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Abstract—The demand for 3D shape measurement of un-
derwater scene is increasing in various applications. Especially,
simultaneous localization and mapping (SLAM) technique
utilizing remotely operated vehicle (ROV) attached with 3D
sensors has been intensively researched. This paper focuses on
solving pose optimization problem for underwater robots with
camera/multiple-line-lasers setup, especially for the scene with
some textures (color information). To this end, a two-stage pose
optimization technique is proposed. In the first stage, due to the
sparse nature of the reconstructed shape in the light-sectioning
method consisting of several 3D curves, we bundle 10 to 20
consecutive frames to form a block shape, refining significant
errors in the initial sensor poses using a novel bundle adjust-
ment algorithm. In the second stage, remaining pose errors
are corrected by a block-based matching algorithm utilizing
iterative closest point (ICP) algorithm with color information.
Through experiments in underwater environment with a real
system, it was validated that the proposed method demonstrates
superior performance compared to past underwater SLAM
techniques.

I. INTRODUCTION

Recently, there has been an increasing demand for high-
density, high-precision and large-scale 3D shape measure-
ment of underwater scene, which are utilized for applications
such as a seabed mapping, marine resource and biodiversity
surveys, and port facility inspections. While acoustic sensors
like sonar are commonly used to measure 3D information
of underwater scene, they are generally recognized for their
low accuracy, low density, and high cost. On the other
hand, image sensors, although highly accurate on land,
experience a significant decrease in accuracy underwater
when the distance between the sensor and the target object
increases, mainly due to attenuation and scattering effects.
Recently, Simultaneous Localization And Mapping (SLAM)
techniques employing image sensors mounted on Remotely
Operated Vehicles (ROVs) to scan wide areas of the seabed
by crawling near its surface have drawn wide attention.
Among wide variety of 3D reconstruction algorithms utiliz-
ing image sensors, the light-sectioning method, comprising
of line lasers and cameras, is frequently used due to its simple
configuration and robustness [1], [2], [3], [4] (details of the
light-sectioning method will be explained in Sec.II-B).

In these systems, the reconstructed point cloud obtained
through light-sectioning method is integrated using poses
estimated by acoustic sensors like the Doppler Velocity
Log (DVL). However, due to the lack of an optimization
process ensuring consistency between these two sensors,
there are no means to correct errors in the estimated poses.
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Additionally, light refraction in underwater environments
complicates camera modeling, leading to the development
of several approximation models, such as those based on
fisheye distortion. However, the point clouds reconstructed
from these models inevitably contain errors [4]. These factors
lead to a decrease in accuracy of the reconstructed shape
and the risk of residual misalignments in textures. In this
paper, we propose a two-stage pose optimization method that
utilizes a physically accurate camera model as well as texture
(color) information of the underwater scene.

In the first stage, since the reconstructed shape of the light-
sectioning method consists of several 3D curves, which are
sparse, we first bundle 10 to 20 consecutive frames to form
a block shape, which is dense, ensuring the extraction of
image features. Then, bundle adjustment is applied within a
block, where image features as well as geometric constraints
are used. Note that both 3D shape and color information
cannot be retrieved simultaneously, since the laser pattern is
projected onto the object, and thus, a novel bundle adjust-
ment algorithm specialized for the light-sectioning method
is proposed. In the second stage, Iterative Closest Point
(ICP) algorithm [5] using color information [6] is applied
to eliminate remaining pose errors. The Color-ICP [6] is
employed between each block and the entire shape to accom-
plish global optimization while preserving the color of each
point cloud. However, the color of each point will change
when the camera poses change, which process is necessary
for actual optimization. In addition, as the color recalculation
process cannot be differentiated, we alternate the process of
acquiring colors of reconstructed points and the Color-ICP
until convergence.

Our contributions are as follows:

o A two-stage optimization method to refine sensor poses
and 3D shapes by using both color and shape in-
formation specialized for light-sectioning method was
proposed.

o A physically accurate camera model has been intro-
duced to underwater SLAM to achieve higher accuracy.

o Comprehensive experiment in simulated and actual un-
derwater environments were conducted to compare our
proposed method with previous methods.

