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Introduction

Underwater Archaeology

= Many sites below 100 meters deep
= Not human-friendly environnements

et}

Credit : DRASSM
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Introduction

Robots to the rescue

m ROV : Remotely Operated Vehicles
m ROVs are used for deep surveys
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Introduction

Manual navigation is hard!

Credit : DRASSM
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Introduction

Accurate localization in real-time is highly beneficial

m Assistance for efficient and safe piloting
m Autonomous navigation
m 3D reconstruction
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Introduction

Accurate localization in real-time is highly beneficial

m Assistance for efficient and safe piloting
m Autonomous navigation
m 3D reconstruction

Underwater localization is tough

® GNSS-denied
= No easy access
m Requires 3D localization — 3D Orientation + 3D Position (Pose)
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Context

ROVs for underwater archaeology

m Small / Lightweight ROVs
m Cost constraints
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Context

ROVs for underwater archaeology

m Small / Lightweight ROVs
m Cost constraints

Existing technologies

» Accoustic sensors : USBL / SBL / LBL, Doppler Velocity Logs, Sonars
» Inertial Navigation Systems : high-end gyroscopes and accelerometers

Summ
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Context

ROVs for underwater archaeology

m Small / Lightweight ROVs
m Cost constraints

Existing technologies

» Accoustic sensors : USBL / SBL / LBL, Doppler Velocity Logs, Sonars
» Inertial Navigation Systems : high-end gyroscopes and accelerometers

» Bulky and expensive

Summ
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Localization from Vision

Localization from visual sensors

m Very popular in aerial / land robotics and AR / VR
m Cameras are cheap, lightweight and very informative
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Localization from Vision

Localization from visual sensors

m Very popular in aerial / land robotics and AR / VR
m Cameras are cheap, lightweight and very informative

Monocular Visual SLAM

®m SLAM : Simultaneous Localization And Mapping
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Localization from Vision

Localization from visual sensors

m Very popular in aerial / land robotics and AR / VR
m Cameras are cheap, lightweight and very informative

Monocular Visual SLAM

®m SLAM : Simultaneous Localization And Mapping
m Visual SLAM : Use pixel correspondences between images
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Localization from Vision

Single Image

¢ By

Image

omcea Summ
- [

Maxime Ferrera
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Localization from Vision

Multi-view

Image

Summ
[
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SLAM by Structure-from-Motion

- w- .
ab-Madsl', [ .

°o Maxime Ferrera

From pixel correspondences :

m Localization — 3D map

m 3D map — Localization
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SLAM by Structure-from-Motion
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From pixel correspondences :

m Localization — 3D map

m 3D map — Localization
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State-of-the-art

Monocular Visual SLAM

m PTAM (KLEIN et al., 2007) : Use of keyframes for efficient optimization
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State-of-the-art

Monocular Visual SLAM

m PTAM (KLEIN et al., 2007) : Use of keyframes for efficient optimization

m ORB-SLAM (MUR-ARTAL et al., 2015) : Use of descriptors for loop closure
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State-of-the-art

Monocular Visual SLAM

m PTAM (KLEIN et al., 2007) : Use of keyframes for efficient optimization
m ORB-SLAM (MUR-ARTAL et al., 2015) : Use of descriptors for loop closure

m LSD-SLAM (ENGEL et al., 2014) / SVO (FORSTER et al., 2014) / DSO (ENGEL
et al., 2017) : Joint tracking and pose estimation from the minimization
of a photometric cost
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State-of-the-art

Monocular Visual SLAM

m PTAM (KLEIN et al., 2007) : Use of keyframes for efficient optimization
m ORB-SLAM (MUR-ARTAL et al., 2015) : Use of descriptors for loop closure

m LSD-SLAM (ENGEL et al., 2014) / SVO (FORSTER et al., 2014) / DSO (ENGEL
et al., 2017) : Joint tracking and pose estimation from the minimization
of a photometric cost

