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Introduction: Coral reefs are among the most vital and diverse ecosystems on
the planet, providing habitats for marine life, supporting fisheries, and protecting
coastlines. However, they are increasingly threatened by outbreaks of Crown-of-
Thorns Starfish (COTS), a coral-eating predator capable of causing large-scale
reef destruction. Traditional monitoring methods rely on manual diver surveys,
which are time-consuming, labour-intensive, and unsuitable for rapid large-
scale assessments.

Methods: To address these limitations, this study proposes an Al-powered
framework for detecting COTS in underwater imagery. The system integrates
advanced deep learning object detection techniques with synthetic data
augmentation to improve model robustness and adaptability under complex
underwater conditions. Synthetic training images were generated to expand
dataset variability, while optimized detection models were designed for high
accuracy and real-time inference.

Results: The final detection model demonstrated strong performance, achieving
a precision of 0.927, recall of 0.903, and mAP@50 of 0.938. These results indicate
the effectiveness of the framework in accurately identifying COTS across diverse
underwater environments.

Discussion and Conclusion: The proposed solution is designed for deployment
on embedded systems, ensuring practical, scalable, and efficient monitoring of
coral reef ecosystems. By enabling real-time and high-accuracy detection of
COTS, this framework supports timely interventions and contributes to the
conservation and ecological resilience of coral reefs, particularly in vulnerable
regions such as the Great Barrier Reef.

Crown-of-Thorns Starfish (COTS), underwater object detection, YOLOV6, faster R-CNN,
generative adversarial network, embedded Al, coral reef monitoring
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1 Introduction

Coral reefs, often referred to as the “rainforests of the sea,” are
among the most diverse and valuable ecosystems on Earth. They
support a vast array of marine life, provide coastal protection, and
contribute significantly to the economy through tourism and fisheries.
Despite their ecological and economic importance, coral reefs face
increasing threats from climate change, pollution, and biological
disturbances. One of the most destructive biological threats is the
Crown-of-Thorns Starfish (COTS) (Acanthaster planci), a coral-
eating echinoderm that can rapidly degrade reef structures by
consuming living coral polyps. COTS outbreaks have been recorded
across the Indo-Pacific region, with the Great Barrier Reef (GBR) in
Australia being one of the most severely affected areas. Each starfish
can consume large areas of coral cover, and when populations surge
uncontrollably, the resulting damage can outpace coral regeneration.
The complexity and vastness of reef ecosystems make manual COTS
monitoring challenging, time-consuming, and often inaccurate.
Traditional methods involving human divers to visually identify and
count COTS are not scalable, provide limited coverage, and are prone
to fatigue and bias. These limitations highlight the need for automated,
intelligent, and scalable solutions capable of accurately detecting and
localizing COTS in real time under diverse underwater conditions.

Existing approaches to underwater object detection, particularly
for identifying Crown-of-Thorns Starfish (COTS), face several
significant limitations that hinder their applicability in realworld
scenarios. One of the primary challenges is environmental
complexity underwater imagery is often affected by low contrast,
variable lighting conditions, turbidity, and occlusions caused by
surrounding marine life such as corals and algae. These factors
reduce visual clarity, making it difficult for conventional object
detection algorithms to perform effectively. Data scarcity further
compounds this challenge. Deep learning models require large
volumes of well-labelled data for effective training; however, publicly
available annotated datasets for COTS are limited in size and lack
diversity. This often leads to overfitting, causing models to perform
poorly when applied to different underwater environments. Moreover,
high false-positive rates and missed detections remain common in
current methods, particularly when class imbalance is not
adequately addressed.

Smaller or partially occluded starfish often go undetected, while
false alarms increase due to background noise. Another major
challenge is the incompatibility of many existing models with real
time and embedded deployments. For example, although models like
Faster R-CNN achieve high accuracy, their two-stage architecture
incurs substantial computational costs, making them inefficient for
embedded systems such as underwater drones or remotely operated
vehicles (ROVs), where real-time responsiveness and energy efficiency
are critical. Additionally, conventional augmentation techniques such
as flipping, rotation, and brightness adjustments are insufficient to
capture the full diversity and complexity of underwater environments.
Consequently, models trained solely with these augmentations often
perform poorly in previously unseen conditions, limiting their
robustness and adaptability in field applications.
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The primary objective of this research is to develop an intelligent,
real time, and resource efficient object detection framework for
accurately identifying Crown-of-Thorns Starfish (COTS) in complex
underwater environments. To achieve this, the study pursues several
specific goals. First, it builds a robust detection system by leveraging
state-of-the-art deep learning algorithms such as Faster R-CNN and
YOLOV6, both adapted to address the unique visual and contextual
challenges of underwater imagery. Second, to mitigate the limitations
of small and unrepresentative datasets, it employs Deep Convolutional
Generative Adversarial Networks (DCGAN) to synthetically generate
realistic underwater scenes containing COTS, thereby improving
dataset diversity and model generalizability. Third, the models are
optimized for deployment on embedded platforms, enabling low
latency inference and efficient operation in practical scenarios such
as underwater drones or remotely operated vehicles. Finally, model
performance is evaluated using standard benchmarking metrics,
including Precision, Recall, mAP@50, Inception Score, and Fréchet
Inception Distance (FID), with particular emphasis on comparing the
effectiveness of real versus GAN generated data in enhancing
detection accuracy.

This study introduces a hybrid detection framework that
integrates Faster R-CNN, DCGAN, and YOLOV6 to accurately
detect Crown-of-Thorns Starfish (COTS) in underwater imagery,
achieving a balance between high accuracy and real-time
performance. The key innovations are:

* Hybrid Detection Framework: A novel combination of Faster
R-CNN, DCGAN, and YOLOV6 tailored for accurate and
efficient COTS detection in diverse underwater environments.

*  GAN-Based Data Augmentation: Use of DCGAN to generate
realistic synthetic underwater images incorporating varied
conditions such as turbidity, lighting variations, and
occlusions, providing richer diversity than traditional
augmentation techniques.

* Enhanced Faster R-CNN Architecture: Integration of
Res2Net101 backbone with Focal Loss, Triplet Loss, and
Soft-NMS to improve detection precision, address class
imbalance, and refine bounding boxes in complex
marine scenes.

* Real-Time Deployment with YOLOv6: YOLOV6, trained on
the augmented dataset, is optimized for speed and
lightweight deployment on embedded systems such as
underwater drones, achieving Precision: 0.927, Recall:
0.903, and mAP@50: 0.938.

e Domain-Specific Innovation: The fusion of synthetic data
generation, advanced detection architectures, and embedded
optimization represents a first-of-its-kind ecological AI
solution for marine biodiversity conservation and rapid
reef monitoring.

By combining deep generative modelling, advanced object
detection architectures, and real-time optimization, this work
delivers a significant advancement in automated marine
biodiversity monitoring.
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2 Literature survey

Coral reefs, especially those like the Great Barrier Reef,
represent one of the most biologically diverse ecosystems on the
planet. However, they are increasingly under threat from climate
change, pollution, and biological disturbances, such as the
outbreaks of Crown-of-Thorns Starfish (COTS), a coral-eating
predator. These outbreaks are difficult to control without early
detection, making continuous and large-scale monitoring essential
for ecological conservation. Traditional manual survey methods are
both labor-intensive and insufficient for large-scale timely
assessments. Consequently, researchers have turned to deep
learning and embedded artificial intelligence (AI) to provide
automated, scalable, and real-time monitoring solutions in
underwater environments. This literature review outlines the
evolution and convergence of three key domains - underwater
object detection, generative adversarial data augmentation, and
real-time inference on embedded systems for the development of
efficient Al-powered marine monitoring solutions.