II. RELATED WORKS

A. Underwater Camera Calibration

In aerial settings, cameras are typically modeled by a per-
spective projection (or central projection) model, incorporat-
ing lens distortion. However, in an underwater environment,
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Fig. 2: Light-sectioning method

representing cameras by this model becomes impractical due
to the refraction between water and air. Previous research
mainly utilized two models for underwater camera repre-
sentation: an approximation model and a physical model
as shown in Fig.1. The approximation model [4] mitigates
refractive effects between water and air by incorporating lens
distortion, approximating the optical model of the camera
within the water-housing as a perspective projection model
as shown in Fig.1(a). Its advantage lies in its simplicity, al-
lowing the direct application of most 3D shape measurement
methods used in the air without modification. However, the
drawback is evident when compensating for the refraction
phenomenon using a common lens distortion model only near
a predetermined depth. This limitation results in a significant
degradation of 3D shape measurement accuracy when the
scene depth deviates from the predefined depth [2]. On the
other hand, a physical model elucidates the refraction effect
of planar housing glass between air and water based on
Snell’s law, providing a rigorous representation of all optical
phenomena through mathematical calculations as shown in
Fig.1(b). A calibration method based 4D equation, which is
thus not practical, has also been proposed [7].

B. Underwater 3D shape measurement using lasers

Major 3D shape measurement techniques for underwater
scenes have predominantly been acoustic-based, using meth-
ods like sonar [8], [9]. Nonetheless, due to the inherent
limitations in sonar accuracy, laser-based techniques have
garnered substantial research attention and proposals [10],
[1], [11], [12], [2]. Fig.2 shows the basic principle of the
method, where 3D positions of the observed laser curves
are reconstructed by triangulation. Recently, they have been
extended to be self-calibrated or multiple line-laser pro-
jections [13], [14], [15], [16], [17]. Since there is strong
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Fig. 3: System configuration of the proposed system.
Multiple-line lasers and a camera are installed in a water-
proof housing and are tightly fixed together.

attenuation in the water, most of the techniques based on a
light sectioning method adopted a single line-laser projector
to concentrate energy along a single line, which results in
sparse shape reconstruction, such as a single curve for each
frame [1], [12]. Several methods have been proposed to in-
crese the density, such as parallel lines [11] or grid lines [2].
Recently, in pursuit of achieving high-density and wide-
area 3D shape measurements, a SLAM technique utilizing
Remote Operative Vehicle (ROV) to move and accumulate
the scanning results has been introduced [1], [12], [3], [4].
In the method [4], the light sectioning approach is applied
to each cross-line laser, and the shapes of laser-illuminated
areas for each frame are integrated using the camera pose
estimated via Direct Sparse Odometry (DSO) [18].

C. Camera Pose Estimation

Camera pose estimation without explicit calibration has
been extensively researched since only an image set is neces-
sary, making it applicable to many scenarios. Structure From
Motion [19], [20], [21] and Visual Odometry (VO) [22],
[23], [24] are well-known methods for achieving this goal
using image sequences. However, their robustness diminishes
when only a few feature points are detected. Recently,
Direct Sparse Odometry (DSO) [18] was proposed, which
demonstrates relative robustness in texture-less scenes. Nev-
ertheless, it still struggles in underwater environments where
limited texture is present due to murky water. We propose a
method to optimize low-accuracy estimated poses using the
reconstruction results obtained through light-sectioning.

III. LINE-LASER 3D SCAN WITH ROV SYSTEM

A. 3D shape Measurement system configuration

As shown in Fig.3, the 3D shape measurement system in
the proposed method consists of one RGB camera and mul-
tiple mono-color cross-line laser projectors, each of which
is placed in a housing with a planar boundary surface. The
relative pose between the camera and each planar laser is
fixed, and camera’s intrinsic parameters are calibrated in the
air in advance. We use central projection camera model in
the paper. Then, calibration of the refraction plane of the
camera housing and the external parameters of each laser
plane, and 3D reconstruction by light sectioning method are
conducted.
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Fig. 4: (a) Algorithm of underwater 3D scan with SLAM. It consists of three processes: calibration, 3D shape reconstruction
and pose optimization. Each process is explained in detail in the main text. (b) Overview of our calibration method.

B. Algorithm overview

Fig.4(a) shows a overview of the entire process of under-
water shape reconstruction algorithm using ROV equipped
with multi-line-lasers and a camera. As shown in the figure,
the algorithm consists of mainly three parts including a
calibration process, a 3D reconstruction process and a pose
optimization process.

1) Calibration process: In our method, camera intrinsic
parameters are assumed to be known (precalibrated in the
air). Calibration begins with the utilization of images depict-
ing laser projections on a planar grid (Fig.4(a)(1-a)), where
the initial step involves estimating the refraction plane of the
camera (Fig.4(a)(1-b)), followed by the estimation of each
individual laser plane (Fig.4(a)(1-c)). Details are described
in SeclV.

