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Abstract— This paper presents a framework for mapping
underwater caves. Underwater caves are crucial for fresh
water resource management, underwater archaeology, and
hydrogeology. Mapping the cave’s outline and dimensions,
as well as creating photorealistic 3D maps, is critical for
enabling a better understanding of this underwater domain.
In this paper, we present the mapping of an underwater cave
segment (the catacombs) of the Devil’s Eye cave system at
Ginnie Springs, FL. We utilized a set of inexpensive action
cameras in conjunction with a dive computer to estimate the
trajectories of the cameras together with a sparse point cloud.
The resulting reconstructions are utilized to produce a one-
dimensional retract of the cave passages in the form of the
average trajectory together with the boundaries (top, bottom,
left, and right). The use of the dive computer enables the
observability of the z-dimension in addition to the roll and
pitch in a visual/inertial framework (SVIn2). In addition, the
keyframes generated by SVIn2 together with the estimated
camera poses for select areas are used as input to a global
optimization (bundle adjustment) framework – COLMAP – in
order to produce a dense reconstruction of those areas. The
same cave segment is manually surveyed using the MNemo
V2 instrument, providing an additional set of measurements
validating the proposed approach. It is worth noting that with
the use of action cameras, the primary components of a cave
map can be constructed. Furthermore, with the utilization of
a global optimization framework guided by the results of VI-
SLAM package SVIn2, photorealistic dense 3D representations
of selected areas can be reconstructed.

I. INTRODUCTION

Underwater caves are crucial for groundwater flow in karst
topographies, supplying freshwater to almost 25% of the
world’s population [1]. In the US, 23% of freshwater with-
drawals in 2000 came from bedrock aquifers, with Florida’s
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Fig. 1: GoPro setup deployed inside a cave, Ginnie Springs, FL. A
fiducial tag can be seen, used for estimating ground truth.

aquifer having the highest withdrawal rate [2]. Given its
importance, a project started in 1987 in the Woodville Karst
Plain (WKPP), which resulted in the exploration of over 34
miles of cave systems in Florida [3], [4], proving the cave
system to be the longest in USA [5]. Furthermore, caves
provide a unique preservation environment for archaeological
secrets [6], [7], [8], yielding to major historical finds across
the globe, such as Mexico [9], [10], [11], [12], Florida [13],
Greece [14], and Philippines [15].

Thus, mapping underwater caves is important [16]. Cur-
rently, cave divers dive in these extreme environments and
map caves with basic tools, such as knotted lines and
compass, to obtain the topology of a cave [17]. It is very
dangerous even for highly skilled people [18], with more than
350 deaths since 1969 in the USA alone. These environments
are still quite challenging for an underwater robot to explore
given the absence of any localization or communication
infrastructure. Hence, the community would benefit from
progress in automated technology tools that can accurately
map such environments, but are also easy to use to reduce
the cognitive load and preserve the safety of divers.

Mapping underwater caves presents several challenges.
LiDAR and RGB-D sensors that provide dense point cloud
cannot be used underwater because of the light absorption.
The most common mapping sensor used underwater is
sonar [19], however, measurements can be inaccurate due to
comparatively large beam width and multipath effects. Cam-
eras are promising due to their low cost and amount of scene
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information it can capture, but to use them effectively, it is
fundamental to overcome limited visibility, color absorption,
hazing, absence of natural light, etc. [20].

Some work produced good mapping results with cameras,
e.g., using light to infer the surrounding structures [21];
integrating camera, sonar, and IMU to leverage their com-
plementarity [22]. Still, a large dense map of an underwater
cave has not been fully demonstrated yet, especially using
only tools available to cave divers.

This paper presents a framework for mapping underwater
caves using inexpensive action cameras and a dive computer,
carried by the divers. We integrate a visual-inertial SLAM
framework, which provides a reduced set of images that are
informative from the state estimation perspective, together
with a structure-from-motion global bundle adjustment to
improve geometric consistency and achieve a denser recon-
struction. We use datasets collected by cave divers – see,
e.g., Fig. 1 – over multiple passes to verify the quality of
the reconstruction of the proposed framework and compare it
with the manual survey that cave divers perform. The dataset
has a long duration of 81 minutes and a covered distance of
more than 1km.

Besides presenting this framework, this paper contribution
is twofold. First, we provide a unique dataset on a cave
system that contains several branches and loops and that
we will make public. Second, we discuss open problems
from the lessons learned in reconstructing a segment of that
cave system, towards advancing technology for divers and
developing robust underwater robots.

