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Abstract—Enabling autonomous robots to safely and efficiently
navigate, explore, and map underwater caves is of significant
importance to water resource management, hydrogeology, ar-
chaeology, and marine robotics. In this work, we demonstrate the
system design and algorithmic integration of a visual servoing
framework for semantically guided autonomous underwater cave
exploration. We present the hardware and edge-AI design consid-
erations to deploy this framework on a novel AUV (Autonomous
Underwater Vehicle) named CavePI. The guided navigation is
driven by a computationally light yet robust deep visnal per-
ception module, delivering a rich semantic understanding of the
environment. Subsequently, a robust control mechanism enables
CavePI to track the semantic guides and navigate within complex
cave structures. We evaluate the CavePI system through field
experiments in natural underwater caves and spring-water sites,
and further validate its ROS (Robot Operating System)-based
digital twin in a simulation environment. Our results highlight
how these integrated design choices facilitate reliable navigation
under feature-deprived, GPS-denied, and low-visibility condi-
tions. The system design, code, and data are available on the
project website: https://github.com/uf-robopi/CavePI_AUV/.

1. INTRODUCTION

Autonomous underwater cave exploration is an important
area of research, providing valuable insights into some of the
planet’s least explored ecosystems to understand and manage
marine resources. Underwater caves, in particular, hold im-
mense potential for advancing our knowledge of archaeology,
hydrology, and geology [26]. The formations and sediments
within these caves serve as critical records of historical climate
and geology events while playing a key role in monitoring
groundwater flow within Karst topographies, which supply
freshwater to nearly a quarter of the global population [15].
However, these environments are difficult to access and often
hazardous for human divers due to their confined spaces,
complex geometries, and lack of natural light [40, 5]. To
this end, Autonomous Underwater Vehicles (AUVs) present
a promising solution, offering safe and efficient exploration
while minimizing risks and improving precision [1].

However, fully autonomous exploration inside underwater
caves presents significant challenges: navigation is difficult
without GPS, while poor visibility, backscattering, and silt
disturbances hinder perception. Thus, uninformed exploration,
as often done by AUVs in open-water ecological surveying
and mapping tasks [31], is quite challenging. For autonomous
navigation inside underwater caves [47, 66], it is important
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Fig. 1: The CavePl AUV navigates by leveraging the semantic
guidance of a caveline from its down-facing camera. A deep visual
perception module extracts the semantic cues, which are processed
by an onboard planner to make visual servoing decisions.

to be aware of the entry and exit directions as well as a
semantic understanding of existing navigational markers, when
available. More specifically, underwater caves explored by
humans are augmented by a line (string), referred to as the
caveline [14], which extends from the entrance through all
the major sections of the cave. Other, navigational markers
such as arrows and cookies [1] indicate the closest path to
the exit (arrows’ directions) and the presence of landmarks
and/or divers (cookies); real-life examples and demonstrations
are provided in the the supplementary video. The caveline, to-
gether with the navigational markers, provides a 1D retraction
of the 3D environment, indicating the orientation and distance
from the entrance of the primary passages.

In this paper, we demonstrate the system design and al-
gorithmic integration of CavePl, a novel AUV specifically
developed for navigating underwater caves using semantic



guidance from cavelines and other navigational markers; see
Fig. 1. Designed for single-person deployments, CavePI’s
compact design and 4-degree-of-freedom (4-DOF) motion
model enables safe traversal through narrow cave passages
with minimal silt disturbance. It features a forward-facing
camera for visual servoing and diver-robot interaction, and a
downward-facing camera for caveline detection and tracking,
effectively minimizing blind spots as low as 30° below the
robot, that converges at a distance of 38 cm. A Ping sonar pro-
vides altitude data to maintain a safe distance from the ground
plane. Additionally, two onboard lights enhance visibility in
low-light conditions, complemented by on-device software
visual filters [22] for improved perception. The computational
framework of CavePl includes two single-board computers
(SBCs): a Jetson Nano for perception, and a Raspberry Pi-
5 for planning and control.

