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Abstract

Unmanned Underwater Vehicles (UUVs) are typically used for monitoring and inspection tasks where it’s critical to locate
objects and create 3D models of the surroundings. One of the most dependable techniques for accomplishing 3D local-
ization and modeling jobs is stereo vision. This isn’t the case in underwater conditions, though, as cameras will record
distorted views, which results in inaccurate 3D estimation. In real-world applications, it is more practicable and a more
difficult task to place the two cameras of the stereo vision system inside a single dome glass. The goal of this study is
to recover the axial image views of the two cameras within a single dome window from the refracted views that were
recorded. The cameras’ position (along the Z and X axes) and orientation (pan and tilt) within a single dome window—
of which there are 448 possible combinations—are taken into account by the kinematics model. The approach has been
improved and validated using around 18 million experiments. Lastly, when compared to the original axial images, our
approach may report axial images with an average overlapped similarity of 96%.
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Abbreviations axial image restoration of a single camera behind a dome-

UUV  Unmanned Underwater Vehicles port or flat-port (aligned at the central axis of the dome)
ROV  Remotely Operted Vehicle [3-7]. While two cameras (or more) can localize the 3D
FOV  Field Of View location of the targeted object, a single camera only displays
PTRC Pan-Tilt Rotation Center the image in 2D, making it unsuitable for estimating the
CSC Common Spherical Center 3D location of any object [8]. Stereo vision, which usually

cC Camera Center
(0)Y Observation Plan

consists of two cameras, is more useful in practical applica-
tions, though some experiments have even been conducted
to determine the distance to an object using a laser beam and
a single camera [9].

Localization of a particular object in 3D begins with
simultaneous image capture by both cameras, followed by

1 Introduction

Many scientists are still concerned about the difficult topic
of exploring the underwater environment. The ability of
Unmanned Underwater Vehicles (UUVs) to locate an object
underwater has several vital uses, including navigation, sea
floor modeling, modeling objects beneath the water’s sur-
face, and more [1, 2]. Numerous studies have addressed the
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the specification of matching primitives of the desired object
and, lastly, a guess as to the 3D location of those matching
primitives for both the parallel stereo vision system setup
and the conversing vision system setup [8, 10]. Numerous
approaches have been used to solve this problem, and the
findings have been shown to be highly accurate [11-14].
Localization of a particular object in 3D begins with simul-
taneous image capture by both cameras, followed by the
specification of matching primitives of the desired object
and, lastly, a guess as to the 3D location of those matching
primitives for both the parallel stereo vision system setup
and the conversing vision system setup [8, 10]. Numerous
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approaches have been used to solve this problem, and the
findings have been shown to be highly accurate [11-14].

Li et al. [15] used the normalized position of the under-
water target to create a measuring model for refractive ste-
reo vision based on light propagation routes. On the basis of
the idea that light travels the shortest distance between two
sites, they also developed an underwater simulation imag-
ing model. In order to detect cylindrical pipes, Lodi Rizzini
et al. [16] detailed how to integrate a sterco vision system
into the MARIS intervention AUV and how to configure it.
For each, two different cameras with windows have been
employed. Tests conducted in an outdoor swimming pool
under various lighting conditions demonstrate that the algo-
rithmic approach used enables target pipe detection and
offers an assessment that is sufficiently accurate. The accu-
racy of the fish 3D location estimation in the aquaculture
cage was examined by Ubina et al. [17] using the stereo
camera images that were taken. The study is predicated on
the rectified camera system’s known geometrical arrange-
ment. The resolution of the calculated depth maps of fish
is the crucial factor limiting the accuracy of 3D fish metric
estimation. Reliable convolutional neural networks (CNNs)
are used to address this problem by proposing an object-
based matching for depth computing and underwater fish
tracking. The implementation and experimental outcomes
of underwater StereoFusion, an algorithm for real-time 3D
dense reconstruction and camera tracking, are presented by
Rossi et al. [18]. With the use of two distinct cutting-edge
underwater Remotely Operated Vehicles (ROVs), it has
been successfully tested in both an ocean and a lake. For a
stereo vision system with each camera positioned in a differ-
ent dome window, Dunkley et al. [19] created comprehen-
sive open source hardware and software solutions. Images
from the left and right cameras are synchronized for calibra-
tion using a flashing light. A stereo vision system with two
movable cameras that use motors to separately pan, tilt, and
slide was proposed by Sagara et al. [20]. This vision system
can track a target item in underwater situations since it is
installed inside a waterproof cylindrical container.