Detecting objects in underwater environments introduces
unique challenges not encountered in terrestrial domains.
Turbidity, poor lighting, backscatter, color distortion, and partial
occlusion significantly degrade image quality and object visibility.
Standard object detection models must therefore be adapted to the
underwater domain for enhanced robustness and reliability. Wang
and Xiao (2023) proposed a highly relevant and domain-specific
solution by enhancing the traditional Faster R-CNN architecture.
Their improved model incorporated the Res2Net101 backbone for
multi-scale feature extraction, coupled with Soft Non-Maximum
Suppression (Soft-NMS), Online Hard Example Mining (OHEM)
and Generalized Intersection over Union (GIoU) loss. The result
was a 3.3% increase in mean Average Precision (mAP),
demonstrating the adaptability of region-based detection
frameworks in complex marine environments. This work is
particularly pertinent as it focuses on small and partially occluded
underwater object’s conditions under which COTS detection must
operate. Similarly, Nambiar and Mittal (2022) developed a GAN-
based super-resolution model tailored for sonar image
enhancement, which significantly improved feature visibility in
murky environments.

Lokanath et al. (2017) also demonstrated the feasibility of Faster
R-CNN for object classification and detection in constrained visual
conditions. Although not exclusively tailored for underwater
scenarios, the robustness of their approach under challenging
backgrounds underscores the utility of this architecture as a
baseline detector, especially when coupled with domain-specific
enhancements. Ren et al.’s (2015) seminal work on Faster R-CNN
forms the theoretical foundation for many current object detection
models. The introduction of Region Proposal Networks (RPNs) for
learning object proposals greatly accelerated and refined the
detection pipeline. This architecture, while foundational, has been
significantly improved over time to address underwater-specific
constraints through advanced backbones and loss functions.

The domain of underwater object detection has gained
considerable momentum with the integration of deep learning
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techniques, aiming to overcome environmental challenges such as
light scattering, low contrast, and visual distortions. Recent studies
have focused on combining detection frameworks with image
enhancement strategies, notably using Generative Adversarial
Networks (GANSs), attention mechanisms, and transformer-based
models. Liu et al. (2022) introduced an improved Deep
Convolutional GAN (DCGAN) for synthetic image generation,
aiding training where annotated underwater data is scarce.
Similarly, Thomas et al. (2022) developed a GAN-based super-
resolution model tailored for sonar image enhancement, which
significantly improved feature visibility in murky environments.
These image enhancement efforts serve as a preprocessing step that
boosts object detection performance in degraded underwater
conditions. Chen and Er, (2024) addressed the challenge of small
object detection by proposing Dynamic YOLO, a variant that
dynamically adjusts receptive fields based on object size and
density. Their method showed superior performance in detecting
small-scale marine organisms and submerged objects in cluttered
scenes. Chen et al. (2024) further contributed to data-centric
advancements with the WaterPairs dataset, which consists of
paired raw and enhanced underwater images. This benchmark
supports supervised training for simultaneous image
enhancement and object detection.

Cherian et al. (2022) provided a comprehensive survey on
underwater image enhancement using deep learning, highlighting
key architectures like GANs, CNNs, and attention-guided models,
while identifying open challenges such as generalization and real-
time performance. Dai et al. (2023) introduced edge-guided
representation learning, improving object boundary clarity under
blur and low contrast conditions. Their method leverages edge
features to guide the learning process, resulting in more precise
detection outcomes. Dakhil and Khayeat (2022; 2023) offered both a
review and a methodological framework on underwater object
detection using deep learning. Their works emphasize the
evolution of detection techniques from classical CNNs to more
advanced architectures such as YOLO and Faster R-CNN,
advocating for the fusion of enhancement and detection pipelines.
Edge et al. (2020) presented a generative approach that integrates
detection cues into image enhancement using GANs. This
detection-driven enhancement method produced visually superior
images that align with object detection requirements, improving
downstream accuracy.

Fayaz et al. (2024) developed a joint image restoration and
detection model optimized for Autonomous Underwater Vehicles
(AUVs), which operates effectively in noisy and low-light
underwater scenes. The model’s multitask learning approach
allows it to simultaneously clean degraded images and detect
relevant objects in real-time, supporting AUV-based missions like
coral reef inspection and search-and-rescue operations. Collectively,
these studies highlight the growing synergy between image
enhancement and object detection in underwater vision systems.
GAN-based models play a pivotal role in data augmentation and
preprocessing, while detection algorithms are evolving toward
adaptive, context-aware and lightweight architectures suitable for
embedded deployment. Future directions include creating more
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diverse paired datasets, optimizing transformer based models for
real-time use, and building explainable detection frameworks for
trustworthy marine exploration.

Feng and Jin (2024) proposed CEH-YOLO, a composite-
enhanced YOLO model featuring ESPPF and high-order
deformable attention modules that improved detection accuracy
under conditions of low contrast and blur. Gao et al. (2024)
developed the PE-Transformer, a model incorporating path-
enhanced attention mechanisms to better fuse contextual and
spatial cues in underwater environments. Guo et al. (2024)
contributed a real-time lightweight detection model by integrating
FasterNet into YOLOVS, enabling fast inference and high accuracy
on datasets like RUOD and URPC2022. In response to the need for
robust datasets, Jian et al. (2024) conducted a detailed survey of
underwater object detection datasets, identifying challenges such as
annotation gaps and the need for domain-specific benchmarks.

Khriss et al. (2024) explored deep learning strategies specifically
for plastic debris detection in marine environments, showcasing how
tailored models can address unique underwater ecological problems.
Lin et al. (2024) introduced a detection method that combines
learnable query recall with lightweight adapter modules. Their
model reduced computational cost while maintaining performance,
making it suitable for real-time embedded systems. Similarly, Liu et al.
(2024) presented a lightweight object detection algorithm optimized
for embedded deployment, integrating higher order semantic
information and image enhancement to improve robustness.

Liu et al. (2023) developed TC-YOLO, a model utilizing temporal
context and attention mechanisms to improve frame-based detection
in underwater videos. Their approach demonstrated consistent
detection accuracy in dynamic scenes with moving backgrounds. Liu
et al. (2020) pioneered the use of GANs in combination with YOLOv3
for marine biometric recognition, demonstrating the efficacy of GAN-
augmented datasets for improving model training and performance.
Lokanath et al. (2017) laid early groundwork by validating the
effectiveness of Faster R-CNN in object classification and detection,
showing its adaptability to marine applications despite its
computational demands. Nguyen (2022) presented a practical case
study using YOLOv5 with TensorFlow Lite for detecting detrimental
starfish on embedded systems. Their approach demonstrated strong
performance under constrained resources, enabling real-time
monitoring of marine threats. Nooka et al. (2022) proposed a vision-
based deep learning algorithm to detect and track underwater objects.
The model combined object detection and tracking capabilities for
dynamic underwater surveillance tasks using low-cost camera systems.
Pagire et al. (2024) developed a YOLO-based pipeline for fish detection,
with a deep learning model trained on underwater datasets that showed
resilience to noisy backgrounds and partial occlusions.

