect ratio of an elliptic
kernel at each pixel. While these techniques are relatively straightforward and

14
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interpretable, their accuracy diminishes when rain streaks deviate from vertical
orientation or display inconsistent scale shapes. Consequently, they may fail to

capture subtle traces with indistinct characteristics.

Morphological Component Analysis (M CA): MCA-based methods use bilat-
eral filters to decompose an image into low- and high-frequency components [14].
The high-frequency component is further separated into noise and background el-
ements, after which the noise-free segment is combined with the low-frequency
component to yield the final output. Recent advancements [15] have enhanced
MCA’s performance through K-means clustering, improved dictionary learning
strategies, and similar refinements, which significantly accelerate convergence and
improve outcomes. However, noise-removed images may still exhibit noticeable
blurring, and the dictionary learning process remains computationally intensive,

especially when handling substantial rain and snow noise.

Filtering Techniques: These methods in this class employ bilateral filtering
[16] or bootstrap filtering [17] to separate rain streaks or snow streaks from an
image. This involves decomposing the color image into low- and high-frequency
parts, isolating rain streaks within the high-frequency component. Besides, Xu
et al. [18] proposed the idea of replacing a single bootstrap filter with multiple
bootstrap filters by successively three bootstrap filters and using a bootstrap image
to determine the edges that should be retained and those that should be smoothed
after distinguishing the edges of the rain streaks from the edges of different objects.
While filtering techniques are more versatile and can handle complex weather
patterns, they often produce images that lack sharpness and may experience loss

of detail and edge information.

Gaussian Models: These approaches apply one or more hybrid Gaussian models
to image blocks as priors, aiming to recover the background layer by maximizing
a posteriori probability. Zoran and Weiss et al. [19] first proposed the use of
Gaussian Mixture Models (GMMs) to model images. Besides, Shin et al. [20]
proposed an algorithm for regularization using Gaussian Mixture Models GMMs,
which makes the GMMs effective in removing light reflections. Sequentially, Li et
al. [21] also proposed a method for image block inspection based on two hybrid

Gaussian models. They assumed that the rain layer and the background layer
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are independent of each other, and separated different background layers from
various natural images to train the hybrid Gaussian model of the background
layer. Hybrid Gaussian models offer greater flexibility, as they are not restricted
by the orientation or scale of rain streaks and snow streaks. However, the use of

variance-based rain streak extraction can reduce reliability.

In contrast, deep learning-based noise removal approaches have gained increasing atten-
tion in recent years, especially for handling noise caused by rain, snow, and haze, which
is the focus of this discussion. Deep learning methods are often trained on synthetic
datasets that contain varying levels of weather-related noise, including clear images
without rain, haze, or snow. Researchers such as Huang et al. [22], Fan et al. [23], and
Liu et al. [24] have concentrated on extracting preserved information and distinguishing
noise features in synthetic datasets to automatically detect and remove weather-related
noise. Additionally, Chen et al. [25] integrated weather classification into adaptive noise
removal tools to address adverse weather conditions. Although these approaches are
effective in removing rain, haze, and even snow from synthetic images, their reliance on
specific training data limits their generalizability, making them less suitable for maritime

images or real-world maritime object detection.

Since 2020, more versatile methods such as the All-in-One Network [26] and Tran-
sWeather [27] have been proposed. These models use one or multiple encoders to pro-
cess image features and a decoder to generate clean images, improving metrics such
as peak-signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM)
with respect to ground truth clear images. However, despite improving perceptual qual-
ity, the output images may still contain visible artifacts and residual noise, potentially
leading to object detection failures. Typically, these methods rely on training datasets
composed of artificially synthesized images derived from clear scenes. Researchers such
as Ren et al. [28], Zhang et al. [29], and Liu et al. [24] have aimed to learn background
information and use features of both natural and synthetic weather-related images to
distinguish different weather conditions. Their work focuses on identifying and extract-
ing the spatial features of rain streaks, snowflakes, or haze from the image background.
However, these methods face challenges when applied to live video streaming due to

their high dependency on specific weather condition datasets.

16



Object Detection Systems

Given the complex, ill-posed nature of weather-related noise in images, Generative Ad-
versarial Network (GAN) have emerged as a leading approach in recent years. Leveraging
the robust modeling capabilities of GANs, researchers have made notable advances in
removing weather-induced noise from images. Among prominent contributions, Zhang
et al. [30] introduced an Image De-raining Conditional Generative Adversarial Network
(ID-CGAN). This approach employs a constraint that forces the de-rained output to
closely resemble the ground truth, making it indistinguishable from the reference im-
age to the GAN itself. A new refinement loss function further enhances noise removal
performance, ensuring greater fidelity in the restored image. Li et al. [31] focused on
heavy rain scenarios, proposing a two-stage model: an initial physics-based network that
incorporates a raindrop appearance model, followed by a depth-guided GAN refinement
network. The first stage employs bootstrap filtering to separate low- and high-frequency
components based on frequency differences between rain and background layers. In the
second stage, a depth-guided GAN refines the background details that were missed ini-
tially, improving the visual quality of the final output. In a different approach, Wang et
al. [32] developed a rain removal GAN to address multiple rain types in images. Their
method combines a modified ResNet-18, designed to extract deep rain-related features,
with a spatial pyramid pooling structure that adapts to diverse rain streak shapes and
sizes, effectively capturing and removing various rain types. To enhance the object de-
tection accuracy of image data collected in real-world environments, there is a need for
methods that can automatically classify the prevailing weather and adaptively remove

the corresponding noise.

2.3 Object Detection Systems

This section reviews the existing literature on Al-based object detection models and
system architectures, focusing on the evolution of object detection methods and system

designs.

2.3.1 Al-based Object Detection Model

Al-based object detection methods have advanced significantly in recent years, driven

by improvements in computational power, large datasets, and deep learning techniques.
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These methods aim to automatically identify and classify objects within images, and
they play a pivotal role in areas like autonomous driving, video surveillance, and med-
ical imaging. Object detection models are designed to recognize objects in images by
identifying their locations and assigning labels to them. Fig. 2.1 illustrates the basic
architecture of traditional object detection models, which is structured into three main
components: the region selector, feature extractor, and classifier. The region selector
is responsible for identifying candidate regions in an image that are likely to contain
objects, typically using methods such as sliding windows or selective search. These
candidate regions are then passed to the feature extractor, where distinct features are
computed to characterize each region. Common techniques for feature extraction in-
clude Histogram of Oriented Gradients (HOG) [33], Haar-like feature classifier [34] and
Scale-Invariant Feature Transform (SIFT) [35], which capture critical visual attributes
necessary for distinguishing objects. The extracted features are finally input into the
classifier, which assigns object labels to regions by categorizing them based on the ex-
tracted features. Traditional classifiers like Support Vector Machines (SVMs) [36] or
decision trees are commonly used here, making the system capable of identifying and
classifying detected objects. This structured pipeline underpins traditional object de-
tection by dividing tasks into stages, each contributing to accurate and reliable object

recognition.

Region ] Feature ) Classifier

| t Image ——»
L L Selector Extractor

FIGURE 2.1: Basic Architecture of Traditional Object Detection Models.

These Al-based object detection models are broadly classified into three main cate-
gories: single-stage, two-stage, and transformer-based methods. Single-stage meth-
ods streamline the detection process by directly predicting bounding boxes and class
labels in a single pass, enabling faster processing at the cost of slightly reduced accu-
racy. Notable models in this category include You Only Look Once (YOLO) [37] and
Single Shot Multibox Detector (SSD) [38], which prioritize real-time performance. Two-
stage methods, such as Region-based Convolutional Neural Networks (R-CNN) and
its variations, break down the detection task into a region proposal stage followed by
a classification stage, resulting in higher accuracy but generally slower speeds. More
recently, transformer-based methods have emerged as a new trend, leveraging self-

attention mechanisms to capture long-range dependencies and contextual information
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across images. DEtection TRansformer (DETR) [39] is a pioneering model in this cate-
gory, representing a shift towards a fully end-to-end detection pipeline without relying on
traditional region proposals or anchor-based approaches. These categories highlight the
diversity and evolution of Al-based object detection, each addressing different challenges
and application needs within the field. Each of these approaches utilizes distinct archi-
tectural designs and mechanisms tailored to optimize performance, speed, and accuracy

for various applications.

Single-stage object detection methods eliminate the need for region proposal by directly
predicting object bounding boxes and class probabilities in a single pass over the image.
This direct approach makes single-stage methods fast and computationally efficient, ideal

for real-time applications.

e YOLO (You Only Look Once) [37]: YOLO divides an input image into a
grid and simultaneously predicts bounding boxes and class probabilities for each
grid cell. The network architecture consists of a backbone, typically a CNN such
as Darknet, which extracts features from the input image, followed by detection
layers that output bounding boxes, object scores, and class probabilities. YOLO’s
efficiency comes from its design, which combines detection and classification within

the same network, making it one of the fastest detectors available.

o SSD (Single Shot Multibox Detector) [38]: SSD, like YOLO, bypasses the
region proposal step and directly predicts object classes and locations from mul-
tiple feature maps at different scales. It uses a base Very Deep Convolutional
(VGG) network for feature extraction and appends several convolutional layers

that predict both bounding box coordinates and class scores.

Two-stage methods divide the detection process into two sequential stages: a region pro-
posal stage and a region classification stage. This approach enhances detection accuracy
by focusing computational resources on specific regions that are more likely to contain

objects.

« R-CNN (Region-based Convolutional Neural Network) [40]: R-CNN pi-
oneered the two-stage detection pipeline. In R-CNN, an image is first processed
by a region proposal algorithm, such as selective search, to generate candidate
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bounding boxes. Each region proposal is then passed through a CNN to extract
features, which are subsequently classified using an SVM. R-CNN’s design achieves
high accuracy but is computationally slow due to the separate processing of each

region.

Fast R-CNN [41]: Fast R-CNN improved upon R-CNN’s speed by sharing the
CNN backbone across all region proposals, enabling feature extraction to be per-
formed once per image. This design significantly reduced computation time com-

pared to R-CNN;, making Fast R-CNN more suitable for real-time applications.

Faster R-CNN [42]: To address the R-CNN model’s inefficiency, Faster R-CNN
introduced the Region Proposal Network (RPN), which generates proposals di-
rectly within the CNN itself, sharing convolutional layers with the detection net-
work. This integration reduces computational cost and improves speed signifi-
cantly. Faster R-CNN’s architecture includes a backbone network (e.g., ResNet
[43]) for feature extraction, followed by the RPN, which outputs region propos-
als. These proposals are then refined and classified by a fully connected network.
Faster R-CNN is known for its balance between accuracy and efficiency, making it

suitable for high-precision tasks.

Transformer-based object detection represents a newer class of algorithms that use

self-attention mechanisms to model long-range dependencies and spatial relationships

within images. These methods abandon traditional region proposal and anchor-based

approaches in favor of a unified end-to-end framework.
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« DETR (Detection Transformer) [39]: DETR is a groundbreaking model that

uses a transformer encoder-decoder architecture, which is originally designed for
natural language processing, to process images. In DETR, the CNN backbone
first extracts features from the image, which are then flattened and fed into a
transformer encoder. The encoder learns contextual relationships within the im-
age, while the decoder directly predicts object bounding boxes and class labels
using a fixed set of learned object queries. This structure eliminates the need for
non-maximum suppression (NMS) [44] and anchor boxes, simplifying the pipeline

and making it fully end-to-end.
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o Deformable DETR [45]: As a variant of DETR, Deformable DETR has been
developed to address DETR’s slower convergence and to improve detection of small
objects. Deformable DETR, introduces deformable attention mechanisms, allowing
the model to focus on sparse sets of relevant spatial points rather than attending
to all pixels, which reduces computational complexity and improves performance

on diverse object scales.

These three categories reflect a range of architectural innovations, each offering trade-
offs in terms of speed, accuracy, and computational complexity. Single-stage methods
prioritize speed, two-stage methods focus on accuracy, and transformer-based methods
offer an end-to-end approach with the potential for handling complex image contexts.
In this study, the weather-aware specialized object detection evaluation experiments
in Section 6.3 utilized three representative models: YOLOv5 (single-stage), Faster R-
CNN (two-stage), and DETR (self-attention). These models were selected to evaluate
the adaptability and effectiveness of the proposed approach across varying detection
architectures. For consistency evaluation validation experiments in Section 6.4 and
model optimization experiments in Section 6.5, a typical single-stage object detection
model YOLOv5 was adopted as the baseline due to its balance of speed and accuracy,

as well as its suitability for resource-constrained maritime mobile environments.

2.3.2 Object Detection System Architecture

For realizing object detection in the real world, low latency is crucial in applications
such as traffic monitoring and crowd analysis. Given the high data volumes generated
by sensor cameras, object detection systems must support low-latency, high-throughput

processing.

Existing work based on their object detection system architectures can be sum-

marized as follows:

o Device-Edge Architecture: A common architecture relies on IoT devices paired
with edge servers to enable low-latency object detection near the data source. For
example, a latency-aware detection system was proposed in [46], which assigns
tasks to workers using a workload optimizer and priority queuing to reduce la-
tency in edge computing. This system provides task offloading selection, task
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scheduling, and resource management to optimize the task from camera devices.
Another system [47] utilizes IoT devices equipped with GPUs to process portions
of the video data locally, offloading only selected tasks to edge servers nearby. It
proposed a distributed live video analytics system Distream based on the smart
camera device-edge cluster architecture, that is able to adapt to the workload of
live video analytics. It balances the workload of live video analytics in heteroge-
neous computing resources consisting of the smart camera devices and the edge
cluster. The workload of live video analytics can be dynamically partitioned by a
workload adaptation controller on the edge cluster to improve the throughput of

the live video analytics.

Device-Edge-Cloud Architecture: Some research has adopted a Device-Edge-
Cloud hierarchical architecture to support geographically distributed object detec-
tion systems. In one study [48], data was pre-processed and aggregated on private
edge servers before being sent to the public cloud, enhancing data privacy and
reducing latency. It aims at reducing the processing latency of the video data
from distributed traffic monitoring cameras to the cloud by pre-processing and
aggregating the data on the private edge servers. Additionally, FilterForward [49]
improved object detection throughput by installing lightweight edge filters, which
selectively transmit only relevant video frames from constrained edge devices to
the cloud, thereby optimizing data transmission between edge and cloud nodes
while conserving bandwidth. It extracts features from collected images and filters
with a series of micro classifiers to match events of interest, and only transmits

the relevant frames to the cloud.

Cloud-Based Architecture: Other research has explored cloud computing for
object detection, such as [50] and [51], offering benefits in scalability and cost ef-
ficiency. These systems leverage serverless functions on the cloud for processing,
but performance can be affected by the underlying infrastructure connecting mo-
bile IoT devices to the cloud. The proposed approach uses a publish-subscribe
(pub/sub) messaging system, allowing publishers and subscribers to interact asyn-
chronously without needing direct awareness of one another during streaming. This
setup supports latency-sensitive object detection processing on the edge, while data
can be transferred to the cloud for long-term storage, large-scale visualization, and

further analysis under relaxed latency requirements.
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The Device-Edge-Cloud architecture is adopted in this study to support maritime mo-
bile object detection systems due to its ability to balance computational efficiency and
adaptability. This architecture enables real-time processing on edge devices for low-
latency detection, while offloading complex tasks like model retraining and large-scale
data storage to the cloud, effectively meeting the demands of resource-constrained mobile

platforms and dynamic maritime environments.

2.4 Object Detection Model Enhancement

This section reviews the existing literature on object detection model enhancement,
focusing on consistency performance evaluation and constrained model optimization

strategies.

2.4.1 Consistency Performance Evaluation

The consistency problem of object detection is a critical factor to lead to unreliable object
detection outcomes, especially in dynamic environments where image content changes
frequently. To address this issue, researchers have developed consistency metrics and

methods to evaluate model performance across multiple models and datasets.

Wang et al. [52] introduced consistency metrics into model training, enhancing ob-
ject classification models’ interpretability by ensuring the clarity of prediction rationale.
To evaluate these models, they developed a consistency metric that measures perfor-
mance across multiple models on the same dataset. Tung et al. [53] tackled the issue
of inconsistent object detection outcomes due to image interference, proposing a con-
sistency measure tailored for time-series images from static surveillance cameras. This
approach strengthens model robustness by adjusting for image quality compression and
interference, making it applicable to mobile environments where content is dynamic.
The method provides real-time consistency measurements during inference, particularly

valuable for mobile object detection as image content varies.

Consistency has also been leveraged to enhance model ensembles and semi-supervised
learning processes. Liu et al. [54] incorporated consistency into ensemble learning,

quantifying model diversity within ensembles to improve generalization. By combining
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diverse models, they offset the limitations of individual models, achieving superior per-
formance. Consistency has also been integrated into semi-supervised learning to enhance
model training. Tarvainen et al. [55] proposed, a semi-supervised learning method called
a mean teacher that enforces consistency between student and teacher models to improve
model generalization. It introduced consistency into the model training loss function,
which penalizes predictions that are inconsistent with this target. Besides, there are
several pseudo-labeling methods that leverage consistency to obtain high-quality data
labels for model training. MixMatch [55] is a holistic approach to semi-supervised learn-
ing, that utilizes unlabeled data by consistency regularization and MixUp augmentation.
ReMixMatch [56] improves MixMatch by introducing two methods including distribution
alignment and augmentation anchoring to feed multiple strongly augmented versions of
the same data to the model. DivideMix [57] combines semi-supervised learning with
Learning with noisy labels. It models the per-sample loss distribution to dynamically
divide the training data into a labeled set with clean examples and an unlabeled set
with noisy ones. Besides, Sohn et al. [58] proposed FixMatch to generate pseudo la-
bels on unlabeled samples with weak augmentation and only keep predictions with high
confidence. Here both weak augmentation and high confidence filtering help produce

high-quality trustworthy pseudo-label targets.

Gao et al. [59] introduced consistency into active learning, enabling model training
without relying on annotations for all data points. It combined information distilling
from unlabeled data during the training stage and consistency-based sample selection
metric for electing samples effective at improving model performance. Consistency is
integrated into semi-supervised learning to minimize the labeling cost by prioritizing
the selection of high-value data. Besides, Jeong et al. [60] integrated consistency into
the loss function, enabling teacher-student model training. The consistency constraint
is applied for both object classification and localization tasks, enhancing model robust-
ness and generalization. It also proposed background elimination to avoid the negative
effect of the predominant backgrounds on the detection performance. This technique
compensates for limited labeled data by effectively training models without relying on

annotations for all data points.
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2.4.2 Model Performance Optimization

To address the issue of model performance degradation caused by weather-related fac-
tors in object detection models, two types of approaches have been proposed: generic
models and specialized models. The first type incorporates weather factors into
the model design and training to improve performance under bad weather conditions.
The second type involves developing specialized models for specific weather conditions,
thereby avoiding the limitations of generic models. Unlike previous approaches that
focused on noise removal, these approaches aim to enhance the model’s ability to detect

objects in adverse weather conditions.

The first type of research mainly focused on autonomous driving scenarios. Lee et al. [61]
proposed a lightweight network with a task-driven training strategy that incorporates a
loss function including task-specific loss from a high-level vision task network, enabling
robust image restoration and highly accurate perception tasks. In [62], they presented
an online learning approach designed to adapt to three types of bad weather conditions
for autonomous driving scenarios. Similarly, Mirza et al. [63] proposed the Dynamic Un-
supervised Adaptation (DUA) domain adaptation method to modify the model feature
representations by continuously adapting the statistics of the batch normalization lay-
ers. Another study [64] redesigned the YOLOv5 model with a semi-supervised domain
adaptive method that combines mean teachers and consistency regulation to improve
cross-domain detection performance on clear and synthetic hazy images for autonomous
driving. Besides, in maritime surveillance scenarios, Liu et al. [65] proposed an enhanced
YOLOV3 for ship detection under rainy, hazy, and low-light conditions, with a flexible

data augmentation strategy to generate synthetically degraded images.

On the other hand, the second type of method leverages specialization over time through
online training that can be applied to weather-specialized models. Model specialization
can improve the speed, and accuracy to provide a better user experience on the edge.
Shen’s research [66] discusses how highly skewed class distributions in day-to-day videos
can be classified using much simpler models, reducing the cost of applying classifiers
to classify videos. The authors formulate the problem of detecting short-term skews
online and exploiting models to realize classification speedup. Cai’s team [67] proposes

a once-for-all (OFA) network that supports diverse architectural settings by decoupling
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training and search, reducing the cost, and allowing for quickly getting a specialized sub-
network by selecting from the OFA network without additional training. The proposed
progressive shrinking algorithm reduces the model size across many more dimensions
than pruning and can obtain a large number of sub-networks that can fit different hard-
ware platforms and latency constraints while maintaining the same level of accuracy
as training independently. Other researchers consolidate multiple training datasets and
hardware constraints in response to different use cases. Rivas et al. [68] proposed a
framework to automatically train specialized models for the context of static monitor
cameras, which aims at improving the accuracy of lightweight models by specializing
them to the context to run on the edge faster. Besides, Guo’s team [69] introduces
Mistify, a system framework designed to automatically port cloud-based deep learning
models to edge devices with various hardware capabilities. It also leverages locally avail-
able edge data in a privacy-aware manner and performs run-time model adaptation for
better scalability and accurate inference results. They considered a series of specialized
models for different camera contexts and data distributions to optimize the performance

of their specific conditions.