Because it offers more viewing angles and can withstand
a greater depth of water than other port types, a dome-port
was selected for this project. Although multiple dome win-
dows could be used for stereo vision (as previously intro-
duced), it is more feasible for real-world applications and a
more difficult problem to have two cameras inside a single
dome window. This model achieves 97% overlap between
the restored image and the axial image. Previous research
[7] addressed axial image restoration of dome window view
for a single camera that is aligned at different displacements
along the center axis of the dome at any combination of
pan—tilt—depth. In order to make it suitable for stereo vision
from a single dome window, this manuscript discusses an
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improvement to the previous work that covers the restora-
tion of axial images when the camera is shifted away from
the center axis of the dome. In comparison to the original
axial images, it is successful in obtaining axial images with
an average overlapping similarity of 96%.

2 Materials and methods
2.1 Stereo vision system

Since a single camera can only depict a view in two
dimensions without providing depth information, three-
dimensional vision can be accomplished with two or more
cameras. Two cameras are employed by the stereo vision
system to determine the view’s depth. There are two con-
figurations for the stereo vision system: chatting vision and
parallel stereo vision [8, 10]. The center axes of the cameras
are parallel to one another in the first configuration, while
they intersect in the second.

High camera resolution (which will also take more pro-
cessing time) and a big base distance between the two cam-
eras are some issues with more precise 3D localization of
a specific location. The process of localizing a particular
object in three dimensions begins with the simultaneous
capture of images by both cameras, followed by the spec-
ification of matching parameters for the desired object in
both views, and the computation of the 3D location of those
matching parameters.

2.2 Snell’s law

The light-ray will be subjected to refraction when passing
through different materials, which can be represented by [7]:

Sy = (?) (§1 - (Nsurf/s\l) 1/\\Isurf)
2
o 2 R 2\ ~
+ 1— <1) (1 — (Nsurf§1> )Nsurf
ng

Where n, and n, represent refraction indices for 2 the dif-
ferent materials, §; and Sy are the incident ray and the
refracted ray normalized vectors, and Nsurf is the normal
vector on the interface surface between the 2 materials.

2.3 UUV’s stereo vision system setup

Using two servo motors, a pan-tilt rotation mechanism has
been created to rotate the Spaiser ROV’s camera [21] inside
an acrylic dome. On the inner ring of that system, two fixed
small-thin-lens cameras have been put. They are spaced
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30 mm apart along the camera’s X-axis from the Pan-Tilt
Rotation Center (PTRC) of the system. The term Common
Spherical Center (CSC) refers to the center of the inner and
outer surfaces of the dome.

3 Methodology
3.1 Kinematic modeling

A kinematics model has been defined to identify the center
of the Observation Plane’s (OP) pose of one camera of the
stereo vision system with respect to CSC by the following
transformation sequence (Fig. 1):

1) Displacement between CSC and PTRC along camera’s
Z-axis: Disp (0,0,Z,).

2) Rotation around camera’s Y-axis: Rot(Ycam, ¢,).

3) Rotation around camera’s X-axis: Rot(Xcam, 0;).

4) Displacement between the PTRC and the Camera-Cen-
ter (CC) along X-axis of the base: Disp (X4,0,0).