Wu et al. (2020) used DCGAN-based data augmentation to
enhance detection in agricultural applications. Although focused on
plant diseases, their approach inspired similar augmentation
strategies in marine detection systems by enhancing training
diversity and robustness. Shah et al. (2023) adopted a zero-shot
detection (ZSD) approach for fish recognition in underwater
environments, leveraging semantic embeddings to recognize novel
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species without needing annotated samples. This method offers a
scalable solution for biodiversity studies in marine biology.

Singhal et al. (2025) analyzed various deep learning
architectures, including CNNs, YOLO and Faster R-CNN, in the
context of marine exploration. They emphasized cognitive load and
energy efficiency, proposing a hybrid framework for deep sea
missions with limited bandwidth and hardware constraints. Fang
et al. (2018) previously showed that DCGANs could effectively
improve image recognition by generating augmented training data.
Their findings remain relevant in underwater domains where data
scarcity is a recurring challenge.

Walia et al. (2024) explored deep learning techniques for
underwater waste detection. Using a customized CNN model, they
classified plastic, metal and organic debris with high accuracy and
proposed integrating this system into AUVs for automated ocean
cleanup missions. Wang H. et al. (2023) designed a simultaneous
restoration and super-resolution GAN model tailored for enhancing
underwater images. Their system significantly improved visual
quality and clarity, positively impacting detection accuracy in
downstream tasks. Wang and Xiao (2023) further enhanced Faster
R-CNN for underwater detection, introducing modifications in ROI
pooling and image pre-processing stages. Their approach addressed
resolution loss and maintained high accuracy in object localization
and classification, making it suitable for coral reef monitoring and
underwater inspection.

Wang and Xiao (2023) proposed an improved Faster R-CNN
framework tailored for underwater environments, addressing image
clarity issues through enhanced pre-processing and ROI pooling
mechanisms. To improve image quality, Wang J. et al. (2020)
introduced CA-GAN, a class-conditional attention GAN designed
for underwater image enhancement, which emphasized object-
specific feature recovery and showed improved clarity and contrast
in poor-visibility environments. However, Wang Y. et al. (2023)
questioned the assumption that image enhancement alone suffices,
presenting a comparative study that showed enhancement can benefit
detection, but improvements depend on model and task alignment.

Zhang F. et al. (2024) proposed an improved YOLOVS framework
with modifications to the backbone and attention-enhanced layers to
increase detection robustness in blurry and low-light underwater
conditions. Another contribution by Zhang F. et al. (2023) focused on
YOLOvV5 improvements for underwater detection, integrating feature
fusion and enhanced anchor box selection. In a follow-up work, Zhang
J. et al. (2024) developed BG-YOLO, a dual-branch system with an
image enhancement module guiding detection during training, thus
achieving high accuracy without additional inference cost. Zhang J. et al.
(2024) introduced YOLOv7t-CEBC, a compact and efficient detection
model specifically designed for underwater litter detection. The network
leveraged channel and edge-based components to improve
generalization and precision under cluttered backgrounds. Zhao et al.
(2024) explored vision models for environmental monitoring,
presenting a hierarchical network for water depth estimation using
multi-sensor fusion. Though not a detection model, this work
contributes to understanding underwater vision under dynamic
environmental conditions.
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Zhou H. et al. (2024) developed a real-time YOLO-based model
optimized for highly complex underwater environments. The
model incorporated contrast-aware layers and was evaluated
under varying levels of turbidity, highlighting its robustness in
real-world deployments. Complementing this, Zhou J. et al. (2024)
presented MFA-CycleGAN, a model for generating sonar images,
aiding the training of object detection systems in sonar-based
AUVs. Their model contributed to cross-domain generalization
by producing synthetic sonar datasets. Finally, Pavithra and Cicil
Melbin Denny (2024) presented the GAN model to showcase the
underwater image detection.

These studies demonstrate that effective underwater object
detection requires more than selecting a state-of-the-art detector
it necessitates tailoring architectures, preprocessing strategies and
even image generation techniques to meet environmental demands.
While YOLO-based models dominate for real time inference,
advancements in GANs and auxiliary tasks such as depth
estimation or enhancement continue to elevate overall system
performance. Future research should explore multimodal data
fusion, domain adaptation for sonar-optical hybrid systems and
lightweight training strategies for low-power deployments.

3 Proposed methodology

To address the challenges of accurate and real-time detection of
Crown-of-Thorns Starfish (COTS) in complex underwater
environments, this study introduces a hybrid deep learning

Dataset
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framework that combines synthetic data generation, high-
precision detection, and real-time inference. The proposed
methodology integrates a Deep Convolutional Generative
Adversarial Network (DCGAN) to enrich training data, an
enhanced Faster R-CNN model for accurate object detection, and
a lightweight YOLOv6 model optimized for deployment on
embedded systems. Each component is designed to complement
the others DCGAN mitigates data scarcity, Faster R-CNN ensures
robust detection, and YOLOvV6 enables real-time performance
resulting in a comprehensive solution for automated reef
monitoring and conservation are shown in Figure 1.

3.1 Dataset collection and preprocessing

Underwater image sequences were sourced from various regions of
the Great Barrier Reef. These images were captured under a range of
environmental conditions, including different lighting levels, water
clarity, and background complexities. The dataset includes images
showing Crown-of-Thorns Starfish (COTS) at multiple
developmental stages such as juvenile, sub-adult, and adult. These
images are crucial for understanding the starfish’s morphology and
behavior in real habitats. Annotation was performed manually by
expert marine biologists to ensure high accuracy and domain relevance.
Each image was annotated in the Pascal VOC format, which uses XML
files to record bounding box coordinates and corresponding class
labels. The bounding box is represented by the top-left (x> Ymin) and
bottom-right (5> Ymax) coordinates enclosing each starfish. This
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FIGURE 1

The proposed architecture integrates DCGAN-based data augmentation, enhanced Faster R-CNN object detection, and a lightweight embedded
deployment model for real-time Crown-of-Thorns Starfish (COTS) detection in underwater environments.
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format supports multi-object annotations per image and is widely
supported by object detection frameworks.

The core dataset used comprises annotated underwater images of
COTS provided by the CSIRO, enhanced with images sourced from
open-access repositories. Given the high intra-class variability and
complex underwater textures, preprocessing was applied using
histogram equalization, contrast enhancement, and resizing (512x512
pixels). This is done to mitigate illumination noise and maximize visual
contrast, making feature extraction more robust during training.

Before feeding into deep learning models, all images were
resized to a uniform resolution of 512x512 pixels to maintain
consistency in input dimensions. Pixel values were then
normalized using the standard normalization technique, which
involves subtracting the dataset mean and dividing by the
standard deviation. This process helps stabilize the model training
and accelerates convergence.

I8 )

Where x is original pixel value, u is mean of the pixel values in
the dataset and o is standard deviation of the pixel values in the
dataset. This normalization transforms the pixel values to have zero
mean and unit variance, which improves the performance of
gradient-based optimizers during training. To improve the
robustness of the model and reduce overfitting, both traditional
and advanced data augmentation techniques were applied.

3.1.1 Mosaic augmentation

After applying Equation 1, Mosaic augmentation combines four
different training images into one by placing them in a 2x2 grid.
This technique enables the model to learn from diverse object scales
and locations within a single training instance. It also simulates
occlusions and partial visibility, which are common in underwater
environments. The transformation for mosaic image combination
for each tile i can be expressed as:

Imosaic(x’y) = Ii(x ~ Xoffset> Y _yojfset) (2)

Where x5, and yop denote the position offsets for
each quadrant.

