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ABSTRACT

Visibility underwater is challenging and degrades as the distance between the subject and the camera increases. That is why
forward-looking underwater computer vision tasks are difficult. We have collected underwater forward-looking stereovision
and visual-inertial image sets using two underwater imaging platforms, a stereo camera rig, and an ROV in the Mediterranean
and Red Seas. To our knowledge, there are no other public data sets in the underwater environment with this forward-looking
camera-sensor orientation that have published ground-truth depth maps as well as pose. These data sets are critical for the
development of several underwater applications, including autonomous obstacle avoidance, visual odometry, 3D tracking,
Simultaneous Localization and Mapping and depth estimation through deep learning. The stereo data sets contain synchro-
nized stereo images, and the visual-inertial data sets include monocular images and inertial measurement unit (IMU) mea-
surements with millisecond-level timestamp alignment. All data was collected in dynamic underwater environments with
objects of known size. Both sensor configurations allow for scale estimation, with the calibrated baseline in the stereo setup and
the IMU in the visual-inertial setup. Ground-truth depth maps were created offline for both data set types using a commercial
photogrammetry software (Agisoft Metashape). The ground truth is validated with multiple known measurements placed
throughout the imaged environment. There are four stereo and 12 visual-inertial data sets in total, each containing thousands
of images, with a range of different underwater visibility and ambient light conditions, natural and man-made structures, and
dynamic camera motions. The forward-looking orientation of the camera plus the corresponding ground truth makes these data
sets unique and ideal for testing underwater obstacle-avoidance algorithms and for navigation close to the seafloor in dynamic
environments. We show results from an experiment with a monocular depth estimation algorithm to demonstrate the appli-
cability of the data sets. With our data sets, we hope to encourage the advancement of autonomous functionality for underwater
vehicles in dynamic and/or shallow-water environments.

1 | Introduction user input. They use a combination of acoustic, inertial, geo-
magnetic, and visual sensors to perceive and interact with their
environment. Most AUV operations assume a downward-
looking sensing configuration from the midwater column

Autonomous underwater vehicles (AUVs) are designed to
operate untethered, able to navigate and perform tasks without

Data sets are available at https://www.kaggle.com/datasets/viseaonlab/flsea-vi and https://www.kaggle.com/datasets/viseaonlab/flsea-stereo.
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(Ferrera et al. 2019), enabling safe operation above the seafloor
and simplifying obstacle avoidance. In this configuration, the
obstacle-avoidance protocol allows the vehicle to maintain
sufficient clearance from obstacles below using bathymetry
(Carreras et al. 2018). In our work, we consider a less common,
alternate scenario, where the AUV senses in the forward-
looking field-of-view. This sensor configuration is required for
operations in complex, shallow-water environments, where the
vehicle must detect and avoid obstacles directly in its path. Such
forward-looking autonomy requires scaled three-dimensional
(3D) mapping in the direction of motion, which in turn moti-
vates the need for data sets that support benchmarking of
perception and navigation algorithms under these conditions.
The data sets presented in our work are designed to fill this gap
in the existing available data.

There are several reasons that we chose to focus on a forward-
looking optical camera in this application: it provides high
fidelity data at a close range to the subject; it has low size,
weight, and power (SWaP) requirements compared with
acoustic sensors; it operates as a passive sensing modality,
suiting it to operations where active emissions are undesirable.
We provide both monocular and stereo data because on a small
system as we imagine, a stereo setup with the required baseline
would be cumbersome, and could hinder the vehicle's ability to
be agile. Whereas on a larger vehicle, a stereo payload could
provide more accurate, scaled depth estimation. Using a visible
camera gives us the advantage of high-resolution data at rela-
tively high frame rates. However, there are challenges in using a
camera for underwater 3D reconstruction. In water, light is
attenuated as a function of range from the subject and scattered
by particles suspended in the medium between the camera and
the subject (Akkaynak and Treibitz 2018). This often results in
an image with low contrast and in which details are veiled by
scattered light (backscatter) (Jaffe 1990).

Outside the underwater domain, there has been significant
development in monocular 3D scene reconstruction. A few
well-known solutions include structure from motion (SFM),
simultaneous localization and mapping (SLAM), and deep
learning-based depth estimation. SFM is the computer vision
solution for reconstructing 3D information from multiple
images (Schonberger and Frahm 2016). Performed offline, SFM
uses camera motion in an assumed-stationary world to build a
3D sparse depth map of the scene with relative camera poses
(Hartley and Zisserman 2004). Several groups have built the
foundation for SFM (Longuet-Higgins 1987; Mohr et al. 1995),
some have expanded this research to include large-scale and
urban image sets (Agarwal et al. 2011; Schaffalitzky and
Zisserman 2002), while others have developed well-known open
source and commercial SFM software (Schonberger and
Frahm 2016; Mapillary 2021; Moulon et al. 2016; Lindenberger
et al. 2021; Agisoft 2018). It is important to note that SFM was
not conceived in the robotics domain and, therefore, is not
designed to run in real time or on embedded platforms. In
response, roboticists have applied several key principles of SFM
to devise their own solution for navigation, known as SLAM
(Mur-Artal et al. 2015).