Then, the CC pose with respect to CSC, can be calculated
using:

Cg 8283 S2C3 CZX4
_ 0 Cs —S: 0
Tam = —S (G253 CaoCs  —52Xy + 73 2
0 0 0 1

The OP of each camera, where the images are received by
the camera, is shifted away from the CC along the cam-
era’s Z-axis by Zop. Then each pixel’s physical location
G (Gx, Gy, G,) on the OP (camera’s sensor) can be calcu-
lated with respect to the CRC using the following formulas:

Tg = Tcam Disp(Xa, Ya, Zop) 3)

where

Fig. 1 Kinematics model

M M
XG = <1\[j[) m where — ? S m S ? (4)
\4 N N
Ygz<N)nwhere—2§ n < 2 (5)

Then

G (GX7 Gyv Gz) :(CQXG + SQS3YG
+ S2C3Zop + C2Xy, C3Yq 6
— S4Zop, —S9Xg +C (©)
283Y g + C2CsZop — S2Xy + 7Z4)

Where the captured image of resolution NxM (in pixels)
is the mapping of the rectangular area UxV (in mm) area
on the OP. The camera’s lens is located away from the OP
along Z-axis by the focal length f. This can be determined
by the following transformation:

Tr, = Tcam Disp(0,0, Zop + f) @)

L (L, Ly,L,) = (S2Cs[ Zop + {] + C2X4,
— Sg [ZOP + f], CQCg[Zop + f] (8)
—S2X4 +7Z4)

3.2 Axial view image restoration

As Snell’s law is bijective, then the normalized incident
vector §air from any point G on the camera’s OP towards
the dome will be refracted on the surface of the dome at
point P(P_, Py,P,) with the normalized vector Saome
which intersects with the dome-water interface point
Q( Qs Qys Q,) and again it is refracted as the normalized
vector Syater( Fig. 2).

It is not possible to immediately construct the axial image
because the entering water rays will not cross at the same
location [7]. By projecting the outgoing water rays onto
a plan that is far from the camera (the point R), and then
rerouting incoming vectors from that plan towards the focal
point of the camera’s lens and subsequently to the OP (the
point V), homographic transformation [22] is used to solve
this problem. Although this can be improved, it will fix the
regenerated view on the OP with an adequate match to the
axial view. Results could be much enhanced by slightly
moving the virtual lens point away from the original lens
location during homographic translation.
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Fig. 2 Axial view image restoration
4 Experimental phase

4.1 Images acquisition

In this study, a verified Blender’s mimic [23] for the
water pool and dome port of a real-world arrange-
ment was used. For testing and confirmation, axial
and refracted images of certain views have been pro-
duced using Spaiser’s camera settings [21], which are
3.6 mm lens and 4.8 x 3.6 mm target surface. The axial
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Fig. 3 Refraction index of dome window
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and corresponding refracted images for the testing
object have been produced (448 different combina-
tions) using a range of camera displacements along
the Z-axis (0 to 30 mm step 10), along the X-axis (0 to
30 mm step 10), and Pan-Tilt angles (—30 to 30 step 10
and 0 to 30 step 10 respectively).

4.2 Refraction index

The Euclidian distance between the position vectors
§air and §Water is used to compute a refraction index,
which shows the impact of the camera’s pose inside
the dome window:

Refrnae = Sqrt((s\air-X - §water-X)2

+ (S’\M‘T.Y — §water.Y)2 )

~ ~ 2
+ (Sair~Z - Swater-Z) )

High values signify significant refraction-induced defor-
mation. Figure 3 illustrates the impact of Z-axis displace-
ment and Pan angle for each displacement along the X-axis.
In all cases, the tilt angle has no discernible effect on the
Re frn4:( the average for all combinations is 0.005+0.005
for the tested tilt angles between 0 and 30 degrees).

It is obvious that the observed image will be significantly
affected by more displacements along the X and Z axes as
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well as more angles, which in turn leads to more. How-
ever, limiting the pan angle will narrow the field of view,
and decreasing the X-axis displacement will impact the 3D
vision’s precision. In stereo vision applications, rectification
of the seen view would be a superior option because reduc-
tion is not a feasible solution.