3.1.2 Horizontal flipping

After applying Equation 2, the images are horizontally flipped with a
probability of 0.5, effectively doubling the dataset size and enabling the
model to generalize better to symmetrical variations of COTS
appearances. The flipping transform is provided in Equation 3 as follows.

Iﬂwped(x,y) = I(W —X— 1,)/) (3)
Where W is the image width.
3.1.3 Brightness and contrast adjustment
Random brightness and contrast adjustments are applied to

simulate varying underwater light conditions caused by depth and
particulate matter. The Equation 4 is provided as follows:
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Iadjusted(x> y) =a-I(x, y) + ﬁ (4)

Where o controls contrast and Bcontrols brightness.

3.1.4 Gaussian blur

Gaussian blur is applied to replicate the effect of motion blur or
lens defocus that occurs in low-visibility underwater scenarios. This
helps the model become resilient to slight image degradation. The
Gaussian blur kernel is provided as follows:

7)(2 +y2

1
G(x,y) = 372 ¢ 207 (5)

Where o determines the level of blur. These augmentation
techniques used in Equation 5 ensure that the model learns from a
wide range of visual scenarios, increasing its ability to perform
accurately in real-world, dynamic underwater environments.

3.2 Synthetic data generation using
DCGAN

To address the challenge of limited annotated underwater
imagery for Crown-of-Thorns Starfish (COTS), this study employs
a Deep Convolutional Generative Adversarial Network (DCGAN)
for synthetic data generation. DCGAN was chosen due to its proven
ability to generate high-resolution, semantically consistent images in
visually cluttered domains like underwater photography. This
enriches the training distribution and reduces overfitting.

The architecture shown in Figure 2 comprise two competing
neural networks: a Generator G and a Discriminator D, trained in a
minimax framework. The generator maps a random noise vector
z~ p,(z) to a synthetic image G(z), using a stack of transposed
convolutional layers, batch normalization, and non-linear
activations (LeakyReLU and Tanh). Meanwhile, the discriminator,
built with standard convolutional layers and sigmoid activation,
attempts to distinguish real images x from generated ones G(z).
Formally, the generator output is denoted as Xfake = G(z; Gg), and
the discriminator score is computed as D(x) = o(f(x; 6,;)), where o
is the sigmoid function.

To stabilize training and overcome issues like mode collapse,
the model uses Wasserstein GAN with Gradient Penalty (WGAN-
GP). The loss function modelled in Equation 6 is based on the
Wasserstein-1 (Earth Mover’s) distance, formulated as:

L= Ex~P, [D(x)] - E,’(~pg [D(G(Z))]
+ 2B, ~, [(|V:D®)[-1)’] )

Where P, and P, denote the real and generated data distributions
respectively, A is the gradient penalty coefficient (commonly set to
10), and % = ex + (1 - €)G(z) for €~ UJ0, 1]. The gradient penalty
term is provided in Equation 7, GP = AE[(||V:D(®)|,-1)%]
enforces a 1-Lipschitz constraint on the discriminator, which is
crucial for stable training. The overall adversarial objective becomes:

minmaxL(D, G) (7)
G D
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FIGURE 2

Overview of the deep convolutional generative adversarial network (DCGAN) framework used for generating synthetic Crown-of-Thorns Starfish
(COTS) images from real underwater imagery to enhance training diversity and model generalization.

Where G and D are iteratively optimized to produce high-
fidelity, realistic images.

The quality and diversity of the generated synthetic images are
assessed using two quantitative metrics: Inception Score (IS) and
Frechet Inception Distance (FID). The Inception Score evaluates the
clarity and variety of generated images through the Kullback-
Leibler divergence between the conditional and marginal label
distributions obtained from an Inception v3 network:

18 = exp(B, ~ , [Di Pyl p 1)) )

In Equation 8, a higher IS indicates better quality and more class
diversity in the generated images. On the other hand, in Equation 9,
FID quantifies the distributional similarity between real and
generated images in the feature space of an Inception network. It
is calculated as:

FID = ||ty — | +Tr(E, + 5, - 2(Z,5) /%) ©)

Where u and X are the means and covariances of the feature
activations for real (r) and generated (g) samples.

In the context of this work, the DCGAN achieved a high Inception
Score of approximately 1152.07 and a low FID of 3.79, confirming that
the synthetic images were visually convincing and statistically similar
to real underwater data. These results demonstrate that DCGAN-
generated data can effectively enrich the training set, enhancing the
performance and generalizability of downstream object detection
models in complex marine environments.
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3.3 Enhanced real-time object detection
using YOLOvV6 and hybrid pipeline

3.3.1 Enhanced faster R-CNN for underwater
COTS detection

To improve Crown-of-Thorns Starfish (COTS) detection under
challenging underwater conditions, the standard Faster R-CNN
architecture is enhanced with a Res2Net101 backbone and advanced
loss and optimization techniques. Faster R-CNN consists of two-stage
detector: a Region Proposal Network (RPN) that generates candidate
object regions and a detection head that performs classification and
bounding box regression.

Replacing the backbone with Res2Net101 improves multi-scale
feature extraction. Res2Net101 embeds hierarchical residual-like
connections within a single residual block, splitting the feature map
into smaller groups, each processed with different receptive fields:

y=F(x) = 31fi(x)

where f; operates on a feature subset x;, allowing the network to

(10)

learn from both fine and coarse details. Equation 10 is especially
helpful in detecting partially occluded or small COTS instances.

3.3.2 Loss functions and optimization

To address underwater-specific challenges such as class
imbalance, occlusion, and overlapping bounding boxes, three loss
functions are integrated. The focal loss provided in Equation 11
addresses class imbalance by emphasizing hard-to-classify samples.
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Triplet Loss in Equation 12 promotes better feature embedding
separation between starfish and background. The dual-loss
combination enhances the classifier’s ability to discern subtle
features amidst background noise. To handle underwater
challenges such as class imbalance, occlusion, and bounding box
overlap, several enhancements were introduced. The focal loss is
specified as:

(11)

This loss down-weights easy examples and focuses the model on

FL(py) = —0,(1 —pt)ylog( ¢

hard, misclassified samples. Here, p; is the predicted probability of
the true class, o; is a weighting term and y is the focusing
parameter. The Triplet loss is specified as,

L:max(|m—]§,”2—|[fa —anZHZ,O) (12)

This helps in improving feature space clustering by minimizing
the distance between an anchor and a positive (same class) and
maximizing it from a negative (different class). The Generalized
Intersection over Union (GIoU) provided in Equation 13,

|IC-U|

GIoU = IoU —
IC]

(13)

where C is the area of the smallest enclosing box covering both
the prediction and ground truth, and Uis their union.

3.3.3 Loss functions and optimization

Non-Maximum Suppression with Soft-NMS reduces missed
detections in overlapping regions, improving detection of
clustered starfish. Soft-NMS is chosen over conventional NMS
since it often discards overlapping true positives whereas soft-
NMS lowers confidence scores rather than eliminating them
entirely, thus improving recall. GIoU provides better gradient
feedback when there is no overlap. The equation for Soft-NMS is
as follows,

_IoU(by bmax)?
o

s;=s;-e (14)

In Equation 14, instead of suppressing overlapping boxes
entirely, Soft-NMS reduces their confidence scores smoothly,
preserving useful predictions when objects are close together or
partially overlapping. This enhanced Faster R-CNN is well-suited
for visually complex reef settings with murky water, variable
lighting, and cluttered backgrounds. Res2Net101 boosts fine-detail
recognition and multi-scale detection. Focal and triplet loss
improves classification robustness in imbalanced and noisy
conditions. Finally, GIoU and Soft-NMS increases localization
accuracy and recall in overlapping and occluded cases.

