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https://docs.google.com/file/d/1-vUXVwEr7_3EZ1yzcnh8BM0f-yeGXIrY/preview
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Motivation

In real conditions, performances depend on:

Sound propagation: Salinity, Pressure, Temperature

Variable Effects of:

Salinity Pressure

Salinity —_— Pressure ——>

Temperature

Temperature —>
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Motivation

In real conditions, performances depend on:
Sound propagation: Salinity, Pressure, Temperature

Laser: Turbidity, Color, Light conditions, Water Type
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Motivation

In real conditions, performances depend on:
Sound propagation: Salinity, Pressure, Temperature
Laser: Turbidity, Color, Light conditions, Water Type

Camera: Turbidity, Light conditions, Water Type, Environment’s textures / reflectivity

Jerlov Water Types

I IAIB Il Il 1C3C5C 7C 9C
— | || == 3C 9C im i
— A Ill == 5C —— seaBASS .
— B et {C ==t 7C database
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Motivation

In real conditions, performances depend on:
Sound propagation: Salinity, Pressure , Temperature
Laser: Turbidity , Color , Light conditions, Water Type

Camera: Twity , Light conditions, Water Type, Environment’s textures

Jerlov Water Types
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— | || == 3C 9C im i
A Ill =pj= 5C — seaBASS -
— B et {C ==t 7C database
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Real mission datasets

3 Datasets, 3 different conditions with GIRONA 500 ANTON and LUISE (GEOMAR)
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Real mission datasets

3 Datasets, 3 different conditions with GIRONA 500 ANTON and LUISE (GEOMAR)
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Tank datasets

In-air and underwater, 2 trajectory types, 3 different lllumination conditions
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Tank datasets

2 Medium, 2 Trajectory types, 3 different lllumination conditions
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Light Impact on the Medium

a)

sunlight illuminated
scene

a)
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Light Impact on the Medium

a) sunlightilluminated
scene

b) mixed light illuminated
scene

Kiel University
Christian-Albrechts-Universitét zu Kiel

GEOMAR

—_——
Universitat
de Girona
Nt

a)

b)
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Light Impact on the Medium

a) sunlightilluminated
scene

b) mixed light illuminated
scene
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c)
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Image enhancement methods

Statistics:

1)

CLAHE
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Image enhancement methods

Statistics:
1) CLAHE
2) UDCP

21



Image enhancement methods

Statistics:

1) CLAHE
2) UDCP

Heuristics:

3) Median-heuristic (Koser, 2020)
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Image enhancement methods

Statistics:

1)
2)

CLAHE
UDCP

Heuristics:

3)

Median-heuristic (Koser, 2020)

Machine Learning:

4)

UWGAN -> Water type 1
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Image enhancement methods

Statistics:

1)
2)

CLAHE
UDCP

Heuristics:

3)

Median-heuristic (Koser, 2020)

Machine Learning:

4)
S)

UWGAN -> Water type 1
UWGAN -> Water type 2
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Image enhancement methods

Statistics:

1) CLAHE
2) UDCP

Heuristics:

3) Median-heuristic (Koser, 2020)
Machine Learning:

4)  UWGAN -> Water type 1

5) UWGAN -> Water type 2
6) UWGAN -> Water type 3
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SLAM Methods

1) ORB SLAM 2
2) ORB SLAM 3
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Feature-Based

Input '—' | ,—'
Images
=

Extract & Match |

Features
(SIFT / SURF/ ...)

{}_

(pomt dlstdn(.cs)

@ Map: @

est. feature-parameters %
(3D points / normals)
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SLAM Methods

1) ORB SLAM 2
2) ORB SLAM 3
3) LSD SLAM

Kiel U
Christian-

Universitat
de Girona
N e/

Direct
Input ” ,'7

Images oAy,

N

keep full images (no abstraction)

Track:

min. photometric error
(intensity differences)

@ Map: @

est. per-pixel depth
(semi-dense depth map)
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SLAM Methods

1)
2)
3)
4)

ORB SLAM 2
ORB SLAM 3
LSD SLAM
BADSLAM

Front-end

[nput: RGB-D camera

\]/ iImage

Track wrt. last K~ €
N%

New KF?>—<="Toop detected?