For visual servoing, we integrate a caveline detector that
performs real-time pixel-level segmentation of the caveline
using the robot’s down-facing camera stream. While prior
studies have proposed vision transformer (ViT)-based frame-
works such as CL-ViT [66] and CaveSeg [1] for caveline
detection, these approaches are computationally intensive and
unsuitable for the resource-constrained SBCs. To address
this, we adopt more efficient feature-extractor networks: Mo-
bileNetV3 [20] and ResNetlOl [18] — combined with a
lightweight DeeplabV3 [8] as the segmentation head. By
leveraging GPU-accelerated computation on a Jetson Nano
SBC, our system achieves a maximum inference rate of
18.2 frames per second (FPS) while ensuring robust seg-
mentation performance. The resulting segmentation map is
post-processed to extract caveline contours, which are used
to guide a proportional-integral-derivative (PID)-based Pure
Pursuit controller [45] for precise heading adjustments for
smooth tracking-by-detection [52]. Note that CavePI leverages
the caveline position and directions for semantic guidance,
while the ground plane is ranged by sonar. Other markers:
arrows (exit direction) and cookies (divers’ presence) trigger
momentary decisions such as taking u-turns, invoking logging
threads, etc. Thus, in this paper, we mainly focused on demon-
strating robust caveline following performances of CavePL

In addition, we develop a digital twin (DT) of CavePlI to
support pre-mission planning and testing, providing a cost-
effective platform for validating mission concepts. Built using
the Robot Operating System (ROS) and simulated in an un-
derwater environment via Gazebo, it addresses the challenges
posed by expensive and delicate underwater technologies that
require stringent safety standards for testing. Even verified
systems can exhibit unforeseen behavior due to new tech-
nological components; for example, a novel caveline detec-
tion algorithm might erroneously identify unrelated objects
as cavelines, leading CavePI to follow incorrect paths and
potentially creating hazardous conditions. The DT allows for
prototyping, rigorous testing, and refinement of new underwa-
ter technologies, algorithms, or system modifications before
physical deployment, ensuring safer and more economical
evaluations. Moreover, as marine exploration missions require

substantial logistical planning and time investment, initial
mission planning and performance assessments conducted on
the DT facilitate rapid feedback and iterative improvements,
enhancing overall mission efficiency.

CavePI’s guided navigation capabilities are initially evalu-
ated by line-following experiments conducted in a controlled
environment: a 2mx3m water tank with a maximum depth
of 1.5m. Cavelines are arranged in both regular geometric
patterns (e.g., circles, rectangles) and irregular configurations
such as curves, spirals, and vertical slopes. The line-following
accuracy is quantified by measuring the tracking error, defined
as the distance between the line and the optical center of the
down-facing camera on the plane of the line. Similar evalu-
ations are performed in the Gazebo simulation environment
using the DT. Additionally, the delay in decision-making and
its impact on an overshoot at sharp corners are analyzed.
Specifically, the proportional and differential gains of the PID
controller are fine-tuned via exhaustive search, and overshoots
are minimized for subsequent runs.

Following extensive in-house testing and refinement, CavePI
is deployed in diverse real-world environments, including 1.5-
6 m deep spring waters and 12-30m deep natural underwater
grottos and caves. These outdoor settings pose unique percep-
tion and navigation challenges, such as strong currents and
turbidity in open waters, as well as noisy, low-light conditions
within overhead environments. These deployments validate the
robustness of CavePl, demonstrating its capability to perform
long-term autonomous missions in complex underwater envi-
ronments. Our long-term goal is to make it more generalizable
for exploring any overhead structures (e.g., inside ship hulls,
pipelines, dams) with no predefined markers.

Need for a new AUYV. The existing AUVs, such as SUN-
FISH [46], CUREE [17] and UX1 [32], offer a broad range of
capabilities for marine exploration tasks. We designed CavePl
specifically with (i) a small footprint: one person can carry
and deploy it; (i) a down camera dedicated for tracking
navigation markers; (iii) a single-enclosure, low-cost, and low-
power design with 4+ hours of endurance, as cave missions
take longer than open-water tasks. The size, weight, cost, and
power statistics of existing robots are not the ideal fit. For
instance, SUNFISH (CUREE) weighs about 48 kg (25 kg) with
151,340 cm?® (63,713cm?®) in volume; CavePI weighs only
8.6kg with 40,432cm?® volume (maximum width: 38cm).
Furthermore, the cost of SUNFISH is hundreds of thousands
of dollars; in comparison, the overall cost of CavePlI is less
than $3,500. On the other hand, UX1 requires on-land logistic
support and relies on a slow pendulum system for pitch
control — making it unsuitable for turbulent cave environments.
BlueROV2 or other ROVs are not autonomous, and thus re-
quire significant modifications (additional cameras, autopilot,
etc.) to be deployed autonomously.