3.3.4 YOLOV®6 architecture and training

YOLOV6 is a high-speed, single-stage object detector optimized
for edge devices. It integrates feature extraction, classification and
bounding box regression in a single pass, reducing inference latency
compared to two-stage methods. In Equation 15, the architecture
comprises of the backbone which contains CSPDarkNet for
semantic feature extraction, PANet for multi-scale feature
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aggregation and Anchor-free detection head for final predictions.
Each prediction is,

P=(x,y,wh,c,6..05¢,) (15)

where (x, y) denotes the bounding box centre, w, h is the width,
height and ¢; is the class confidence scores. The loss function used
for training combines three components: object loss (binary cross
entropy) in Equation 16, classification loss (cross-entropy) in
Equation 17 and localization loss in Equation 18 using Complete
IoU (CIoU). These are defined as,

Loy = —[y log(p) + (1 - y)log(1 - p)] (16)
Lcls = _25:1}/1' log (Pz) (17)
Lyye = 1 - CloU(B, By) (18)

The CIoU term enhances bounding box regression by
considering overlap area, centre distance and aspect ratio.
YOLOvV6 was trained using a hybrid dataset combining real
underwater images and synthetic samples generated by DCGAN.
This enhances the model’s ability to generalize across varying reef
environments. Data augmentations such as random scaling,
blurring, color jitter and cut-mix simulate real-world underwater
distortions. To optimize for embedded systems such as Jetson
Nano, Coral TPU or NVIDIA Xavier, post-training quantization
(e.g., INT8) and model pruning are applied. Inference is accelerated
using ONNX Runtime or TensorRT, enabling detection in
milliseconds per frame. This makes YOLOvV6 suitable for
deployment in underwater robots, reef monitoring stations or
real-time drone feeds where low power and fast response
are critical.

3.3.5 Dataset enhancement with DCGAN

To improve robustness in varied reef environments, the dataset
merges real underwater images with synthetic samples generated by
a Deep Convolutional GAN (DCGAN) using Equation 19. The
synthetic dataset is modelled:

Dsynthetic = {G(Z)|Z sz(z)} (19)
and the full training dataset is:
D=DyU Dsynthetic (20)

In Equation 20, data augmentation includes random scaling,
blurring, colour jitter and cut-mix to replicate
underwater distortions.

3.3.6 Hybrid detection pipeline

Both YOLOv6 and Faster R-CNN are trained on the same
enriched dataset. This enriched dataset is then used to train both
Faster R-CNN and YOLOv6 models. Faster R-CNN, with its two-
stage architecture, provides highly accurate bounding boxes and
class predictions. It uses a Region Proposal Network (RPN) that
generates proposals R = {r;} based on anchor boxes and filters
them via Non-Maximum Suppression (NMS). The final detection
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loss for Faster R-CNN provided in Equation 21 is a combination of
classification and bounding box regression losses.

LFRCNN = Lcls + /,{'Lbbox (21)

YOLOVS6, in contrast, is optimized for speed and performs
detection in a single forward pass. Its architecture uses an
anchor-free head and outputs a tensor.

T =[B,C], B=(x,y,w,h), where C = Confidence Scores (22)

Using Equation 22, this makes it suitable for real-time
applications on edge devices. Each model in the hybrid system
has a defined operational role. YOLOvV6 deployed on embedded
devices (Jetson Nano, Coral TPU and NVIDIA Xavier) with post-
training quantization (INT8) and model pruning. Accelerated with
ONNX Runtime or TensorRT for millisecond-scale inference.
Faster R-CNN is used in batch processing or cloud-based analysis
for high-precision validation. DCGAN improves training diversity
by introducing edge cases and rare instances.

3.3.7 Dynamic model selection

A scheduler or control logic can dynamically switch between
models based on the operational context (e.g., latency threshold or
available compute resources). In real-world deployments, a trade-
off exists between detection accuracy and computational efficiency.
Using Equation 23, a scheduler selects the model based on accuracy
(A,,) and inference time (t,,), the system defines an optimization
constraint as,

M=

argmax Am (23)

mE{FRCNN,YOLOv6) tm + €
where ¢ is a small constant to avoid division by zero and accounts
for practical timing constraints. This hybrid approach delivers
scalable, adaptive monitoring balancing YOLOV6’s speed for in-field
deployment with Faster R-CNN’s accuracy for offline analysis, while
DCGAN ensures resilience to diverse underwater conditions.

4 Experimental results and discussions

The dataset used in this study comprises both real and synthetic
images of Crown-of-Thorns Starfish (COTS). The primary real-
world dataset employed is the CSIRO Crown-of-Thorns Starfish
Detection Dataset, publicly available via the arXiv repository. This
dataset includes high-resolution underwater images collected from
diverse reef zones of the Great Barrier Reef, showcasing COTS in
different life stages and under varying environmental conditions
such as depth, turbidity, coral density and lighting. Each image is
accompanied by detailed annotations in Pascal VOC XML format,
specifying bounding boxes for individual COTS instances. The
dataset provides a robust foundation for supervised learning
tasks, enabling both detection and classification.

A total of 2,437 annotated images are used from the CSIRO
dataset, with an average resolution of 1280x720 pixels. The
annotation covers multiple visual conditions are murky water,
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overlapping organisms, coral camouflage and the dataset is
manually verified. To further enhance data variability and
overcome class imbalance, synthetic images are generated using a
Deep Convolutional Generative Adversarial Network (DCGAN).
The synthetic dataset simulates realistic underwater artifacts and
lighting distortions to complement the real images. The final
training set comprises a 70:30 split of real and synthetic images,
further divided into 80:20 for training and validation. Images are
pre-processed through normalization, resizing to 512x512 pixels
and augmented using techniques like mosaic augmentation,
horizontal flipping and Gaussian noise. This hybrid dataset forms
the backbone for training both YOLOvV6 and Faster R-CNN models
used in the system.

4.1 End-to-end pipeline integration

The proposed system adopts a modular, end-to-end
architecture for the automated detection of Crown-of-Thorns
Starfish (COTS) in underwater ecosystems. It begins with the
acquisition of both real and synthetic images. The primary real
dataset used is the CSIRO Crown-of-Thorns Starfish Detection
Dataset, comprising high-resolution underwater images captured
from various locations along the Great Barrier Reef. These images
include manual annotations marking different life stages of COTS.
The synthetic dataset is generated using a Deep Convolutional
Generative Adversarial Network (DCGAN), which enhances the
diversity of training samples by mimicking varied underwater
conditions such as turbidity, lighting, and occlusion.

The network architecture is composed of three key components:
the DCGAN module, which generates 13,000 synthetic training
images by learning the distribution of the real dataset; the Faster
R-CNN module, which is a two-stage detector enhanced with a
Res2Net101 backbone and advanced loss functions (Focal Loss,
Triplet Loss, GIoU) for high-accuracy detection and evaluation; and
the YOLOvV6 module, which is a single-stage detector optimized for
real-time inference on edge devices, employing CIoU loss and
anchor-free heads for efficient localization.