Its experimental results showed accuracy improvement when the conditions of the train-
ing dataset were the same as the ones of testing datasets both on synthetic and realistic
ship detection. The first type of research focuses on building a generic model that can
perform well across various weather conditions. However, fine-tuning the model to ac-
count for the inherent differences between good and bad weather conditions can be chal-
lenging. Tuning for weather conditions requires selecting appropriate hyperparameters,
which can be difficult. Moreover, a good generic model demands high-quality training
datasets, which are challenging to collect in the maritime domain. On the other hand,
the second type of research focuses on specialized models for specific weather conditions.
These models are fixed and cannot adapt to different weather conditions, making them
less flexible. Moreover, collecting all kinds of weather data for a long time to train these
specialized models can be time-consuming and costly. Additionally, these specialized
models cannot be updated automatically, which can limit their effectiveness in the long
term. The proposed approach addresses these issues by automatically switching be-
tween specialized models based on the weather classification prediction. Additionally, it
reduces the cost and time of data collection by synthesizing degraded image data from

clear weather data, promoting weather diversity in the training dataset.
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2.4.3 Constrained Model Optimization

In this part, existing constrained optimization methods during the whole model lifecycle
in object detection systems are discussed. These methods aim to optimize model de-
ployment and retraining under various constraints, such as latency, resource availability,
and accuracy requirements. They are categorized into three main strategies: inference
optimization, performance profiling, model selection, and model retraining
optimization. These methods ensure that models remain accurate and computation-

ally efficient, even as data conditions and environmental factors evolve.

2.4.3.1 Inference Optimization

Optimizing object detection systems often involves minimizing redundant computation
and communication, particularly in real-time applications where efficiency is paramount.

Two main strategies are commonly used: input filtering and inference result reuse.

e Input Filtering: This approach reduces redundant data transmission by filter-
ing out frames that do not significantly differ from previous ones. For instance,
Glimpse [70] uses a pixel-level frame difference detector to monitor scene changes,
sending only frames with a sufficient number of significantly different pixels to the
edge server. Reducto et al. [71] further refine this process by dynamically adjusting
filtering configurations, such as the difference detector feature type and threshold,

tailored to specific queries and video content for optimal efficiency.

e Inference Result Reuse: This technique focuses on reusing inference results
from prior frames in continuous video streams, leveraging temporal redundancy
to avoid repeated calculations. DeepCache [72] exploits the observation that
most frame content remains static, caching inference results of previous frames
and identifying redundant areas through block-wise matching. By reusing the
cached results for unchanged blocks, computation is significantly reduced. Sim-
ilarly, BlockCopy et al. [73] uses deep reinforcement learning (DRL) to identify
informative regions of a frame based on the previous frame’s information. This
method applies block-sparse convolution [74] to process only informative blocks,

while features from non-informative blocks are copied from past inferences.
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2.4.3.2 Performance Profiling

Performance profiling is a critical component of constrained optimization in object de-

tection systems, enabling efficient model deployment and retraining while balancing re-

source use and accuracy requirements. By analyzing system performance under different

configurations, profiling identifies optimal trade-offs between computational demands

and detection accuracy, ensuring the system operates effectively within resource and

latency constraints. Additionally, workload placement informed by profiling enhances

performance by considering the computational capacity of processing nodes. Profiling

methods can be broadly categorized into offline profiling and online profiling, each

offering distinct benefits and trade-offs:
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e Offline Profiling: This type of method provides a comprehensive analysis of

system performance by conducting exhaustive, one-time evaluations across vari-
ous configurations. It records critical metrics such as accuracy, execution time,
resource usage, and memory requirements. For instance, VideoEdge [75] explores
a large search space of 1800 configurations, including multiple resolutions, frame
rates, object detectors, tracking methods, and tracker placements. To manage the
complexity of this search space, VideoEdge merges common components across
configurations and caches intermediate results to minimize redundant computa-
tions. Similarly, VideoStorm [76] evaluates 414 configurations, requiring approxi-
mately 20 CPU days to process a 10-minute video, demonstrating the high com-
putational costs associated with offline profiling. These exhaustive analyses yield
detailed performance insights but are computationally expensive and less suitable

for dynamic, real-time conditions.

Online Profiling: To address the limitations of static offline methods, online
profiling captures runtime data periodically to adapt to changing environmental
and system conditions. For example, Chameleon [77] starts with comprehensive
profiling and generates a set of adaptable candidate configurations. These config-
urations are propagated spatially and temporally using cross-camera correlations
and content consistency to reduce the need for frequent full profiling. While ef-
fective, Chameleon relies on fixed time intervals, which may not capture sudden
scene changes. Scene understanding techniques can mitigate this limitation by dy-

namically triggering re-profiling when significant changes are detected. AWStream



Object Detection Model Enhancement

[78] combines offline and online approaches, creating an offline baseline profile and
refining it incrementally online. By limiting profiling to Pareto-optimal config-
urations, AWStream balances accuracy and resource constraints, triggering full
profiling only when additional resources are available. Zhu et al. [79] proposed an
event-triggered task allocation solution for vehicle fog computing that optimizes la-
tency and quality loss of results under application-specific constraints. It supports
task allocation processes including mobile fog node discovery, request sending, task

assignment, and task migration scheduling.

These profiling methods play a pivotal role in enabling object detection systems to dy-
namically adapt to varying conditions, ensuring efficient resource use while maintaining
reliable performance. Offline profiling offers deep, static insights, while online profiling
enhances responsiveness to low-latency dynamics, making a combined approach particu-
larly effective for maritime mobile object detection systems. In this study, the proposed
approach leverages online profiling to adapt to changing weather conditions and resource

constraints, ensuring optimal performance in dynamic maritime environments.

2.4.3.3 Model Selection

Model selection optimization focuses on identifying the most suitable model from a
set of pre-trained candidates based on current data characteristics. These methods
continuously monitor data streams, selecting the model that best balances performance

and resource constraints.

Pesaranghader et al. [80] introduced the Error-Memory-Runtime (EMR) metric, which
evaluates models based on error rates, memory usage, and runtime. This approach se-
lects models that achieve minimal costs across these dimensions, optimizing deployment
decisions. Souza et al. [81] proposed the Kappa-Latency measure, addressing label ar-
rival delays by ensuring stable model performance even in scenarios where actual label
information is delayed. Mallick et al. [82] introduced a method to handle both covariate
drift and concept drift during model selection, ensuring robustness in dynamic envi-
ronments. However, these methods primarily focus on choosing the best model from

existing options and do not address the need for retraining.
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Several frameworks for hyperparameter tuning and optimization also support model
selection. The Hyperopt library [83] provides infrastructure for search space definition,
minimization, and result analysis, enabling efficient selection of high-performing models.
Soper et al. [84] proposed the greedyEarly stopping method, which accelerates model
selection processes through greedy cross-validation, reducing time and computational
costs. Additionally, Qaraad et al. [85] demonstrated the use of a hybrid feature selection
model, to optimize feature subsets, enhancing classification performance. Lee et al. [86]
identified three sources of error that model selection algorithms must trade-off, providing
a framework for designing algorithms that achieve near-optimal trade-offs. Taylor et al.
[87] introduced feature extraction made up of multiple k-nearest neighbor classification
models arranged in sequence, to quickly select a pre-trained model to use for given
optimization constraints. It aims at minimizing the inference time while meeting the
user requirement, by employing machine learning to automatically construct predictors

to select at runtime the optimum model to use for input images.

Model selection optimization focuses on choosing the best existing model based on per-
formance metrics and environmental conditions while retraining optimization ensures
models remain effective over time. These methods provide complementary solutions for
adapting object detection systems to evolving data and resource constraints, enabling
efficient and accurate operation across diverse deployment scenarios. The combination
of model selection and retraining mechanisms is particularly critical in maritime envi-

ronments, where conditions change rapidly, and resource constraints are stringent.

2.4.3.4 Model Retraining Optimization

Model retraining optimization tackles the challenge of keeping models current by balanc-
ing retraining costs with performance improvements, especially in dynamic environments
where data characteristics evolve over time. Hinder et al. [88] explored the theoreti-
cal connection between concept drift and loss dynamics, identifying true concept drift
through sensitivity and specificity metrics to guide retraining triggers based on test
data anomalies. Similarly, Mahadevan et al. [89] introduced the Cost-Aware Retraining
Algorithm (Cara), which minimizes retraining expenses by evaluating staleness costs

and performance losses from outdated models across data batches, effectively reducing
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retraining frequency while preserving model accuracy during gradual covariate and con-
cept drifts. Li et al. [90] presented a multi-user edge intelligence system using federated
learning, where end users collaboratively train AT models under the coordination of edge
servers. Their approach supports partial task offloading and minimizes energy consump-
tion and latency by optimizing task splitting ratios, bandwidth allocation, and model

downloads.

Besides, Zhang et al. [91] proposed a configurable edge computing architecture that cus-
tomizes task data quality, model complexity, and resource allocation to minimize hybrid
energy-delay costs, splitting the problem into resource allocation and task configuration
sub-problems. Strubell et al. [92] focused on energy-efficient retraining by estimating
cloud computing costs and C'Oy emissions, reducing both financial and environmental
impacts. Kasundra et al. [93] developed a decision-point-based framework for model
retraining, addressing dataset construction strategies (e.g., data split, data inclusion)
and fine-tuning patterns, including incremental and cumulative learning, to improve

retraining efficiency.

These methods focus on different constraints and objectives, ranging from resource al-
location and energy efficiency to data construction and task optimization. Collectively,
they demonstrate the importance of tailoring retraining strategies to meet diverse re-

quirements in dynamic and resource-constrained environments.

2.5 Summary

The existing studies have proposed various approaches through different cases for con-
strained optimization in object detection systems. These methods focus on varying con-
straints and objectives, such as resource allocation, energy efficiency, data construction,
and task optimization, offering valuable contributions to model optimization in dynamic
and resource-constrained environments. However, as summarized in Table 2.1, these ap-
proaches exhibit limitations when applied to real-world maritime mobile object detection
systems, as they fail to fully satisfy the comprehensive set of requirements outlined in
Section 3.2. Most existing methods lack mobility, which is critical for adapting to the
dynamic conditions of maritime environments, where detection systems are deployed on

mobile platforms such as ships or drones. Similarly, many methods rely on centralized
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TABLE 2.1: Summary of Model Optimization Methods.

Cite Adaptivity  Mobility =~ No-centralized  Reusability Consistency  Low-latency  General-purpose
[80] Y N N Y N Y Y
[81] Y N N Y N N Y
[82] Y N N Y N N Y
[83] Y N N Y N N Y
[84] N N N Y N Y Y
[85] Y N Y Y N Y Y
[86] Y N N Y N N Y
[47] Y N Y N N Y N
[75] N Y Y N N Y Y
[91] N Y Y Y N Y Y
[88] Y N Y N Y N Y
[79] Y Y Y N N Y Y
[89] N N N N N Y Y
This study | Y Y Y Y Y Y Y
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architectures, making them unsuitable for decentralized deployments required in mar-
itime settings with limited connectivity. Furthermore, consistency in detection results
is largely overlooked, and general-purpose adaptability across changing environmental

conditions and user demands is not addressed comprehensively.

In contrast, the proposed method is the only approach that fully meets all defined
requirements. It ensures adaptivity through weather-aware specialized object detection
models, supports mobility by optimizing deployment for maritime mobile platforms, and
enables decentralized operation to account for connectivity constraints. Additionally, it
emphasizes reusable models, ensures consistent detection results over time, operates
with low latency for real-time applications, and maintains general-purpose functionality
to handle diverse maritime scenarios. This comprehensive capability distinguishes the
proposed approach as uniquely suited to address the challenges of maritime mobile object
detection systems. In the next chapter, the requirements and approach to core ideas

will be presented.

33






Chapter

Proposed Method

3.1 Overview

In Chapter 2, recent existing methods for maritime object detection systems were re-
viewed, although they have provided significant advancements in object detection per-
formance, they still face challenges in dynamic maritime environments. Maritime object
detection systems face several problems that hinder their performance in dynamic mar-

itime environments. These problems can be summarized as follows:

1. Weather-induced Interference: In maritime object detection systems, the ac-
curacy of object detection is often compromised by adverse weather conditions.
Variability in weather such as rain, and haze, significantly reduces visibility, com-
plicating the detection of objects on the water’s surface, including ships, buoys,
and other navigational markers. Adverse weather conditions, such As heavy rain
or dense haze, may cause reflections and overexposure on the water surface, mak-
ing it difficult for object detection models to reliably distinguish objects from the
background. These conditions not only obscure visual details but also increase the

risk of false positives and false negatives. Consequently, this interference can lead
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to incorrect detections or missed objects, diminishing the reliability of surveillance

systems in critical maritime environments.

. Difficulty in Fine-tuning an All-in-one Model: In dynamic maritime en-

vironments, using a single, all-in-one object detection model presents significant
limitations. Such comprehensive models are typically designed to handle a wide
range of conditions and object types, but fine-tuning them to perform consistently
well across varying weather conditions, lighting changes, and sea states is chal-
lenging. An all-in-one model lacks the flexibility to adapt effectively to specific
scenarios, such as rainy or hazy conditions, where environmental noise impacts
detection accuracy. Fine-tuning a large, generalized model requires substantial
computational resources, which may not be available on the limited-capacity edge
devices often used in maritime surveillance. Additionally, these models are prone
to underperformance in specific conditions, as they are forced to generalize across

highly diverse inputs, leading to increased detection errors and inefficiencies.

. Inconsistency of Inference Results: Object detection models often struggle

with consistency in dynamic maritime environments, especially when images ap-
pear similar to the human eye but yield inconsistent detection results due to
changes in perspective, motion, and environmental factors. Conventional con-
sistency measurement methods, such as those introduced by Tung et al. [53],
are generally designed for static surveillance cameras, where the scene remains
largely unchanged. However, in mobile maritime environments, the movement of
the camera and objects introduces variability that these methods fail to handle.
This inconsistency is further compounded by the continuity of data collected from
moving objects, which makes annotation challenging, as it is impractical to rely on
a static, pre-annotated dataset. Typical consistency measures, which depend on
reference datasets, are therefore inadequate for accurately assessing the continuity
of detections in real-time, mobile object detection scenarios. In maritime environ-
ments, this limitation can lead to unreliable detection results, making it difficult to

maintain accurate tracking and identification of objects across consecutive frames.

. Model Deployment Resource-constrained Optimization: Deploying ob-

ject detection models on maritime mobile devices, such as ships equipped with
edge servers, presents unique challenges due to the limited and variable computa-

tional resources available at sea. Ensuring consistent, high-performance detection
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across varying sea areas with potential data drift, and environmental conditions
further increases the demand for resources. Unlike traditional cloud-centralized
solutions, these edge devices may operate independently, with limited access to
centralized cloud computing, requiring efficient use of onboard processing capabil-
ities to maintain high detection performance. Coordinating retraining, deploying
updated models to distributed nodes, and managing model versions across mobile

devices is complex and resource-intensive while respecting resource limitations.

3.2 Requirement

Al-based object detection systems deployed in maritime mobile environments face unique
challenges, requiring the fulfillment of several critical requirements to ensure adaptive

and efficient performance under dynamic conditions:

e Adaptability: Maritime environments are inherently dynamic, with frequent
changes in location, time, and surrounding conditions. Weather conditions, light-
ing, sea states, and user requirements for object detection services can shift rapidly.
Object detection systems must be adaptable to these variations, maintaining con-
sistent and reliable performance across diverse scenarios. This includes handling
different weather conditions such as rain or haze, adapting to varying object types,

and meeting changing detection requirements for maritime operations.

e Mobility: Maritime mobile devices often operate across different network envi-
ronments, such as satellite, cellular, and local networks, depending on their lo-
cation. They also encounter varying weather conditions, such as fair, rainy, and
hazy conditions, as they navigate through different sea areas. To support mobil-
ity, object detection systems must ensure seamless network handovers and provide
weather-aware object detection services, enabling continuous and reliable detection

capabilities in diverse maritime contexts.

¢ No-Centralized Management: In maritime environments, devices often oper-
ate in areas with limited or unstable network connectivity. Reliance on centralized
cloud-based architectures is impractical due to high latency and potential commu-

nication disruptions. Therefore, maritime object detection systems must support
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decentralized operation, enabling data processing, detection, and decision-making
to occur on edge devices or local servers, ensuring consistent performance even in

isolated or connectivity-constrained scenarios.

« Reusability of Object Detection Models: Maritime object detection systems
should prioritize the reusability of models to maximize efficiency. Models trained
for specific weather conditions or scenarios should be capable of being redeployed
and reused in similar contexts, reducing the need for frequent retraining. This
reusability minimizes resource consumption while ensuring that models can adapt

to the dynamic nature of maritime environments.

e Consistency of Inference Results: In maritime mobile environments, main-
taining the consistency of inference results is essential for reliable object detection.
Consistent detection results are critical for better identifying and tracking objects,
and providing accurate navigation assistance. Meanwhile, the consistency of in-
ference results in time-series data benefits to reduce redundant processing due to

occasional detection errors.

o Low-Latency: Low-latency object detection is crucial for time-sensitive maritime
applications, such as collision avoidance and real-time surveillance. Delays in
processing can result in missed detections or late responses to potential threats,
compromising safety and efficiency. Object detection systems must deliver rapid
processing to provide timely alerts and notifications to operators, ensuring safe and

effective navigation in dynamic and potentially hazardous maritime environments.

e General-Purpose: Maritime mobile devices collect data on a wide range of object
classes, including ships, buoys, and navigational markers. Object detection systems
must be general-purpose, and capable of detecting and classifying diverse objects
in maritime environments. This versatility ensures that detection results can be
applied to various applications, such as navigation assistance, collision avoidance,

and surveillance, adapting to the specific needs of maritime operations.

By addressing these requirements, Al-based object detection systems can provide ef-
ficient solutions for the unique challenges of maritime mobile environments, ensuring

adaptability, reliability, and safety across a wide range of use cases.
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3.3 Approach

To address the challenges of maritime mobile environments, this study proposes a com-
prehensive approach that supports the critical requirements of adaptability, mobility,
decentralization, reusability, consistency, low latency, and general-purpose functionality
in object detection systems. The approach integrates four core components: weather-
aware object detection, model specialization, time-series data result consistency evalua-
tion, and trigger-based model retraining optimization. Together, these components form
a cohesive framework designed to enhance detection accuracy, optimize resource usage,

and maintain reliable performance across diverse maritime conditions.

Weather-aware Object Detection: A weather noise removal method is introduced to
mitigate the impact of weather interference on object detection. This method leverages
weather classification to identify environmental conditions, such as rainy, hazy, and fair
weather, using data from onboard cameras. Specialized weather noise removal models
tailored to each weather condition are then applied, automatically filtering out noise and
improving detection accuracy. It serves as a critical pre-processing step to restore image
quality, enhancing the effectiveness of object detection models. By reducing weather-
induced distortions, such as streaks from rain or reduced visibility from haze, the method
improves the clarity and contrast of images before they are passed to the object detection
pipeline. Restored images provide a cleaner input for detection models, enabling more

accurate identification and localization of maritime objects.

Model Specialization: The problem of fine-tuning all-in-one models in dynamic mar-
itime environments is addressed by employing a model specialization approach. A
weather classification model categorizes images based on environmental conditions, en-
abling the selection of the most suitable object detection model for specific weather
scenarios during inference. Grouping images into weather categories and training spe-
cialized models for each category reduces the impact of weather-related noise and sig-

nificantly improves detection accuracy across varied environmental conditions.

To ensure models stay current as environmental conditions evolve, periodic model re-
training is incorporated. Given the limited availability of maritime training data, syn-
thetic data augmentation is employed by rendering weather-related noise, such as rain

and haze, into existing images. This augmentation enhances the models’ ability to
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generalize across different weather scenarios. To address the scarcity of training data
in maritime environments, where data collection is often constrained by remote loca-
tions and limited network access, the approach employs a transfer learning strategy. By
adapting pre-trained models with smaller, specific datasets collected at sea, the system
achieves high-accuracy analysis even with limited data. During model adaptation, new
training datasets are created from video footage recorded during the voyage, and an
optimal base model is selected and retrained to enhance detection performance under

diverse weather conditions.

Time-series Data Result Consistency: The approach improves the consistency of
inference results for time-series image data collected from mobile devices. A flexible,
user-configurable threshold based on the Intersection over Union (IoU) index is intro-
duced to evaluate the similarity of images in time-series data. This IoU-based metric
quantifies the overlap between inference results in consecutive images, providing a con-
crete and adaptive measure of consistency. It incorporates a lightweight, autonomous
consistency evaluation algorithm, which systematically assesses inference outputs di-
rectly at the inference terminal without requiring ground truth data. This algorithm
suppresses redundant inference results, improving the accuracy and efficiency of con-
sistency measurements. Designed for integration with mobile devices, this method en-
ables real-time, on-device consistency evaluation, ensuring reliable performance even in
resource-constrained maritime applications. This method significantly enhances both

the accuracy and efficiency of consistency assessments in time-series image analysis.