II. BACKGROUND & RELATED WORK
A. Autonomous Underwater Cave Exploration

While SOTA AUVs are proficient in executing fully au-
tonomous missions, their deployments have primarily been
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Fig. 2: The proposed CavePI system design is shown; (a) isometric 3D view of the robot; (b) side-view and top-view displaying the outer
shell, sonar, and thrusters’ positions; (c) cross-sectional view presenting the assembly of the electronic components inside the computational
enclosure; (d) the fully assembled system. CavePI is one-person deployable, weighs 8.8kg, and has a depth rating of 65 meters (213 ft).

constrained to open water environments [48], where obsta-
cles are minimal. Underwater caves, however, present unique
and formidable navigation challenges, including overhead
and surrounding obstacles, narrow passageways, and complex
topologies. Early efforts to address these challenges include
the work of Mallios er al. [30], where manually operated
AUVs collected acoustic data for offline mapping. Similarly,
Weidner er al. [63, 62] utilized stereo camera systems to
generate high-resolution 3D reconstructions of cave walls,
floors, and ceilings.

Vision-based state estimation and navigation in underwater
caves pose significant challenges due to factors such as lighting
variability, backscattering effects, and image degradation [24].
To overcome these obstacles, Rahman et al. [42, 44] proposed
a data fusion framework that integrates visual, acoustic, iner-
tial, and water depth measurements, enabling robust trajectory
estimation and sparse representations of underwater cave envi-
ronments. Advances such as shadow-based mapping [43], con-
tour extraction [33], and real-time stereo reconstruction [61]
have further enhanced the density and fidelity of cave mapping
techniques. More recently, visual learning-based approaches
have shown promise for autonomous visual servoing within
underwater caves [1, 66]. Other contemporary works with the
SUNFISH AUV [47] have demonstrated effective navigation
capabilities in these environments by employing Doppler
Velocity Log (DVL)-based dead reckoning and sonar-based
SLAM algorithms. However, it is not one-person portable, and
requires considerable logistics for successful deployment.

B. Robot Navigation by Semantic Guidance

Terrestrial and aerial robotic systems benefit from their
feature-rich surroundings, leveraging semantic knowledge for
navigation; examples include detecting road lanes [10], traf-
fic signs [4], power lines [7, 2] riverbanks [65], and sea
horizon lines [16]. Traditional approaches for extracting such
features include edge detection [27] and line segment analy-
sis [65]. Advanced learning-based methods employ conditional
random fields (CRFs) [68], convolutional neural networks
(CNNs) [55], and Vision Transformers (ViTs) [13, 37] for
robust semantic scene parsing. More recently, vision-language
models, such as CLIP [41] and its variants [51, 54], have been

utilized to generate semantically meaningful embeddings for
high-level scene comprehension and robot navigation [21, 12].

However, underwater environments are typically low-light,
turbid, cluttered, and unstructured, thereby deprived of distinct
semantic features [23]. Underwater robots rely on multi-modal
sensing e.g., scanning sonars for additional cues and naviga-
tion guidance [6, 59, 67]. To this end, semantic knowledge
representation of targets [38] has been proven effective for path
planning and real-time decision-making of AUVs in partially-
known dynamic environments [39]. Additionally, semantic
mapping techniques using laser scanners are employed for
subsea pipeline following, inspection, and intervention [60].
Recent studies also utilize 3D laser/sonar point clouds for
underwater landmark recognition [19] and eventually integrate
them in semantic SLAM pipelines [53].

For navigating underwater caves safely, learning-based
frameworks have been developed for detecting and follow-
ing cavelines [66] and other navigation markers [1]. How-
ever, these computationally intensive models require further
optimization to achieve real-time deployments [34]. Addi-
tionally, their onboard semantic segmentation performance
and decision-making capabilities remain underexplored. We
address this gap by conducting comprehensive real-world
evaluations using our CavePI robotic platform, demonstrat-
ing its effectiveness for real-time semantic segmentation and
navigation in complex underwater cave environments.

III. CAVEPI SYSTEM DESIGN

The CavePl AUV design includes three major subsystems:
sensory bay, computational bay, and locomotion bay. Our
proposed system and its components are shown in Fig. 2.