\l/m:- 2 PR

Pose graph optimization

I
Model (KFs, surfelé)

N7

yack-end

Direct BA

£ Continuous optimization:
} poses, surfels, intrinsics

N
/' Discrete surfel updates:

\ Creation, merging, deletion
7
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SLAM Methods

1)  ORB SLAM 2
2) ORB SLAM 3
3) LSD SLAM

4) BADSLAM

5) GRADSLAM

|
| a(ea) Iy (m(g(r—" (2, oy K, o), KB |—‘| TLM |

intersect(p., M)

Kiel University
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‘ Jacobian l—‘ /V(d([),-). o)
Differentiable Visual Odometry Ray differentials
o) A —
T M project M to Zj M, soft associatic (_ﬂ’l;q‘,"'_’) update surface measurement
|-(JZJ-+)oI)"f{m}- {-(J.’-M'\vll“l.’n]-‘ - ‘ soft association exp(—== |_'| [
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SLAM Methods

1) ORB SLAM 2

2) ORB SLAM 3

3) LSD SLAM

4 Depth
5

GRADSLAM

)
{ o)~ fato(s o, K. 60 K ——] vt ]
‘ Jacobian l—‘

R. intersect(p,, M)

@,
N(d(p), ;)

Kiel University
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Differentiable Visual Odometry

Ray differentials
T M project M to Zj M, soft association up(_ﬂ&;q‘,"'_’) update surface measurement
= o] - ‘ 3 l_'l [
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Depth Map Estimation

In-Air :

1)  MonoDepth2
(Godard, ICCV 2019)

2) Colmap
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Depth Map Estimation

In-Air :

1)

MonoDepth2
(Godard, ICCV 2019)

2) Colmap
Underwater :
1)  UW-Net (Gupta, ICIP 2019)
2) UDepth (Yu, ICRA 2023)
3) Colmap




Depth Map Estimation

In-Air :
1)  MonoDepth2
(Godard, ICCV 2019)

2) Colmap
Underwater : Forward looking depth estimators!
Ehistian-Atbrechts-Universitét zu Kist 1) UW-Net (Gupta ) ICIP 201 9)
2)  UDepth (Yu, ICRA 2023)
3) Colmap
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Results: Tank in-air

LT T In air the SLAM approaches work
Tl T2 T3 T4 TS T6 T7 '
ORB-SLAM2 1.687(0.09 1.3170.08 2.12°(0.12 1.68°]0.10 2.47°]0.15 2.23°|0.21 2.54°|0.16 "
ORB-SLAM3 160°10.00 1.23°(0.07 2.94°(0.17 1.92°)0.12 2.27°|0.14 2.22°|0.30 2.23°|0.29
LSD-SLAM 180°10.10 1.68°0.09 1.98°00.20 2.20°|0.24 1.87°|0.20 FAILED FAILED
BADSLAM (Monodepth2) FAILED ~ FAILED FAILED FAILED FAILED FAILED FAILED - except w/ forward
BI\DSLAM(("ullll;lp) 1.38%|0.08 1.47710.11 1.87°]0.12 1.94°]0.20 2.09°]0.25 2.07°|0.19 2.17°(0.23
GRADSLAM (Monodepth2) FAILED ~FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM (Colmap)  1.45°(0.12 1.42°/0.13 2.10°J0.15 2.22°|0.17 2.3°0.27 2.28°|0.24 2.41°)0.28 |ooking neural depth
estimators

Kiel University
Christian-Albrechts-Universitét zu Kiel

- Colmap-depth shows that
approaches can work w/

correct depth
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Results: Tank with Homogeneous lllumination

TS, Water Tank, homogenous illumination, lawn mower

Base CLAHE UDCP UW-GAN Water 1 UW-GAN Water 2 UW-GAN Water 3 Median Only ORB-S LAMS pl pellne