The goal of visual SLAM is autonomous navigation through
unknown environments. Unlike SFM, it operates in real time,

tracking platform motion while simultaneously building a map
of the scene. Using a practice known as loop closure, SLAM is
able to correct for errors accumulated over time by revisiting
previously mapped locations. This is particularly useful for
global positioning system (GPS)-limited environments, and
preferred over purely odometry-based tracking methods due to
its ability to correct for localization error over time. SLAM
comes in many forms, using different methods (feature-based or
direct), producing different map types (sparse or dense), and
relying on different sensors, such as monocular or stereo cam-
eras, RGB-D, or light detection and ranging (LiDAR). With our
our desired use-case in mind, we will mention several
well-known monocular visual methods, such as ORB-SLAM3,
LSD-SLAM, DSO, and SVO (Campos et al. 2021; Engel
et al. 2014, 2016; Forster et al. 2014). The issue that monocular
SLAM, SFM, and deep learning-based depth estimation have in
common is that metric scale cannot be derived from monocular
images alone. In other words, without a sensor or external cue
which provides scaled measurements, scene depth and camera
pose are estimated at an arbitrary scale.

Visual-inertial odometry (VIO) is an efficient monocular
camera based algorithm compared with computationally
intensive SLAM approches that also solves the SLAM problem.
Additionally, it solves the unknown scale issue by adding an
inertial measurement unit (IMU) (Rosinol et al. 2020; Huai
and Huang 2022). An IMU is an affordable small sensor and
standard on a robotic system. VIO uses a monocular camera
and an IMU to estimate the robot state. With the addition of an
inertial sensor, VIO makes it possible to estimate the camera
pose in metric scale (Scaramuzza and Zhang 2019). It is
becoming increasingly common to combine SLAM and VIO;
using them in concert solves the scale issue in monocular
SLAM via the relatively minor addition of the IMU, and uses
vision-only loop closure to correct for localization error. Some
successful examples of this include ORB-SLAM3, ROVIO,
maplab, and VINS-Fusion (Campos et al. 2021; Bloesch
et al. 2017; Schneider et al. 2017; Qin et al. 2019). Visual-
Inertial SLAM outputs a metric-scaled map of the scene, and
can correct for error over time using loop closure (Mur-Artal
and Tardos 2017).

Outside of robotics, deep learning is increasingly used for depth
estimation from monocular images (Li and Snavely 2018; W.
Yin et al. 2020; Li et al. 2022; Yuan et al. 2022; Kim et al. 2022;
Agarwal and Arora 2022), a designed for real-time or embedded
platforms except for Wofk et al. (2019). The output of a
monocular deep learning network is a dense depth map with
unknown scale.

These algorithms have been successful in a variety of ground
domain tasks and there are multiple benchmark data sets used
for development, including KITTI, EUROC, and TUM RGB-D
(Geiger et al. 2013; Burri et al. 2016; Sturm et al. 2012). While
we do see success on land, there are still not many groups
utilizing this technology in this particular sensor configuration
underwater. There are a few predictable challenges in creating
an underwater system that relies on vision for perception and
navigation. Aside from the effects of the underwater environ-
ment on image quality, the unstructured nature of underwater
environments poses a significant issue for algorithms designed
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and tested in structured, man-made environments. To move
past these challenges, underwater forward-looking visual data is
necessary for development and testing, but has proven ex-
tremely limited. Collecting data of this type is time-consuming,
logistically complex, and often costly. For the underwater
autonomous tasks we imagine, one needs forward-looking un-
derwater images at a high frame rate (10 fps or above), scale
information for testing and training, and ground truth for val-
idation and supervision. Underwater data is challenging to
acquire, and without access to publicly available data, the
progress of underwater 3D image reconstruction in the forward-
looking view is limited.