A. Sensor Bay: Acoustic-Optic Perception Subsystem

The CavePI platform includes visual and acoustic sensors:
a front-facing fisheye camera, a downward-facing low-light
camera, and a Ping2 active sonar. The fisheye camera, housed
within a transparent dome at the head of the AUV, captures
forward-facing visuals with a 160° field-of-view (FOV) and
outputs a video feed at 1920 x 1080 resolution. This camera
detects navigation markers and visual commands (QR codes)
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Fig. 3: Major electronics and sensor-actuator connections of CavePL.

from divers, and will assist in obstacle avoidance in the next it-
eration. It is worth noting that the cylindrical enclosure is a 6"
tube while the dome has a 4/ diameter. A custom interface is
built to connect the two; see section V-A for more details. The
low-light camera, mounted inside the computational enclosure,
captures downward-facing visuals with an 80° x 64° FOV, also
at the same resolution and frame rate. Additionally, a Ping2
sonar altimeter-echosounder from Blue Robotics™ is mounted
on the underside of the robot; the sonar has a range of 100
meters, a depth rating of 300 meters, and a resolution of 0.5%
of the range, allowing it to detect obstacles directly beneath
CavePl at an output frequency of 10 Hz. These sensory com-
ponents collectively provide robust environmental awareness
for autonomous navigation in challenging underwater caves.

B. Computational Bay

As illustrated in Fig. 2, the computational and electronic
components of CavePI are housed within an acrylic cylindrical
enclosure. This enclosure, with a thickness of 6.35 mm and a
depth rating of 65 meters, forms the main body of the robot,
providing mechanical stability, buoyancy, and waterproof pro-
tection for the electronics. The computational elements include
a Raspberry Pi-5, a Nvidia™ Jetson Nano, and a Pixhawk™
flight controller. The Jetson Nano is dedicated to processing
visual data from the cameras, performing image processing
tasks critical for scene perception and state estimation. The
Raspberry Pi-5 manages planning and control modules, en-
suring real-time underwater navigation. The Pixhawk flight
controller acts as a bridge between hardware and software,
receiving actuation commands from the Raspberry Pi-5 and
transmitting them to the thrusters and lights via the MAVLink
communication protocol. Additionally, the Pixhawk integrates
a 9-DOF IMU, offering 3-axis gyroscope, accelerometer, and
magnetometer measurements, which are used to calculate the
attitude of CavePI during underwater operations.

The enclosure also contains the battery compartment, volt-
age regulators, electronic speed controllers (ESCs), and a Bar-
30 pressure sensor. The battery compartment holds a 14.8V
(18 Ah) battery pack, regulated to power internal components
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Fig. 4: Data flow among major computational modules of CavePI is
shown in the form of ROS Topics: red and blue arrows represent
subscribed and published topics in the ROS graph, respectively.

(e.g., cameras, computers) and external components (e.g.,
thrusters, sonar). The battery pack is capable of supplying
sufficient power to sustain over 6 hours of operation of CavePL
Each thruster is controlled by an ESC, which drives the three-
phase brushless motor using PWM signals from the Pixhawk.
The Bar-30 sensor provides high-precision pressure readings
with a resolution of 0.2 mbar and an accuracy of 2mm, with
a working depth of up to 300 meters. This pressure data is
processed to determine underwater depth, ensuring reliable and
accurate interoceptive perception during operations.

C. Locomotion Bay: Middleware Integration

The end-to-end integration of CavePl ensures that each
computational component operates in sync, tied to a ROS2
Humble-based middleware backbone. The modular design also
allows for future upgrades, ensuring that the CavePl can
be tailored to meet evolving research in marine ecosystem
exploration and monitoring. The sensor-actuator signal com-
munication graph is illustrated in Fig. 3.

The CavePl AUV is designed for low-power operation and
integrates a modular ROS2 framework to support application-
specific perception, planning, and control methods. As de-
picted in Fig. 4, the detector node acquires visual data from
the two cameras to identify the caveline for navigation. The
mission planner node then integrates the caveline informa-
tion with the estimated position data to generate subsequent
waypoints for the mission. Finally, the autopilot controller
node utilizes these waypoints, along with the detected caveline,
positional data, and depth readings from the Bar-30 sensor, to
generate precise actuation signals for the thrusters, enabling
accurate movements and depth control. Additionally, CavePI
can function as an ROV through an optional tether-based
teleoperation module. This module transmits user commands
from a joystick to the onboard Raspberry Pi-5, which processes
the inputs and relays them to the thrusters for manual control.

Power footprint and synchronization. As shown in Table I,
CavePI offers an endurance of 6+ hours at maximum capacity.
While it can operate much longer, the battery profile [11]
recommends running it above 20% power; the remaining




