ORB-SLAM2 3.5°(1.42 2.2°]1.28 3.12°|1.41 LOr[1.52 1.17]1.53 3.9°|1.61 NOT INIT
ORB-STAMS 56— 9265t S5 S 35S NOT INIT Were effectives :
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED - Depth esti m ato rs not
GRADSI AM(UDepthy FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA  FAILED FAILED FAILED FAILED FAILED adapted
TY, Water Tank, h genous illumination, sc ing trajectory =
Base CLAHE UDCP UW-GAN Water I UW-GAN Water 2 UW-GAN Water 3 Median - P h Otometrl c meth Ods
Kiel University ORB-SLAM2 27134 22°]1.26 2.2°[1.52 27147 28146 2.9°|1.61 NOT INIT |Ike LSD-S LAM
Christian-Albrechts-Universitét zu Kiel ORB-SLAM3 2.9°11.53 1.8°|1.24 2.6°|1.51 2.62°|1.49 3.32°(1.59 2.9°11.47 NOT INIT =
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED ca n nOt Work I n Iow
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED H H H
LSD-STAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED Ilght condltlons
GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM{UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED
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Results: Tank with Artificial and Mixed lllumination

No pipeline was effective on

m i xed an d a rtifi c i al i I I um i n ate d T13, Water Tank, artificial illumination, scanning trajectory

Base ~CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3  Median
datasets ORB-SLAM2  NOTINIT TR-Lost NOTINIT  NOTINIT NOT INIT NOTINIT  NOTINIT
ORB-SLAM3 NOT INIT TR-Lost NOT INIT NOT INIT NOT INIT NOT INIT NOT INIT

BADSLAM (UDepth)  FAILED FAILED FAILED FAILED FAILED FAILED FAILED

Features found near the li g ht BADSLAM (UW-Net) FAILED FAILED FAILED  FAILED FAILED FAILED  FAILED

. LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED

co n es b O u n d a rl es GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED

GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED

Christian-Albrechis-Universitt 2 Kie No movement detected for the
fe at u res T11, Water Tank, mixed illumination, scanning trajectory

Base CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3  Median

& ORB-SLAM2 NOT INIT TR-Lost NOT INIT NOT INIT NOT INIT NOT INIT NOT INIT

\ ORB-SLAM3 NOT INIT TR-Lost NOT INIT NOT INIT NOT INIT NOT INIT NOT INIT

G E o M AR BADSLAM (UDepth)  FAILED FAILED FAILED FAILED FAILED FAILED NOT INIT

BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED

LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED

A GRADSLAM(UDepth)  FAILED NA  FAILED FAILED FAILED FAILED FAILED

o . GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED

Universitat

de Girona
N e/
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Results: Real Missions

A1, Real mission w/ Girona 500 AUV

Base CLAHE UDCP UW-GAN Water I UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 I'R-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
ORB-SLAM3 TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA  FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA  FAILED FAILED FAILED FAILED FAILED
A2, Real mission w/ Girona 500 AUV
Base CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 NOT INIT TR-Lost TR-Lost NOT INIT NOT INIT NOT INIT TR-Lost
ORB-SLAM3 NOT INIT TR-Lost NOT INIT NOT INIT NOT INIT NOT INIT TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) NOT INIT TR-Lost TR-Lost NOT INIT NOT INIT NOT INIT TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA FAILED FAILED FAILED FAILED FAILED
A3, Real mission w/ Girona 500 AUV
Base CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
ORB-SLAM3 I'R-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA  FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA FAILED FAILED FAILED FAILED FAILED

No pipeline was effective :

- light conditions

- low texture environments
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Results: Real Missions

A1, Real mission w/ Girona 500 AUV

Base CLAHE UDCP UW-GAN Water I UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 I'R-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
ORB-SLAM3 TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA  FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA  FAILED FAILED FAILED FAILED FAILED
A2, Real mission w/ Girona 500 AUV
Base CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 NOT INIT TR-Lost TR-Lost NOT INIT NOT INIT NOT INIT TR-Lost
ORB-SLAM3 NOT INIT TR-Lost NOT INIT NOT INIT NOT INIT NOT INIT TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) NOT INIT TR-Lost TR-Lost NOT INIT NOT INIT NOT INIT TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA FAILED FAILED FAILED FAILED FAILED
A3, Real mission w/ Girona 500 AUV
Base CLAHE UDCP UW-GAN Water | UW-GAN Water 2 UW-GAN Water 3 Median
ORB-SLAM2 TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
ORB-SLAM3 I'R-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
BADSLAM (UDepth) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (UW-Net) FAILED FAILED FAILED FAILED FAILED FAILED FAILED
BADSLAM (Colmap) TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost TR-Lost
LSD-SLAM FAILED FAILED FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UDepth) FAILED NA FAILED FAILED FAILED FAILED FAILED
GRADSLAM(UW-Net) FAILED NA  FAILED FAILED FAILED FAILED FAILED
GRADSLAM(Colmap) FAILED NA FAILED FAILED FAILED FAILED FAILED