Despite these challenges, one group has compared visual-
inertial-based state estimation algorithms in the underwater
domain in the forward-looking perspective (Joshi et al. 2019)
and extended OKVIS (Leutenegger et al. 2014) to accommo-
date data from an underwater acoustic sensor (sonar)
(Rahman et al. 2018). In the latter case, sonar is utilized to
provide sparse, but robust-scaled information about obstacles
in the scene. A second group introduces WaterMBSL, a
movable binocular structured-light system with motion
compensation and point-cloud registration for high-precision
underwater dense reconstruction on a mobile robot (Ou
et al. 2024). They then go on to present ROV-Scanner, a 3D
dense mapping system using scanning binocular structured
light fused with DVL, IMU, and pressure data to enable un-
derwater collision-free navigation in low-light environments
(Ou et al. 2025a). Finally, they propose Hybrid-VINS, a tightly
coupled hybrid visual-inertial navigation system that fuses
active structured-light vision with monocular VINS to
improve depth estimation, dense mapping, and loop-closure
detection, and validate it with data sets collected in simulated
and real-world underwater environments (Ou et al. 2025b). A
third group does a comparison of VI-SLAM in the underwater
domain using a forward-looking underwater data set, col-
lected on a GoPro, that speaks to the value of inexpensive
commercial off-the-shelf (COTS) sensors for underwater
navigation and adds forward-looking visual-inertial data to
the public domain (Joshi et al. 2022). A fourth group collected
a forward-looking stereo data set that allows for 3D object
reconstruction using stereo (Lodi Rizzini et al. 2015). A fifth
group focused on the task of inspection and maintenance of
offshore structures using deep learning-based depth estima-
tion. They collected a stereo image data set called NEREON
from the DURIUS buoy for which they generated ground-
truth depth maps using a multiple light stripe range and a
photometric stereo (Dionisio et al. 2023). This data set is
another useful data set for development in underwater depth
estimation through deep learning because of the inclusion of
ground-truth depth maps, but does not cater to the goal of
underwater passive localization and obstacle perception that
we focus on in this paper. We found several other multicam
inertial and stereo forward-looking data sets collected in test
pools which show potential in VI-SLAM and stereo SLAM
(Singh et al. 2023; Luczynski et al. 2021). There are also some
downward-looking underwater visual data sets available,
including AQUALOC: An underwater data set for visual-
inertial-pressure localization (Ferrera et al. 2019), the Un-
derwater Caves Sonar Dataset (Mallios et al. 2016), and ACFR
Marine (Barrett et al. 2011).

We are pleased to find that more underwater data sets with an
optical sensor as the primary sensor have been published in the
past five years. One review of SLAM techniques for AUVs cites
several of these groups embracing the challenge of underwater
vision-based navigation (Zhao et al. 2019). This demonstrates
both the need for this type of data as well as the viability of a
COTS camera for underwater depth estimation and navigation.
Some of the only existing publicly-available forward-looking
data to fulfill many of the criteria we describe comes from a
single group in South Carolina (Rahman et al. 2018), that fo-
cuses on underwater caves with low ambient lighting. To the
best of our knowledge, our set, FLSea remains the only un-
derwater forward-looking data set that publishes ground-truth
depth maps as well as camera pose. A comparison of these data
sets can be seen in Table 1.

Access to some of the standard methods for collecting ground
truth in air, such as LiDAR scanning, remains an obstacle in
collecting this data in underwater environments. The solution
we use is a commercial SFM-based software called Agisoft
Metashape (Agisoft 2018) to create dense depth maps for each
image frame in the data sets using objects of known size to
validate the result. In the visual-inertial sets, the objects of
known size are used to scale the ground-truth model. In the
underwater domain, where access to common “ground-truth”
sensors is limited, this process is the closest approximation to
the standard methods and what we refer to as ground truth in
this paper.

The depth maps provided in this data set are vital for training
and testing depth estimation with deep learning. As advances
in accuracy and processing speed are made, the use of deep
learning-based depth estimation in robotics is becoming more
accessible and successful; in addition to using SLAM and VIO
underwater, Teixeira et al. (2020) show the potential of using
unsupervised methods such as SfMLearner (T. Zhou
et al. 2017) and GeoNet (Z. Yin and Shi 2018) for monocular
depth estimation underwater. Through the addition of our
data set's depth maps, this can be expanded to supervised
methods.

Our data set, FLSea, contains two types of forward-looking
visual data, collected on a stereo setup and a monocular visual-
inertial setup. The stereo data sets consist of synchronized pairs
of images, with objects of known size placed in the scene,
intrinsic and extrinsic calibrations and ground-truth depth
maps for each frame. In the visual-inertial data set, the IMU
readings act as a temporal baseline, linking sequential frames
by distance traveled as recorded by the IMU. It is important to
note here that IMUs are prone to error accumulation over time,
also known as drift.

These data sets, together with the ground-truth that we
generated, can be used in evaluating and training VIO, VI-
SLAM, Stereo SLAM, and monocular depth reconstruction
algorithms. Access to public visual data is critical to the
development of any visual task, regardless of domain, but
particularly in the underwater domain where data of this type
is lacking. We hope that FLSea will serve as a benchmark
data set for underwater forward-looking tasks; To demon-
strate its applicability, we show results in Section 5 from an
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Review of underwater data sets. A check mark under the illumination column indicates that artificial illumination was used.

TABLE 1

Reference

IIum. Ori. GT

Sensors

Platform

Name

Natural environment

FLSea

Ours
Dionisio et al. (2023)

Pose, depth

Fw

Mono. Cam, IMU, and Stereo Cam.

