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Abstract— Oysters are a vital keystone species in coastal
ecosystems, providing significant economic, environmental, and
cultural benefits. As the importance of oysters grows, so does
the relevance of autonomous systems for their detection and
monitoring. However, current monitoring strategies often rely
on destructive methods. While manual identification of oysters
from video footage is non-destructive, it is time-consuming,
requires expert input, and is further complicated by the
challenges of the underwater environment.

To address these challenges, we propose a novel pipeline
using stable diffusion to augment a collected real dataset
with photorealistic synthetic data. This method enhances the
dataset used to train a YOLOv10-based vision model. The
model is then deployed and tested on an edge platform;
Aqua2, an Autonomous Underwater Vehicle (AUV), achieving
a state-of-the-art 0.657 mAP@50 for oyster detection.

I. INTRODUCTION

Oyster reefs are crucial benthic environments, providing
numerous ecosystem services, including water filtration,
enhanced species richness, shoreline stabilization, and
velocity attenuation [1]-[3]. Unfortunately, standing oyster
stocks in areas such as the Chesapeake Bay [4] and the North
Sea [5] have decreased significantly due to over-fishing,
global warming, and disease. To mitigate this devastating
ecological loss, massive efforts are being made to monitor
and restore oyster habitats across Europe [5], Aisa [6], [7]
and the United States [8]—-[11].

Despite this effort, efficiently monitoring oyster beds
for guided and enhanced restoration remains a major
challenge [8], [12], [13]. Traditional monitoring methods,
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Fig. 1: Oyster detection system deployed on an Autonomous Underwater
Vehicle (AUV). The main image shows oyster detection in real-time in a
shallow marine environment on the Aqua2 robot. The inset highlights the
output bounding boxes around the oysters detected in situ

such as those conducted annually in Delaware Bay,
New lJersey [14], and biannually in Chesapeake Bay,
Maryland [15], rely heavily on destructive sampling
techniques (dredging or tonging) and trained technicians to
process samples. Among these reports, universal parameters
such as “reef areal dimensions, reef height, oyster density,
and oyster size-frequency distribution” are commonly
assessed [5], [9]-[11], [16]. The overall process is costly and
labor-intensive, limiting the scalability of surveying efforts.

Similar challenges exist in on-bottom oyster aquaculture,
where larval oysters are set on clutch and left to
grow for years before harvest. Despite global growth for
this economic sector [17], the industry still relies on
legacy equipment [18]. Advances in autonomy, which have
improved terrestrial farming with real-time detection and
precision techniques [19] could help underwater farming.
By using these methods, farmers could better track oyster
health, abundance, and size, optimize harvesting, and avoid
areas with low yields or undersized oysters [20].

In fact, by collecting videos or photographs of the beds
and assessing the quantity of live and dead oysters, a
census of a localized region can be produced to determine
the quality of the reef and the harvestable biomass.
Similar video-based methods were successfully used to
assess habitat provisioning in oyster reefs and aquaculture
gear to provide valuable estimates of relative abundance,
species composition, and behavior [21]-[24]. However, these



methods require highly trained individuals to manually
identify and count animals over a large timespan, limiting the
depth, scale, and applicability of monitoring for surveying.
Autonomous systems can detect and assess live oysters in
real time using vision models, offering a promising approach
to monitoring. These systems enable on-site decision-making
based on live feedback, but training such models requires
large datasets of oyster imagery, which are often scarce.

To address this, we leverage diffusion models to generate
photorealistic synthetic images, augmenting real datasets.
These combined datasets are used to train models that are
then deployed in autonomous underwater vehicles (AUVs)
for real-time oyster population surveys. The models trained
on these combined datasets are deployed on AUVs, enabling
autonomous surveys in oyster fields, and providing accurate
counts of oyster populations within their biomes. A key
aspect of our approach is that the detection computation is
performed in real-time onboard the AUV.

The contributions of this paper are as follows:

The development and deployment of a state-of-the-art
model for oyster detection with on edge implementation
on the Aqua2 biomimetic AUV, to carry out tests on the
oysters in real environment;

A novel scheme for the generation of photorealistic
oyster imagery;

Open-sourcing the datasets and associated code to
facilitate future research.

The remainder of this paper is organized as follows. First,
we place this work in the context of previous work in Sec. II.
Then, we describe the pipeline used to create synthetic
images and the details of the edge device within Sec. III. We
then present extensive quantitative and qualitative evaluations
of our approach in Sec. IV. Finally, we conclude the paper
in Sec. V with parting thoughts on future work.

II. RELATED WORK

Robotic monitoring of aquatic environments presents
technical challenges due to low visibility, complex
terrains, and the need for autonomy and real-time
decision-making [25]-[27]. Edge computing, as a framework
that brings data processing applications closer to data
sources, can support robot autonomy in environmental
monitoring missions [28], [29]. When implemented in
autonomous underwater vehicles (AUVs), edge computing
allows real-time and local data processing in support of a
range of robotic missions, from object detection [30], [31]
to autonomous navigation [32] and exploration [33] under
resource constraints.

Within marine environmental monitoring, oyster detection,
in particular, presents unique additional challenges due to
the heavily occluded marine environment these creatures
inhabit, which makes accurate manual labeling especially
difficult. Sadrfaridpour et al. [34] used Mask-R-CNN [35]
for oyster detection; however, their dataset was small and
collected on an oyster farm, which lacked the variety of a
wild reef setting —needed for robust detection in real-world
environments. The collection and annotation of sufficient

marine data, essential for achieving satisfactory results with
vision models, has always been a challenge.