2) 3D reconstruction process: The 3D reconstruction is
based on [4], and done by reconstructing the shape along
laser curves in each image using the light sectioning method
(Fig.4(a)(2-b)). They are integrated with the poses estimated
by Visual SLAM and acoustic sensors (Fig.4(a)(2-c)). By
using the refraction plane and the plane lasers parameters by
calibration, the laser curves in the image I are reconstructed
as a 3D point cloud P? by the light sectioning method:

Pi — ZPi7k7 (1)
k
Pi’k = IP(WjaBP(pi’kvnT7dT‘7M))7 (2)

where p** represents he 2D point of the line laser on the
image I?, u is refractive index, I P is intersection point of
a plane and a line and BP is backward projection with
refraction based on the Snell’s law. In order to integrate
the reconstruction results in multiple frames and reconstruct
the overall shape, the self-posture of the shape measurement
system P is used:

P = {Rip" +tip" € P}, 3)

where R, t. are 3x3 rotation matrix and a 3-dimensional
translation vector of camera respectively.

In the proposed method, when the posture of the 3D shape
measurement system is estimated, it becomes possible to
acquire the colors of the reconstructed point cloud. In the
light-sectioning method, only the parts of the image where
the laser is projected are reconstructed, so it is not possible
to obtain the original colors of the unreconstructed points
from that image. However, when the posture of the system is
known, the reconstructed points can be projected onto images
from other frames [7]. Therefore, if the projected points do
not overlap with the laser, it is possible to acquire the colors
of the reconstructed points from other frames. Therefore, it
should be noted that the colors of the reconstructed point
cloud depend on the poses of the sensor in each frame and
should be recalculated once they change.

3) Pose Optimization process: The accuracy of the final
reconstructed shape depends not only on the accuracy of the
light-sectioning method but also on the accuracy of pose
estimation. In the proposed method, posture optimization
aims not only to improve the accuracy of the reconstructed
shape but also to resolve texture errors. In SLAM algorithms,
the same area is reconstructed several times in different
frames as the 3D shape measurement system moves. The
basic policy of the proposed method is to adjust the posture
so that these overlapped point clouds match both in shape and
texture (Fig.4(a)(3-b)). Additionally, a process is introduced
to correct large errors using feature points to provide good
initial values for Color-ICP (Fig.4(a)(3-c)).

IV. UNDERWATER 3D SCANNER CALIBRATION
A. Underwater Camera Refractive Plane Calibration

Since intrinsic parameters of the camera is known, we
calibrate the refractive plane parameters of the camera hous-
ing. The overview of the calibration process is shown in
Fig.4(b). Input images I (i: number of images) are captured
by projecting lasers onto a plane with grid points, such as a
checkerboard and the intrinsic parameters of the camera in
the air (fz, fy, cx, cy) and distortion coefficients (k1, ko,
p1, P2, k3) are known. First, the grid points on the image
are detected, and the refraction plane of the camera housing,
r, is estimated to minimize the reprojection error (Figure
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Fig. 5: Two pla?ar constraints. (a): The Z(%I)) point cloud P;;,
which is reconstructed as the intersection of the planar grid
o' and the back-projected line of the laser on the image,
lies entirely on the plane laser 77, regardless of i, if j is the
same. (b): P*/ lies entirely on planar grid o, regardless of
7, if 4 is the same.

4(a)). By calibrating the normal n, and the distance to the
camera lens center d,. of r, the camera is represented as
a perspective projection model with refraction(Fig.1). This
calibration is performed using a planar plate o with grid
points ¢'(I: number of grid points), and it is obtained by
minimizing the reprojection error expressed by the following
equation.

Q" = IP(a',BP(¢"',n,,d, 1)) S
Erpr = FP(Qi’lv ) dm M) - qu (5)
Erpr =

Z Erpr (6)
il

where I P represents the 3D intersection coordinates of the
line of sight of ¢*! and the refraction plane o and FP is
forward projection with refraction (more details are shown
in [7]).