Trigger-based Model Retraining Optimization: To address the challenge of op-
timizing model retraining under constrained resources, a trigger-based retraining opti-
mization method is proposed. It defines specific conditions that trigger retraining actions
and assigns urgency levels to prioritize these tasks. Model performance is continuously
monitored over defined time intervals, evaluating metrics such as accuracy and response
time to determine whether retraining is warranted. Each model is associated with perfor-
mance thresholds that establish retraining triggers. Additionally, preventive triggers are
defined to preemptively initiate retraining before significant performance degradation
occurs, ensuring models remain optimized without waiting for critical accuracy drops.
Retraining tasks are prioritized using urgency levels, with higher priority assigned to

models experiencing greater performance decay.
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The optimization method also evaluates the computational capabilities and constraints
of each deployment device, ensuring retraining tasks align with available resources. To
support dynamic user requirements, the framework incorporates multiple optimization
strategies tailored to different scenarios, such as minimizing retraining time, minimizing
computing resources, or prioritizing model accuracy. A decision model selects the opti-
mal retraining configuration, balancing resource efficiency and performance improvement

while minimizing downtime on low-resource devices.

This approach combines weather-aware object detection, model specialization, consis-
tency evaluation, and trigger-based retraining optimization to provide an efficient solu-
tion for maritime mobile object detection systems. It supports the dynamic requirements
of maritime environments, offering enhanced detection accuracy, resource efficiency, and
system adaptability. The next two chapters detail the design and implementation of the
proposed method, describing how these components are integrated to meet the challenges

of maritime mobile object detection.
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Weather-aware Object Detection

In this chapter, the design of the proposed system for weather-aware object detection is
introduced, with the purpose of enhancing the accuracy of object detection in maritime
surveillance systems under various weather conditions. The system consists of two main
components: weather noise removal and weather-aware object detection model special-
ization. The weather noise removal component is responsible for removing noise from
images collected by maritime mobile devices in maritime environments. The weather-
aware object detection model specialization component is responsible for adapting the
object detection model to different weather conditions, such as rain and haze, to im-
prove the accuracy of object detection in maritime surveillance systems. The chapter
is organized as follows: Section 4.1 describes the design of the weather noise removal
component, which removes noise from images collected by mobile devices in maritime
environments. Section 4.2 describes the design of the weather-aware object detection
model specialization component, which adapts the object detection model to different
weather conditions to improve the accuracy of object detection in maritime surveillance

systems.
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4.1 Weather Noise Removal

This section introduces the system design for weather noise removal in outdoor envi-
ronment surveillance. Their algorithms and applications cannot leave long-term data
collection from the real world. Currently, most widely used Al-based object detection
models work well with clear datasets without noise. However, it’s inevitable to face var-
ious undesired interference and degradation in data due to complex weather conditions,
motions, or object occlusion in the real world. For example, an online monitoring sys-
tem, where cameras on outdoor mobile devices collect images/video of cities or natural
environments, faces the problems of data degradation due to weather conditions, e.g.,

rain, haze, snow. The problems are summarized as follows:

1. It’s hard for existing Al-based models to directly utilize degraded data collected

from more complicated real situations and satisfy their requirements.

2. Previous researches about degraded data mostly focus on one particular situation
respectively, from simple signal processing methods to complicated deep learning
methods including rain removal [28], haze removal [94]. They cannot work well to

handle comprehensive weather conditions in the real world.

To address the aforementioned problems, the author proposes an approach that adap-
tively removes noise due to various weather conditions in image data collected by cam-
eras. It utilizes a multi-class weather classification model to classify several common
weather labels for input images. Then, it removes noise by running suitable noise re-
moval algorithms, which also supports edge computing for data analysis by adjusting

image data size so that the data fits in a small memory in each edge device.

The proposed approach will make significant contributions to reducing burdens of
adaptation program for application developers with a user-friendly command line, pro-
viding better clear data collection under different weather conditions for Al algorithm

constructions.
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4.1.1 Scenario: Outdoor Surveillance Scenario

This study assumes the use of an outdoor surveillance system that is capable of perform-
ing video analyses of video streaming data collected from cameras mounted on mobile

devices, as shown in Fig. 4.1.

e Deployment environment: It assumes a university with several campuses. In
this scenario, static devices equipped with sensor cameras are installed in the school
buildings and along roadsides, and mobile IoT devices are installed in drones and

vehicles moving around the campus, or sometimes even across different campuses.

e Video stream data collection: Outdoor devices equipped with sensor cameras
continuously collect data from the campus year after year. Therefore, they often
record video stream data with low visibility due to inclement weather conditions

such as rain, haze, and snow.

¢ Video analysis: The collected data is uploaded to edge servers located on dif-
ferent campuses or to cloud servers in data centers for video analysis and data

visualization via Al services, such as object detection.

In the above scenario, it will be difficult to collect video from mobile devices and process
data with weather-related noise by using high accuracy, provided video analysis models
are only trained by clear data in good weather conditions. To improve the accuracy
of video analysis by removing noise due to inclement weather, the author proposes
an approach that can generate clear video by automatically classifying the weather

conditions and performing appropriate noise removal and brightness enhancement.

4.1.2 Design

This part assumes an online monitoring system, where cameras on outdoor devices col-
lect images and image processing applications, e.g. object detection based on Al models,
and analyze the collected data on cloud platforms or edge nodes. The camera devices
outdoors collect long-termly various images partially degraded by various weather con-

ditions. Thus, in the existing work, the application user needs to manually classify
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FIGURE 4.1: Scenario: Outdoor Surveillance with Outdoor Devices.

the input images and select suitable noise removal algorithms for different weather con-

ditions. The goal is to adaptively classify the input images by their noise and select

suitable noise removal models instead of the user.

The architecture of the adaptive image noise removal tool shown in Figure 4.2 is di-
vided into three parts: multi-class weather classification model is responsible for
classifying weather conditions of images; adaptation model selects suitable noise re-
moval models with different prediction results; and image resolution resize function

provides functions that adjust image sizes and other parameters of output images for
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FIGURE 4.2: Architecture of Adaptive Noise Removal Tool.

46




Weather-OD: Weather-aware Object Detection Model Specialization

The multi-class weather classification model predicts the weather in the input image. It
is created with very deep convolutional networks by Visual Geometry Group (VGG) [95]
distinguished from several CNN architectures for the feature extraction [96]. The author
utilized and augmented a five-class weather image dataset [97] including cloudy, hazy,
rainy, fair weather, and sunset, to create the model. The proposed adaptation model
used the method of parameter changes for implementing an adaptation mechanism
that can switch to different image enhancement and noise removal models conforming
to the prediction results. For fair and sunset images, the adaptation model will switch
to the fair enhancement models, which directly output the raw images. For cloudy
images, it will switch to the cloudy enhancement models, which can modify them to
more moderate ones on contrast and luminance. Also, when rainy or hazy weather
results, it will switch to the rain, hazy removal model for removing rain streaks or hazy
blur of the input images respectively. In the image resolution resizing function, users can
indicate several parameters allowing for adjusting output image resolution, timestamp,

image effect, saturation, and colorfulness of output images.

4.2 Weather-OD: Weather-aware Object Detection Model

Specialization

In this section, the system design for Weather-OD for maritime surveillance is intro-
duced. The details of the design for adaptive model specialization for different weather
conditions are described in 4.2.2.1, and of the lifecycle management object detection

models in 4.2.2.3.

4.2.1 Scenario: Maritime Surveillance Scenario

A proposed scenario for enhancing maritime surveillance of ships at sea is similar to the
one depicted in Fig. 4.3. The object detection system in this scenario includes devices

and edge servers installed on board, along with a cloud server located on shore.

In the cloud, these maritime object detection models can be fine-tuned from an off-the-
shelf, pre-trained model repository like PyTorch Hub. As a prerequisite, maritime object

detection models can be built from the current maritime dataset from pre-trained model
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FIGURE 4.3: Scenario: Maritime Surveillance System.

repositories such as PyTorch Hub before the maritime surveillance application launches.
Throughout their sailing route, ships may encounter various adverse weather conditions
like rain and haze, which impair the quality of captured image data. Equipping on-
board edge servers on a ship with the object detection models beforehand based on
information from weather forecasts and sailing schedules would be beneficial in achieving
highly accurate object detection while sailing, particularly in adverse weather conditions.

Concretely, the aim is to achieve the following in implementing this scenario:

1. As a ship sails to port A, it utilizes maritime object detection models deployed in
advance to provide results for maritime surveillance by inference from the collected

data. It may encounter weather conditions, such as rain or haze during its voyage.

2. Throughout the voyage, the data collected under diverse weather conditions and
from different seas and weather conditions are temporarily stored until the ship
approaches a stable network near the port. The data can then be uploaded to the

onshore cloud server via the network.

3. The datasets contain images of all weather conditions, grouped together based on
weather classification, and several new training datasets are created by annotating
the objects to be detected. In the cloud, It can update the model for specific

weather conditions, thereby improving the performance of object detection for
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this particular sailing route. This is achieved by retraining with this new dataset,
taking advantage of the high computing performance of graphics processing units

(GPUs).

4. The ship can download and redeploy the newly trained model from the cloud to

its local edge server at ports A and B.

The model can also be downloaded and redeployed on other ships, offering additional
ships the opportunity to benefit from this system, as described in steps (2) and (4) of
this scenario. To improve the accuracy of object detection, it is essential to handle object
detection for different weather conditions and manage inference model versions updated

on the edge for continuous accuracy improvements.

4.2.2 Design

This part details the design of Weather-OD for maritime surveillance, and the design
outline of the system is shown in Fig. 4.2. The system consists of camera devices and
edge servers installed on ships, as well as cloud servers located on shore. The edge
servers and the cloud servers are connected via network services, e.g., 4G/5G mobile
networks on coasts, even Wi-Fi in ports, while they are available. The connection is

closed in areas where the network services are unavailable, e.g., ocean-going areas.

On-board edge servers are computing systems that are meant to do data processing
and analysis at the network’s edge, close to where data is generated from video sensors,
particularly in maritime environments where connectivity to the cloud may be limited.

The system of on-board edge servers consists of several components as follows:

e The model manager component manages the execution of models, including load-
ing, running, and unloading the models. It is responsible for managing the deploy-
ment and execution of these models, ensuring that they are running correctly and

efficiently.

e The system & model monitor component monitors the system’s health and perfor-
mance, including GPU and memory usage, to ensure that the system is running
efficiently. Besides, it is responsible for monitoring the performance of the mod-
els, collecting data on their accuracy and efficiency, and providing feedback to the
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FIGURE 4.4: Automatic Model Specialization System Design.

model manager and model inference components to optimize the performance of

the overall system.

e The model adapter component switches suitable specialized models for inference

according to collected image weather type and weather forecast information.

e The model deployer component manages the deployment of new models from the
cloud, including downloading new model files and installing their software libraries

on the edge server.

e The data publisher component is responsible for publishing the collected data to

build a new dataset for downstream tasks on cloud servers.
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These components support the model inference process to execute deployed object
detection models to identify objects in input data. By integrating these components, on-
board edge servers can form a comprehensive system that enables maritime surveillance
under different weather conditions and can be combined with model specialization to

further improve performance.

On-board edge servers are in charge of running image analytics, or inference using an
object detection model. The system design on on-shore cloud servers includes several

components as follows:

e The data classifier component sorts data into different categories, such as weather

conditions or object types, which is necessary for developing specialized models.

e The dataset builder component is responsible for adding annotation information
to the data, such as bounding boxes, to enable supervised learning. Additionally,
it generates a synthetic dataset from the original clear dataset to complement the

lack of an adverse weather dataset.

e The retraining manager component manages triggers and schedules for retraining

and configures parameters for executing the process of the retraining model.

e The data subscriber component refers to the process of subscribing to the data

generated by the on-board edge servers for data archive and dataset building.

e The model dispenser component deploys the trained models to the on-board edge

servers.

These components support the model training process of training or retraining the

specialized models using datasets with different weather conditions.

4.2.2.1 Adaptive Model Specialization

Weather-OD is adaptive, allowing for the adoption of specialized models for various
weather conditions encountered during a voyage, thereby improving object detection
performance. The proposed approach does not adopt a large versatile object detec-
tion model, considering limited edge computing resources, different from previous works
[65] [68]. Adaptive model specialization involves training specialized models for specific
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weather conditions that are then used for object detection under various weather condi-
tions. It allows the creation of models that are optimized for specific tasks or conditions

rather than creating a single model to handle all types of weather.

For inference on the edge, the weather information of the voyage routes from the weather
forecast is used as one of the main bases. Weather-OD also classifies the weather us-
ing a weather classification model to calibrate the real-time weather conditions for the
collected data, whose final weather classification results are used to adapt the learning
model for the edge. In view of computational performance, the computational resource
demands in the specialized model are smaller than those in the single models, so it fits

into the capacity of resource-constrained edge servers.

4.2.2.2 Weather-aware Object Detection Algorithm

This part details how to perform weather-aware object detection in our proposed sce-
nario, depicted in Fig. 4.5 separately from the inference on the edge and training on the

cloud. In the inference part, the data flow is as follows:

1. Collect a diverse set of images under various weather conditions, including fair,

rainy, and hazy weather conditions.

2. Utilize our weather classification model to automatically classify the collected im-

ages based on their weather conditions.

3. According to the weather classification prediction of the input image, select the
corresponding specialized object detection model to perform object detection on

the image.
4. After weather classification, the predictions can be used to select suitable object
detection models for inference.
In the training part, the data flow is as follows:
1. Aggregate data collected from ships through data messaging to the cloud for data
storage.

2. Annotate the images by placing bounding boxes around the objects of interest,
such as ships or other maritime objects, to create a training dataset.
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3. Divide the annotated dataset into several subsets based on the weather conditions

and augment rainy and hazy data with noise rendering.

4. Train a series of specialized object detection models for fair, rainy, and hazy con-

ditions using the associated annotated data.

5. Evaluate the trained models with test data to confirm their qualification and deploy

qualified new models to the edge servers.

6. Monitor the inference models’ performance on on-board edge servers, assess data

shift, and determine the next model retraining triggers.

Inference ' Training
Data collection Deployment <€—— Test & Evaluation -
Weather 1
classrflcatlon Inference Tra;rng -
Monnonng Data
& Assessment augmentation

!

Data aggregation —3 Dataset creation 4—)

FIGURE 4.5: Overview: Weather-aware Object Detection.

Algorithm 1 Inference on the edge.

Input: Collected data D, Specialized models M
Output: Inference predictions P

P g,....d]

Jj<+<0 > Initialize fair model for inference
for alld e D do

t < classify weather of d

j' « type t of model index

if j’=j then
p < M|[j] predicts d
else
p < M][j'] predicts d
g7
P.add(p)

j < type t of model and subset index

return P
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The inference process of our weather-aware object detection approach Weather-OD | is
outlined in Algorithm 1. Assuming our approach is used to the dynamic and mutable
weather at sea, Algorithm 1 aims to adaptively select the most appropriate specialized
model based on weather conditions. The input consists of a dataset D comprising data
gathered from ships, and a collection of specialized inference models M deployed on the
edge servers. Set the index of the initial specialization model as 0, representing the fair
weather model, as the initial inference model. For each data frame d in the dataset D,
classify and predict the most likely weather type ¢t. Derive the index j' corresponding
to the specialized model for this weather type. Then compare the derived index j’ with
the current model index j. If they are not the same, replace j with j’ and switch to
the specialized inference model j’. Obtain the prediction result p using the selected
model, and output all prediction results P. The output is a list P containing inference
predictions for all the collected data, tailored for maritime surveillance applications

conducted on the edge.

Algorithm 2 Training on the cloud.

Input: Collected data D, Inference predictions P, Specialized models M
Output: New specialized models M’
S, M+ [p,...,9]
for alld e D do
if j =0 then > Render noise when type is fair weather
S[j]-add(d) > Add original data to dataset
for j < 1 to length of M do
t < weather type of specialized model M|j]
d' + render weather noise of type t on d

S[j].add(d") > Add synthetic data to dataset
else
S[j]-add(d)
while over update interval do > Retrain models periodically

for j < 0 to length of M do
if accuracy of predictions P by M[j] is low then
M'[j] < retrain model M|j] on S[j]
else
M'[j] = M[j]

return M’

The training process of our weather-aware object detection approach Weather-OD |, is
outlined in Algorithm 2. Following the upload of data D and prediction results P to the
cloud, Algorithm 2 is designed to augment the data and perform continuous training of
specialized models on the cloud. The input includes the collected data D and prediction

results P, both of which are uploaded to the cloud. Additionally, the current specialized
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models M are also part of the input. For data frames d classified as fair weather,
render noise to simulate rainy and hazy conditions, which will be explained in 4.2.3.1.
Generate synthetic data d’ and add it to the appropriate new data subset S based on
the corresponding weather type. Continue iterating through the collected data, until all
frames in the dataset D have been processed. When the predefined update interval is
reached, update each specialized model if low accuracy of prediction P, and store new
specialized models in M’. The output comprises new specialized inference models M’
that are tailored for each specific weather type, and these updated models are stored on
the cloud platform. Through the utilization of both Algorithm 1 and 2, the configuration

and execution of the computational processing can be facilitated.

4.2.2.3 Lifecycle Management of Object Detection Model

Weather-OD involves both the training cycle and the inference cycle for managing the
lifecycle of object detection models. These cycles ensure the continuous improvement and
effectiveness of the maritime object detection models. Fig. 4.6 illustrates the lifecycle
management of the object detection model in Weather-OD , not available in existing

studies.

Prepare data
L

Monitor &

Review
\ Check for
update
Model
update Start /
Stop

Update: old model stops, Results
new model starts

Deploy

Training Cycle Inference Cycle

FIGURE 4.6: Lifecycle Management of Maritime Object Detection Models.

The training cycle begins with the creation of a new object detection model through
training on the dataset and applying data augmentation techniques. After the training
process, the model’s performance is evaluated to assess its suitability for deployment and
identify areas that may require further improvement. This evaluation helps ensure that
the model meets the desired performance criteria. Once the model has been evaluated
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and deemed suitable for deployment, it is integrated into the existing edge servers, mak-
ing it accessible to end-users, including sailors and other stakeholders. The deployment
process involves setting up the necessary infrastructure and configurations to enable the

model to operate effectively on the edge servers.

During the inference cycle, the deployed model can be started and executed by the
model manager, which allows the model to generate inference predictions based on the
input data received. Periodically, the model manager checks for updates to the model.
If a newer version of the model is available, the old model can be stopped, and the new
model can be started and executed for inference. This periodic update ensures that
the most recent advancements and improvements in object detection are incorporated
into the system. The predictions generated by the inference process can be saved and
reviewed for error rates and other performance metrics. This review provides valuable
insights into the model’s performance and helps identify areas where further model
retraining or refinement may be necessary. By following this lifecycle management, the
maritime object detection system can continuously learn, improve, and adapt to evolving

conditions, thereby enhancing its accuracy and effectiveness over time.

4.2.3 Implementation

The author has implemented functions in Weather-OD to solve issues of performance
degradation due to weather-related noise and the lack of training data for maritime
object detection. This section discusses the functional implementation. It includes the
current maritime dataset digest and data augmentation for adverse weather training
data in 4.2.3.1, weather classification for model specialization in 4.2.3.2, model updating
through incremental learning in 4.2.3.3, and data collection to the on-board cloud in

4.2.3.4.

4.2.3.1 Maritime Dataset and Noise Rendering

Commonly used datasets for maritime object detection can be classified by their shooting
angles, images captured from on-board or those from shore [98] [99], and bird’s-eye view
images captured by Unmanned Aerial Vehicles (UAV) and satellites [100] [101]. The

former dataset can be used for the maritime surveillance scenario discussed in this paper,
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and the latter dataset can be used for other objectives, e.g., rescue following maritime
accidents. Furthermore, the complexity and diversity of the maritime environment make
it difficult to collect comprehensive and representative training data. Therefore, it is
crucial to take full advantage of the limited collected data to create maritime training
data that can accurately represent the variety of objects and conditions found in the

maritime environment.

Ferry Q.81
..;w fe rry, 0,840,026

FIGURE 4.7: SMD Sample Images and Baseline Results.

In Weather-OD , data augmentation is incorporated to create more weather synthetic
noise data from collected clear data, i.e. noise rendering, instead of typical methods,
e.g., rotation, scaling, and changing the lighting conditions. Some research [102] [103]
[104] has used CycleGAN [105] to generate synthetic data with specific patterns, such as
day to night or fair to hazy. These synthetic images still had unrealistic details, and the
diversity of the dataset is limited with either of the methods when they are applied to
maritime images. Thus, training CycleGAN needs to be carefully designed and validated

to generate high-quality synthetic data that are representative of the original data.