ROV, diver

Depth

Stereo Cam., LSR, PS

Diver

NEREON?

Joshi et al. (2022)
Ferrera et al. (2019)
Rahman et al. (2018)

Pose

Mono. Cam., IMU
Mono. Cam., IMU

Stereo Cam., IMU, Sonar
Mono. Cam., IMU, Sonar, DVL

Diver
ROV
Diver
AUV
Diver

AUV

GoPro VI-SLAM

Pose

DwW

Aqualoc Dataset
Sonar SLAM

Pose

Mallios et al. (2016)
Lodi Rizzini et al. (2015)

Pose

DW

Underwater cave

None

Stereo Cam.
Stereo Cam., IMU, Sonar

Maris data

Barrett et al. (2011)

Pose, labels

DwW

ACFR Marine

Pool

Singh et al. (2023)
Luczynski et al. (2021)

ROV 5 Cam, IMU Pose
Stereo Cam.

ROV

Multi-Cam. VI

None

Inspection and
intervention®

Abbreviations: AUV, autonomous underwater vehicle; DVL, doppler velocity log; DW, downward-looking; FW, forward-looking; GT, ground truth; Illum., illumination; IMU, inertial measurement unit; LSR, laser; Mono., monocular;

Ori., orientation; PS, photometric stereo; ROV, remotely operated vehicle; VI, visual; VI-SLAM, visual inertial simultaneous localization and mapping.

“These data sets are specifically for the task of inspection, maintenance, and intervention of offshore structures, unlike the others that are more suited to the task discussed in this paper: underwater localization and obstacle perception.

experiment with a monocular depth estimation algorithm
using our data sets.

2 | Sensor Setup

The data sets were collected on two different imaging platforms,
a diver-held stereo rig and the BlueROV2 (Blue Robotics 2022),
the visual-inertial platform.

2.1 | Visual-Inertial

We used the BlueROV2 (Blue Robotics 2022) as our visual-
inertial system. It contains open-source electronics and soft-
ware, and was customized in our lab. It is equipped with an iDS
camera and a VectorNav IMU, running on an Nvidia
Jetson Nano as the embedded processor in a housing pressure
rated to 100 m. The housing is equipped with a dome port
(Figure 1). The images are of resolution 968 X 608, captured at
10 fps (Table 2).

The IMU and camera are not hardware-synchronized; how-
ever, both sensors timestamp their measurements using the
same system clock with nanosecond resolution. The camera
records images at 10 Hz, while the IMU operates at a rate of
100 Hz, providing inertial measurements at approximately 10X
the camera frequency. As a result, for each camera frame,
there exist multiple IMU samples in close temporal proximity.
Given the high IMU sampling rate relative to the camera
frame rate, the maximum temporal offset between a camera
frame and its nearest IMU measurement is bounded by a few
milliseconds. However, for the earlier “Canyon” data sets, the
IMU operated at 20 Hz. For these sets, IMU measurements are
linearly interpolated to 100 Hz to achieve accurate temporal
alignment.

2.2 | Stereo

The stereo rig is comprised of two Nikon D810s, in Hugyfot
underwater housings which are mounted on a diver-held rig,
with a fixed baseline of 0.317743 m. The housings are pressure
rated to 100 m. The housing is equipped with a dome port to
minimize distortion that occurs due to refraction at the inter-
face between water and air. The two cameras are hardware-
synchronized, using a custom synchronization cable which
transmits a signal from one camera to the other when either
one of the shutter buttons is pressed (Figure 2). The stereo
image resolution is 1280 x 720 and captured at 10 fps in video
mode (Table 3).

Video mode allows for higher frame rate, but only requires
one shutter-press at the start and end of each capture. This
means that there is a hardware sync for the first stereo image
pair, but not for the subsequent images in the video. We
performed an experiment to ensure that there was no time-
lag between left and right image pairs in this mode. This
involved placing a digital stopwatch with millisecond units
in view of both cameras and collecting video. We then ex-
tracted the stopwatch text from each frame and calculated
the time delta between left-right image pairs. This
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[17.17 IN]
436.1 MM

Nvidia Jetson Nano

/ VectorNav (VN-100)

x \4

1.

iDS Camera
(UI-3260CP Rev. 2)

FIGURE1 | The BlueROV 2 in the four-thruster configuration. The notable sensors here are the VN-100 IMU (VectorNav 2022) and the iDS
camera (iDS 2022). Blueprint from (Blue Robotics 2022), center tube is the actual payload tube from our BlueROV2 setup. [Color figure can be viewed

at wileyonlinelibrary.com]

TABLE 2 | Technical specifications of the visual-inertial setup.