4.3 Shifting coefficients profiles

Overlap similarity coefficients have been produced for
each of the generated images both before and after the
virtual lens point has been shifted for every possible
combination. Values that achieve the largest overlap
have been chosen for each combination, and the shift-
ing of dZ and dX with values from —1 mm to +1 mm
at step 0.01 mm has been used (for each combination
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Fig. 4 Shifting coefficient profiles

which form in total roughly 18 million testing cases)
(Fig. 4).

Figure 4 shows that the values of dZ and dX for the tested
combinations have a non-linear relationship with the system
settings. Using MATLAB, a feedforward neural network
with a single hidden layer of 40 neurons is built and trained
to estimate values of dZ and dX. The network’s inputs are
Pan angle, X distance, and Z distance. To precisely address
the goal values, all data is used for training. A smaller Pan
angle step can only produce more choices because the
cameras’ Z and X distances are set for each stereo vision
system. The network can then be re-trained to use the new
combinations.
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4.4 Model validation

The average overlapping similarity has improved from
0.86+0.14 (min value is 0.41) to 0.96+0.03 (min value is
0.78), indicating a considerable improvement in overlap-
ping similarity for all cases when the virtual lens is shifted
(Fig. 5). Given that shifting along the X-axis significantly

affects systems, Table 1; Fig. 6 demonstrate how applying
shifting significantly improves overlapping similarity.

The location and orientation of the recovered view of
a sample object almost matches its axial view, even in the
worst case (overlapping similarity is 0.78 after shifting)
when Z distance, X distance, and Pan angle are 20, 20, and
0 respectively (Fig. 7).
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Fig. 5 Overlapping similarity with respect to X distance before and after shifting the virtual lens
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Table 1 Improvement of the average overlapping similarity with
respect to X-axis displacement

X Distance No Shift After Shifting AVG
AVG+STDV Improvement%

0 0.98+0.012 0.98+0.012 0%

10 0.92+0.037 0.96+0.009 4%

20 0.81+0.094 0.95+0.035 17%

30 0.71£0.152 0.93+£0.027 31%

Average Overlapping Similarity

==—=No Shift
0.4 = With Shift

OverlappingSimilarity
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n
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w
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©
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a

o
°
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Fig. 6 Improvement of the average overlapping similarity with respect
to X-axis displacement

5 Discussion

To recover the axial images of a stereo vision system placed
behind a UUV system’s dome glass, a novel analytical tech-
nique has been created. The technique suggests a kinematics
model that uses shifting along the Z and X axes of a pan-tilt
rotation base to describe a camera’s posture. The technique
was created using Snell’s law, homographic transforma-
tion, and 448 distinct ways to rotate and translate a single
camera inside a dome window. An average of 96% over-
lapping similarity between the original axial image and the
restored axial image has been attained after about 18 million
experiments were used to refine and validate the technique.
According to the response index, the observed image will be
significantly impacted by higher displacements along the X
and Z axes as well as more angles. By changing the virtual
lens, the average overlapping similarity has improved from
0.86+0.14 (min value is 0.41) to 0.96+0.03 (min value is
0.78), which is a considerable improvement for all cases.
A Feed Forward Neural Network with one hidden layer
of 40 neurons is trained to estimate values of dZ and dX
based on Z distance, X distance, and Pan angle since AZ and
AX are non-linearly connected to the system’s setup. The
observed sample object in the reconstructed image nearly

(a)

(155, 112) (256, 115)

(255, 255)

(160, 274)

(c)

(b)

(155, 115)

(158, 270)

(d)

Fig. 7 Worst case scenario matching. (a) Axial image, (b) Refracted image (c¢) clipped axial image and (d) Restored image
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matches its axial perspective, even in the worst situation,
when Z distance, X distance, and Pan angle are 20, 20, and
0 correspondingly.
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