In the implementation, CycleGAN models were used to increase the diversity of the
dataset. Rain and haze noise were extracted from the JRSRD [106] and O-HAZE
datasets [107], and combined with the Singapore Maritime Dataset (SMD) [98]. The
CycleGAN model generator learns to transfer the noise from the open-source dataset
images as the target domain to the collected maritime images as the source domain,
while the discriminator learns to distinguish between original and generated images.
During the training process, the performance of the model was monitored by calculating

evaluation metrics such as adversarial loss, cycle consistency loss, and identity loss. The
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FIGURE 4.8: Synthetic (Rain) Baseline and Weather-OD Results.

trained models allowed the generation of images of the SMD with rain and haze noise,
which were used to train and validate other computer vision models, such as object

detection models, under different weather conditions.

Fig. 4.7 displays example images, while Fig. 4.8 and Fig. 4.9 show the same example
images generated using the noise rendering models proposed in the implementation.
These images show the inference results of a baseline model trained on the SMD training
data, and models with the proposed weather-aware approach based on YOLOv5. It can
be observed that the limitations of the existing baseline model in handling weather-
related noise, as indicated by the reduced accuracy in object detection. On the other
hand, the images depict the improved inference results obtained by utilizing Weather-
OD , with more correctly detected objects and higher confidence scores. The red arrows
indicate the enhanced accuracy of object detection in rainy and hazy conditions. It
demonstrates the approach effectiveness in mitigating the impact of weather-related

noise and improving the overall performance of object detection with direct observation.
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FIGURE 4.9: Synthetic (Haze) Baseline and Weather-OD Results.

4.2.3.2 Weather Classification

In this approach, automatic weather classification of collected data for training, and
adaptive specialized model adoption for inference rely on correct and fast weather clas-
sification. Concretely, the purpose of the weather classification model is to automatically
classify collected maritime data under different weather conditions, such as fair, hazy,
and rainy. The weather classification model has been trained on a labeled dataset of
these different weather conditions to recognize the corresponding weather category for
each image. The weather classification model [108] is used to determine the weather
conditions for the input video. To implement a weather classification, complex weather
classification types including fair, rainy, hazy, and snowy (the snowy type is not used in
this study) are defined. To classify different conditions, an open-source multi-weather
image dataset consisting of about 10,000 images for each weather type is utilized. Since
different adverse weather types such as rain and haze are very similar, other weather

classification studies suffer from problems such as category imbalance and overfitting.
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Therefore, EfficientNet [109] is incorporated into the weather classification model, which
is one of the most advanced neural network frameworks developed recently, while adopt-
ing a model that can achieve excellent Top-1 level accuracy using only approximately
19 million parameters. Furthermore, an evolutionary algorithm [110] is used through
iterative hyperparameters such as learning rate, batch size, and weight decay until the

convergence of the best solution is reached to solve these problems.

4.2.3.3 Model Retraining and Updating

Maritime object detection systems often require retraining due to concept drift in ever-
changing environments, such as varying weather patterns or ship traffic. Incremental
learning is necessary to train the model with available data and continually retrain it as
new examples appear. However, catastrophic forgetting [111] is a major limitation
of incremental learning, where the model loses its previously learned knowledge when it

is trained on new data.

Model retraining can better leverage the previously learned features and result in faster
convergence to the global optima of model training than training the model only on
new data from scratch [112]. A balance must be struck between retraining on the
entire dataset and incremental learning with a limited set of newly captured examples to
achieve the best trade-off between accuracy and computational efficiency. To address this
issue, several techniques can be employed, such as weight regularization [113], rehearsal
strategies [114], and knowledge distilling techniques [115] [116]. In the implementation,
the base models were trained on the new data using transfer learning, freezing partial
backbone layers of the base model, and fine-tuning others to avoid overfitting. It also
added a sampling of old data from past appropriate periods and routes to the training
data to mitigate the problem of limited training data, considering the fixation of sailing

routes, and periodic changes in hemispheres, seasons, etc..
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4.2.3.4 Data Collection

In this part, the data collection is implemented from on-board edge servers to on-shore
cloud servers using SINETStream [117]. The SINETStream software library [118] is de-
signed to facilitate the development and deployment of secure and efficient IoT applica-
tions, with features that include portability, security, and performance tuning support.
It utilizes a topic-based publish-subscribe (Pub-Sub) messaging model, which can be
used by maritime object detection systems to implement messaging between on-board
edge servers and on-shore cloud servers using a variety of SINET Stream-supported mes-

sage brokers.
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FIGURE 4.10: Data Collection with the SINETStream APIs.

The implementation includes a publisher program called Writer in on-board edge servers

shown in Fig. 4.10, which sends the collected image data, and a subscriber program on
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the cloud called Reader that processes the collected data, corresponding to the main
functions of data publisher and data subscriber in 4.2.2. The Writer and Reader pro-
grams use the SINETStream Writer/Reader APIs [119] to send and receive sensor data
streams through the broker located on the cloud server by setting the same topic. The
message broker can handle a large number of messages, ensuring that this system can
scale with the number of devices and volume of data. Different topics can be set to be
divided into different weather conditions, routes, and ships, according to the training
data requirements. To summarize this section, four technical challenges were tackled and
the corresponding solutions were developed. A weather classification model and noise
rendering CycleGAN models were constructed to enable adaptive model specialization.
Additionally, topic-based messaging was implemented to facilitate data aggregation from
remote ships, while also enabling model updates through retraining on collected incre-

mental data under model lifecycle management.

4.3 Summary

In the first method, a multi-class weather classification model and several image noise re-
moval algorithms are incorporated to design an adaptive image enhancement and noise
removal tool for maritime object detection under different weather conditions. After
that, image resolution resizing can reduce uploading image data sizes to satisfy more
critical time requirements of maritime object detection systems when deploying to edge
nodes. In the second method, a weather-aware object detection method Weather-OD
for maritime surveillance systems is proposed and evaluated. Weather-OD automates
object detection model specialization for ships and other maritime objects by incor-
porating automatic weather classification for weather data augmentation and adaptive
model specialization for the three most common weather categories, namely fair, rainy,
and hazy conditions. Additionally, Weather-OD can continuously capture data during
inference, periodically update specialized inference models, and manage the lifecycle of

the specialized models deployed on the edge.

These methods for enhancing object detection in maritime surveillance systems un-
der various weather conditions are promising, but they still have limitations. In real
maritime surveillance systems, the object detection model enhancement also needs to
consider the constraints of the deployed platform and the requirements of accuracy.
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Therefore, in the next chapter, the author will introduce the consistency of object de-
tection results, and optimize the object detection model retraining execution to improve

the performance of models under challenging budgeted conditions.
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Chapter

Object Detection Model

Optimization

In maritime object detection, ensuring high performance involves addressing not only
weather-induced degradation but also inconsistencies in inference results for time-series
images. These inconsistencies, caused by moving cameras and dynamic environments,
pose a significant challenge to maintaining reliable object detection across consecutive
frames. This chapter presents two complementary approaches to improve the perfor-
mance and reliability of maritime object detection systems. First, a method described
in Section 5.1 is proposed to evaluate the consistency of object detection results in
time-series images by incorporating image similarity metrics tailored to moving camera
scenarios. This method dynamically measures and enhances consistency, ensuring accu-
rate object tracking and detection in time-varying maritime environments. Second, it
introduces an optimization method described in Section 5.2 for object detection mod-
els, focusing on improving model update and retraining efficiency in maritime mobile
systems with constrained computational resources. By designing an adaptive retraining

mechanism and prioritizing optimization strategies, the method ensures effective model
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performance while balancing resource usage and system constraints. Together, these ap-
proaches tackle key challenges in maritime object detection, contributing to more robust,

efficient, and reliable systems for dynamic maritime applications.

5.1 Consistency problem

Before introducing the proposed method for evaluating the consistency of object detec-
tion results in time-series images, it is essential to understand the consistency problem

posed by moving cameras and dynamic environments in maritime object detection.

5.1.1 Concept

Object detection researches utilizing machine learning play crucial roles in application
domains using mobile devices such as environmental monitoring and autonomous driv-
ing. In object detection in mobile devices, there is a growing demand for improved
inference accuracy directly correlated with safety and reliability. However, existing re-
searches for evaluating consistency face the challenge of accurately measuring inference
results of object detection of mobile devices due to variations in the content of temporal
image sequences. Consistency in the study is defined as the difference in predictions

obtained from object detection models between similar images.

In the authors’ previous work on mobile object detection [120], retraining of weather-
specific object detection models to reduce the effects of weather noise has improved
inference accuracy. However, regardless of data expansion and the use of machine learn-
ing techniques to improve the accuracy of object detection models such as dropout [121],
inconsistencies in inference results between similar images remain a challenge. Discrep-
ancies in object detection results between similar images within continuously captured
time series data are a major problem faced by conventional accuracy metrics. However,
it is difficult to accurately measure the inference results of object detection for mov-
ing objects due to changes in image content, because existing consistency metrics [53]
for inference results between successive images have been developed mainly for static

surveillance cameras fixed at a certain location.
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In this study, an object detection scenario is assumed for time-series images collected
from cameras installed on moving objects. In order to evaluate the consistency of ob-
ject detection results for similar images collected while moving, the author proposes a
configurable threshold evaluation method that takes image similarity into account. By
quantitatively evaluating the similarity between time-series images and dynamically set-
ting a consistency threshold, it is possible to determine whether the object detection
model is able to consistently detect object information. The consistency can be mea-
sured immediately on the inference device side, without the need for data annotation.
In this study, the consistency of inference results was measured for YOLOvV5, a special-
ized object detection model for maritime objects, and confirmed that object detection
model consistency improved through continual retraining. This is expected to lead to
the construction of more reliable object detection systems and to improvements in the

safety and reliability of object detection for moving objects.

This section explicitly addresses the issue of consistency in object detection from time-
series images. When images are similar to the human eye, object detection models
should consistently detect the same objects. However, due to object changes caused
by movement, camera vibrations, and environmental changes such as weather and light

conditions, the conventional consistency measurement method [53]

e These methods have been developed mainly for static surveillance cameras, and it
is difficult to accurately measure the inference results of object detection in moving
objects due to changes in the image content. However, object detection in moving

objects requires adaptation to constantly changing environments.

e In the environment of mobile objects, there is a continuity of the collected data,
and in most situations, annotation is not possible. Common consistency measure-
ment methods require reference to a pre-prepared dataset and cannot measure the

consistency of consecutive images when inferring object detection models.

To overcome these issues, it is necessary to develop a method for measuring the consis-
tency of time-series images that takes into account the characteristics of object detection

in moving objects.
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5.1.2 Scenario: Maritime Object Detection

As shown in the Fig. 5.1, a scenario is assumed for the purpose of maritime navigation
assistance and environmental monitoring, which is an example of mobile object detec-
tion. Before a maritime surveillance application is launched, a maritime object detection
model can be built using maritime datasets from a pre-trained model repository such as
PyTorch Hub. Vessels can also collect time-series images from different sea areas with
different shooting conditions, such as various weather conditions in each sea area, and
utilize them to build a maritime dataset while being parsed into an inference model for
object detection. During the voyage, the time-series image data must be similar and the
inference results must be accurate and consistent. To improve the accuracy of object
detection, it is essential to quickly detect inconsistent inference results obtained in the

object detection model and to continuously improve the accuracy of the model.
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FIGURE 5.1: Scenario of Maritime Object Detection on Time-series Images.

To construct the object detection system described above, the prototype system [120]
developed by the authors in a previous study is used. The system architecture includes
an IoT device and an edge server, which are assumed to be installed on board, and
a cloud server located on land. Specifically, data is collected from onboard cameras,
object detection is performed on the onboard edge server, and the results are provided
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for maritime surveillance. On the cloud, data collected from the ship’s camera sensors
are used to build a new training dataset. Continual retraining of the maritime object-
specific object detection models is accomplished by leveraging the high computational
performance of the cloud’s GPUs. Retraining models can be downloaded to an edge
server on the vessel to update the inference models in use, thereby improving the object

detection performance for this particular voyage route.

5.1.3 Consistency Evaluation

In this part, the author addresses the issues described in Section 5.1.1 and describes
a proposed method for evaluating the consistency of object detection by introducing a
configurable threshold that takes into account image similarity in time-series images.
Time-series images taken from moving objects vary in the degree to which the similarity
between adjacent before and after images varies depending on the terminal attached to
the camera and the movement of the subject. The conventional consistency measure [53]

is designed for fixed cameras and is susceptible to natural variations in image content.

This method measures the image similarity of time-series images and introduces a con-
figurable threshold based on the IoU index, which indicates the overlap of inference
results between the previous and following images. In this dissertation, consistency is
defined as the difference in predictions obtained from object detection models between
similar images. This threshold value enables more accurate consistency evaluation by
flexibly responding to variations in time-series images. In addition, this method utilizes
the Non-Maximum Suppression algorithm [44] to measure inference results quickly and
autonomously without using ground truth. This allows the consistency of inference re-
sults to be measured at inference terminals installed on mobile devices and is expected

to improve the efficiency of measuring the consistency of inference results.

5.1.3.1 Measurement for Consistency Evaluation

In this part, the author illustrates the proposed consistency measure with an example of
consistency between temporally consecutive images ¢ and j. These consistency results
¢ij, where p; and p; represent the set of inference results for image 7 and image j,

respectively, are obtained as in equation 5.1 |p; N p;| denotes the number of instances
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of the same class or attribute detected in both image i and image j. |p; ;| indicates the
number of elements included in the inference result p; for image ¢ but not in the inference
result p; for image j. The reverse is also true for |p;;|. In particular, consistency is zero
if the common part of p; and p; is empty, or if the common part of p; and p; is less
than the sum of |p; ;| and [p;;|. Thus, the equation 5.1 quantifies the consistency of
time-series images and serves as an indicator that allows for the appropriate handling

of exceptions.

~_ pinpil = 1pijl = Ipjil
1] —
! lpi N pj

(5.1)

For a given time-series image data D with N images, measure the pairwise consistency
between each pair of consecutive images in the time-series image and calculate the mean

value of consistency by averaging the results over all NV — 1 pairs, as in equation 5.2:

1 N-1

CD = m Cii+1- (5.2)

1=1

5.1.3.2 Evaluation of Image Similarity

This part describes the evaluation of image similarity in the consistency evaluation of
object detection from time-series images. Here, the author uses one of the objective
evaluation methods of image quality, Structural SIMilarity (SSIM) [122]. In time-
series images from cameras installed on moving objects, the objects may move, and as
a result, the image content changes. Conventional methods such as Peak Signal Noise
Ratio (PSNR) cannot distinguish between the entire image and local differences because
of pixel-by-pixel comparisons. Fig. 5.2 shows how SSIM measures the similarity between
two images by comparing the luminance, contrast, and structure of the images. In the
case of images collected from moving objects, SSIM can provide a better assessment of
image similarity because differences across the entire image can reflect object movement
rather than local differences. SSIM is also computationally less expensive than the
method [123] that extracts low-level features of similar images and is easier to apply to

large time-series images.
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FIGURE 5.2: Diagram of the Structural SIMilarity (SSIM) Measurement.

5.1.3.3 Thresholding for Consistency Evaluation

This part describes the introduction of a threshold value that can be set for consistency
evaluation metrics. In order to flexibly respond to changes in the target from a fixed
camera to a moving camera, consistency is evaluated by tuning the image similarity
and the tolerance of the IoU. To compute consistency, the maximum IoU is calculated
through a non-maximum suppression algorithm for identical objects in the before and
after images. The author also shows the consistency condition of the threshold of ToU
leading to the image similarity SSIM; ; between image i and image j, as in equation
5.3. where 7 is a pre-defined threshold value and the general threshold value 7 = 0.5

was used.

IoU > 7 % SSIMLJ (53)

In images from fixed cameras, the image content is relatively stable and the position and
size of objects are often consistent. However, in images from a moving camera, the image
content is not stable and the position and size of objects may fluctuate due to camera
shaking or movement. Therefore, the introduction of a configurable IoU threshold en-
ables appropriate consistency evaluation even for images from moving cameras. When
image similarity is high, there is a high likelihood that appropriate object detection will
occur even with a high IoU threshold. On the other hand, when image similarity is low,
the IoU threshold should be set low to ensure consistency in object detection. Thus, by
tuning the IoU threshold to the image similarity, the consistency of object detection can

be properly evaluated.

71



Chapter 5. Object Detection Model Optimization

Existing method

Time-series
Images

Periodically
Inference Model Update —_ - — l
Data [
transmission
Data Dataset Ccnsmency
Extraction Construction Evaluation Modlel Retraining

Mobile Device Cloud
Proposed method
Tlrne-series.
Images Periodically
- - { ot}
I
—_——— i
Image Slrnllarlty Data
( Consistency | Consistency Low-Consistency | transmission Dataset L
|~ Data Extraction Construction Model Retraining
Mobile Device Cloud
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5.1.3.4 Evaluating Consistency of Training/Retraining Models

This part describes the implementation of measuring model consistency and train-
ing/retraining of object detection models based on the proposed consistency evaluation
method. The method adds and adjusts the training layer of the model for training on
newly collected data. The comparison of the consistency evaluation procedures of the
proposed method and existing methods is presented in Fig. 5.3. The proposed method
is unique in that the consistency measurement is performed immediately after the in-
ference at the mobile device. On the other hand, the conventional method starts with
inference at the mobile device, extracts data, transmits the data to the cloud, builds
a dataset in the cloud, measures consistency, and retrains the model. In the proposed
method, the consistency measurement combined with the image similarity measurement
is performed first, following inference at the mobile device. This difference in procedure
allows for early detection of consistency problems in the inference process and in data
processing since the consistency measurement is performed first on the moving object. It
also allows for more efficient data transmission and data set construction by extracting

data of high value for use in new data sets for retraining the model.

In addition to the existing random extraction and low-confidence data extraction, the

proposed low-consistency data extraction method is used to extract the collected data.
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Existing random extraction constructs an unbiased dataset by randomly sampling from
the collected data. Low-confidence data extraction, on the other hand, aims to improve
the performance of inference models by extracting data in which object detection mod-
els detect objects with low confidence. The proposed low-consistency data extraction
aims to improve the consistency of the model. The experiment in Section 6.4 will also
verify the effectiveness of the consistency improvement by comparing the accuracy of
the new model using the extraction of low-consistency training data with the new model

retraining randomly extracted training data as a baseline.

5.2 Object Detection Model Optimization

In this section, the author introduces an optimization method for object detection mod-
els, focusing on improving model update and retraining efficiency in maritime mobile

systems with constrained computational resources.

5.2.1 Scenario: Maritime Surveillance System for Dynamic Environ-

ments

In this part, a scenario is assumed for maritime surveillance during a voyage between
two sea areas, which is an example of mobile object detection. Fig. 5.4 depicts a
distributed object detection system for maritime surveillance, focusing on addressing
challenges such as accuracy degradation caused by dynamic navigation plans, unpre-
dictable weather conditions, and communication constraints. The bottom of the figure
illustrates the dynamic maritime environment, where ships follow scheduled or flexible
itineraries while navigating between ports under varying weather conditions. The offline
nature of the onboard edge servers allows them to collect and process data autonomously
during voyages. As ships arrive at ports or encounter other ships, they can reconnect
to exchange data and models, integrating their localized training into ships. There are

two typical voyage patterns that can be grouped by location and time:

1. Scheduled Shuttle route around Port A or Port B in each sea area, which

involves a regular, predictable schedule around a specific sea area.
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2. Flexible Itinerary across sea areas, allowing ships to adapt their routes based

on situational needs and long-distance shipping.

The system relies on two key roles: onboard edge servers located on ships and on-shore
cloud servers. Each component plays a distinct role in ensuring the robustness and
efficiency of the system. Onboard edge servers, deployed on ships, are responsible for
collecting data during voyages, performing local inference for object detection, and con-
ducting local model training when necessary. These servers are designed to operate
under offline conditions, allowing them to function even when disconnected from the
central cloud infrastructure. Their primary responsibility is to process data in real-time,
adapt models to local environmental conditions, and exchange information with other
edge servers to enhance collaborative performance. This decentralized approach ensures
that object detection remains accurate despite limited communication or varying envi-
ronmental factors. The on-shore cloud servers, located at ports or centralized facilities,
serve as the hub for data archiving, remote model training, and overall model manage-
ment. These servers are equipped with significant computational resources, enabling
them to retrain models with large datasets collected from multiple edge servers. They
provide a centralized repository for updated models and datasets, ensuring consistency
and high performance across all deployed edge devices. The cloud servers facilitate
model updates by allowing edge servers to upload locally trained models and download
optimized global models. The interaction between onboard edge servers and the cloud
servers is dynamic and adaptive, depending on factors such as communication condi-
tions, geographic location, and weather conditions. Ships equipped with edge servers
join or leave model and information-sharing groups as their operational context changes.
These ships form different groups named Group A or Group B in Fig. 5.4, based on
their proximity, voyage schedules, and detected object distributions, enabling targeted
data exchange and model optimization. This collaborative interaction enables ships to

share insights about local conditions and adapt their models accordingly.