> Not designed for underwater environments

°o Maxime Ferrera 12 Décembre 2019 11/80



Introduction  Underwater Features Tracking Monocular Visual SLAM  Visual-Inertial-Pressure SLAM  Dense 3D Mapping Conclusion Références

State-of-the-art

Underwater Monocular Localization

m Use of a camera as a complementary sensor for loop detections (Kim
et al,, 2013)

m Visual Mosaicking (GARCIA et al., 2001; NicosEvicI et al., 2009; SINGH
et al., 2004)

m EKF based Visual SLAM (BURGUERA et al., 2015)

m Fusion with IMU and pressure sensor : EKF-based (SHKURTI et al., 2011),
incremental positioning (CREUZE, 2017)
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State-of-the-art

Underwater Monocular Localization

m Use of a camera as a complementary sensor for loop detections (Kim

et al,, 2013)

Visual Mosaicking (GARCIA et al., 2001; NIcOSEvicI et al., 2009; SINGH
et al., 2004)

EKF based Visual SLAM (BURGUERA et al., 2015)

Fusion with IMU and pressure sensor : EKF-based (SHKURTI et al., 2011),
incremental positioning (CREUZE, 2017)

Few works on keyframe-based 3D SLAM for underwater environments
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Thesis proposal

SLAM from a monocular vision-based system

» Convenient: double use of the ROV's camera
» Small size

» Low-cost

» 3D Reconstruction capability
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Thesis proposal

SLAM from a monocular vision-based system

» Convenient: double use of the ROV's camera
» Small size

» Low-cost

» 3D Reconstruction capability

Monocular only

» No metric scale
» Fails if no visual information
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Set of sensors

e __Pressure
Camera MEMS-IMU Sensor

m Monochromatic m Inertial meas. m Pressure meas. (bar)
Camera = 200 Hz o Depth (m)
m 20 Hz m High drift m 5-10 Hz
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Designed Systems

Monochromatc
Camera

C
and IMU

Etharmet Bulkhoad

Pressure sensor

Size :33.4 x 1.4 cm Size : 25.8 x 8.9 cm
Depth rated : 100 m Depth rated : 500 m

» On-board computation
» Compact

— Autonomous and independent
» Low-cost: < 2.5 k€

— No bandwidth issue
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Dataset

AQUALOC Dataset : http://www.lirmm.fr/aqualoc/

FIGURE - ROV Perseo (Copetech SM - Credit :
F —_
IGURE — ROV Dumbo (DRASSM / LIRMM) DRASSM / F. Osada)

= 17 sequences
m Synchronized measurements
m Harbor & Archaeological sites

m Comparative baselines from
offline photogrammetry

o
S

ﬁﬁﬁﬁﬁ Summ
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Problem Statement

Underwater Features Tracking
Robust Underwater Monocular Visual SLAM
Multi-Sensors SLAM

Monocular Dense 3D Mapping

Summ
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Underwater Features Tracking
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Multi-Sensors SLAM

Monocular Dense 3D Mapping
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Underwater Features Tracking

Robust Underwater Monocular Visual SLAM

Multi-Sensors SLAM

Monocular Dense 3D Mapping
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Problem Statement

Underwater Features Tracking
Robust Underwater Monocular Visual SLAM
Multi-Sensors SLAM

Monocular Dense 3D Mapping
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Underwater Features Tracking

1. Underwater Features Tracking
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Underwater Features Tracking
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Underwater Features Tracking
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Underwater Features Tracking
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Underwater Features Tracking

Challenging Imaging Conditions

Credit : DRASSM
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Underwater Features Tracking

Direct methods

m Tracking by searching for photometric minima
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Underwater Features Tracking

Direct methods
m Tracking by searching for photometric minima
m Optical Flow (KLT) :
argmin » Y~ (h(u,v) — k(u+ du,v + dv))?

du,dv

I I,

Summ
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Underwater Features Tracking

Indirect methods

m Use descriptors (vectors)
m Similarity score between descriptors
m Descriptors : BRIEF, BRISK, FREAK, ORB, SURF, SIFT, ...