II. RELATED WORK

While the literature is vast on 3D mapping, ranging from
photogrammetry [23] to simultaneous localization and map-
ping [24] and more recently Neural Radiance Field/Gaussian
Splatting [25], we discuss here work specifically related to
underwater cave mapping, highlighting the current state of
the art and main challenges and gaps.

Traditionally, scuba divers performed the topological map-
ping of underwater caves using knotted lines or measuring
tape for distance, a compass for orientation, and a (wa-
ter) depth sensor/dive computer for recording the depth.
Cartographers would then use the survey information to
create depictions of the caves. This process is valuable, as
it provides an understanding of how caves expand, but is
prone to error. The cave diving community looks forward to
technological progress making these surveys easier [17]. In
this paper, we integrate surveying methods used by the cave
diving community with 3D reconstruction pipelines.

There has long been robot technology that can support
cave surveying, even if they are expensive and require
expertise in processing the collected data. In 2007, Stone
Aerospace presented DEPTHX (DEep Phreatic THermal
eXplorer) [26], a teleoperated robot, equipped with an IMU,
two depth sensors, a DVL, and 54 narrow single-beam
echosounders. DEPTHX was used to map a vertical shaft
filled with water [27]. Later, the same company devel-
oped Sunfish [28], an autonomous underwater vehicle with

a multibeam sonar, an underwater dead-reckoning system
based on a fiber-optic gyroscope (FOG) IMU, DVL, and
pressure-depth sensors. Sunfish was deployed inside some
caves in Florida. However, sonar-based reconstruction can be
inaccurate in caves due to wide beam width and multipath
effects [29].

The advancements in camera technology and their minia-
turization resulted in a broadening of their use during cave
exploration by divers. However, full 3D reconstruction of
underwater caves remains an open problem. Some attempts
that specifically considered ease of use for divers included a
solution that used the boundary between the scuba dive light
and shadow to enhance feature matching, tracking, and 3D
reconstruction [21]. A visual-inertial SLAM system, called
SVIn2 [30], [31], [22], integrated stereo cameras, an IMU,
a depth sensor, and a profiling sonar in a tightly-coupled
optimization framework to improve the state estimation reli-
ability in underwater scenarios. Experiments were carried out
using a custom stereo rig with such sensors [32], as well as
GoPro cameras that have an IMU [33]. The integration of the
two systems, light and visual-inertial SLAM, system resulted
in a denser and accurate contour-based reconstruction [34].
SVIn2 is the base of our reconstruction pipeline, given its
robustness.

Photogrammetry can help in recording marine cave assem-
blages [35] and achieving high-resolution 3D models [36],
but it presents several challenges in achieving highly accurate
results due to low visibility, light degradation, and absence of
well-defined landmarks. Recently, an approach that combines
VIO and a structure-from-motion pipeline demonstrated abil-
ities to reconstruct sections of a cave [37]. Similarly, we
integrate the visual SLAM pipeline with a global bundle
adjustment system, though we also feed reliable keyframes
to achieve more accurate reconstructions.

Generally, compared to other domains, there is a lack of
underwater cave datasets. Only one is currently available for
general use [38], though there is another for benchmarking
VIO/SLAM systems [39]. A dataset for cave visual segmen-
tation has also been recently released [40]. We will contribute
a new cave dataset that comprises a large system with several
branches and loops.

III. PROPOSED FRAMEWORK

A. Experimental setup

Three GoProTM Hero9 black action cameras were used.
The cameras were rigidly mounted on an aluminum frame
with handles; see Fig. 1, and they were carefully positioned
to produce a wide, partially overlapping field of view. In
particular, the left and right cameras were aligned horizon-
tally but facing approximately thirty degrees off center in
opposing directions, while the center camera was pointed
approximately 30 degrees upward. Two KeldanTM video
lights were connected to the handles to generate the required
illumination, as there is no natural light inside the cave. One
ShearwaterTM Perdix2 AI dive computer (carried often by
divers) was utilized to record the depth of the water at the
position of the diver, who operated the camera rig.
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The video clips from the camera are converted into a ROS1
bagfile using the approach proposed by Joshi et al. [33], [41].
This framework encodes the video (at 30 fps) and the IMU
(100 Hz) datastream as ROS1 messages with synchronized
timestamps. The resulting bagfile can be played back and
used as input to a number of VIO/VI-SLAM packages; in
our case SVIn2 [22] is used.