To better improve the object detection performance in maritime surveillance, object
detection model retraining is executed both locally on edge servers and remotely on
cloud servers. Edge servers perform lightweight local training to quickly adapt to en-
vironmental changes, such as varying lighting or weather conditions, without relying
on consistent connectivity. In contrast, cloud servers handle comprehensive model re-
training by aggregating data from multiple edge devices, thereby improving the global
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FIGURE 5.4: Scenario of Maritime Surveillance System for Dynamic Environments.

model’s robustness and accuracy. The retraining approach ensures that models remain
effective in both localized and generalized scenarios. The kind of system leverages a
collaborative architecture between onboard edge servers and on-shore cloud servers, dy-
namically adapting to operational constraints and environmental changes. By combining
decentralized local training with centralized global retraining, the system achieves ro-

bust object detection performance, ensuring reliable maritime surveillance across diverse

and challenging conditions.

5.2.2 System Architecture

Fig. 5.5 presents the system architecture of a maritime mobile object detection system,
focusing on optimizing model retraining and operational efficiency under constrained
resources. The system comprises five core modules, each handling critical functions to

ensure effective and adaptive object detection capabilities as follows:

Metadata Management and Trigger Configuration: These modules deal with
setting up triggers for model retraining and managing metadata associated with the

behaviors of devices and models.
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FIGURE 5.5: Architecture of Maritime Object Detection System.

e Metadata Management component stores and manages metadata related to the

devices and models, such as training data used, model version, and performance
metrics. It also manages the datasets used for training and evaluating object
detection models including data labeling, and data augmentation. Besides, it
handles the interaction with the hardware devices on the mobile platform and

model selection and retraining logs relevant to monitoring and optimization.

Trigger Configuration component pre-defines the thresholds and parameters of
trigger conditions that initiate model retraining. These triggers could be based
on factors like model performance degradation, the availability of new data, or

changes in the operational environment.

Model Management: These modules focus on the core aspects of model lifecycle

management.

e Model Selection component is responsible for choosing the most suitable object

detection model from a pool of model candidates based on factors like performance,

and computing constraints.
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e Model Retraining component facilitates the retraining of models to adapt to per-
formance degradation or operational conditions. It involves transfer learning or

fine-tuning existing models based on model selection.

e Model Inference component handles the execution of the selected or deployed model

for object detection on the maritime platform.

e Model Deployment component manages the deployment of selected or retrained
models to the maritime systems, ensuring model update and continuing model

inference

Performance Monitoring: These modules continuously monitor the performance of

the deployed object detection model on different mobile devices.

e Data Sampling component handles the sampling of data from cameras on mar-
itime mobile devices like ships. It determines the sampling rate and strategies for
efficient data acquisition according to image contents such as detected objects, and

similarity of images.

o (Consistency Fvaluation component assesses the consistency of the inference results,

identifying inconsistencies of time-series images reflecting potential errors.

e Performance Forecast component predicts the future performance of the deployed
object detection model based on current trends and data. It assists in making

informed decisions about model retraining and optimization.

Data Exchange: These modules facilitate data communication in maritime mobile

systems, enabling collaborative data analysis and model improvement.

e Data Transmission component handles the transmission of data among the mar-
itime mobile devices, or between maritime mobile devices and the shore-side cloud
servers. It supports data sampling exchange for performance evaluation, and

dataset sharing for remote model retraining.

e Model Transmission component manages the transmission of updated models to
the maritime mobile systems. It supports selected models and retrained model
deployment according to optimization decisions.
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e Logging Communication component handles communication related to logging

data, and supporting information for optimization decision-making.

Decision Optimization: These modules, the core of the proposed optimization method,

focus on optimizing decision-making based on the object detection results.

e Group Clustering component groups mobile devices into clusters based on their
proximity of physical locations, voyage schedule, and detected object distribu-
tions. This can be helpful for narrowing the range of data exchange and model

optimization.

e Threshold Triggering component executes model retraining triggering with pre-
defined thresholds based on the object detection results. It triggers different levels

of performance decay alerts to launch model selection or retraining processes.

e Decision Optimization component makes decision-making processes based on the
object detection results and other relevant information. This may involve using

techniques like rule-based systems or machine learning algorithms.

The system architecture aims to create a robust and adaptive system for object detection
in challenging maritime environments. By continuously monitoring model performance,
retraining models when necessary, and optimizing decision-making, the system enhances

the performance and efficiency of object detection for maritime mobile systems.

The monitored performance metrics are processed in Group Clustering, where models
are grouped based on their routes or common characteristics, allowing for targeted man-
agement of similar models, particularly useful in geographically distributed scenarios.
Threshold Triggering then determines whether specific performance thresholds are met
for each group. The processing flow of object detection model optimization follows struc-
tured components, as illustrated in Fig. 5.6. The process begins with object detection
initiation, where the object detection model performs model inference on input data.
During inference, performance monitoring modules track key metrics related to model
performance, latency, and resource usage. Following this, the monitored performance
metrics are processed in Group Clustering, where models are grouped based on their
routes or common characteristics. This allows targeted management of similar models,
especially useful in geographically distributed systems.
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If a trigger is activated, indicating that thresholds are unmet, the flow initiates trigger
activation, looping back to inference with adjustments to meet performance targets. If
the trigger is not activated, trigger deactivation proceeds, moving to model retrieval to
identify if an existing model variant meets the required thresholds. If an appropriate
model is found, model selection is conducted to deploy it back into inference, complet-
ing a feedback loop for optimizing current detection requirements without retraining.
In cases where no suitable model variant exists, the system advances to a retraining
optimization decision, where an assessment of retraining costs and the potential perfor-
mance improvement is made. If retraining is deemed beneficial, the model retraining
process is initiated. Once retraining is complete, the newly optimized model is reintro-
duced into inference, thereby enhancing performance and updating models for following
inference. This cyclical framework ensures the dynamic adaptation of object detection
models in response to changing performance demands, enabling sustained performance

while managing computational resources effectively.

5.2.3 Problem Statement

In this part, the author defines a couple of Trigger or Keep decisions and formalizes
the optimization problem to be addressed. From the time ¢t = 0 to ¢ = T', the model
performance is monitored at regular intervals. At each time ¢, the model performance is
evaluated based on current and historical inference performance results. The Threshold
Triggering makes a Trigger decision when arbitrary model retraining trigger conditions
are satisfied, and a Keep decision otherwise. A Trigger decision initiates the model
retraining process, while a Keep decision maintains the current inference model without

retraining or selecting.

For a model optimization, three phases are assumed: model retraining triggering, model
selection, and model retraining optimization. In the first phase, the model retraining
triggering phase, the conditions are defined that trigger model retraining and assign
urgency levels to prioritize these tasks based on the current performance of the object
detection model in 5.2.3.1. In the second phase, the model selection phase, the model
selection process is proposed to prioritize model reuse and minimize retraining costs

when a threshold trigger is activated in 5.2.3.2. In the third phase, the model retraining
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FIGURE 5.6: Processing of Object Detection Model Optimization.

optimization phase, three optimization plans are proposed to optimize the object de-
tection model retraining process after model retraining triggers are activated in 5.2.3.3.
For solving the object detection model optimization problem, an optimization problem
is illustrated based on Mixed-integer linear programming (MILP). The MILP-based op-
timization problem is designed to optimize the object detection model retraining process

by considering the trigger conditions, urgency levels, and optimization plans.

5.2.3.1 Model Retraining Trigger

In this part, the model retraining conditions are defined that trigger model retraining
and assign urgency levels to prioritize these tasks based on the current performance of
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the object detection model. The trigger conditions directly reflect the model’s perfor-
mance and the need for retraining. While the urgency levels of triggers represent the
importance of retraining actions relative to the performance and corresponding perfor-
mance thresholds. These conditions and their associated urgency levels are outlined as

follows:

0. No Trigger: No retraining is necessary as the model’s performance is within

acceptable bounds and any following triggers are not activated.

1. Precautionary Trigger: This type of trigger is used to prevent performance
degradation in advance before it falls below a higher expected threshold. Although
recent performance is declining, it remains above a critical performance threshold
when the trigger is activated. The precautionary trigger decision function can be

defined as:

Trigger AE,an,t/ >maxt’ € [t + 1,t + Textral (Tperf (1))

D(taTea:t’r‘a) = (54)

Keep otherwise

Where:

Textra 1S the precautionary trigger extra period.

e t'is a time within the range from t + 1 to t + Teztra-

Tperf(t') Tepresents the performance threshold function over time ¢'.

Ailffn,t’ represents the estimated performance based on a performance decay
model incorporating a logistic function. This formulation captures the natural
performance decline over time, assuming that the impact of retraining is
most pronounced immediately after deployment and gradually diminishes.

Here, the logistic decay function to fit model the gradual decline in model

performance is given by:

Aest _ A _ Advmvtlast;retrain — Ad,m,oo (5 5)
d,m,t’ — d1m1tlast,'ret'rain 1 + e_k(t_t()) ) .
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82

where Agm t1,.s reirain 15 the initial performance at the last retraining time,
A is the empirically lower bound of performance, k is the decay rate, con-
trolling how fast the performance declines,ty is the inflection point where the
decline accelerates. These parameters are decided on recent model perfor-

mance historical data.

The trigger condition is based on the pre-defined precautionary trigger extra period
Teatra, Which defines the searching range of a potentially higher expected perfor-
mance threshold. When the trigger is activated, retraining is initiated to prevent

further degradation.

. Periodic Trigger: This type of trigger is used to resist model staleness along

with gradual performance degradation, as the lowest priority trigger. The periodic

trigger decision function can be defined as follows:

Trigger t — tiastretrain > Tinterval
D<t; Tinterval) = (56)

Keep otherwise

Where:

e t is the current time.
o tiastretrain 1S the last model retraining time.

* Tinterval 1S the pre-defined retraining interval.

The trigger condition is based on the pre-defined retraining interval, which is
determined based on the expected model performance degradation rate. Periodic
retraining is scheduled at regular intervals, irrespective of the current performance
metrics. Each trigger testing compares the latest model retraining time with the
current time to determine if the retraining interval has been reached. When the

trigger is activated, retraining is initiated to prevent model staleness.

. Cumulative Trigger: There is a continuous decline in performance, with the

model nearing a high threshold. This condition indicates a persistent issue requir-
ing retraining to address long-term precision degradation. The trigger condition
is based on the pre-defined performance decline threshold, which defines the cu-

mulative performance decline threshold. When the trigger is activated, retraining
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is initiated to address the long-term precision decline. The cumulative trigger

decision function can be defined as:

Trigger Ad,m,tlastimtmm - Ad,m,t > Teumulative
D(t, Tcumulative) = (57)

Keep otherwise
Where:

o Admtioareirain 18 the model’s performance at the last retraining time.

e Agm,; is the model’s current performance.

o Teumulative 1S the cumulative performance decline threshold.

. Critical Trigger: This type of trigger is used to address severe performance degra-
dation. The trigger condition is based on the model’s performance falling below
a critical performance threshold, necessitating immediate retraining to restore ac-
ceptable performance levels. When the trigger as the top priority is activated,

retraining is initiated to address the severe precision decline. The critical trigger

decision function with performance threshold can be defined as:

Trigger  Agmt < Teritical
D(t7 Tcritical) = (58)
Keep otherwise

Where:

o Agm, is the model’s current performance.

e Teritical 18 the critical performance threshold.

Each time the model performance is monitored, the model retraining conditions are

matched with the above parameters pre-defined by the user. Higher urgency levels

are assigned to triggers that are more critical and require immediate attention. Since

several arbitrary trigger conditions on one same inference model may be activated simul-

taneously, the urgency levels are used to prioritize the retraining tasks, i.e. the model

retraining task with the highest urgency level is selected for execution.
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5.2.3.2 Model Selection

The model selection process in the optimization framework is designed to prioritize
model reuse and minimize retraining costs when a threshold trigger is activated. The

procedure involves the following steps:

1. Threshold Trigger and Model Search: Upon activation of a threshold trig-
ger, the system first searches for alternative models within the same group before
initiating model retraining. This step aims to identify any existing models that

may satisfy current performance requirements.

2. Model Evaluation Threshold: During the search, available models are evalu-

ated sequentially based on specific conditions to determine their suitability:

e Condition 1: If an alternative model meets the current performance thresh-
old, it is selected and deployed immediately in place of the current model,

effectively switching to a higher-performing model without retraining.

o Condition 2: If an alternative model does not fully meet the performance
threshold, but demonstrates greater performance than the current model, the
system initiates retraining using this higher-performing model as a base to

further enhance performance.

e Condition 3: If an alternative model shows lower performance than the
current model, it is disregarded, and retraining is performed using the current

model instead.

3. Retraining Decision: After evaluating available models, the system selects the
best-suited model for inference. If no models meet the performance requirements
or provide improvement over the current model, retraining is carried out on the

current model to ensure the desired performance level is achieved.

Fig. 5.7 illustrates an example for the scope of model selection after group clustering
(in Section 5.2.4.1) for mobile devices in a maritime environment, where devices store
previously trained models locally for reuse. The devices are grouped into Group A and
Group B based on their stored models and relevance to current tasks. In Group A, three

devices store multiple versions of relevant models, enabling them to serve as potential
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FIGURE 5.7: Scope Example of Model Selection.

candidates for selection during retraining or inference tasks. For example, Device 1
triggered for model update currently uses Model a ver3, but can reference older versions
of the same model Model a ver2 and Model a verl for efficient fine-tuning or rollback.
Similarly, Device 2 also has Model a ver3 and earlier versions, making it a candidate
for sharing model parameters. Device 3, storing models of a different type, provides
potential resources for other devices requiring similar models. In contrast, Group B
contains models irrelevant to the triggered task, such as Model ¢ verl, making them
non-candidates for selection. This group clustering process ensures computational
efficiency by narrowing model selection to relevant devices, minimizing unnecessary data
transfer and resource usage. The system prioritizes model reuse to streamline updates
and optimize resource-constrained environments. This decision-making process ensures
that only models offering a clear performance benefit are deployed, thereby optimizing

model performance and computational resource usage.
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5.2.3.3 Optimization Plans

To support the subsequent optimization plans, the following terms and notation are

introduced, defining core elements used within the optimization problem:

e Time: Represents a time duration with the same interval to periodically monitor
the model performance and trigger retraining actions, and the time is defined

mathematically as t.

e Model: Represents an object detection detector, characterized by its model param-
eters, training dataset, testing performance, and estimated time and GPU memory
consumption when retraining. Each model is defined as m, with the current model
state prior to retraining denoted as mcyrrent, and the selected or optimized model

post-retraining represented as m*.

o Device: Denotes the computational environment (e.g., edge servers or mobile de-
vices) on which object detection models are deployed, with defined computational

capabilities and resource constraints.

In this part, three optimization plans are proposed to optimize the object detection
model retraining process after model retraining triggers are activated. All optimization
plans are designed to optimize the model retraining process by considering the trigger
conditions, urgency levels, and the current performance of the object detection model.
Three optimization plan alternatives are provided for satisfying three different require-
ments: time efficiency, resource effectiveness, and performance improvement. The three
optimization plan alternatives include Time Minimization Plan, Resource Mini-

mization Plan, and Performance Improvement Plan.

Time Minimization Plan is designed to minimize the model retraining time by se-
lecting the fastest retraining model on the fastest retraining nodes. The plan aims
to minimize the total retraining time by selecting the fastest retraining model on the
fastest retraining nodes, ensuring rapid adaptation of the object detection model. This
plan is particularly suitable for scenarios requiring immediate model updates, where

maintaining operational continuity is crucial.

Resource Minimization Plan is designed to minimize resource consumption by select-

ing the most resource-effective retraining model on the most resource-effective retraining
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nodes. Concretely, the resource of one-time retraining is defined as the product of the
retraining time and the retraining consumption of GPU memory. The resource can be

calculated as follows:

R = Tietrain X GPU Memory (5.9)

where R is the resource of one-time retraining, whose unit is GBhr, TRetraining is the

retraining time, and GPU Memory is the retraining consumption of GPU memory.

The plan aims to minimize computational resource usage by selecting the most resource-
effective retraining model on the most resource-effective retraining nodes, optimizing
retraining to conserve device resources. This plan is designed for resource-constrained
environments where computational or memory limitations restrict frequent or resource-

intensive retraining.

Performance Improvement Plan is designed to minimize the expected model per-
formance degradation by selecting the best retraining action. It predicts all potentially
available retraining models and nodes, and estimates their model performance improve-
ment. The plan aims to maximize the model performance improvement by selecting
the best retraining action, while it empirically requires more time or resources than the

other two plans.

5.2.3.4 Optimization Problems

This part presents the optimization problems of maritime mobile object detection. The
system consists of a network of interconnected nodes, including mobile devices and cloud
servers, that cooperate to detect and track maritime objects. The mobile devices, such
as cameras and sensors mounted on ships, capture time-series image data. This data is
either processed locally on the edge devices or transmitted to centralized cloud servers
for further computation. D is the set of mobile devices, C' is the set of cloud servers,
and NN is the set of all nodes including all devices and servers. G is defined as the
set of groups, divided by Group Clustering, D, and Cy; mean the mobile device and
cloud server sets divided into group ¢g. The existing inference model set is denoted as

M, especially, mgy means the current inference model of mobile device d. The detailed
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notations and definitions are listed in Table 5.1. Furthermore, a binary decision variable
e(d,n,m,t) is defined to indicate the execution of model m on node n including any

device and cloud server at time t. It can be defined as:

1, if model m is executed on node n by device d at time ¢
e(d,n,m,t) = (5.10)

0, Otherwise

These decisions can be integrated into ¢(d, m, t), defined to indicate the decision of model
selection and retraining on inference model m of mobile device d at time ¢t. The selection
decision s(d,m,d’,m’,t) is defined to indicate whether device d selects another model
m’ from device d’ at time t. Especially, device d can be the same as device d’, which

means the model is selected from the same device.

It can be defined as:

q(d,m,t) € {s(d,m,d',m’,t),e(d,n,m,t)} (5.11)

The result generated by decision ¢(d, m,t) are denoted as R(q(d, m,t)), which indicates

the selected or retrained model from model m on device d at time ¢.

The accuracy of model m on device d at time ¢ is denoted as Ag, ¢, which consists of

confidence score and consistency, which can be calculated as:

Adm,t = BeontfConfidence Scoreg m ¢ + BeonsConsistency g, ; (5.12)

where confidence score measures the prediction confidence from model m, and consis-
tency measures the stability of the model’s predictions from model m on device d at
time t. Beont and Beons are the respective weights, set to 0.5 each in the experiment.

Confidence Scoreg,,,: and Consistency,, , are normalized to the range from 0 to 1.

The proposed model retraining trigger algorithm is designed for optimizing model re-
training in maritime mobile object detection systems. The algorithm presented in Algo-
rithm 3, starts by clustering devices into groups based on certain characteristics using

the Group Clustering function. For each group, the algorithm monitors the performance
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TABLE 5.1: Notations and Definitions.

Notations Definitions

d,D mobile device index, set

c,C cloud server index, set

n, N node index, set

m, M inference model index, set

g9,G group index, set

t, T current time, final time

q(d,m,t) decision of model selection and retraining

e(d,n,m,t) whether retrain model m of device d by node n at time ¢

s(d,m,d',m’' whether select model m’ of device d’ for device d at time ¢

R(q(d,m,t)) results, selected or retrained model from model m on device
d at time ¢t

T¢ training time of model m on a device

Ty, training time of model m on a cloud server

7C, available computing resource of node n at time ¢

Tft minimum accuracy threshold of device d at time ¢

Cmn,t computing resource usage for model m on node n at time ¢

Dd,m.t trigger priority value for model m on device d at time ¢t

Admit accuracy of model m on device d at time ¢

Ad,m,t average accuracy of model m on device d from start time to

time ¢

of each device using the Performance Monitoring function. Whether or not a device trig-

gers a retraining condition is determined by the Retraining Trigger function, the result

of which is indicated by a retraining trigger triggery with a non-negative integer. The

triggered device gets a new optimal model m}; and a retraining trigger triggery: by the

optimal model m} is selected for that device through the Model Selection function. Once

the models for the devices in a group are updated, the group undergoes retraining opti-

mization using the Retraining Optimization function, and the results I?, are collected.

The final output R includes the retraining optimization results for all device groups.

The optimization problem of Time Minimization Plan can be formulated as:

min > > T7 - e(d,n,m,t) (5.13)

deD meM
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Algorithm 3 Retraining optimization algorithm.

1: Input: Device Set D, Model Set M, Current Time ¢
2: Output: Retraining Optimization Decisions @)
3 Q<+ 0
4: G < Group Clustering(D)
5. for each group ¢ in G do
6: for each device d in group g do
7 myg < model of device d
8: Agm,t < Performance Monitoring(mg)
9: Pd,m,¢ < Retraining Trigger(pg,m.+)
10: if pgm: > 0 then
11: M, Pd,m++ < Model Selection(d)
12: model of device d < m}
13: Qg < Retraining Optimization(g)
14: Add Qg to Q
s.t.
Vd, m,e(d,n,m,t) € {0,1} (5.14a)
vd,d' ,m,m’, s(d,m,d' ,m’,t) € {0,1} (5.14b)
vd,m, pams € {0,1,2,3,4} (5.14c¢)
Vd, m, Agmy > 744 (5.14d)
vd,m,q(d,m,t) < pam (5.14e)
Yn, m, Z Crm.dz-e(d,m,n,t) < T,?:t (5.14f)
deD
Vg, m, Z Z (d,n,m,t) <1 (5.14g)
deD neN
vd,m, > e(d,n,mt)+ > > s(dm,d,m' t)=1 (5.14h)
neN d'eDm'eM

The objective is to minimize the total training time of all models. The term 777 represents
the training time of model m on node n, and e(d,n,m,t) is a decision variable that
indicates whether retraining of model m is triggered on device d at time ¢. Thus, this
objective function minimizes the overall retraining time by determining which retraining

actions are most efficient.