B. Underwater Multiple-Line Lasers Calibration

Next, the external parameters of each planar laser in water
are optimized using two planar constraints(Fig.4(b)(b)). The
first constraint is that the 3D reconstructed points by the
same laser plane are on the same plane (the laser plane) in
all images, as shown in Fig.5 (a). The equation is expressed
as follows:

Pk = IP(af, BP(p"* n,,d,, 1)) %)
e;llflnel = DS(PiJC’ Wj) (8)
1,1
Eplanel Z eplanel’ ©)
1,5,k

where DS are the distance between the 3D point P(x,y, z)
and plane 7(ax + by + ¢z + d = 0) calculated as follows:

_ax + by + cz + d
Va2 + 2

In order to determine which laser is the same in multiple
images, it is necessary to identify the laser, which is done
using the epipolar constraint proposed in [4]. The second
coplanar constraint is the constraint that all 3D restoration
points by laser planes are on the same plane (marker board)
in the same image, as shown in Fig.5 (b), and is expressed

DS(P, ) (10)

(3)Matching

Light Sectioning

Fig. 6: Pose optimization using feature points. 3D position
of the detected feature point on the target frame is back-
projected to other frames to calculate the errors between
corresponding points which are extracted by SuperGlue [25].

as follows:
e rnes = DS(P"*.a") (11)
EplaneQ = Zezi;l]zne? (12)
ig.k

The parameters of the laser plane in the water are estimated
by optimizing the sum of the two coplanar constraints:

E

plane — (13)

planel + EplaneQ-

V. CAMERA AND LASER SYSTEM POSE OPTIMIZATION

The purpose of the pose optimization process is to correct
the discrepancy between shape and texture caused by errors
in the initially estimated poses. In the proposed method,
the optimization begins by correcting significant errors using
image-based feature points, followed by optimizing the pose
using Color-ICP to ensure global consistency between shape
and texture.

A. Pose Optimization using Feature Point

To initially correct significant texture misalignments, we
utilize image-based feature points to generate costs related
to the colors of reconstructed points and perform local pose
optimization within neighboring frames. Fig.6 illustrates the
method for calculating the cost of 3D point P, which is re-
constructed from p’ in frame 4 using light-sectioning method.
First, P is reprojected onto the other frames. Subsequently,
frames where the projected point does not overlap with the
projected laser patterns are retained for further processing.
Among the remaining frames, the distance between the
reprojected point p* and the closest image feature point
fp= in the same frame is calculated, and only the frames
where the distance is below the threshold are retained, such
as k,k',---. Finally, from the frames k,k’,---, the frame
closest to ¢ is selected as the base frame, denoted as j in
this example. Finally, the cost for the bundle adjustment for
P is as follows:

e = {llp" — £l +5CH", f,0)}, (14)
k
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Fig. 7: Algorithm of ICP-based pose optimization. Using
the correspondences extracted by Color-ICP were used to
minimize the cost function (14), which achieves global
optimization of refined pose parameters.

where C'(-,-) represents the sum of the squared distance
(SSD) of n x n pixel patch around the two points and ¢ is a
weight. This cost is computed for all the laser-reconstructed
points and used in optimization process. Note that as the
pose is updated, the base frame may change, therefore, the
process of the base frame selection and the optimization
process are alternated until convergence in the proposed
method. SuperGlue [25] is used for feature point extraction
and matching.

B. Pose Optimization using ICP with color information

After obtaining good initial values using the feature-
based optimization method, pose optimization is performed
with Color-ICP to ensure consistency of textures. Color-
ICP is an extension of ICP widely used for aligning two
point clouds by incorporating color information, making it
suitable for both pose and texture optimization in our system.
However, there are two challenges when using Color-ICP
in our system. Firstly, the light-sectioning method can only
reconstruct sparse shapes in a single frame due to multiple
thin laser lines being projected, which hinders effective
functioning of ICP. To address this, small blocks integrating
the reconstructed shapes of multiple adjacent frames are
constructed. Secondly, in the proposed system, the color
of reconstructed points depends on the pose, necessitating
simultaneous optimization. However, in basic Color-ICP, the
color of each point is constant and does not change. To tackle
this issue, the proposed method alternates between pose
adjustment using Color-ICP and color recalculation until
convergence, achieving pseudo-simultaneous optimization.

Fig.7 illustrates the process of our pose optimization (stage
two) at frame ¢. P, is the reconstructed shape using all the
frames with the refined poses in the stage one. Initially,
colored blocks Pj is generated using neighboring frames
[i — ¢ : i+ c|] as same as the stage one. In the next step,
Color-ICP is employed to adjust the pose of the block to align
it with P,., ensuring global consistency. Color-ICP estimates

o |
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c (d)
Fig. 8: Expe(ri)ment Set Up. (a) a camera and line-lasers on

the ROV, (b) DVL attached to the ROV, (c¢) calibration board
for refractive plane and multi-laser calibration and (d) target
objects for scan and evaluation.

the relative pose between two point clouds T, by minimizing
the following costs.