In a separate deployment, the MNemo survey data acqui-
sition system [42] (see Fig. 2 left) is used to record data
pertaining to the deployed caveline. MNemo records depth
and azimuth at each endpoint of a segment and also the
length of the segment. The right image in Fig. 2 presents
the raw data as recorded from MNemo. Please note that,
during deployment, the data acquisition was interrupted due
to operator error (blue line) and re-started (red line). The
software Ariane [43] was used to calculate loops (light grey
dashed lines) and then produce a stick map of the caveline;
see Fig. 4 for the processed map.

Fig. 2: MNemo [42]: underwater cave survey data acquisition
device. Raw data collected by MNemo with loops manually selected
for least square loop closure in the Ariane software [43].

B. Visual-Inertial SLAM – SVIn2

We utilize the Visual Inertial SLAM framework
SVIn2 [22] for extracting the camera trajectory and a sparse
point cloud. Although the detailed description is beyond the
scope of this paper, the main points of this framework are
described next.

SVIn2 is a tightly-coupled optimization framework that
integrates IMU, camera, water pressure sensor, and sonar,
by jointly minimizing error terms for each sensor. SVIn2
operates with a frontend, which provides a trajectory based
on the optimization in a local map, and with a backend that
supports loop closure for global trajectory optimization of
keyframes. A new keyframe is one that maintains a certain
overlap with a previous keyframe. A subsequent extension
[33] uses the optimized camera poses from the backend to
update, in the frontend, the point clouds visible from each
camera pose.

At the end, our proposed pipeline extracts the camera
trajectory composed of keyframes and corresponding point
clouds used in the next steps of the pipeline.

C. Absolute Water Depth Correction

The dive computer (Perdix) provides precise depth mea-
surements throughout the entire dive. In contrast, the SVIn2

(a) (b)

(c) (d)

(e) (f)

Fig. 3: (a) The SVIn2 z-coordinates (red) and the dive computer
depth (blue) before synchronization for the left GoPro dataset. (b)
The two time series shifted to a common time but at different scales.
(c) Linear regression between the SVIn2 and the Perdix data. (d)
The depth estimates time-shifted and with adjusted depth; in red, the
SVIn2 produced trajectory; in blue, the data from the dive computer,
for the left GoPro dataset. (e),(f) The depth estimates time-shifted
and with adjusted depth; in red, the SVIn2 produced trajectory;
in blue, the data from the dive computer, for the right and center
GoPro datasets respectively.

trajectory starts from a random location and provides rela-
tive positioning based on the starting point, with absolute
positions remaining unknown [44], [45]. In addition, the
two signals are sometimes acquired in different time zones,
resulting in significant time drift. Therefore, we adjusted
the SVIn2 start time to match the Perdix start time to
reduce the time drift to some extent; see Fig. 3(a) for the
asynchronous data in the Catacombs-Left dataset. Moreover,
the dive computer saves depth data every 10 seconds at
a frequency of 0.1 Hz, which is much slower than the
frequency of SVIn2 based on the selected keyframes; in our
case 2.8 Hz (Catacombs-Left), 3.8 Hz (Catacombs-Right),
and 4 Hz (Catacombs-Center).

For every dataset, we already aligned the SVIn2 and
Perdix data, thus they have the same start time. In the first
step, the depth data is interpolated to 100 Hz to match
the same frequency. These interpolated signals were used to
determine the time shift values between them by calculating
the cross-correlation of the two datasets; see Fig. 3(b) where
the Catacombs-Left time sequence is shifted to align with
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Fig. 4: From the left: The un-aligned trajectories produced from SVIn2 for the left (green), center (blue), and right (red) GoPro. The
aligned trajectories. Segment of the cave map with the main line overlayed and the start of the deployment marked. The results from the
manual survey using MNemo2 [42] survey tool and Ariane [43] software. Last on the right, the average camera trajectory from SVIn2.

the Perdix time sequence, whereas they still have different
scales (Perdix in blue and SVIn2 in red). The following
step is to calculate the depth shift values between the two
data using linear regression; see Fig. 3(c), which indicates
the input data (blue) and the regression result (red). Finally,
the SVIn2 depth data are shifted to the real depth based
on the values calculated by regression; see Fig. 3(d) where
the SVIn2 and Perdix data are aligned to the same depth
scale and time in the Catacombs-Left dataset. The same
approach is implemented for the Catacombs-Right (see Fig.
3(e)) and Catacombs-Center (see Fig. 3(f)) datasets. For all
three datasets, the GoPro (SVIn2) time was shifted by 9.64
min relative to the initial Perdix time. The depth offsets
were 19.39 m (Catacombs-Left), 19.4 m (Catacombs-Right),
and 19.36 m (Catacombs-Center), respectively. These results
reflect the experimental setup, as the three GoPro cameras
were aligned in the rig, had similar depths and were set to
the same time zone.