Furthermore, these constraints ensure that the retraining decisions are made based on
the available computing resources, the accuracy requirements, and the priority levels for

retraining, which can be summarized as follows:
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o The constraint (5.14a) specifies that a retraining decision e(d,n,m,t) is a binary
decision variable, meaning it can only take values of either 0 or 1. Here, 0 indicates
no retraining of model m on device d at time ¢, while 1 indicates that retraining

will occur.

o The constraint (5.14b) states that a model selection decision s(d,m,d’,m/,t) is
also a binary decision variable. It represents whether device d selects model m’
from device d’ at time t. A value of 1 means the selection is made, while 0 means

it is not.

o The constraint (5.14c) specifies that the trigger priority value pg,: is an integer
between 0 and 4. It indicates the priority level for retraining model m on device
d at time t. A higher value represents a higher urgency for retraining, useful for
scheduling or prioritizing retraining tasks based on various factors, such as data

changes or model drift.

o The constraint (5.14d) ensures that the average accuracy (Agm ) of model m on
device d at time ¢t must be greater than or equal to a specified threshold (T(f). The
average accuracy is calculated from accuracy from the start time to the current
time ¢, which can be defined as:

t
Zt’:o Ad,m,t’

Ad,m,t = P

This condition ensures that the models used meet a minimum accuracy require-

ment, maintaining the quality of predictions or inferences.

o The constraint (5.14e) ensures that the decision variable g(d, m,t) is less than or
equal to the trigger priority value pg .. Here, ¢(d, m,t) represents the decision
of model selection s(d,m,d',m’,t) or retraining e(d,n,m,t) on inference model
m of mobile device d at time ¢. This constraint enforces that the retraining or
selection decisions are made only when the trigger priority value indicates a need

for retraining.

o This constraint (5.14f) limits the computing resources used for model m on node
n at time t. The term C), 4; represents computing resources required for model

m on device d. The total resource consumption must be less than or equal to the

91



Chapter 5. Object Detection Model Optimization

available capacity (7€

wt)- It ensures that the retraining or inference tasks do not

exceed the available computational resources.

o This constraint (5.14g) enforces that model m is retrained at most once across
all nodes and devices in a given group ¢g. This is useful for avoiding duplicate

retraining tasks and ensuring that resources are used efficiently.

o This constraint (5.14h) requires that, model retraining e(d, n, m,t) and model se-
lection s(d, m,d',m’,t) are mutually exclusive for a given model m on device d at
same time. The sum must equal 1, indicating that a device can either retrain or

select a model at a given time, ensuring no conflicting decisions are made.

The objective function of Resource Minimization Plan can be reformulated as:

min Z Z C(m,d,t)-T) -e(d,d,m,t) (5.15)

deDmeM
where C'(m,d,t) is the computing resource usage for model m on device d at time ¢,
and 77} is the training time of model m on node n. Similarly, the constraints can be

reformulated as the before mentioned constraints.

The objective function of Performance Improvement Plan aims to minimize the
total number of times across all devices and models where the model accuracy drops
below the specified threshold from time ¢t + 1 to 7. Firstly, a model m* is defined
as the updated version of model m after retraining decision e(d,n,m,t) is executed
for model m on node n by device d at time t. If e(d,n,m,t) = 1, the model m is
retrained, and m™ represents the updated version of model m at future time steps. The
next step is to determine the accuracy of the estimated model m* at time steps after
retraining is performed: The accuracy Ag.,-y of the retrained model m* on device d
at time ¢ > t. It is influenced by retraining execution at time ¢ and time-dependent
performance degradation. Typically, accuracy degrades over time if no further retraining
is performed. The accuracy at each future time step is compared against a specified
accuracy threshold Ti‘t, to determine if the model’s performance is acceptable: If the
model accuracy drops below the threshold at any time #'. A binary variable g4 ,,+ ¢ can

indicate whether the accuracy threshold is met or not, which can be defined such that:
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L, if Agper < 734
Tdm*t' = ’ (516)

0, Otherwise

After determining the accuracy condition, the next step is to calculate the sum of all
occurrences where the accuracy drops below the threshold from ¢+ 1 to the final time T
It needs to calculate the sum of 74+ for all devices d € D, for all future time steps ¢’
from t + 1 to T'. This represents the total number of time steps across all devices where
the model accuracy is below the acceptable threshold. The final step is to minimize
the total number of situations where the accuracy falls below the threshold. It depends
on the retraining decision e(d,n,m,t) at the current time ¢ by executing retraining
(e(d,n,m,t) = 1), the model accuracy Ag = is expected to improve, thereby reducing
the number of times rg,,~ = 1 in future time steps. Conversely, if retraining is not
executed (e(d,n,m,t) = 0), the model’s accuracy might degrade faster, leading to more

occurrences where 74 .« = 1. Therefore, the objective function is formulated as follows:

min i > Tamew (5.17)

t'=t+1deD
To explicitly incorporate the effect of retraining decisions (e(d,n,m,t)), the objective
function can be modified by introducing the time-dependent effect of retraining. «(t,t)
can be defined as a time-dependent coefficient that represents the effectiveness of re-
training over time. It is modeled to gradually decrease as time moves further from the
retraining point, reflecting the diminishing improvement of retraining on model accuracy

with a decay function with the logistic curve.

Amax - Amin
1+ e R(E—0)—0)

a(t',t) = Amin + (5.18)
Where Apax is the initial and maximum model accuracy, usually set to the current
accuracy, Amin is the minimum improvement of retraining, usually set to the minimum
historical accuracy, xg is the inflection point, which is the decline time to the middle
point between Apax and Apin, k is the growth rate to control the decline speed near the
inflection point. This formulation reflects that the retraining effect is most significant

immediately after retraining and gradually diminishes over time.
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Therefore, the updated objective function for the retraining optimization problem can

be formulated as:

T
min =~ > > > (rame — alt',t) - e(d,n,m,1)) (5.19)

t'=t+1deDmeM

Additionally, the following constraint can be added to ensure that the term inside the

summation is always greater than or equal to zero:

Tamy —a(t',t) -e(d,n,m,t) >0, Vde D,me M,t' e {t+1,...,T} (5.20)

The constraint 5.20 ensures that the item of object function inside the summation is
always greater than or equal to zero. This prevents the optimization from overestimating

the impact of retraining, ensuring realistic results.

5.2.4 Implementation

In this part, the author illustrates the implementation of object detection model opti-

mization, including model retraining, group clustering, and dataset construction.

5.2.4.1 Group Clustering

In this part, the author illustrates the group clustering process for maritime mobile de-
vices based on their proximity of physical locations, voyage schedule, and detected object
distributions. The group clustering process is implemented before the model optimiza-
tion process, and influences the ranges and results of model selection and retraining
decisions. Group clustering is implemented to limit the search scope for reusable ex-
isting detection models, thereby optimizing the computational cost of model selection.
Among various clustering techniques, the non-hierarchical K-means method was chosen

for its computational efficiency and suitability for non-hierarchical data grouping.

The group clustering process, implemented prior to model optimization, serves as a
foundational step that significantly influences the scope and outcomes of both model
selection and retraining decisions. Clustering is used strategically to limit the search
area for reusable detection models, thereby enhancing efficiency in model selection and
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retraining. Among various clustering techniques, the non-hierarchical K-means method
was selected for this framework due to its simplicity, scalability, and effectiveness in
handling large datasets with minimal computational overhead. K-means is particularly
suitable for mobile object clustering as it allows for the clear partitioning of data based
on pre-defined centroids, which aligns well with dynamic object detection environments.
By clustering objects based on specific characteristics, K-means aids in organizing and
prioritizing models according to location, object distribution, and environmental condi-

tions, thereby refining the retraining scope.

Mobile devices are clustered using K-means based on structured data points that repre-

sent environmental and object characteristics, including;:

¢ Sea Area and Data Distribution: Clusters are defined by the geographical sea
area through which mobile entities travel, alongside the distribution of detected
object types within this region. This geographic grouping helps tailor models
to specific maritime zones, where variations in object presence and density are

anticipated.

¢ Object Size and Distribution: The average size of detected objects and the
proportion of different object types, as identified through detection processes, are
also included as clustering factors. This consideration ensures that models are
tailored to the types and scales of objects commonly encountered within each

cluster.

e Object-Free Image Rate: The percentage of images that contain no detected
objects is also factored in, as it reflects sparsity levels in the data, allowing the

clustering to prioritize areas with more dense or significant object occurrences.

e Weather Conditions: To address environmental variance, the percentage of
images associated with different weather conditions (extracted through weather
classification) is used to establish clusters. This helps optimize model selection for
environmental contexts that frequently impact detection accuracy, such as fog or

rain.

This clustering approach effectively reduces the operational search space by grouping
mobile entities with similar characteristics, thus enhancing the efficiency of the overall
optimization process.
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5.2.4.2 Dataset Construction

In this part, the author illustrates the data processing pipeline for constructing a dataset
to retrain maritime object detection models. Fig. 5.8 illustrates the data process-
ing pipeline for constructing a dataset to retrain maritime object detection models.
The pipeline adopts the pseudo annotation method MixMatch [124], leveraging semi-
supervised learning to generate pseudo-labels for unlabeled data and reduce data anno-
tation time and costs while enhancing the model’s performance. The process unfolds
across four interconnected stages: data augmentation, prediction distribution, consis-

tency regularization, and confidence masking.

Existing |

Unlabeled Data Model |prediction Consistency Pseudo

Image Augmentation Distribution Regularization Label
TSample . \ FEWMLI lBuiId

Unlabaled m
New —— New

collected ,;"’ml%'f ragion retraining

data dataset

FIGURE 5.8: Processing of Dataset Construction with Pseudo-labeling.

The pipeline begins with data augmentation, a crucial step for enriching the diversity
of the dataset. Various augmentation techniques are applied to unlabeled images, in-
cluding transformations such as rotation, cropping, and flipping. These augmentations
create multiple views of the same image, enhancing the dataset’s variability while pre-
serving the underlying semantic information. By generating diverse variations of the
input data, this stage helps the model generalize across different environmental condi-

tions, such as changing weather or lighting during maritime operations.

Next, the augmented data is passed through prediction distribution, where an ex-
isting pre-trained model is used to generate preliminary predictions for each augmented
instance. The output from the model represents a probability distribution across dif-
ferent object classes. These predictions capture the model’s current understanding of
the data and provide a foundation for pseudo-label generation. This stage leverages the
knowledge embedded in the pre-trained model to create an initial annotation framework,

even in the absence of ground-truth labels.
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The output distributions are then refined through consistency regularization, which
ensures that the model’s predictions are stable and coherent across multiple augmen-
tations of the same image. The predictions from the augmented data are averaged to
smooth out noise and stabilize the results. Subsequently, a sharpening operation is ap-
plied to enhance the confidence of the dominant class in the distribution, transforming
the smoothed output into more decisive pseudo-labels. This process helps to align the
predictions with the true underlying data patterns, reducing the uncertainty and improv-
ing the reliability of pseudo-labels. The remaining pseudo-labels are used to annotate

the dataset, effectively converting unlabeled data into a semi-supervised training set.

5.3 Summary

This chapter presents a comprehensive framework for optimizing object detection models
on maritime mobile systems, focusing on enhancing the efficiency of model retraining un-
der resource constraints. The system architecture is designed to support adaptive object
detection capabilities through continuous monitoring, model selection, and retraining op-
timization. This chapter outlines the evaluation method for consistency in time-series
object detection results, and the optimization problem formulation for model retrain-
ing. Besides, the implementation of model retraining, group clustering, and dataset
construction is detailed, providing a structured approach to enhancing object detection
performance in maritime environments. This approach enables the system to adapt to
dynamic maritime conditions, addressing challenges such as limited labeled data and

fluctuating operational environments.
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Chapter

Experiments and Evaluations

6.1 Overview

In this chapter, the experiments and evaluations of the proposed approaches are pre-
sented. The chapter is divided into two parts: the first part introduces weather-aware
object detection, and the second part presents the object detection model optimization.
Section 6.2 and Section 6.3 describe the experiments of the image quality improvement
by the weather noise removal and the object detection performance of the weather-aware
object detection method proposed in Chapter 4. Section 6.4 and Section 6.5 present the
experiments of the consistency evaluation of time-series image results and the object
detection model optimization method described in Chapter 5. The experiments are
conducted to validate the effectiveness of the proposed approaches in addressing the
challenges of object detection in maritime surveillance systems. The results of the ex-
periments demonstrate the improvements in object detection performance and efficiency

achieved by the proposed approaches.
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6.2 Weather Noise Removal

In this section, experiments are conducted to demonstrate that the proposed tool adap-

tively removes noise and contributes to improving the performance of object detection.

6.2.1 Experimental Methodology

This experiment ran the proposed tool on the Amazon EC2 instance type of g4dn.2xlarge
and input raw images with fixed size into the multi-class weather classification model.
Fig. 6.1 shows the sample restored images by the five rain removal algorithms, and
their corresponding quantitative evaluation results with synthetic rainy image datasets
Rain100H [125]. In the above part, it shows an example image with the same original
image and its corresponding rain noise removal results by five algorithms. The quanti-
tative evaluation results and average processing time per image are shown in the table
below the images, which the green ones in the table represent the best results in each
evaluation metric, and the red ones represent the worst results. Concretely, it evaluated
their average processing time and result image quality of the existing rain removal

algorithms to find the most suitable rein noise removal algorithm as follows:

o Progressive ResNet (PReNet): It provides a better and simpler baseline rain
removal network [28] by considering network architecture, input and output, and
loss functions. Specifically, it proposed to take advantage of recursive computation
by introducing repeatedly unfolding a shallow ResNet. A recurrent layer is further
introduced to exploit the dependencies of deep features across stages, forming our
progressive recurrent network. Furthermore, intra-stage recursive computation of
ResNet can be adopted in PRN and PReNet to notably reduce network parameters

with unsubstantial degradation in rain removal performance.

o DerainNet (DDN): It is a deep architecture that not only has benefits for high-
level vision tasks but also can be used to solve low-level imaging problems [126]. It
directly reduces the mapping range from input to output, which makes the learning
process easier. To further improve the de-rained result, it also uses a priori image
domain knowledge by focusing on high-frequency detail during training, which
removes background interference and focuses the model on the structure of rain in
images.

100



Weather Noise Remowal

o Gaussian Process-based Semi-Supervised Learning (GP-based SSL): It is
a comprehensive algorithm [127] that combines Gaussian Process, semi-supervised
learning to improve the performance of the model on real-world images. It is more
adept at rain and fog coexistence and less effective for rain maps such as large

raindrops, which were rarely seen during previous training.

o Lightweight Pyramid Network (LPNet): It is a lightweight pyramid network
[128] for single-image rain removal with domain-specific knowledge to simplify the
learning process. It introduces the mature Gaussian-Laplacian image pyramid
decomposition technology to the neural network. By decomposing the input image
into multiple scales, the learning problem at each pyramid level is greatly simplified

and can be handled by a relatively shallow network with few parameters

¢ DerainNet: It decomposes each image into a low-frequency base layer and a
high-frequency detail layer [129]. Consequently, the detail layer is the input to
the CNN for rain removal. To further improve visual quality, it also introduces an
image enhancement step to sharpen the results of both layers since the effects of

heavy rain naturally lead to a hazy effect.

6.2.2 Evaluation Metrics

In the quantitative evaluation of image quality, two full-reference image quality assess-
ments were utilized: Peak Signal Noise Ratio (PSNR) and Structural Similarity (SSIM)
[122] for synthetic rainy image datasets. The mathematical representation of the PSNR

is as follows:

MAX
PSNR=20-1o (f) . 6.1
210 \/m ( )
where the MSE (Mean Squared Error) is:
1 m—1n—1
MSE=— %" % [1(i,j) — K(i,)]" (6.2)
mn =y j=o

where f represents the matrix data of the original image, g represents the matrix data of
the degraded image in question, m represents the number of rows of pixels of the images
and ¢ represents the index of that row, n represents the number of columns of pixels of the

image and j represents the index of that column, M AXy is the maximum signal value
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that exists in the original image, known to be good. Besides, three commonly used
non-reference image quality assessments: Blind/Referenceless Image Spatial Quality
Evaluator (BRISQUE) [130], Structural SIMilarity Evaluation with a Quality factor
(SSEQ) [131], and Natural Image Quality Evaluator (NIQE) [132] were utilized for real-

world rain image datasets.

6.2.3 Weather Noise Removal Evaluation Results

Ground truth Testing image PReNet DDN GP-based SSL LPNet DerainNet

- ———— T - rY ) e at —
_‘W rm -_731:‘“»" :u'nl' < 'm:"ﬁ i

PSNR 28.06 16.41 15.44 14.64 12.09

o,

SSIM 0.88 0.52 0.39 0.46 0.27

BRISQUE 20.76 34.49 41.65 37.53 42.39

SSEQ 3.89 6.18 9.51 6.18 10.75

NIQE 85.50 89.72 73.65 85.34 83.01

Average process time (s) 0.1770 0.2660 0.2187 0.1137 0.4718

FIGURE 6.1: Comparison of Rain Noise Removal Algorithms.

The author eventually selected an excellent algorithm: the Progressive ResNet (PReNet)
algorithm [28] in the rain removal model according to the evaluation results in Section
6.2. PReNet is a recurrent neural network consisting of a simple combination of ResNet
and multi-stage recursion, providing a favorable performance of image rain removal. It
validated the tool with real-world rain image datasets [133] widely used in evaluations
of rain removal algorithms. Finally, the experiment used YOLOv3 [134] to realize a
simple object recognition application to offer further evidence of the beneficial effect of
the tool for object detection applications. In Fig. 6.2, the tool predicted rainy weather
successfully, and the generated fair image can be detected to a bench object with the

YOLOv3 official model.

6.3 Weather-aware Object Detection Model Specialization

In this section, this experiment aims to validate the feasibility of the proposed approach
through weather classification on weather-related noise rendering. Then, the perfor-
mance of baseline models on maritime datasets and their performance degradation un-

der adverse weather conditions is evaluated, followed by the comparison of specialized
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(B)

FIGURE 6.2: Comparison of Object Detection Results under (A) Rainy and (B) Fair
Weather Conditions.

models with baseline models. Finally, the model retraining experiment is conducted to
validate the feasibility of model retraining to improve accuracy using a newly collected

dataset in Weather-OD .

6.3.1 Experimental Methodology

The experimental environments, and maritime datasets for training object detection
models can be summarized as follows. The experiment is carried out in a cloud server
environment, which includes an NVIDIA A100 GPU providing high computing power

suitable for large-scale data processing tasks. This environment is used for training and
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retraining the object detection and weather classification models, as well as storing and
processing large amounts of data. The performance of the object detection and weather
classification models is evaluated under cloud settings commonly encountered in real-
world maritime surveillance scenarios. Detailed specifications of the cloud environment

are provided in Table 6.1.

TABLE 6.1: Experimental Environments.

Components | Specifications
Intel Xeon Platinum 8368 2.40GHz,
CPU RAM= 60GB
GPU NVIDIA A100 GPU 40GB
OS Ubuntu 20.04.6 LTS
Libraries CUDA 11.5, Python 3.9,
PyTorch 1.12.0, Torchvision 0.13.0

This experiment utilized two maritime object detection datasets for model specialization
and two weather-related noise datasets for rain and haze noise rendering. To detect
maritime objects, object detection tasks are based on the Singapore Maritime Dataset
(SMD) [135] which includes 40 on-shore videos, 11 on-board videos, and 30 near-infrared
on-shore videos with annotations for 10 object types including 6 types of ship and buoy.
It is a commonly used comprehensive maritime benchmark dataset to provide better
comparability for object detection in the maritime environment. For the experiment,
10% of the frames evenly was sampled to prevent overfitting, because there are only a
few different ship shapes in the same video. Another dataset, DatasetShips (DS) [136] is
also utilized for incremental learning with models trained on SMD. It is an open-source
object detection dataset including about 5000 images with annotations for 10 types of

vessels, more subcategorized than SMD.

TABLE 6.2: Comparison of mAP for Different Baseline Models on SMD, Synthetic
SMD-rain, and SMD-haze Test Data.

Test data SMD SMD-rain SMD-haze | vs SMD-rain vs SMD-haze
YOLOv5 0.542  0.064 0.147 -88% -73%
Faster R-CNN | 0.553 0.051 0.121 -91% -78%
DETR 0.313 0.021 0.096 -93% -69%

Three deep learning-based object detection models can be obtained from pre-trained
models on Microsoft COCO (Common Objects in Context) [137], which are publicly
available on their respective official websites and on PyTorch Hub [138]. There are three

types of models as follows:
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o YOLOV5 [139], a single-stage detector that performs region proposal and object

classification in a single pass of the network;

o Faster R-CNN [42], a two-stage detector that generates region proposals before

performing classification and bounding box regression on the regions;

o End-to-End Object Detection with Transformers (DETR) [39], an object detection
algorithm based on the Transformer architecture used in natural language process-
ing tasks, which performs detection in an end-to-end manner without using anchor

boxes or region proposals.