Camera

Camera model
Sensor type
Sensor size

Focal length
Opening angle
Resolution
Frequency

IMU

IMU model
Accel. rate

Gyro. rate

Gyro in-run bias
Accel. in-run bias
Heading

Static pitch and roll
Computer
Processor model
Underwater housing
Housing model
Depth rating

Port

iDS camera (UI-3260CP Rev. 2)
Sony IMX249, 1/1.2” CMOS

2.35 Megapixels
4 mm
80°
968 X 608
10 fps

VectorNav (VN-100)
100 Hz*
100 Hz*
5°/h
<0.04 mg
2.0°
0.5°

Nvidia Jetson Nano

Blue robotics 4” tube
100 m

Blue robotics 4” dome port

Abbreviations: CMOS, complementary metal-oxide-semiconductor; IMU, inertial

measurement unit.

420 Hz in “Canyons”, 100 Hz in “Red Sea” data.

experiment showed a consistent stereo synchronization
down to millisecond resolution, which is sufficient given our
swimming pace of less than 1 m/s.

2.3 | Calibration

Each system has been calibrated to find intrinsic and extrinsic
parameters. The intrinsic parameters of a camera are the focal
length, optical center, and distortion coefficients. The intrinsic
parameters are expressed by a 3 X 3 matrix, K, which holds the
focal length f,, fy and optical center cy, cy:

fi 0 o
K=10 f, ¢l €y
0 0 1

Distortion is classified as either radial or tangential, and the
coefficients are solved for during the calibration process. The
calibration is performed using a checkerboard of known size
and the Matlab camera calibrator package (MATLAB 2022).
These parameters are used to correct for lens distortion and
project camera points onto the world frame. The extrinsic
parameters of the system are the locations of the sensors in
the system with respect to a defined origin. We offer the
calibration parameters in the form of a yaml configuration
file typical to that used in many open-source SLAM
algorithms.
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http://wileyonlinelibrary.com

Fixed baseline: 0.318m —
a '€ ’ Synchromization cable

. A [ \ \
(g 0
S I |
7?\] %@f\\‘. Nikon D810 || *’_,,»~
R ‘_// ! T ,i 7 \
v Vol B ]
o= L e N/

 Hugyfot HFN-D810 housing |

* [ Hugyfot HFN-D810 housing

Hugyfot HFN-D810 housing | Nikon D810

FIGURE 2 | (a) Stereo setup diagram with the synchronization cable and outline of the static jig (fixed baseline) and underwater housings
sketched, camera sketches, and (b) Stereo setup components. (Left) Underwater housing (Hugyfot 2022). (Right) A Nikon SLR camera (Nikon 2022).

[Color figure can be viewed at wileyonlinelibrary.com]

TABLE 3 | Technical specifications of the stereo setup.

Camera (X2)

Camera model Nikon D810
Sensor type full-frame CMOS sensor
Sensor size 35.9% 24 mm
Shutter type Rolling focal-plane
Focal length 35 mm
Opening angle 54.3°
Resolution 1280 720
Frequency 10 fps
Underwater housing (x2)

Housing model Hugyfot HFN-D810
Depth rating 100 m

Port Dome port

Abbreviations: CMOS, complementary metal-oxide-semiconductor; IMU, inertial
measurement unit.

In the stereo setup the intrinsics must be calculated for each of
the cameras as well as the extrinsics of the system. In the case of
the stereo setup, the extrinsic parameter is the transformation
from one camera (C;) to the other (Cy). This is expressed by a

4 X 4 matrix, T;. A stereo camera setup is often defined by its
baseline, or the fixed distance between the two cameras, which
is the vector length of the translation from T;.

Co Co
RC] tCl

T, = 2

0 0 01

where Rgf is the rotation matrix from C; to Cy and tg" is the
translation from C; to Cy. We conducted the extrinsic calibra-
tion using a checkerboard and the Matlab stereo camera cali-
brator package (MATLAB 2022). To find the stereo baseline, the
checkerboards are detected in each side of the stereo pair and
the pose of one camera in relation to the other is determined,
giving us the transformation matrix T;.

In the visual-inertial setup the extrinsic parameter is the trans-
formation between the IMU and the camera (C). The extrinsic
parameters are determined with an AprilTag board and the Ka-
libr toolbox (Rehder et al. 2016).
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C C
Ts - Rimu timu (3)
0 0 01

where RS, is the 3 X 3 rotation matrix between the IMU and
the camera C and t§,, is the 3 X 1 translation matrix between

the IMU and the camera C.

2.3.1 | Calibration Method

A calibration was collected at the start of each data set
regardless of imaging setup. The order of actions was to first
position the calibration board in a stable location on the sea-
floor, leaning against a rock or other structure, sometimes
using stones to pin the calibration board against the support-
ing structure. After the board was secured, we began image
collection at about 3 m distance from the board, ensuring to
capture the calibration board at all locations within the image
frame, paying special attention to the corners and edges as to
accurately capture the lens distortion. We aimed for around
3-5min of data collection for each calibration, or 1800-3000
frames. Some variation of distance between the camera setup
and calibration board was also incorporated into the calibra-
tion collects. For the stereo setup, we made sure to capture
plenty of images where the calibration board was fully visible
in each camera frame, so that the extrinsic calibration would
be possible.