E(T) = E.(T)+~Eg(T), (15)

Ey(T) = > |lp—Tqll2*n,, (16)
(p,9)EK

E(T) = > [|F(Tq)=C(qll, (7
(p,g)EK

where /C represents corresponding point set, E, is the
geometric terms same as the basic ICP objective [5] and E.
is the color term to measure the difference between the color
of point ¢ (denoted as C(+)) and the color of its projection on
the tangent plane of p (denoted as F,(-)). After Color-ICP
has been conducted, color information for point clouds are
updated by using the updated pose. As this process reaches
the final frame, it cycles back to the first frame. By iteratively
applying this process until the Color-ICP cost falls below a
threshold, camera poses converge to optimal values, provided
the initial poses are reasonably accurate. In our experiments,
convergence typically occurs within approximately three to
five iterations of the entire frame sequence.

VI. UNDERWATER EXPERIMENTS IN SWIMMING POOL
A. Experimental setup

To show the effectiveness of the method, we conducted
an experiment in a swimming pool using underwater ROV
attached with a camera, four cross-line lasers and acous-
tic odometry sensor as shown in Fig.8. While testing in
various environments is crucial to confirm the method’s
generalizability and effectiveness, underwater experiments
are challenging, and many studies have been conducted
in limited conditions. In this paper, we have performed
experiments under similar conditions, and exploring more
diverse conditions will be a key focus for our future work.
The RGB images were captured by GoPro HERO10, which
mounted on the middle of the four cross-line lasers. The
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Fig. 9: (a): Capturing scene containing a floor of the pool
and a mannequin. (b): The initial shape reconstruction results
using camera poses estimated by image features [4]. (A)
indicates the shape of the mannequin and (B) indicates the
bottom of the pool.

TABLE I: RMSE of reconstruction for each calibration
method of mannequin (a) in Fig.9.

RMSE [mm] Approx. | Physical
Before pose optimization 8.83 5.72
Without ICP 8.45 5.43
After pose Block shift | Color-ICP 8.43 5.32
optimization With ICP 8.52 5.24
Block shift | Color-ICP 8.37 5.13

TABLE II: RMSE with the estimated plane by plane fitting
of the pool bottom (B) in Fig.9, reconstructed by each

calibration method.
RMSE [mm]

after plane fitting

Approx. model | Physical model
12.42 3.27

acoustic pose data was acquired by Water Linked DVL A50,
Blue Robotics Bar30 High-Resolution 300m Depth/Pressure
Sensor, and PX4 Pixhawk IMU sensor. For calibration, a
board with 7x9 AR markers printed on it was used as a
planar grid as shown in Fig.8(c). Also, a mannequin and the
bottom of a swimming pool were reconstructed and evaluated
as measurement targets as shown in Fig.8(d).

For quantitative evaluation, we calculate RMSE applying
ICP between an estimated shape and the ground truth,
which was measured in the air using commercial products
(Kinect [26]) with integration algorithm [27].

B. Evaluation of reconstruction accuracy by camera method

It is common for underwater environments that there is
only a few texture or feature point as shown in Fig.9(a),
the bottom of the pool. To integrate the reconstructed laser
curves of each frame under such condition, we used the pose
obtained from DSO [24], which is a famous Visual SLAM
method for such a severe condition. The final reconstructed
shape is shown in Fig.9(b). To verify the effectiveness of the
proposed method, we evaluated the RMSEs under different
camera models for the mannequin (A) and the bottom of the
pool (B). Tab.I shows the reconstruction results of mannequin
with the approximation camera model and the physical
camera method under various conditions. It can be seen that
the accuracy of the physical method is significantly improved
compared to that of the calibration with the approximation
camera model, especially Color-ICP method was applied.

We also evaluated the bottom of the pool, which has
a larger distance from a camera than the mannequin. For

TABLE III: Changes in l?MgSE [wit151 re[spec(g to[ G"goin Fig.10.
1

[ o[mm] [0 l

(a)before 595 | 856 | 10.62 | 17.64 | 32.43
(b)Sec.V-A | 5.87 | 6.21 6.56 18.21 | 31.56
(c)Sec.V-B | 5.67 | 592 | 6.13 15.34 | 39.37

quantitative evaluation, plane fitting was performed and
the RMSE with the estimated plane was calculated. The
results are shown in Tab.Il, proving that the physical camera
method is able to reconstruct the shapes with higher accuracy
than approximation camera model, even if the measurement
distances are largely different from the calibrated condition.