The experiments utilized three different variants of the YOLOvV5 object detection model:
YOLOv5s, YOLOv5bm, and YOLOv5x, and took the average of their detection results.
Additionally, one Faster R-CNN network with a ResNet-50-FPN backbone and one
DETR network with a ResNet-50 backbone were adopted.

6.3.2 Weather Classification

This part aims to validate the performance of the weather classification model in
automatically categorizing maritime data collected in maritime scenarios. Three com-
monly used evaluation metrics, accuracy, recall, and F-1 score (higher is better): are
utilized to assess the object detection model accuracy. The accuracy metric measures
the ratio of correctly classified objects to all objects in the dataset, while the recall met-
ric measures the ratio of correctly identified positive objects to all positive objects in the
dataset. The F-1 score is the harmonic mean of precision and recall, providing a single
metric to evaluate the model’s performance. Precision refers to the ratio of correctly
identified positive objects to all objects classified as positive, while recall refers to the

ratio of correctly identified positive objects to all positive objects in the dataset.

The evaluation results of the weather classification model are presented in Table 6.3, as
demonstrated in the previous work [108]. The weather classification model achieved high
precision and recall rates exceeding 95% on genuine images of the validation dataset.
Additionally, the model accuracy is tested on synthetic datasets, including SMD-rain and
SMD-haze based on SMD, using the weather classification model. The results of 100%
precision and recall on synthetic data SMD-rain and over 99.5% precision and recall on
SMD-haze proved the feasibility of automatic weather classification in collected data.
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Overall, the results indicated that the weather classification model was highly accurate,
with near-perfect performance for both datasets. By validating the accuracy of the
weather classification model, it can be ensured that the collected data is correctly labeled
and can be utilized to retrain specialized object detection models for better performance

under specific weather conditions.

TABLE 6.3: Weather Classification Evaluation Results.

Type | Accuracy Recall F-1 Score
Fair 95.20%  96.00% 95.60%
Rainy 98.00%  95.50% 96.70%
Hazy 91.60% 94.40% 93.00%

6.3.3 Model Specialization Evaluation Results

In this part, the results of the experiment are presented in a comparison table (Table 6.2),
which shows the mAP scores for each model on each dataset, as well as the percentage
difference in performance between the original SMD dataset and the synthetic rainy
and hazy SMD datasets. Besides, the differences between the mAP on SMD and the
synthetic adverse weather datasets are also included. The mAP scores and differences are
reported as percentages, with negative percentages indicating a decrease in performance
for the synthetic datasets compared to the standard SMD dataset. It can be found
that both rain noise and haze noise lead to severe performance degradation in maritime
object detection, with the mAP dropping from 88% to 93% and from 69% to 78%,
respectively. These results highlight the importance of weather-aware object detection

models in maritime surveillance systems.

The experiment was conducted to validate the effectiveness of baseline object detection
models for improving object detection accuracy in maritime environments. Specifically,
the performance degradation of these models under rainy and hazy weather conditions
was focused on the evaluation. The mean Average Precision (mAP) (higher is
better) metric was utilized to evaluate the performance of the models, which combines
precision and recall across multiple Intersection over Union (IoU) thresholds to measure
the accuracy of the models. Three different baseline models, namely YOLOv5 [139],
Faster R-CNN [42], and DETR [39], were evaluated on three different datasets: the
original SMD dataset, synthetic rainy SMD (SMD-rain), and synthetic hazy SMD (SMD-
haze).
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The objective of this experiment is to compare the performance of specialized object
detection models in Weather-OD with existing baseline models, and those combined
with weather-related noise removal pre-processing in the existing approach. The author
tested and compared the following three methods under adverse weather conditions, and

finally assessed statistical differences with ANOVA (Analysis of Variance) [140]:
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FIGURE 6.3: Comparison of mAP on Synthetic (A) Rainy SMD-rain and (B) Hazy
SMD-haze Test Data.
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1. Baseline: Three types of baseline models as pre-trained models and trained the
models using the SMD dataset. The author directly inputs these models with the
SMD-rain and SMD-haze test data.

2. Baseline models with noise removal (NR + Baseline): This is a commonly
used method to cope with weather-related noise in existing studies. To implement
this approach, the author used the rain noise removal model, Progressive ResNet
(PReNet) [28], and the haze noise removal algorithm, Big FastNet [141]. The ex-
periment used the rain and haze removal models to pre-process the SMD-rain and

SMD-haze test data and obtain visually restored images for the baseline models.

3. Weather-OD : The author trained a series of specialized models for rain and
haze weather conditions on the SMD-rain and SMD-haze training data. Then
these models were input into the corresponding special models with the SMD-rain

and SMD-haze test data.

Fig. 6.3 compares the mAP on (A) synthetic rainy SMD test data in Fig. 6.3a and (B)
synthetic hazy SMD test data in Fig. 6.3b with three methods above. When rain removal
pre-processing with PReNet was applied to these baseline models, the mAP improved
slightly. However, when haze removal pre-processing with Big FastNet was applied
to these baseline models, the mAP was degraded compared with the baseline models.
The reason is that haze removal tends to sharpen the object excessively, leading to
unrealistic image outputs, which usually aggravates the task of feature extraction for the
object detection model. There is thus no guarantee that weather-related noise removal
pre-processing will help object detection, even if these methods achieve a certain level
of effectiveness in visual restoration with non-reference image quality assessment [28]
[141]. Additionally, Weather-OD with the specialized models achieved the highest mAP
values on both rainy and hazy SMD test data, indicating their superior performance in

these weather conditions.

To assess whether there are any statistically significant differences in the above results, a
statistical analysis using Analysis of Variance (ANOVA) [142] is also conducted. ANOVA
is a statistical method that helps to interpret the experimental results by statistically
evaluating the variance of data and differences between groups. In this experiment, the
author analyzed the mAP values of the three method groups: baseline, NR + base-
line, Weather-OD , and yielded two values: the F-statistic (F) and p-value (p). Each
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method encompasses outcomes derived from three model types (YOLOvVS5, Faster R-
CNN, DETR) and two weather conditions (rain, fog). The F-statistic represents the
ratio of the treatment’s mean squares to the error’s mean squares. The p-value, another
outcome of this analysis, determines the statistical significance of differences between
group means. If the computed p-value falls below the threshold of 0.05, it rejects the
null hypothesis of the ANOVA and infers that substantial statistical distinctions exist

between the means of the three groups.

The ANOVA analysis yielded results as follows: F' = 18.695,p < 0.0027. They indicate
that there are indeed substantial differences in the mAP values achieved by Weather-
OD compared to the two existing methods. The results validate the purpose that the
proposed approach has a notably different impact on object detection performance under
various weather conditions. These findings suggest that specialized models for specific
weather conditions can significantly improve the performance of object detection models

under adverse weather conditions.

Finally, the average inference time of the three models is 232 ms, 769 ms, and 504 ms,
respectively, on the NVIDIA Jetson TX2, and there is no difference from their base-
line models. It highlights the specialized models executed on edge servers can provide

performance improvements without increasing latency for maritime surveillance.

This part aims to validate the feasibility of model retraining to improve accuracy us-
ing a newly collected dataset in Weather-OD , and finally assess statistical differences
using ANOVA. The author conducted an experiment on incremental learning using the
DatasetShips (henceforth, DS) dataset with three models trained on the SMD dataset.
The aim was to explore the effectiveness of incremental learning on maritime object
detection tasks. The mean average precision results evaluated on DS test data and its
synthetic DS-rain and DS-haze test data are shown in Fig. 6.4 from (A) to (C). These
figures respectively showed the results for specialized models only on old training data,
specialized models only on new training data, and specialized models on SMD with
incremental learning on corresponding DS series training data. For each test dataset,
the three figures show the mAP scores for three specialized models: YOLOv5, Faster
R-CNN, and DETR. For each model, the mAP scores are shown for three training

patterns:
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1. Old data only: They were trained on SMD training data or the synthetic SMD-

rain, and SMD-haze, from pre-trained models.

2. New data only: They were trained on DS training data, or the synthetic DS-rain,

and DS-haze, from pre-trained models.

3. Weather-OD : It implemented incremental learning on DS series training data

from their corresponding SMD series models.

The mAP results show that specialized models (old data only) perform poorly on the
DS series test data, with mAP scores ranging from 0.045 to 0.415. However, the models
with incremental learning on DatasetShips show significant improvements in mAP scores,
with an increase of up to 10 folds in mAP scores on the DS series test data. Although
the models (new data only) also improve mAP to a certain extent, it is still not nearly

as much as the improvement from incremental learning.

Similar to the above-mentioned descriptions, the author conducted an ANOVA test
to determine if there are statistically significant differences among the mAP values
of three model training patterns: Weather-OD , old data only, and new data only.
The obtained results for the mAP values across these training patterns are as follows:
F =9.6692, p < 0.0009. These experimental results validate the intended objectives, con-
firming the statistically significant differences between the proposed method Weather-

OD and current methods.

These results indicate that incremental learning on maritime object detection tasks
can be effective in improving the accuracy of the model on a new dataset while still
maintaining the same level of performance on the original dataset. The models trained
on the SMD series data, which was a more general maritime dataset, were not able
to perform as well on the DS dataset, which had a more narrow focus on vessels. By
continuously updating the model with new data, the system can improve its performance
over time and adapt to concept shifts. The experiment highlights the importance of
incremental learning in object detection tasks and emphasizes the need for domain-

specific datasets to improve the accuracy of object detection models.
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6.3.4 Validation on Real Maritime Data

To validate the proposed weather-aware object detection method, the author utilized
actual weather data comprising 10 rainy and 10 hazy weather videos collected from on-
board recordings on YouTube. The validation compared the performance of the baseline
object detection model, trained with the SMD dataset, against the specialized object
detection model developed using the proposed method. The key metric for evaluation
was the average confidence score of object detection, which reflects the reliability of

detected objects under adverse weather conditions.

A confidence score shows the probability of the image being detected correctly by the
algorithm and is given as a percentage. The confidence score S is a numerical value
(usually between 0 and 1) that represents the model’ s certainty that a detected object
actually belongs to a particular class. It is computed by the neural network as part of

the detection pipeline, which can be expressed as follows:

S = P(Object) x IoUS‘eléh
where P(Object) is the probability that an object exists in the bounding box, and
1 oUgi‘elfih is measured by the magnitude of overlap between two bounding boxes of ground

truth and prediction. The formula for IoU is given below:

Area of Overlap

IoU = .

Area of Union
In this experiment, the author evaluated the average confidence score of each video in
object detection is defined as the mean confidence score of all detected objects across
all frames in the video. If a video consists of F' frames, and each frame f contains Ny
detected objects with confidence scores Cy;, then the average confidence score for the

video can be calculated as follows:

N
1 Fo

> > Spi

S == o —
ZleNf f=1i=1
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where F' is total number of frames in the video, Ny is number of detected objects in

frame f, and Sy ; is confidence score of the i-th object detected in frame f.

The BRISQUE [130] metric is a model that uses only the image pixels to calculate
features. It calculates image quality by first loading the image and computing Mean
Subtracted Contrast Normalized (MSCN) coefficients along with pairwise products to
capture structural distortions. These coeflicients follow different statistical distributions
in distorted and natural images. Next, the MSCN coefficients are fitted to General-
ized Gaussian Distributions (GGD) and Asymmetric Generalized Gaussian Distribu-
tions (AGGD) to extract shape and variance parameters. The image is then resized
to extract additional features, forming the BRISQUE feature vector. These features
are scaled to the range from -1 to 1 using the same parameters as the original model
training, ensuring consistency. Finally, the scaled features are fed into a Support Vec-
tor Regressor (SVR) model trained on quality scores to predict the final image quality
assessment, trained on an image database with corresponding differential mean opinion
score (DMOS) values. The database contains images with known distortion such as
compression artifacts, blurring, and noise, and it contains pristine versions of the dis-
torted images. The BRISQUE score is a measure of image quality that ranges from 0

to 100, with lower scores indicating better image quality.

Here, Fig. 6.5 shows sample images of real maritime data in rainy and hazy conditions
[146] [147]. Then Fig. 6.6 and Fig. 6.7 show the comparison of sample results of the
baseline model and the specialized model on real rainy and hazy maritime data, re-
spectively. From these results, the proposed method significantly detected more objects
with higher confidence scores than the baseline model, which outperformed the baseline

model.

After the validation, the author also conducted a quantitative evaluation to compare the
performance of the proposed method with the baseline model. The two figures in Fig.
6.8 show the comparison of mean confidence scores and mean BRISQUE scores of the
baseline model and the specialized model on real hazy maritime data, whose mean scores
were calculated for each video. More confidence scores indicate better object detection

performance, while lower BRISQUE scores indicate better image quality of video data.

The proposed method demonstrated an approximately 1.3-fold improvement in confi-

dence scores compared to the baseline, highlighting its ability to mitigate the negative
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impact of weather noise on object detection. This improvement underscores the effi-
cacy of weather-specific model specialization in enhancing detection accuracy in adverse
weather environments. While the proposed method shows clear advantages in moderate
bad weather, its performance is yet limited under extreme weather conditions, such as
heavy storms or dense haze. In these scenarios, the quality of restored images from
existing weather removal techniques further deteriorates, reducing the effectiveness of
both the baseline and the proposed method. Overall, the results validate the hypothesis
that a weather-aware approach can significantly improve object detection performance
in real-world maritime scenarios with adverse weather. However, they also suggest the

need for further refinement to address detection limitations in extreme conditions.

(B)

FIGURE 6.5: Sample Images of Real Maritime Data under (A) Rainy and (B) Hazy
Weather Environments.
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6.3.5 Discussion

In this part, it acknowledges that while Weather-OD presents promising results, there
are limitations to its implementation in real-world maritime scenarios. One such limita-
tion stems from the nature of the weather classification model, which can only provide a
single-type output as described in weather classification results.This constraint becomes
particularly relevant in practical maritime scenarios where multiple weather conditions,
such as rain and fog, can occur simultaneously. Since existing approaches considered
introducing multiple labels to weather classification [143] to predict multiple weather

conditions for one image, which are still hard to simply apply to model specialization.

Ferry 0.72

o

FIGURE 6.6: Comparison of Sample Results of (A) Baseline Model and (B) Specialized
Model on Real Rainy Maritime Data.
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Considering these limitations, future endeavors will be focused on enhancing the inte-
gration of weather classification and object detection models, aiming to enable these

systems to simultaneously provide results for various weather types.

Furthermore, the model’s performance in nighttime or low-light conditions also faces
challenges from the reliability of images captured by electro-optical cameras in 4.2.3.1.
While existing approaches [98] incorporate sensors like night cameras or radar to aid in
object detection, they still encounter challenges stemming from inadequate datasets or

significant interference caused by nighttime conditions.

Vessel—ship 0.75

(B)

FIGURE 6.7: Comparison of Sample Results of (A) Baseline Model and (B) Specialized
Model on Real Hazy Maritime Data.
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FIGURE 6.8: Comparison of Sample Results of (A) Baseline Model and (B) Specialized
Model on Real Hazy Maritime Data.

6.4 Validation of Consistency Evaluation

This section presents the results of evaluation experiments on the proposed consistency

evaluation and consistency improvement method.

6.4.1 Experimental Methodology

The experiments were conducted in an experimental environment equipped with an
NVIDIA A100 GPU to evaluate the consistency of model inference results and to measure
the improvement of consistency by extracting low-consistency training data. Detailed
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specifications of the experimental environment are shown in Table 6.4. The object
detection method used in this study is an object detection model based on YOLOv5 [139],
which has recently gained a great reputation among composite scale object detection
models. Common image datasets such as ImageNet [144] and Microsoft COCO [137]
are filled with visually dissimilar images, instead of time-series data. This makes them
suitable for measuring average accuracy, but not for measuring consistency. Instead, the

author adopted the SMD dataset [98], which consists of time-series images.

TABLE 6.4: Experimental Environments.

Components | Specifications
Intel Xeon Platinum 8368 2.40GHz,
CPU RAM= 60GB
GPU NVIDIA A100 GPU 40GB
OS Ubuntu 20.04.6 LTS
Libraries CUDA 11.5, Python 3.9,
PyTorch 1.12.0, Torchvision 0.13.0

TABLE 6.5: Comparison of Average Consistency Improvements with Retraining.

Retraining Pattern | Initial Model Retrained Model | Improvement
All data 0.825945 0.956555 15.81%
Random 0.767963 0.922988 20.19%
Low confidence 0.767963 0.912219 18.78%
Low consistency 0.767963 0.959183 24.90%

To initially verify the proposed consistency evaluation method and the possibility of im-
proving consistency through data extraction, retraining is performed with the following

four methods of extracting training data:

e All data: The initial model is trained on all initial training data, and retrained

on all retraining data.

e Random: Retraining with 10% of the retraining data randomly against the initial

model trained with 10% of the data randomly extracted as a baseline.

e Low confidence: The baseline initial model was retrained by extracting the
retraining data from the lower 10% of confidence in the inference results of the

initial model, as in the existing method by Kong et al. [145].

e Low consistency: For the baseline initial model, retraining was performed by
extracting the retraining data from the inference results of the initial model with
the lower 10% of the consistency.
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6.4.2 Evaluation Results

TABLE 6.6: Comparison of mAP Results with Retraining.

Retraining Pattern | Initial Model Retrained Model | Improvement
All data 0.482822 0.939627 94.61%
Random 0.465673 0.827826 T7.TT%

Low confidence 0.465673 0.775002 66.43%

Low consistency 0.465673 0.942777 102.45%

The effect of the four retraining methods on consistency improvement is shown in Table
6.5. The results of Table 6.5 indicate that retraining with low-consistency training
data is the most effective at improving consistency. Retraining with low-consistency
training data is the most effective, with a higher rate of improvement in consistency
than other retraining methods. It was also able to improve the results to the same
level of consistency by retraining all data with 10 times the training data. The mAP
improvement effect of the four retraining methods is shown in Table 6.6. The results in
Table 6.6 show that retraining with low-consistency training data is the most effective,
improving consistency by 102% and increasing mAP at a higher rate than the other
retraining methods. Furthermore, the mAP results outperformed retraining on all data
with 10 times the amount of data. Retraining with low-consistency training data is
the most effective in improving consistency and mAP, and is verified to improve model

performance.

TABLE 6.7: Comparison of Average Consistency Results with Continual Retraining.

Retraining | All Data | Random Low Confidence Low Consistency
Initial 0.825945 | 0.767963  0.767963 0.767963

1st 0.800732 | 0.773174  0.749319 0.793161

2nd 0.81479 | 0.773656  0.812359 0.79521

3rd 0.869623 | 0.799986  0.785523 0.861749

4th 0.875427 | 0.803903  0.860819 0.888386

5th 0.956555 | 0.922988  0.912219 0.959183

The SMD dataset was divided into approximately 60 pairs of time-series image data,
and the previous 60 pairs of time-series image data were used as the training data
for the initial model. Using the initial model described above, five-times retraining
runs were conducted for each of the 10 pairs of time-series image data using the four
retraining methods. The average consistency of the initial model and the inference results
of the five successive retraining runs are shown in Table 6.7. Especially, the highest

consistency value is shown in bold, and the second highest value is underlined. Sustained
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FIGURE 6.9: SSIM of Time-series Image and Consistency.

improvement in consistency was observed from the first to the fifth retraining. In this
context, the existing method of extracting low-confidence data showed less improvement
in consistency than retraining a random selection as a baseline. It is suggested that
retraining the model by extracting low-confidence data from the proposed method is

effective in improving consistency.

The relationship between SSIM and average consistency of time series images is shown
in Fig. 6.9 as an example of the results of average consistency by retraining the proposed
method. The average SSIM is represented by a gray fill, and the average consistency
results for each number of retraining are represented by different color folds. Although
there is some variation in consistency across the SSIMs of the time-series image data,
overall, the consistency tends to improve as the number of retraining cycles increases.
When the SSIM of the time-series images decreased, the consistency also tended to

decline.

6.5 Object Detection Model Optimization

This section presents the results of the object detection model optimization experiment,
which aims to evaluate different optimization plans for model retraining by simulating
performance degradation of maritime data.
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6.5.1 Experimental Methodology

The purpose of this experiment is to evaluate different optimization plans for model
retraining by simulating performance degradation using simulated data. The experi-
ment aims to examine how model performance changes over time and in response to
retraining triggered by specific conditions. Experimental setup and configuration can
be summarized including mobile device configuration, model performance changes, and

retraining implementation.

TABLE 6.8: Experimental Environments.