3 | Data Sets

We present two types of data sets, visual-inertial and stereo.
There are 12 visual-inertial data sets and four stereo data
sets. The data sets are summarized in Table 4. Examples of
the image data can be seen in Figures 3 and 4. They were
collected in the Mediterranean and Red Sea, over the course
of eight dives. The stereo data includes images at 10 fps, with
objects of known size placed in the scene. On each dive, a
calibration set was collected, used to determine the intrinsic
and extrinsic (stereo baseline) parameters. The visual-
inertial data includes images at 10 fps, also with objects of
known size placed in the scene, and IMU data at 20-100 Hz.
A calibration set was also collected for each visual-inertial
dive, allowing for calculation of the intrinsic and extrinsic
(camera-IMU transformation) parameters. The data sets
include the original images that are unenhanced and
a second version enhanced with SeaErra software (Treibitz
et al. 2022).

3.1 | Visual-Inertial Data

The visual-inertial data sets were captured in a few different
locations, and are organized according to their environment
type. The Canyons data sets were captured in Nachsholim,
the Mediterranean, Israel, in three different canyons, total-
ing four data sets. The water depth for these four data sets
range from 4 to 7 m. The Red Sea data sets were captured in
Eilat, Israel, in a few different areas, totaling eight data sets.
The water depth for these eight data sets range from 3 to 8

m. The visual-inertial data includes RGB images at 10 fps
and IMU data taken at 20 Hz (Canyons) and 100 Hz (Red
Sea). Each of the data sets include a measuring tape laid on
the seafloor, with visual targets of known size spaced
a meter apart along the measuring tape as well as the cali-
bration checkerboard or AprilTag board placed somewhere
in the scene. Some data sets include loop-closure events, and
some of the data sets include the same objects or similar
trajectory as other data sets. The canyon data sets were
collected in an area with substantial natural 3D structure,
which serves as a challenging test for navigation and
obstacle avoidance in complex environments. There is no
man-made structure in the Canyon data sets. The only
objects of known size are the ones placed in the scene as
mentioned earlier. More information about these objects can
be found in the Supplementary material. The Red Sea data
sets do have some man-made structure in the scene (a pier,
cement blocks, and coral tables) and much less natural
structure than the Canyon data sets. In addition to the
objects of known size placed in the scene, some of the
man-made structures were measured as detailed in the
Appendix.

There are a few image artifacts present in these data sets that
are representative of the common challenges faced in under-
water imaging. For a few of these sequences, the exposure was
set to a static value, meaning that when there is a transition
from low ambient light (in the canyon) to higher ambient light
(out of the canyon, more shallow), some of the image frames are
over exposed. While not ideal, this is an issue that is en-
countered when imaging in complex underwater environments
with a system that does not have artificial lighting and uses a
fixed exposure. Underwater caustics are present in many of the
data sets. Underwater caustics can be observed in shallow
water, and are the result of a wavy sea-surface, which reflects or
refracts light rays (Agrafiotis et al. 2018), causing ever-changing
light patterns on the seafloor. All of the data sets also exhibit
attenuation and turbidity, affecting the range at which scene
objects can be seen and the clarity at which we see them.
Examples of all of these phenomena can be seen in Figure 5.

3.1.1 | Visual-Inertial Data Collection Method

The visual-inertial data sets were collected with the BlueROV2.
To ensure a smooth route, the thrusters were shut off and the
diver manually maneuvered the ROV throughout the environ-
ment. The diver maintained a slow pace of less than 1 m/s, and
strived to limit movement on the vertical axis. The goal in this
methodology was to keep a slow pace as to collect a large
amount of frames per object in the scene. The camera and IMU
were controlled by an operator on topside. The topside operator
monitored the video feed and IMU measurements and adjusted
camera exposure and gain if a large change in ambient light
occurred. At the beginning of each dive a calibration set was
collected, where the calibration board was positioned and
intrinsic and extrinsic sets were collected. After the calibration
set, the measuring tape and visual targets spaced a meter apart
were laid on the seafloor and data collection commenced. Each
data set begins at the measuring tape. The diver then swims the
ROV around the environment at a slow pace which mimics that
of a small underwater vehicle.
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FIGURE 3 | Examples from the visual-inertial data sets. (a) U Canyon, (b) Flatiron, (c) Horse Canyon, (d) Tiny Canyon, (e) Northeast Path, (f)
Big Dice Loop, (g) Landward Path, and (h) Cross Pyramid Loop. [Color figure can be viewed at wileyonlinelibrary.com]

FIGURE 4 | Examples from the stereo data sets: (a-d) Canyon 1, (e-g) Rock Garden 1, and (h) Rock Garden 2. [Color figure can be viewed at
wileyonlinelibrary.com]|