4.2 Training and testing

Model training is conducted on the combined dataset of real
and synthetic images using standardized deep learning practices.
Faster R-CNN is trained using cross-entropy loss for classification
and GIoU loss for bounding box regression, optimized using
stochastic gradient descent (SGD) with momentum. YOLOV6 is
trained using a compound loss consisting of object, classification,
and CIoU localization components, optimized using the Adam
optimizer. Training is performed over 100 to 150 epochs with a
batch size of 16. The models are validated using an 80:20 train-test
split with k-fold cross-validation to ensure generalizability.

Extensive data augmentation, including resizing, rotation,
flipping, blurring and synthetic data integration is applied to
improve model robustness. Evaluation is performed using key
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metrics such as precision, recall, f1-score, nAP@50 and mAP@50:95
with results visualized using bounding box overlays and precision-
recall curve plots. The machine learning implementation is carried out
using PyTorch and TensorFlow frameworks. The pipeline includes
modular training scripts for each model component, checkpoint
saving, hyperparameter scheduling, and TensorBoard based real-
time visualization of training loss and metric curves. A separate
preprocessing pipeline handles real-time normalization, resizing and
bounding box encoding. The training loop includes gradient clipping,
dynamic learning rate reduction (Reduce LROn Plateau) and early
stopping for convergence efficiency. Custom callbacks are
implemented for tracking per-class accuracy, IoU score distribution,
and GPU utilization logs. The models are trained on NVIDIA GPUs
using mixed precision (FP16) training for memory and compute
efficiency with training workflows containerized via Docker to support
portability and reproducibility.

For deployment, Faster R-CNN is reserved for centralized lab
environments where high computational resources are available,
supporting in-depth analysis and model retraining. YOLOV®6, due to
its lightweight architecture, is deployed on edge devices such as
Jetson Nano for real-time inference in reef environments. Trained
models are exported to ONNX format and further optimized using
TensorRT to accelerate inference. A lightweight web-based
dashboard, built with Flask or Node.js, provides a monitoring
interface to visualize detections, system logs, and field outputs.
This integrated architecture balances high-precision offline analysis
with real-time, scalable deployment, offering a practical and
intelligent tool for coral reef monitoring and marine conservation.

4.3 Evaluation metrics

To evaluate the effectiveness of the proposed hybrid detection
system for Crown-of-Thorns Starfish (COTS), a comprehensive set
of evaluation metrics was employed. For classification tasks, the key
performance indicators included precision, recall, fI-score and

10.3389/fmars.2025.1658205

mean average precision (mAP) at various IoU thresholds. In
Equation 24, precision measures the proportion of correctly
identified COTS among all instances predicted as COTS and is
defined as:

TP

— 24
TP + FP @4)

Precision =
In Equation 25, recall quantifies the proportion of actual COTS
instances that were correctly detected.

TP

Recall = ————
O =P PN

(25)
In Equation 26, the fl-score, which combines both precision
and recall, is given by,

Precision -Recall

F1=2 (26)

" Precision + Recall

Detection performance was further evaluated using mAP@50
and mAP@50:95, which assess the accuracy of bounding box
predictions at a fixed IoU threshold of 0.5 and a range from 0.5
to 0.95, respectively. For evaluating the quality of synthetic images
generated by the DCGAN, two standard generative metrics were
used. The Inception Score (IS) provided in Equation 8 evaluates
image quality and diversity by computing the KL divergence
between the conditional label distribution p(y|x) and the marginal
distribution p(y). Meanwhile, the Frechet Inception Distance (FID)
provided in Equation 9 compares the statistics (mean p and
covariance X) of real and generated image features in the
Inception v3 model’s latent space. The DCGAN achieved an
Inception Score of 3.82 and an FID of 3.79, indicating that the
synthetic images were visually coherent and statistically close to real
underwater COTS scenes.

Figure 3 demonstrate the evolution of training and validation
loss over 20 epochs. The training loss (green curve) exhibits a
consistent and smooth downward trend, starting from
approximately 0.36 and steadily decreasing to 0.22. This indicates

Training vs Validation Loss over Epochs
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Loss trends for training and validation datasets over 20 epochs, demonstrating model convergence and generalization behavior during the learning

process.
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Visualization of the adversarial training dynamics between the generator (G) and discriminator (D) in the DCGAN model used for augmenting

underwater Crown-of-Thorns Starfish imagery.

that the model is effectively learning the training data and
optimizing its weights. The validation loss (orange curve), on the
other hand, fluctuates more notably in the early epochs. It begins at
0.25, peaks around epoch 3 (~0.30), and then gradually stabilizes
between epochs 8 to 15, before slightly declining toward the end,
reaching around 0.263. This stabilization after early volatility
suggests that the model generalizes well and is not overfitting.

Figure 4 visualizes the adversarial training dynamics of a
DCGAN model: yellow line (G) which represents the Generator
Loss and orange line (D) which represents the Discriminator Loss.
The generator loss fluctuates significantly between 1.0 to 3.0, with
frequent spikes. These variations indicate that the generator is
constantly adapting to fool the discriminator by producing
increasingly realistic synthetic images. The high variance is
expected in adversarial training, especially as the generator is
trying to explore the latent space effectively. A consistently high
generator loss may also reflect that the discriminator is doing a good
job at identifying fake samples. The discriminator loss remains
relatively stable and low, typically ranging from 0.1 to 0.7. This
suggests that the discriminator confidently distinguishes between
real and synthetic images during most epochs. However, periodic
increases in discriminator loss indicate that the generator
occasionally succeeds in confusing it, which is a sign of a healthy
adversarial competition.

4.4 Comparison with benchmark models

Table 1 shows that the Faster R-CNN, enhanced with the
Res2Net101 backbone and loss functions like Focal Loss, Triplet
Loss, and GIoU, yielded excellent detection results: a precision of
0.946, recall of 0.917, Fl-score of 0.931, mAP@50 of 0.945 and
mAP@50:95 of 0.872. These metrics confirm its robustness in
complex underwater scenes, especially under conditions involving
occlusion and class imbalance. The lightweight YOLOV6, trained on
the same hybrid dataset, achieved a precision of 0.927, recall of
0.903, Fl-score of 0.915, and mAP@50 of 0.938. Impressively, it
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operated at an average inference speed of ~28 milliseconds per
frame on an NVIDIA Jetson Nano, validating its suitability for real-
time, edge-level deployments such as underwater drones and
autonomous reef monitors and star fish detection are shown
in Figure 5.

Figure 6 present two confusion matrices highlighting the
performance of the proposed models. The left panel shows the
confusion matrix for the YOLOv6 detection model, indicating
robust performance with 48 true negatives, 44 true positives, 5
false positives, and 3 false negatives.

This demonstrates YOLOV6's strong capability in distinguishing
between COTS and non-COTS instances in real-time scenarios. The
right panel shows the normalized confusion matrix for a DCGAN-
enhanced classifier distinguishing between starfish and background
classes. The classifier correctly identifies 89% of starfish instances
and 100% of background samples, validating the effectiveness of
GAN-augmented training data in improving fine-grained marine
object classification. The image synthesis results obtained using
DCGAN yielded an Inception Score with a mean of 1152.07 +
1.73, and a FID Score of 3.79, indicating high-quality and diverse
generated images.