Role | Type Amount Sdzrtrjlory Training Capacity
Cloud 1 40 GB Both models
Edge Large 2 16 GB Both models
Small 2 10 GB Only YOLOvV5s
TABLE 6.9: Experimental Model Configurations.
Role | Item YOLOv5x YOLOv5s
Cloud GPU memory usage | 33.2 GB 11.4 GB
Unit training time 0.5 hr 0.4 hr
Edge GPU memory usage | 14.7 GB 7.1 GB
Unit training time 5 hr 4 hr

Table 6.8 shows the experimental environments, which consist of cloud and edge servers
on mobile devices with different computational resources. Table 6.9 shows the configu-
rations of the experimental models, including GPU memory usage and training time per
unit training data, according to experiment results. The experiment platform setups in
the experiment are configured to represent a group of mobile devices traveling between

different sea areas, and their configurations are as follows:

o Mobile Devices (Edge): Group of mobile devices are configured as four mo-
bile devices, all traveling one-way between two distinct sea areas. These entities
belong to the same group, enabling them to share models and potentially retrain

collaboratively based on the group’s conditions.

e Initial Models: Two types of initial models are used in the experiment, differ-
ing in the number of parameters and initial performance. Specifically, YOLOv5s
and YOLOv5x represent more lightweight and high-performance models requiring

greater computational resources, respectively.
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e Computational Resources: The mobile devices are divided into two groups
based on their computational resources. The first group consists of devices with
limited computational resources, while the second group includes devices with

larger computational resources.

o Inference Capability: All devices are capable of running inference using both

YOLOv5s and YOLOv5x models.

e Training Capability: Only the devices with larger computational resources can
perform local training with the more demanding YOLOv5x model. This distinction

allows to observe the impact of resource limitations on retraining decisions.

e Training Data: The models are evaluated based on their training time, number
of epochs, and GPU memory usage. These factors are pre-configured using data

from previous experiments with YOLOv5s and YOLOv5x models.

The data used in the experiment includes Singapore Maritime Dataset (SMD) [98] col-
lected from Singapore, and KOLOMVERSE dataset [148] collected from Busan, South
Korea. It simulates the performance degradation during ships traveling between these
two areas. As time progresses during the experiment, the performance of the models is
subject to increasing randomness, simulating the natural degradation that occurs as the
environment changes. The length of the experiment is set to 100 units of time cycle, with
each unit representing one hour. Throughout this period, the simulated data is designed
to reflect a decline in model performance. In this experiment, the performance of the
models is evaluated based on the confidence score as a proxy metric for performance,
which is used as the key performance indicator. The threshold values for acceptable

performance vary depending on the mobile device’s location including two phrases:

e Entering and Exiting Ports: During the first and last 10 time cycles, the

threshold for performance is set to 0.8.

e Sailing at Sea: During the middle 80 time cycles, the performance threshold is

set to 0.6 to reflect the lower precision required during this phase of travel.

Besides, more implementation details of model retraining triggers are as follows:
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e Retraining Interval: Retraining occurs at regular intervals specified by the pe-

riod parameter Tj,ierval, S€t to 50 time cycles.

e Cumulative Performance Decline Threshold: The cumulative performance
decline threshold 7T.ymuiative iS set to 0.2, indicating the maximum acceptable per-

formance degradation accumulated before retraining is triggered.

¢ Precautionary Trigger Extra Period: The extra period for precautionary
retraining Te,trq 1S set to 5 time cycles, defines the additional buffer time to ensure

retraining is triggered before performance falls below the threshold in future.

The experiment includes a simulation of retraining events. When retraining is trig-
gered based on the chosen optimization plan, new simulated data is generated to assess
whether the model’s performance improves after retraining. This simulation allows to
test whether retraining under different conditions can effectively counteract the perfor-

mance degradation observed over time.

By comparing the performance before and after retraining, it can assess the efficiency and
effectiveness of various retraining strategies in maintaining model performance across
different time cycles and sea areas. This experiment aims to validate the effectiveness of
the proposed method for model selection and retraining in the maritime environment.
To ensure a robust comparison, several methods address the retraining conditions and
strategies in a unique manner, and their performances are measured under the same

experimental settings as follows:

e No Retraining The first comparison is a simple baseline that does not involve
any retraining as a baseline. In this method, the model uses the initial simulated
data generated at the start of the experiment, and no retraining occurs regardless
of performance degradation or other factors. This baseline serves as a control to
observe how model performance declines over time when no interventions are made

to maintain or improve performance.

e Periodic Retraining: The method involves periodic retraining, where the model
undergoes retraining at regular intervals, independent of its current performance.
The retraining period to half of the total experiment time (period = 50) was set

in the experiment. This approach presents the impact of retraining frequency on
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model performance and resource consumption without considering performance

changes.

Performance Threshold-Based Retraining: The third comparison method
introduces a more dynamic strategy by utilizing a performance threshold to trig-
ger retraining. In this case, retraining is only performed when the model’s perfor-
mance falls below a predefined threshold. This method ensures that retraining only
occurs when the model’s performance declines, potentially reducing unnecessary

retraining events while maintaining acceptable performance.

Cost-aware retraining algorithm (Cara): The fourth method employs the
Cara retraining strategy, an existing approach [89] that combines both performance
threshold and cumulative performance degradation as retraining triggers. By using
these two thresholds, Cara aims to balance retraining frequency with the need
to maintain high performance, offering a more nuanced approach to retraining

compared to methods that rely on a single condition.

Proposed Method: The proposed method introduces an optimization strat-
egy that combines model selection and retraining decisions based on both current
model performance and available computational resources. This approach dynam-
ically selects the most suitable model and retraining schedule to minimize resource
consumption while ensuring the model meets the required performance threshold.
Through this method, it is aimed to demonstrate superior performance in terms of
performance, computational efficiency, and retraining frequency compared to the

existing baselines.

Each method will be evaluated on key metrics such as confidence scores, computational

resource usage, and retraining frequency to provide a comprehensive assessment of their

effectiveness by comparing the results of these methods started from same initial models.

The evaluation of optimization performance in this experiment is based on several key

metrics that reflect the effectiveness of different retraining strategies:

» Average Confidence Score (Higher is better): The confidence score (CS) is used
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o Threshold Satisfaction Ratio (Higher is better): The Threshold Satisfaction
Ratio (TSR) evaluates the model’s compliance with the predefined performance
threshold. By measuring the percentage of time steps in which the model meets
the performance threshold, it can be assessed how well each method maintains the

required performance level throughout the experiment.

o Performance-Threshold Ratio (Higher is better): The Performance-Threshold
Ratio (PTR) is a metric dependent on an arbitrary performance metric and its

corresponding performance threshold, where

Per formance,

PTR, =
R Threshold,

This ratio represents the extent to which the model meets the required performance
threshold during each evaluation. It indicates how well the model’s performance
aligns with the predefined performance threshold at each time step, providing a

measure of compliance with the set performance standards.

o Objective Function Value(Lower is better) This metric assesses the overall op-
timization objective per each evaluation. For the plan of minimizing time and
computing resources, the Objective Function Value (OFV) represents the total
retraining time (unit: hr) or computational resources, i.e. GPU memory con-
sumption (unit: GBhr) consumed by each optimization method. For the plan
of performance improvement, the OFV represents the total expected TSR (unit:
time) per each evaluation, according to model update execution by each optimiza-

tion method.

By using these metrics, the evaluation experiment comprehensively evaluates the ef-
ficiency and effectiveness of various retraining strategies, with a particular focus on

minimizing retraining costs while maintaining acceptable levels of performance.

6.5.2 Pseudo-labeling Retraining Evaluation Results

To validate the effectiveness of the proposed pseudo-labeling implementation, exper-
iments were conducted using the KOLOMVERSE dataset [148], which contains ap-

proximately 5,700 sampling images. The dataset was divided into five subsets, and a
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TABLE 6.10: Comparison of Retraining Results on Pseudo Label and Human Label.

Metrics Instance sizes | Pseudo label Human label | Ratio
small 0.083 0.281 | 0.295
Precision | medium 0.194 0.354 | 0.548
large 0.470 0.519 | 0.906
small 0.083 0.300 | 0.277
Recall medium 0.312 0.453 | 0.689
large 0.592 0.636 | 0.931

cross-validation-like methodology was adopted to ensure the robustness of the evaluation

and to minimize biases arising from the initial training data.

The experiment was conducted in the following manner: One subset of the dataset was
selected as the initial training set, and a base model was pre-trained on this subset. This
model served as the starting point for pseudo-labeling. The remaining four subsets were
used for inference using the pre-trained model. Predictions with a confidence score of
95% or higher were treated as pseudo-labels, forming new training datasets for each of
the four remaining subsets. Starting with the pre-trained SMD model as the base model,
the pseudo-labeled datasets from each of the four remaining subsets were individually
used for retraining. This iterative fine-tuning allowed the model to adapt to additional
data derived from pseudo-labeling while incorporating the biases and dynamics of the
maritime dataset. To eliminate the potential influence of the initial training subset’s
data distribution, a five-fold cross-validation-like experiment was performed. In each
fold, a different subset was chosen as the initial training set, while the remaining four
subsets were used for pseudo-labeling and fine-tuning. This ensured that each subset
was used as the initial training set and pseudo-labeled data. After fine-tuning, the model
performance was evaluated on a test dataset, independent of the training subsets. The
accuracy of the pseudo-labeling approach was compared against the manually annotated

labels to quantify its effectiveness.

The experiment compared the performance of datasets with pseudo labeling and human
labeling in training object detection models, based on the mean Average Precision (mAP)
at 50% IoU. Over five training iterations, the pseudo-labeled data achieved an average
mAP of 0.78, while the human-labeled data achieved a higher mAP of 0.87. This
indicates that pseudo-labeling can achieve a reasonable level of accuracy but falls short
of the performance attained with human-annotated data, with approximately a 10%

performance gap.
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Further analysis revealed that the size of the detected objects significantly influenced
the performance of pseudo-labeling, whose results are summarized in Table 6.10. The
results analyzed by Python library pycocotools [149], show the precision and recall both
at varying IoU thresholds, ranging from 0.50 to 0.95 in steps of 0.05. The instance
sizes were categorized into three groups: small, medium, and large, based on the area of
the detected objects according to the COCO evaluation metric. It decided that objects
with an area between 0 and 322 pixels will be categorized as small, objects with an
area between 322 and 962 pixels would be categorized as medium, and objects with an
area larger than 962 pixels would be categorized as large. For large objects, the mAP
achieved with pseudo labels closely approached that of human labels, suggesting that
the pseudo-labeling method is effective for objects with distinct and easily detectable
features. However, for small objects, the accuracy of pseudo labels dropped substantially,
highlighting a notable limitation. Small objects often have lower visual resolution and are
more susceptible to misclassification or omission during automated labeling, resulting in
a greater disparity than human labels. The results indicate that pseudo-labeling can be

a viable alternative to human labeling for objects with clear and distinguishable features.

6.5.3 Optimization Evaluation Results

The results of the experiment are summarized in Table 6.11, Table 6.12, and Table 6.13.
The bold values in each table indicate the best performance, while the underlined values

represent the second-best performance.

The experiment results for the time minimization plan are summarized in Table 6.11,
whose each method’s performance is evaluated across above four metrics. The proposed
method demonstrates the lowest retraining time as average OFV with approximate 2/3
reduction, significantly outperforming other methods. It achieves the same level of per-
formance (average CS, TSR, average PTR) as other methods: performance threshold,
and method Cara. Overall, the proposed method balances time-efficiency and perfor-

mance, achieving notable resource savings while maintaining reliable detection accuracy.

The results of the resource minimization plan experiment are shown in Table 6.12. This
plan evaluates each method’s efficiency in conserving computational resources while

maintaining detection performance. Similarly, the proposed method achieves the best
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TABLE 6.11: Results of Time Minimization Plan.

) No . .. Performance Proposed
Metric Training Periodic Threshold Cara Method
Average CS 0.62 0.689 0.763 0.780 0.777
TSR 0.447 0.690 0.915 0.948 0.938
Average PTR | 0.606 0.648 1.064 1.015 0.979
Average OFV 9.2 9 3.6
Comparison x2.56 times x2.50 times 1

TABLE 6.12: Results of Resource Minimization Plan.

. No . .. Performance Proposed
Metric Training Periodic Threshold Cara Method
Average CS 0.620 0.689 0.759 0.787 0.785
TSR 0.447 0.690 0.918 0.950 0.960
Average PTR | 0.606 0.648 1.017 1.116 0.968
Average OFV 0.251 0.689 0.091
Comparison x2.76 times X7.57 times 1

TABLE 6.13: Results of Performance Improvement Plan.

) No . .. Performance Proposed
Metric Training Periodic Threshold Cara Method
Average CS 0.620 0.689 0.785 0.798 0.801
TSR 0.447 0.690 0.925 0.947 0.980
Average PTR | 0.606 0.648 1111 1.088 1.150
Average OFV 0.197 0.199 0.172

resource efficiency with the lowest OFV, indicating substantial resource savings com-
pared to other methods. It also obtains performance (average CS, TSR, average PTR)
same with method Cara. Overall, the proposed method achieves optimal resource min-

imization, making it well-suited for constrained maritime environments.

The performance improvement plan results are displayed in Table 6.13. It evaluated each
method’s effectiveness in enhancing model accuracy and maintaining high performance
over time. The proposed method achieves the highest detection quality, surpassing all
other methods, indicating superior consistency in meeting the performance threshold.
Overall, the performance improvement plan, particularly through the proposed method,
offers better model performance than the time minimization and resource minimization

plans.

The purpose of these experiments was to evaluate the effectiveness of different optimiza-
tion plans for model retraining under performance degradation simulations. By using

simulated data to mimic the challenges faced in maritime environments, the experiment
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aimed to assess how various retraining strategies impact model performance, stability,
and resource efficiency over time. The experiment compared three primary optimiza-
tion plans, time minimization, resource minimization, and performance improvement,
each designed to address specific aspects of model degradation and resource constraints.
Results demonstrated that the proposed method consistently outperformed existing ap-
proaches across all plans, showing a clear advantage in maintaining high detection accu-
racy and minimizing retraining costs. Specifically, the performance improvement plan
yielded the best results in maintaining high confidence scores and threshold satisfaction
ratio, confirming that a targeted retraining approach can significantly enhance model

performance in maritime environments.

6.6 Summary

In this chapter, the author conducted a series of experiments to validate the proposed
methods for consistency evaluation, object detection model optimization, and model re-
training. The results of these experiments demonstrate the effectiveness of the proposed
methods in addressing key challenges in maritime object detection, including perfor-
mance degradation, resource constraints, and weather noise. The consistency evalua-
tion experiment confirmed that the proposed method can significantly improve model
consistency by extracting low-consistency training data, leading to an improvement in
consistency compared to the baseline. The object detection model optimization exper-
iment demonstrated that the proposed method consistently outperformed traditional
approaches across all optimization plans, showing a clear advantage in maintaining
high detection accuracy and minimizing retraining time/computing resources. These
experiment results validate the proposed methods and confirm their potential to ad-
dress critical issues in maritime object detection, including weather noise, performance
degradation, consistency problems, and model retraining optimization with resource
constraints. These findings indicate that the proposed approach is feasible and valuable
for real-world maritime applications, where balancing detection accuracy and resource

constraints is critical.
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Chapter

Conclusion and Future Work

7.1 Conclusion

This dissertation addressed several key challenges associated with object detection in
maritime surveillance scenarios, proposing targeted methods to improve the accuracy,
resilience, and efficiency of object detection systems deployed on maritime mobile plat-
forms. First, to mitigate the impact of weather-related noise in maritime environments,
the author introduced a weather noise removal technique and integrated it into a low-
latency object detection system. By implementing this approach, it validated its feasibil-
ity through notable improvements in image quality after noise restoration, demonstrating
its potential to enhance object detection accuracy in adverse weather conditions. Sec-
ond, to address the limitations of fine-tuning an all-in-one model for complex maritime
environments, the author developed a weather-aware object detection method specifi-
cally tailored for maritime scenarios. Using a maritime benchmark dataset (SMD) and
a series of adverse weather dataset, the author demonstrated that specialized weather-
aware models could reduce the impact of weather noise. This resulted in a significant
increase in mean average precision over generic object detection systems, particularly

in rainy and hazy conditions, when coupled with noise removal pre-processing. Third,
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to maintain consistency in detection results from time-series images collected by mo-
bile maritime devices, the author proposed a consistency measurement method. This
method dynamically adjusts a consistency threshold based on image similarity, ensur-
ing accurate performance even with time-series data captured from moving cameras.
Experimental results showed that retraining on low-consistency training data improved
both the mAP and consistency of object detection in time-series images, validating the
effectiveness of this method for dynamic maritime environments. Finally, to address
resource-constrained model deployment, the author developed an adaptive optimization
method focused on resilience to device mobility, efficient use of onboard resources, and ef-
fective model management across distributed maritime platforms. Through experiments,
the evaluation results demonstrated that this method improves resource utilization and
retraining time, achieving comparable accuracy with significantly lower computational

overhead than existing methods.

Future research will aim to expand the applicability and robustness of the proposed
methods. First, the weather-aware object detection approach will be deployed in real-
world maritime surveillance scenarios to assess its effectiveness in operational conditions.
This real-world validation is essential to further enhance model robustness under diverse
and unpredictable maritime environments. Additionally, the optimization framework
will be extended to incorporate more advanced strategies. For example, minimizing
operational costs by reducing price-related factors and minimizing COy emissions by
optimizing energy consumption could significantly improve the sustainability and cost-
efficiency of maritime object detection systems. These additions will support broader
environmental and economic goals while maintaining high-performance standards, cre-

ating a more holistic approach to maritime surveillance optimization.

7.2 Perspectives to Maritime Autonomous Surface Ships

The proposed methods are designed to enhance object detection in maritime surveillance
scenarios, particularly facilitating the realization of ship automation and autonomy. This
section discusses how the proposed methods can be adapted to support the development
and deployment of MASS, highlighting the potential benefits and challenges associated
with this transformation. MASS is transforming the maritime industry by introducing
varying degrees of automation to vessel operations. To facilitate the process of the
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Regulatory Scoping Exercise (RSE) defined by the International Maritime Organization
(IMO) in May 2021 and published as IMO Circular MSC.1/Cir. 1640 [150]. The degrees

of autonomy were organized into four levels as follows:

e Degree One: Ship with Automated Processes and Decision Support.
Seafarers are on board to operate and control shipboard systems and functions.
Some operations may be automated and at times be unsupervised but with sea-

farers on board ready to take control.

e Degree Two: Remotely Controlled Ship with Crew Onboard. The ship
is controlled and operated from another location. Seafarers are available on board

to take control and to operate the shipboard systems and functions.

e« Degree Three: Remotely Controlled Ship without Crew Onboard. The
ship is controlled and operated from another location. There are no seafarers on

board.

e Degree Four: Fully Autonomous Ship. The operating system of the ship is

able to make decisions and determine actions by itself.

The maritime object detection method proposed in this dissertation addresses key tech-
nological and operational challenges faced by MASS, particularly in object detection,
environmental awareness, data transmission, and decision-making under adverse and dy-
namic maritime conditions. The proposed maritime object detection method addresses
critical challenges in the implementation of MASS, supporting partial implementation
with degree one and two MASS and laying the foundation for higher degrees of auton-
omy. Specifically, it provides support for the following aspects as follows, with regard

to potential gaps or themes that require addressing in [150]:

¢ Role and Placement of Master and Crew: The proposed method enhances
situational awareness, enabling the master and crew to make informed decisions
in real time. By delivering accurate and consistent object detection results under
varying environmental conditions, the system reduces the cognitive burden on
onboard personnel and ensures safer navigation. For Crewed Ships (Degrees One

and Two), the method acts as an advanced decision-support tool, complementing
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human judgment with reliable detection outputs described in Section 4.2, even in

adverse weather conditions.

Connectivity: The proposed method is designed to operate efficiently in maritime
environments where connectivity is often unstable or intermittent. By perform-
ing critical object detection tasks on edge devices onboard, the system minimizes
reliance on real-time connectivity to centralized servers. The method supports
low-latency decision-making by processing data locally, ensuring uninterrupted

performance even in remote sea areas with limited network access.

Cybersecurity: The proposed method utilized SINETStream [118] for secure
data transmission and management including data protection, secure access per-
missions,and enhancing the cybersecurity posture of MASS. The method enhances
the cybersecurity posture of MASS by integrating decentralized architecture and

secure data management mechanisms.

Fundamental Issue Regarding Reduction of Risks Owing to the Absence
of Persons Onboard: The absence of onboard personnel in higher degrees of
MASS (Degrees Three and Four) introduces significant risks, such as challenging
weather conditions. The weather-aware object detection system described in Sec-
tion 4.2 ensures accurate detection of objects under adverse weather conditions,
reducing the likelihood of accidents and collisions. The retraining optimization
framework described in Section 5.2 ensures that the system adapts to changing

environmental conditions, maintaining its effectiveness over time.

The proposed maritime object detection method effectively supports key aspects of

MASS implementation, including enhancing the role and placement of the master and

crew, ensuring reliable operation under constrained connectivity, bolstering cybersecu-

rity, and addressing fundamental challenges associated with unmanned ships. These

contributions position the method as a critical enabler for advancing autonomous mar-

itime technologies while maintaining safety and operational efficiency.
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