No pipeline was effective :

light conditions

low texture environments

SLAM is solved in air!
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Conclusion

Real mission conditions are still challenging:
- water quality

- light conditions
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Conclusion

Real mission conditions are still challenging:
- water quality

- light conditions

- scattering medium

Initialization trajectory has an impact on the slam quality
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Conclusion

Real mission conditions are still challenging:

- water quality

- light conditions

- scattering medium

Initialization trajectory has an impact on the slam quality
Tradeoff between altitude, consistency of the data and energy

- good overlap and visibility => more time to finish the path

41



Kiel University
Christian-Albrechts-Universitét zu Kiel

Universitat
de Girona
N e/

Conclusion

e Real mission conditions are still challenging:
- water quality
- light conditions
- scattering medium
e Initialization trajectory has an impact on the slam quality
e Tradeoff between altitude, consistency of the data and energy
- good overlap and visibility => more time to finish the path

e Lack of tow-down depth estimators
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Future work

Employ physical based methods to undo water and lights

@)

@)

ex Sea-Thru (Akkaynak, CVPR 2018)
Inverse Rendering (Nakath et al. CVPRws 2021)
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Future work

Employ physical based methods to undo water and lights
o ex Sea-Thru (Akkaynak, CVPR 2018)
o Inverse Rendering (Nakath et al. CVPRws 2021)

=> Then do a downward looking depth estimator w/ a water estimator as both
values are interdependent and should be estimated together.

44



Kiel University
Christian-Albrechts-Universitét zu Kiel

Universitat

de Girona
N e/

Future work

e Employ physical based methods to undo water and lights
o ex Sea-Thru (Akkaynak, CVPR 2018)
o Inverse Rendering (Nakath et al. CVPRws 2021)

=> Then do a downward looking depth estimator w/ a water estimator as both
values are interdependent and should be estimated together.

Then preprocessed images can bring the SLAM performance back to the
in-air case!
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Future work

e Employ physical based methods to undo water and lights
o ex Sea-Thru (Akkaynak, CVPR 2018)
o Inverse Rendering (Nakath et al. CVPRws 2021)

=> Then do a downward looking depth estimator w/ a water estimator as both
values are interdependent and should be estimated together.

Then preprocessed images can bring the SLAM performance back to the
in-air case!
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Future work

e Employ physical based methods to undo water and lights

e Add inertial measurements

IMU
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(a) Camera top view (b) Camera side view
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Future work

e Employ physical based methods to undo water and lights
e Add inertial measurements

e Use deep learning feature detector/descriptor/matching

o exloFTR (effective on low texture environments)

LoFTR
# Matches: 1684

owing matches from 0:2000————————
fidence Range: 0.20:0.96
Pair: 000000:000005
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Future work

Employ physical based methods to undo water and lights
Add inertial measurements

Use deep learning feature detector/descriptor/matching
o exloFTR

Use other types of SLAM methods
o SuperPoint SLAM
o GCvN2 SLAM

Interest
Point Loss

Descriptor
Loss

Interest
. ® 4
% Point Loss
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Future work

e Employ physical based methods to undo water and lights
e Add inertial measurements
e Use deep learning feature detector/descriptor/matching

e Use other types of SLAM methods

Enhance the part of the image in the range of the
light cones
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Future work

e Employ physical based methods to undo water and lights
e Add inertial measurements
e Use deep learning feature detector/descriptor/matching

e Use other types of SLAM methods

Enhance the part of the image in the range of the
light cones

Work with a portion of the image in the cones
intersection
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michelegrmld@gmail.com
https://www.linkedin.com/in/michele-

grimaldi-33a473132/

Thank you!
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