Positive results are obtained when a DCGAN model is evaluated
for picture synthesis. With a standard deviation of 1.73 and a mean
Inception Score of 1152.07, the model shows that it can produce
varied and high-quality images. Furthermore, obtaining a FID Score
of 3.79 indicates a noteworthy similarity between generated and
genuine images, underscoring the model’s effectiveness in
generating realistic results. These results highlight the DCGAN
framework’s effectiveness and demonstrate how it may be used to
advance picture synthesis jobs. However, the inference time for
Faster R-CNN is relatively high at ~120 ms/frame, which restricts
its use to offline or centralized lab-based validation setups where
computational resources are abundant and latency is less critical. In
contrast, YOLOvV6 offers a more balanced trade-off between
accuracy and real-time performance. With a precision of 0.927,
recall of 0.903, and F1-score of 0.915, it is only marginally behind
Faster R-CNN in detection accuracy. Its mAP@50 is 0.938, which is
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TABLE 1 Comparative evaluation of faster R-CNN and YOLOv6 for
COTS detection.

Metric Faster R-CNN YOLOv6
Precision 0.946 0.927
Recall 0.917 0.903
F1-Score 0.931 0.915
mAP@50 0.945 0.938
mAP@50:95 0.872 -
Inference Time

~120 ms/frame ~28ms/frame
(ms/frame)
Deployment High-ac‘:cur-acy, Real-time,
lab/validation edge deployment

Inception Score and FID Score for Image Synthesis (DCGAN).
Inception Score:

Mean, 1152.0713006897054

Std, 1.730163492944744.

FID Score: 3.7880779876580704.

highly competitive, though mAP@50:95 was not evaluated in this
deployment. Crucially, YOLOV6 runs at ~28 ms/frame, making it
suitable for real-time inference on embedded systems.

Figure 7 illustrates the variation of three key performance
metrics Precision, Recall, and Mean Average Precision at IoU 0.5
(mAP@50) with respect to increasing Intersection-over-Union
(IoU) thresholds. The Precision-IOU curve (red) remains high
across lower IoU thresholds and begins to drop sharply beyond
0.7, reflecting a decline in exact localization accuracy. The Recall-
IOU curve (blue) shows a relatively stable behavior until 0.6 before

val_batchO_labels

1-5761.jpg

1-5669.jpg

FIGURE 5

Visual comparison between ground-truth labels and predicted bounding boxes for Crown-of-Thorns Starfish (COTS) on underwater validation
images using the proposed GAN-augmented hybrid Faster R-CNN architecture.
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gradually decreasing. The mAP@50 curve (purple) demonstrates
the overall robustness of the model, maintaining consistency across
moderate threshold.

Table 2 show the benchmark comparison of various object
detection models. With a precision of 0.927 and mAP@50 of 0.938,
YOLOV6 demonstrates exceptional accuracy while achieving real-
time performance at ~28 ms/frame on Jetson Nano. It uses anchor-
free heads and an optimized backbone tailored for embedded
systems, making it ideal for real-time COTS detection in
underwater drones and field-deployable units. The most accurate
model in the comparison, with a precision of 0.946 and F1-score of
0.931. The use of Res2Netl01 backbone and loss functions like
Focal and GIoU enables robustness in occluded or complex reef
conditions. However, its inference time (~120ms/frame) makes it
more suitable for lab-based validation or offline batch processing.

A lightweight and highly popular model that achieves decent
precision (0.908) and speed (~35 ms/frame). While it performs well
on MS COCQO, it slightly underperforms on underwater datasets
due to domain shift and less emphasis on small object detection. A
reliable upgrade from YOLOvV3 with better accuracy (mAP@50 =
0.925) and a decent speed of ~32 ms/frame. Its heavier backbone,
CSPDarkNet53, improves depth but makes it less agile for edge
deployment. Once popular for real-time object detection, SSD offers
faster inference (~45 ms/frame) but with significantly lower
precision (0.841) and recall (0.799), particularly under challenging
conditions like turbidity or coral occlusion, which are common in
underwater environments. Introducing Focal Loss, RetinaNet
achieves a fair balance with 0.879 precision and 0.868 FI-score.
However, it’s slower (~75 ms/frame) and has difficulty detecting
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DCGAN-based Starfish Classification Matrix
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Comparison of the detection accuracy of the YOLOv6 model (left) and classification performance of the DCGAN-augmented starfish recognition

module (right), evaluated on the validation dataset.

multiple overlapping or small-scale objects efficiently. This model
strikes a solid balance between accuracy (0.903 mAP@50) and
model efficiency. It leverages compound scaling and EfficientNet-
Bl as a backbone, which makes it suitable for mobile GPUs.
However, in underwater datasets with low contrast, performance
tends to degrade.

Despite being older, YOLOv3 maintains relevance with an FI-
score of 0.883 and a decent mAP@50 of 0.913 are shown in Figure 8.
It is still used as a baseline in many applications but lacks
architectural innovations like those in YOLOv4-v6.Using a
ResNet101 backbone, this version is precise (0.892) but has a long
inference time (~135 ms/frame). It’s not suitable for embedded
systems but performs well in controlled high-resource
environments. A novel transformer-based approach achieving a
strong Fl-score (0.884) and mAP@50 (0.918), DETR excels in
structured scenes but suffers from high computational demand

(~100 ms/frame) and a slow convergence rate during training,
making it less practical for on-the-fly reef monitoring. This
keypoint based object detection model offers moderate
performance (F1 = 0.857) and speed (~40 ms/frame). While it
handles object localization innovatively, it may miss detections in
cluttered scenes due to reliance on centre point estimation.

4.5 Failure case analysis

Despite the high precision and real-time detection performance
achieved by the proposed hybrid deep learning framework, certain
limitations were observed, particularly under extreme underwater
conditions. One of the most significant challenges arises in scenes
affected by heavy turbidity or poor illumination. These conditions,
common in deeper or sediment-rich reef zones, substantially
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Evaluation of the hybrid model's detection performance across varying loU thresholds, showcasing the Precision-loU, Recall-loU, and mAP@50-IoU

curves.
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TABLE 2 Benchmarking of object detection models for COTS identification in underwater environments.

F1- Inference
Dataset Backbone Precision Recall Score mAP@50 Time Remarks
(ms/frame)
CSIRO Custom High-speed and accurate; ideal
YOLOv6 (P d 0.927 0.903 0.915 0.938 ~28
V6 (Proposed) + DCGAN = YOLOv6 for edge deployment
Faster R- CSIRO Res2Net101 0.946 0917 0931 0,945 120 High precision and robustness;
CNN (Proposed) + DCGAN ’ ’ : ’ suitable for lab validation
YOLOV5s (Wang H. Efficient on standard datasets,
et al,, 2023; Wang and MS COCO = CSPDarkNet 0.908 0.885 0.896 0.921 ~35 but slightly lower accuracy
Xiao, 2023) on underwater
YOLOV4 (Lokanath St but bulki
vé (Lokana MS COCO ~ CSPDarkNet53 0913 0.882 0.897 0.925 ~32 fong accuracy bt buder
et al., 2017) model size
SSD (Wu etal, 2020) | TASCAL V66 0.841 0799 | 0819 0.823 ~45 Lightweight, fast; suffers under
VOC challenging underwater scenes
RetinaNet (Fang Balanced recall but slower than
M N .87 .857 . . ~
et al,, 2018) S COCO | ResNet50 0.879 0.85 0.868 0.899 75 YOLO series
Strong balance; performance
EfficientDet-D1 (Li
i T‘e;‘()z; (Liu MS COCO  EfficientNet-B1 0.886 0.849 0.867 0.903 ~55 drops under low
et al,
contrast scenes
YOLOV3 (Zh Outdated but still
v3 (Zhao MS COCO | Darknet-53 0.897 0870 | 0.883 0913 ~33 widated but st
et al., 2024) effective baseline
Faster R-CNN PASCAL ResNet101 0.892 0.860 0.876 0910 135 Accurate. but slower inference
(Nguyen, 2022) vVOC for real time tasks
Transformer-based model;
DETR (Li et al., 2024) MS COCO = Transformer 0.901 0.867 0.884 0.918 ~100 slower but powerful on
structured scenes
H keypoi
CenterNet eatrr}ap based keypoint
MS COCO = Hourglass-104 0.874 0.841 0.857 0.890 ~40 detection; moderate speed
(Xu et al., 2023)
and accuracy

degrade image contrast and visibility, making it difficult for both the
Faster R-CNN and YOLOv6 models to differentiate starfish from
background clutter. As a result, the models occasionally fail to
generate bounding boxes around the Crown-of-Thorns Starfish
(COTS), leading to false negatives or mislocalized predictions.