D. Trajectory Alignment

For transforming the three trajectories to the same coordi-
nate frame, we utilize a calibration target that was placed at
the begining of the deployment; see the first image of Fig. 8
for a reconstruction of the target inside the cave passage. The
aprilgrid package [46] is employed to detect the target in each
of the datasets and the relative pose TCi

m between the camera
at time i (Ci) and the target (m). Consequently, by employing
the pose of the camera (PW

Ci
) in world coordinates, we

can estimate the pose of the target in world coordinates as
CiPW

m = PW
Ci

· TCi
m .

First we estimate the average pose for the target as
P =

∑
i=1...N

CiPW
m

N . Then, the distance (Di) is calculated
between the target CiPW

m for each camera i that viewed
the target and the average pose of the target (P ) as Di =

∥ CiPW
m −P

j∥. We calculate the standard deviation σD of all
the distances and then remove all targets with distances more
than one σD from the mean. Then, we filter outliers based
on the orientation estimates, which are more noisy. From
the rotation matrix of the pose of the target in the global
coordinate system we extract the angles around the principal
axes (roll, pitch, yaw) then we remove all the targets with
at least one angle (roll, pitch, or yaw) that falls outside one
standard deviation. From the remaining (inlier) targets we

estimate an average pose. If there are two trajectories (A
and B) the result is two poses PWA

m and PWB
m for the same

target in two different coordinate systems. The coordinate
transformation from World frame B to world frame A is
TWB

WA
= PWA

m · (PWB
m )−1 and brings trajectory B in the

coordinate frame of trajectory A.

E. Dense Reconstruction – COLMAP

Our pipeline includes a stucture-from-motion system,
COLMAP [47], run on the keyframes using as prior corre-
sponding poses, identified by SVIn2. This step refines the
geometric consistency of the camera poses given that all
collections of images are used. The output will be a sparse
point cloud. We then densify that point cloud with a depth
map estimation using patch-match stereo with per-pixel view
selection and fusion.

To obtain the mesh reconstruction, we use a screened
Poisson reconstruction, where an implicit function indicator
is computed to determine whether a point is inside or outside
the model [48].

IV. EXPERIMENTAL RESULTS

A. Dataset

The catacombs section of the Devil’s Eye cave system
is a narrow passage to the left of the main line as we
are entering the cave. The area is characterized by several
interconnected narrow tunnels, some of which are accessible
only in side-mount configuration1; see Fig. 4 center for
a depiction of the area. Please note that the cave map
presented in the center of Fig. 4 is not metrically accurate
but provides a generic outline of the area. The catacombs
are not marked with a permanent line, however, for the
experiments presented here, one was temporarily installed.
During a single deployment of one hour, forty-six minutes
at an average depth of seventeen meters, the area was mapped
using the three cameras described in the experimental setup
section. Multiple loops were performed as can be seen in
Fig. 4, covering all accessible parts of the catacombs. At

1In cave diving the passages are characterized as back-mount, where the
diver carries double scuba tanks on their back; side-mount, where the tanks
are slunk on the diver’s side, thus creating a narrower vertical profile; and no-
mount, where the diver pushes their tanks in front of them, while breathing
from them.
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the entrance of the passage a calibration target was placed
and at the start of the deployment a short calibration motion
sequence was performed. In total, data collection lasted for
81 minutes and the total estimated trajectory was more than
1km.

A second dive was performed for manually surveying
the caveline deployed inside the catacombs. We started at
the mainline (see Fig. 4 center) and followed the line into
the catacombs; see the second from right of Fig. 4 where
the MNemo start is marked and also, where the VI-SLAM
process started. The data collection process was hampered
by the current (flow) that is ever-present in the Devil’s Eye
cave system. Small orientation errors resulted in deviation
of the line segments; see Fig. 2, however, the Ariane [43]
software optimized the marked loop closures resulting in the
map presented in Fig. 4.

B. Sparse reconstruction, Camera Trajectory Generation,
Cave Mapping

The SVIn2 [22], [33] package was utilized to extract the
camera pose trajectories and sparse point clouds for each of
the three cameras (left, center, and right). The un-aligned
trajectories can be seen in Fig. 4 on the left. By utilizing the
calibration target placed at the beginning of the catacombs
section, the three trajectories are aligned in a common frame
of reference and adjusted to the correct depth (z-dimension);
see Fig. 4. The resulting sparse point cloud representations
can be seen in Fig. 5 for the left, center, and right GoPro
respectively, while the combined dataset, aligned in the same
coordinate frame can be seen in the right image of Fig.
5. Please note that the center camera covers more of the
ceiling, while the left and right capture more of the walls.
The segment of the main passage near the main line (see
Fig. 4 center) is characterized by a high ceiling and wide
passage, which was reflected in the lack of detected points
in all three cameras.