Attenuation Caustics

Turbidity Over-Exposure
FIGURE 5 | Underwater image phenomena. (a) Attenuation, (b) caustics, (c) turbidity, and (d) overexposure. [Color figure can be viewed at
wileyonlinelibrary.com]|
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3.1.2 | Visual-Inertial Data Set Format

The visual-inertial data sets are organized as follows.

vi
L location_name
t calibration
dataset_name

| depth

| imgs
timestamp.tiff

| metashape
R_t.txt

point_cloud_RGB.txt

dataset_name_unenhanced.ply
| seaErra

timestamp_SeaErra.tiff

|  imu.txt

| notes.txt

Each data set includes the original images, enhanced images, an
“imu.txt,” file, depth maps for each image frames, model ex-
ports which contain camera poses and XYZ points, video files
displaying different elements of the data set and a “notes.txt,”
file which contains metadata details about the data set.

3.2 | Stereo Data

The stereo data sets were captured on a single day, over the
course of two dives in Nachsholim, Israel. The water depth in
these data sets ranges from 3 to 8 m. There are two data sets
captured within a canyon, at a maximum water depth of 8 m
and three data sets captured on a flat shallower area at a
maximum water depth of 5 m. The data sets include RGB stereo
images collected at 10 fps. Each data set includes objects of
known size, spaced evenly throughout the scene. Most of the
data sets include loop-closure events, meaning that locations
were revisited throughout the data set. There is also some
challenging camera motion in these data sets, mainly being fast
rotation. Other than the objects that were placed in the scene,

timestamp_SeaErra_abs_depth.tif

there is no man-made structure in these scenes. The canyon
data sets include plenty of natural structure in every frame. The
flat data sets, however, have limited 3D structure and lots of
homogeneous sandy areas. There is more turbidity than in the
canyon data sets.

3.2.1 | Stereo Data Set Collection Method

The stereo data sets were collected on the stereo rig in video
mode. At the beginning of each dive, the exposure and focus
were set, a calibration was performed and 3D objects of known
size were placed throughout the scene. After the setup, data
collection was performed by swimming through the environ-
ment with the stereo rig. During data collection, a point was
made to revisit known locations, providing opportunity for
“loop-closure” events.

3.2.2 | Stereo Data Set Format

The stereo data sets are organized as follows.

stereo
L,calibration

L dataset_name
| depth
LFT

RGT

| imgs
LFT
k LFT_image number.tiff

RGT
t RGT_image number.tiff

Ll notes.txt

4 | Ground Truth

Obtaining ground-truth underwater is a notorious challenge.
GPS, a method for determining absolute position, is not

FIGURE 6 | Examples of Agisoft Meshes from (a) Flatiron and (b) U Canyon with pose trajectory in red. [Color figure can be viewed at

wileyonlinelibrary.com]|
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t LFT_image number_ abs_depth.tif

h RGT_image number_ abs_depth.tif
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FIGURE 7 | Ground-truth examples from (a) U Canyon, (b)
Northeast Path, (c) Big Dice Loop, (d) Horse Canyon, (e) Landward
Path, (f) Horse Canyon, (g) Flatiron, and (h) Northeast Path. The white
areas are where depth was not resolved. In this set of examples, depth
ranges from 0 m at its closest to 12 m at its furthest. [Color figure can be
viewed at wileyonlinelibrary.com]

available, and traditional methods for collecting 3D data, such
as LiDAR, are limited underwater due to scattering and
attenuation. So, we use Agisoft Metashape (Agisoft 2018) to
generate per frame-scaled depth maps offline from images
and scale cues placed in the scene. Metashape uses SFM to
estimate the camera poses and 3D structure of the scene gi-
ven a sequence of multiple images. The software works by
finding feature points in each image and matching them
across images to create “tie points.” The output of this step is
a tie point cloud and a camera pose for each image. At this
stage, the scale references are identified and set, scaling the
model to the actual scene scale. Sparse depth maps are also
generated at this time. The next step is to generate a dense
point cloud from the camera poses and input images. The
final step is to create the mesh model from the dense point
cloud as seen in Figure 6, from which we extract dense depth
maps for each image frame as seen in Figure 7. The depth
maps are then validated using a few methods. One method is
to check known measurements of known distances in the
scene. Another method we used for validation was by visual
inspection. In other words, the depth maps are inspected by
overlaying them on the input images, to check that objects
represented in the depth maps align with the actual objects in
the scene. The final validation is to compute the absolute
error for objects of known size with AprilTags of known
dimensions on them in the depth maps. The error found in
this analysis was consistently less than 0.5 cm in the x- and
y-directions. It must be noted here that unfortunately these
objects not present in all images, therefore we could only
quantitatively check a small subset of the ground truth. The
ground-truth portion of the data sets includes dense depth
maps, camera poses, and measurements of some objects in
the scene (Figure S10a-f).