Another notable failure case involves partial occlusions, where
COTS are hidden behind coral branches or overlapping with other
marine structures. In such instances, the Region Proposal Network
(RPN) in Faster R-CNN fails to isolate complete object features,
often resulting in either incomplete bounding boxes or
misclassification as background elements. Moreover, despite the
integration of synthetic images through DCGAN augmentation,
certain coral structures with similar radial textures or color palettes
continue to be misclassified as starfish. This background confusion
is particularly evident in complex reef scenes where visually similar
marine organisms (e.g., sea cucumbers or branching corals) are
mistakenly detected as COTS with moderate confidence scores
ranging between 0.5 and 0.7.

As highlighted in Figure 5, qualitative predictions show that while
most starfish are detected accurately, some predictions fail due to low
confidence or imprecise localization. In cluttered reef environments,
YOLOV6 occasionally generates overlapping or redundant bounding
boxes with low confidence, affecting the overall mAP@50:95 scores.
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These observations underline the importance of addressing real world
underwater variability in future work. To mitigate these limitations,
future enhancements will involve training with more diverse and
adversarial augmented samples using Wasserstein GAN with
Gradient Penalty (WGAN-GP) to simulate extreme underwater
degradation more realistically. By integrating attention based
modules such as the Convolutional Block Attention Module
(CBAM) or transformer-based encoders can help focus on relevant
spatial features even under occlusion or camouflage. Domain
adaptation techniques will also be explored to improve model
generalizability across varying reef ecosystems and sensor settings.
Overall, while the current system demonstrates strong performance
under standard conditions, acknowledging and addressing these failure
scenarios is vital for deploying reliable ecological monitoring systems in
diverse and dynamic marine environments.

4.6 Computational complexity

The computational complexity of the proposed and benchmarked
models varies significantly based on their architecture, number of
parameters, memory footprint, and inference speed. YOLOV6, the
proposed real-time model, comprises approximately 37 million
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parameters and requires around 95 GFLOPs (Giga Floating Point
Operations) per inference. Its lightweight design, coupled with anchor-
free heads and optimization for TensorRT deployment, results in a low
memory footprint (~250 MB) and a fast inference speed of ~28
milliseconds per frame, making it highly suitable for embedded
systems such as Jetson Nano and reef-side underwater drones. On
the other hand, Faster R-CNN, while delivering top-tier accuracy, has a
significantly higher computational load. With around 140 million
parameters and over 206 GFLOPs, it demands approximately 700
MB of memory and has an average inference time of ~120 milliseconds
per frame. This makes it ideal for centralized lab-based analysis or post-
processing tasks where computational power is not a limiting factor,
but unsuitable for real-time embedded applications. Among other
models, YOLOv5s stands out with just 7.2 million parameters and
only 16.5 GFLOPs, resulting in a highly compact memory usage (~90
MB) and real-time inference at ~35 ms/frame. It is extremely well-
suited for low-power edge deployments, though slightly less accurate
than YOLOv6. YOLOV4 strikes a balance between performance and
complexity, with ~64 million parameters and ~90 GFLOPs, offering
solid accuracy and moderate hardware demands.

RetinaNet, despite offering a good F1-Score through the use of
Focal Loss, incurs ~97 GFLOPs and has a higher inference delay (~75
ms/frame) due to its dense predictions and deeper backbone.
EfficientDet-D1, while using only ~6 million parameters and ~2.5
GFLOPs, is extremely efficient in both parameter count and memory
usage (~70 MB), making it suitable for mobile and low power
scenarios, though it may underperform in low contrast underwater
imagery. Legacy models like YOLOV3 remain competitive with ~61.5
million parameters and ~66 GFLOPs, maintaining ~33 ms/frame
inference. However, newer architectures like DETR, a Transformer-
based model, come with a trade-off of higher complexity (around 41
million parameters, ~86 GFLOPs, and ~100 ms/frame) and longer
training times. CenterNet, with ~52 million parameters, relies on
keypoint estimation and offers moderate complexity (~96 GFLOPs)
and ~40 ms/frame inference speed, but struggles in densely packed or
occluded environments. In summary, YOLOV6 ofters the best trade-oft
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between speed and accuracy, whereas Faster R-CNN remains superior
in precision but is computationally expensive. Models like YOLOv5s
and EfficientDet-D1 offer alternatives for ultra-low-power deployment,
while newer architectures such as DETR promise high accuracy at the
cost of slower inference and higher resource demands.

4.7 Discussion, limitation, and conclusion

4.7.1 Discussion

Compared to conventional COTS monitoring methods, such as
surveys, the proposed Al-based approach offers substantial advantages
in spatial coverage, temporal frequency, and scalability. Traditional
surveys are constrained by human endurance, occupational safety
considerations, and environmental conditions, which limit both the
area surveyed and the frequency of data collection. In contrast, the
automated system can operate continuously, acquire large-scale
datasets, and process information in near real time, thereby
facilitating earlier detection of infestation events.

The system demonstrates strong performance in controlled
experiments, real world deployment in present challenges.
Variations in water turbidity, lighting conditions, and the
presence of other marine organisms can affect detection accuracy.
Hardware must be used to withstand prolonged submersion,
biofouling, and power limitations. To maintaining model
accuracy over time will require periodic retraining with updated
imagery to account for ecological changes and equipment wear.

4.7.2 Limitation

A potential limitation is overfitting to features present in DCGAN-
generated synthetic images, which may not fully represent natural reef
complexity. To address these issues, future work will focus on testing
the model with newly collected reef imagery from locations and
conditions not represented in the CSIRO dataset. Such external
testing is essential to ensure the model’s robustness across diverse
reef environments and to avoid bias toward synthetic data artifacts.

frontiersin.org


https://doi.org/10.3389/fmars.2025.1658205
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Jyothimurugan et al.

4.7.3 Conclusion

The proposed work demonstrates that combining focal loss
with DCGAN-based synthetic data augmentation can significantly
enhance the detection of Crown-of-Thorns Starfish in complex
underwater environments. The approach addresses class imbalance,
improves feature recognition for underrepresented classes, and
broadens the range of training scenarios to strengthen model
generalization. Achieving high precision, recall, and mAP scores,
the optimized model is well suited for deployment on embedded
systems, enabling real time, scalable, and efficient reef monitoring.
This framework offers a possible and impactful tool for supporting
timely interventions and promoting the long term conservation and
ecological resilience of coral reef ecosystems.
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