The three trajectories are used as a guideline for the center
of the passage. A pose of the center trajectory is selected and
every pose in all three trajectories is flagged. The flagged
poses are used to calculate an average pose, and then the
next pose of the center camera that has not been flagged is
selected. The average trajectory produced can in seen in Fig.
4. The Minimum Spanning Tree (MST) algorithm is used to
connect these average poses and from each one the closest
point on the left and right of the average pose (at the same
depth – z-coordinate) is selected. Fig. 6 presents the average
trajectory in green, the left wall in red and the right wall in
blue. As can be seen, this naive method is sensitive in the
order of traversal for designating left and right boundaries,
and the MST does not capture the full connectivity of the
passages. We cleaned up manually the data – see the center
image of Fig. 6 – and the variability in the passage width is
captured. Inside the catacombs, the passages are narrower,
while at the main line the passage is wide. In addition, the
point above and below the average pose (green) are selected,
marking the ceiling (red) and the floor (blue) of the passage;
see Fig. 6, where the floor is mapped at an approximately

constant distance from the average camera pose while the
ceiling displayed greater variability. Over the years, materials
brought by the water accumulate on the floor, smoothing it
and filling any holes, while the ceiling erodes over time,
generating a lot more 3D structure.

C. Dense reconstruction

From the three cameras, more than forty thousand
keyframes were generated. In this paper, we selected six
representative areas; see Fig. 7, for dense reconstruction.
For each area, we picked one central pose, taken as the
pose for a particular image from the center camera. We
then found all keyframes, from all three cameras, with poses
inside a radius of 2.5 meters, as measured from the central
pose, except area 5 where a radius of 5 meters was used.
Reconstruction was performed using the global optimization
package COLMAP [47], where the camera poses from SVIn2
were used as constraints, as described in the previous section.
From the resulting dense Poisson mesh, representative views
are displayed in Fig. 8. More specifically, the calibration
target is clearly visible at the right side of the passage, while
the entry to the catacombs is visible to the left. Areas 2-
4 and 6 are inside the catacombs and are characterized by
narrow passages. It is worth noting that the floor is relatively
flat, while the ceiling presents a more detailed structure; see
Area 4 and 6. Area 5 was selected outside the catacombs,
in the main passage of the cave. In this relatively open area,
distant points are visible in our keyframes. A limited number
of pixels cover an extended area, resulting in a very noisy
reconstruction. The dense point cloud captures the rocks that
exist in the middle of the main passage, as can be seen in
Fig. 8.

V. CONCLUSIONS AND FUTURE WORK

We presented a framework for mapping underwater caves,
utilizing inexpensive action cameras and a dive computer,
available to scuba divers. The proposed pipeline based on VI
SLAM and SfM allows for sparse and dense reconstruction
of parts of the caves on a cave dataset (which will be publicly
released) with several branches and loops extending for more
than 1km.

The results showed the ability of the proposed framework
to reliably estimate the camera trajectory and achieve dense
reconstructions in sections of the cave.

We plan several research directions in the immediate short
term based on some of the lessons learned from this paper.
While the trajectory looks accurate, achieving a dense map
of the whole cave system was unattainable, because there
were many outliers preventing a good reconstruction. In
addition, the occupied memory raised significantly, making
it challenging to manage even on a powerful workstation
with 256GB. We plan to investigate strategies to iteratively
perform dense reconstruction in a window. We also plan to
add to the dataset a 3D sonar released by WaterLinked that
has a narrow beam and provides a 3D point cloud.

Presented at the 2025 IEEE ICRA Workshop on Field Robotics



Fig. 5: The left, center, and right GoPro cameras, sparse point cloud produced by SVIn2. On the right, the combined point cloud from
all three cameras.

Fig. 6: Left: the average trajectory (in green) connected using the minimum spanning tree (MST) together with the two walls, left (blue)
and right (red) extracted from the combined sparse point cloud. Center: the left and right walls (adjusted manually) showing the width of
the cave.

Fig. 7: The aligned trajectories were used as a guideline to select interesting areas for dense reconstruction. On the left, the six areas
selected. In the middle, the parts of the trajectories used for the dense reconstruction. On the right, the Poisson reconstruction of the six
areas.

In the longer term, we plan to integrate the pipeline for
real-time 3D reconstruction for eventual robot navigation,
towards autonomous mapping of underwater caves.
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