To save time and resources associated with collecting real
data, we follow the conceptual approach proposed by Lin
et al. [36], which uses 3D models to generate synthetic
data. This technique has been successfully applied in various
object detection tasks, such as whale detection with synthetic
satellite images [37], aerial object detection [38], real
and virtual segmentation [39], and olive detection [40].
We improved upon OysterNet [36] to generate realistic
oyster assemblages and using stable diffusion for sim-to-real
transfer.

While Generative Adversarial Networks (GANs) have
been used for sim-to-real tasks such as underwater image
restoration [41], synthetic oyster generation [36], and
AUV pose estimation [42], diffusion models provide
an attractive and often advantageous alternative. Indeed,
diffusion models [43], which generate images by refining
random inputs, have proven effective for high-quality
image synthesis [44]-[46]. Recent advances, such as
ControlNet [47], enable better control over the output by
integrating external conditions like depth and segmentation
map. This added control not only improves the fidelity of the
generated images, but also expands the utility of diffusion
models, enabling them to be used for tasks like synthetic
data augmentation and domain-specific image generation.

Given the capability of these models to generate
representative synthetic data, many have used diffusion
models to aid in the training of vision models. He et al. [48]
demonstrated the use of synthetic data in training vision
models, stating its efficacy in improving the performance
of models in zero-shot and low-shot environments. Bansal
et al. [49] used synthetic data to achieve higher accuracy
with ImageNet models, and Trabucco et al. Off-the-shelf
stable diffusion models have also been used [50] to enhance
existing data and apply it to few-shot domains. Despite
the obvious advantages that diffusion models afford for
dataset enhancement, few efforts attempt to create stable
diffusion-enhanced datasets for the underwater domain.

Our work combines (i) edge computing for real-time
underwater exploration and (ii) advanced synthetic data
generation. While previous efforts faced challenges due to
small and homogeneous datasets, our approach leverages
diffusion models and geometric modeling to create diverse
and realistic oyster datasets and deploy state-of-the-art
machine learning models such as YOLOv10 [51] running
locally on the Aqua2 AUV, ensuring robust performance
with edge computation in real-world scenarios. The
resulting pipeline is crucial to developing robust robust
oyster detection systems and improving the effectiveness
of autonomous, real-time monitoring of complex marine
environments.

III. SYSTEM OVERVIEW

To efficiently monitor oyster habitats in real time, we
utilize the Aqua2 robotic platform (Figs 1, 3), designed
for nondisruptive environmental monitoring tasks. We will
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Fig. 2: Overview of the oyster detection system. Simulated oyster assemblages are rendered using Blender and paired with ground-truth segmentation
masks. Diffusion models are employed to generate synthetic oyster imagery, ensuring consistency with real oyster habitats. Real-world data are collected
by the Aqua2 and BlueROV, equipped with a camera for capturing oyster images in the field. The combined dataset is used to train a YOLOv10, which
is deployed on an edge computing platform on Aqua2 for real-time oyster detection.

first provide an overview of the Aqua2 robot, followed
by a detailed explanation of the software deployed on
it. To further address the challenge of limited real-world
oyster imagery in reef environments, we supplement our
dataset with synthetic data, which will be discussed in the
section III-C of this overview.

A. Hardware Overview

Aqua2 is a biomimetic hexapedal Autonomous
Underwater Vehicle (AUV), designed for minimal
environmental disturbance in sensitive habitats such as
coral [52], [53] and oyster reefs [54]. Unlike traditional
AUVs that use thrust-based propulsion, Aqua2 employs a
unique biomimetic reciprocating paddle motion with its six
fins, significantly reducing sediment disruption by avoiding
thrust wash. This feature is crucial to maintain water
clarity in underwater environments, as sediment plumes
can obscure sensors and cameras [55]. The Aqua2 vehicle
is equipped with a NVIDIA Jetson Xavier NX processor,
which features a 384-core NVIDIA Volta GPU with 48
Tensor Cores, delivering up to 21 TOPS (Tera Operations
Per Second) of performance at 15W of power. The processor
is complemented by a 6-core NVIDIA Carmel ARM®v8.2
64-bit CPU, providing robust processing capabilities
essential for complex, real-time image processing tasks. In
addition, the vehicle is equipped with three 2-megapixel
cameras optimized for low-light underwater imaging and
with scene-based white balancing. The two front E-CAMs
capture full HD video at 65 fps, while the rear Blue
Robotics camera records at 30 fps. Both have focal lengths
of about 3mm, but the front cameras offer a much wider

field of view and overall better performance for surveying
underwater environments. On a full load, Aqua2 is capable
of running for 5 hours in real world environments.

B. Software Overview

Aqua2’s software architecture leverages the Docker
containers for easy management and deployment. NVIDIA’s
Container Runtime, compatible with the Open Containers
Initiative (OCI), provides GPU access as outlined in III-A.
Based on Dustynv/L4t-ml v-r36.2.0' container, we integrate
Robot Operating System (ROS2), OpenCV, PyTorch
v2.2.0 and Ultralytics. The system runs on ROS2 Humble
middleware for real-time communication capabilities,
modular design, and simplicity. OpenCV handles basic
computer vision tasks and Ultralytics installs YOLOv1O0
and all its dependencies. We developed a custom ROS
package that executes the YOLOv10 ROS node to establish
the vision pipeline. During operation, Aqua2’s vision
pipeline captures images from a downward-facing camera.
Pre-trained YOLOv10 submodels, cached on the robot,
are quickly loaded to process and compare predictions,
highlighting regions of interest and publish these images
on the ROS network. These results can be analyzed in
real-time by the operator for decision-making or used
for autonomous monitoring tasks. With the hardware and
software infrastructure in place, we now turn our attention
to addressing the challenge of limited real-world oyster
imagery by leveraging synthetic data generation to further
enhance the model’s performance.

Thttps://hub.docker.com/r/dustynv/l4t-ml
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