C. Evaluation of pose and shape optimization of SLAM

Next, the effectiveness of the pose and shape optimization
technique was verified using the same underwater data ac-
quired at real swimming pool. To confirm the effectiveness
of our method, Gaussian noises are added to the DSO’s pose
estimation results, since DSO algorithm usually does not
work in real sea environment because of strong scattering,
light attenuation and turbidity, and initial poses of ROV are
usually retrieved by DVL and IMU sensor, which are much
worse than DSO’s estimation.

The initial reconstructed shapes by light-sectioning
method are shown in Fig.10(a). The results after stage one are
shown in Fig.10(b). It is confirmed that shapes are improved
when initial noises are not more than ¢ =5mm. When the
noise surpasses ¢ =5mm, we mainly observe a smoothing
effect, primarily due to our method’s incorporation of a
pseudo-optimization process, as detailed in the methodology.
Improving results under such bad condition is our future
work.

Finally, the stage two optimization technique is applied to
the results of the stage one, which is shown in Fig.10(c). It
is clearly confirmed that all the shapes are improved from
the first stage visually, especially significant improvement in
the alignment of textures, which were misaligned during the
reconstruction process. The zoom-up view of the improve-
ment of o=5mm is shown in Fig.11. Quantitative evaluations
are summarized in Table.IIl, where it is clearly observed that
the proposed method is effective when the noises are below
o=5mm after applying both the feature-point-based method
(stage one) and the Color-ICP-based method (stage two).

D. Compared to previous methods

Furthermore, we compared with previous methods, such
as Colmap [28], DSO [18] and the technique without pose
optimization [4] under the condition of no initial noise for
the camera pose. Results are shown in Fig.12. Since Colmap
and DSO are image based method, reconstructed shape is
inevitably sparse, such as body bard of the object. Laser-
based previous method [4] achieved dense reconstruction,
however, its accuracy is lower than ours even if it was
reconstructed with noise=0Omm. To the contrary, our method
which was reconstructed even with initial noise with 0 =
5mm, RMSE was the lowest, proving superiority of our
method.
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Fig. 10: Texture changes in the reconstructed shape due to pose optimization. (a): Reconstructed shape with added noise in
the pose. (b): Result after applying the method of Sec.V-A to (a). (c): Further result after applying the method of Sec.V-B

to (b).
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Fig. 11: Close up view of red boxes of Fig.10 (a) and (c),
o = 5mm. Improvement of texture is clearly observed.

Fig.10(a)
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VII. CONCLUSION

This paper focuses on an underwater 3D information of
the scene measurement method using an RGB camera and
multiple planar lasers, proposing a robust camera calibration

method as well as pose optimization technique to align
textures. The effectiveness of proposed physically-correct
camera model was proved by comprehensive experiment
compared with the previous common camera model. As
for the sensor pose optimization, the proposed method
consists of a two-step optimization process. Firstly, as the
first optimization process, a method to correct significant
errors in shape by associating image-based feature points in
each frame with 3D reconstructed points by light-sectioning
method was proposed. Additionally, as the second optimiza-
tion process, a method to refine poses by aggregating the
restored sparse curves of light-sectioning method into a block
and alternating between color recalculation and Color-ICP
was proposed. Experiments demonstrated that the proposed
pose optimization method improves the accuracy of the
restored shape even with highly added noise to the initial
poses, confirming the effectiveness of the proposed method.

In the future, the robust convergence technique under
strong noises as well as deep sea exploration using real
systems is planned.
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(a) GT by  (b) Colmap (c) DSO [18]  (d) Prev [4] (e) Ours
Kinect [28] noise=0mm  noise=5mm
RMSE[mm] 4.34 11.08 8.46 6.13

[10]

(11]

[12]

[13]

Fig. 12: Comparison results. (a) Ground truth shape obtained
by Kinect Fusion [27] (b) The reconstruction result of
Colmap [28] which works accurately if there is rich texture,
which is usually not the case for underwater scenario. (c) The
reconstruction result of DSO [18] which is used to estimate
the camera poses. Only sparse points are reconstructed. (d)
The reconstruction result using the approximation model [4].
Even though no noise was added, RMSE was worse than
ours. (e) The reconstruction result applying our optimization
technique with Gaussian noise with o = bmm.
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