5 | Experiments

To show applicability of our data set we performed an experi-
ment with GLPDepth (Kim et al. 2022), a state-of-the-art
monocular depth estimation CNN. GLPDepth proposes a novel
global-local path architecture for monocular depth estimation as
well as an improved depth-specific data augmentation method
for training. GLPDepth performs very well on the benchmark
NYU Depth Dataset V2 (Silberman et al. 2012). We performed
two experiments. The first was simply to use the model trained
by GLPDepth on the NYU V2 data set for inference on FLSea
underwater data. The second experiment was to train the model
with our data and compare the results. We evaluated the results
using a scale-invariant metric proposed by Eigen et al. (2014),
which we will be referring to as scale-invariant log loss or SI-log.
The equation for SI-log is as follows.

L@, d) = 1Y (nd, — Ind,y — 2
np n

2 4)
[Z@@—m@}
p

where d, is the ground-truth depth per pixel, &p is estimated
depth per pixel, n is the number of pixels in the image, and 4 is
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the level of scale-invariance, where 4 = 0 means the equation is
not scale-invariant at all and 1 = 1 means the equation is fully
scale-invariant. A lower SI-log is better.

The train/test split was 80/20, and curated such that there was a
fair distribution of depth, underwater structure and visual ar-
tifacts between the sets. The results can be seen in Table 5, and
Figures 8 and 9 where training with our data set improves
results.

The results indicate that training with FLSea VI improves
GLPDepth's monocular depth estimation on underwater images
compared with the model trained on NYU V2, an indoor data
set. We can also see qualitatively that the model performs better
on objects at greater distance in the background of the image in
comparison to the NYU V2 model.

TABLE 5 | GLPDepth results.

Training SI-log
NYU V2 0.2276
FLSea VI 0.1012
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6 | Known Issues

There are a few known issues in the data sets that we would like
to draw attention to for data users. Firstly, in the visual-inertial
sets, a few of the images are over exposed. The overexposure is
present when there were drastic changes in light, for example,
between inside a canyon and out (U Canyon). This was resolved
in later data sets. Another issue in the canyon data sets is that
the IMU was set to collect inertial measurements at 20 Hz (U
Canyon, Flatiron, Horse Canyon, and Tiny Canyon). Because
there is no hardware synchronization between the IMU and the
camera, and the camera collects images at 10 Hz, this is not
ideal for visual-inertial applications. To solve this, the inertial
measurements were linearly interpolated to 100 Hz and in the
red sea data sets the IMU was set to collect measurements at
100 Hz.

Another known issue is in the ground-truth section of the data
set. Being that we create the ground truth with SFM, a photo-
grammetry method, it is still prone to the negative effects of
imaging underwater. This causes slight imperfections in the
depth maps especially with objects in the far background. This
is best visualized in the <dataset_name>_overlay.avi video
included in the data sets.

FLSea Groundtruth

FIGURE 8 | GLPDepth inference on FLSea test images trained on KITTI, NYU V2, and FLSea, plus the FLSea ground truth. [Color figure can be

viewed at wileyonlinelibrary.com|
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FIGURE 9 | GLPDepth inference on underwater images trained on NYU V2 and FLSea. [Color figure can be viewed at wileyonlinelibrary.com]

7 | Summary

In summary, we present the public with forward-looking stereo
and visual-inertial underwater data sets. They are complete
with either stereo image pairs or monocular images and inertial
measurements, enhanced images, intrinsic and extrinsic cali-
brations, ground truth-scaled depth maps and camera poses
and measurements of known objects in the scene. We give our
thanks to those who have already used our data. This includes
experiments in photorealistic 3D mesh mapping for AUVs (Lee
and Cho 2024), underwater image dehazing (Huang et al. 2023),
lightweight underwater depth estimation using deep learning
(K. Zhou et al. 2024), for sonar data simulation in a forward-
looking sonar denoising model (Yang et al. 2024), as a bench-
mark for testing a large underwater synthetic data set (Lv
et al. 2024), for training and benchmarking models for under-
water depth estimation (Liu et al. 2024; Ding et al. 2024), for
testing monocular visual SLAM (X. Wang et al. 2025), in
monocular depth estimation (C. Wang et al. 2024; Ebner
et al. 2024), and for testing underwater odometry and VIO
(Singh et al. 2024; Singh and Alexis 2024). We hope these data
sets will continue to be used to further the development of
underwater autonomous systems, with the goal of working in
complex environments close to obstacles, where a forward-
looking view is necessary. These data sets can be useful for
testing SLAM and VIO algorithms and deep learning networks

for depth estimation, to name a few. With the addition of depth
maps in our data sets, these methods can be evaluated and
compared, which is useful for the underwater robotics
community.
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Additional supporting information can be found online in the
Supporting Information section.
Figure S1: Known Measurements.
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