= [ | 3t |

> Q:image patch

[

+

f(Q) : descriptor function

d : binary descriptor
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Underwater Features Tracking

Evaluation of robustness to turbidity

Image n°1 Image n°5 Image n°9 Image n°13 Image n°17

(a) : TURBID dataset
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Underwater Features Tracking

Evaluation of tracking efficiency on a real sequence

Image n°1 Image n°3 Image n°5 Image n°7 Image n°9
>
> t(s)

(b) : Séquence sous-marine |
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Underwater Features Tracking

Conclusion

» Optical Flow (KLT) is very efficient

» Descriptors get too ambiguous for efficient tracking

Summ
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Monocular Visual SLAM

2. Robust Underwater Monocular Visual SLAM
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Robust Underwater Monocular Visual SLAM

= UW-VO : Keyframe-based monocular VSLAM
m Frame-to-frame features tracking from KLT
m Retracking mechanism

Summ
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Robust Underwater Monocular Visual SLAM

Problem Statement

m Estimate the pose of the camera at each new image
m Pose:X;=(R,t) cSE(3) | RcSO(3) teR?

m Estimate the position of 3D landmarks : lm; € R®
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Robust Underwater Monocular Visual SLAM

Tracking / Mapping : Two threads for efficient computation

(Front-End B Back-End

Previous frame Current frame

New
keyframe
needed.
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Robust Underwater Monocular Visual SLAM

(Front-End A
Previous frame  Current frame m Pre-processing : Contrast Local

Adaptive Histogram

Equalization (CLAHE)

Kanade-Lucas-
Tomasi Optical Flow
Tracking

v
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Robust Underwater Monocular Visual SLAM

(Front-End h

Previous frame Current frame

= Features tracking :
Frame-to-frame KLT

Kanade-Lucas-
= [p{Tomasi Optical Flow
Tracking
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Robust Underwater Monocular Visual SLAM

(Front-End h

Previous frame Current frame

= Features tracking :
Frame-to-frame KLT

Kanade-Lucas-
= [p{Tomasi Optical Flow
Tracking

» KLT not robust to occlusions
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Robust Underwater Monocular Visual SLAM

Many short occlusions due to moving fishes

Credit : DRASSM
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Introduction  Unde eatures g Monocular Visual SLAM

Robust Underwater Monocular Visual SLAM

Retracking mechanism

m Store the most recent images + lost features
® Multi-frame KLT retracking
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Robust Underwater Monocular Visual SLAM

(Front-End h

Previous frame Current frame

. = Pose estimation:
. m Use 2D / 3D observations
: Kanade-Lucas-
r = |p{Tomasi Optical Flow
Tracking
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obust Underwater Monocular Visual SLAM

Keyframe selection decision

(Front-End B Back-End

Previous frame Current frame

o Triangulation

New
keyframe
needed.

oncea Bumm
°o
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Robust Underwater Monocular Visual SLAM

Keyframe selection decision

® Enough motion since last keyframe

¢ " J . ket X X *kF

Low Parallax High Parallax

Summ
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Robust Underwater Monocular Visual SLAM

(Back-End A
Mapping thread

m Triangulation of new 3D points from 2D
|/ 2D features between previous and
current keyframes

iangulation

A

Features
detection

®

New \_ )
keyframe
needed
..... Bumm . &
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Robust Underwater Monocular Visual SLAM

(Back-End B

L I Wind d .

m Triangulation of new 3D points from 2D
|/ 2D features between previous and
current keyframes

m Detection of new 2D features to track

C. : for next triangulation)
Triangulation (

Y

‘ Va Features
detection
New \_ )
keyframe
needed
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Robust Underwater Monocular Visual SLAM

(Back-End
( Local Windowed : Mapping thread
Bundle Adjustment)
KO m Triangulation of new 3D points from 2D

/ 2D features between previous and
current keyframes

m Detection of new 2D features to track
(for next triangulation)

¥

P m Optimization of the 3D map : Bundle
L 2 "\_detection ) Adjustment
New \_ )
keyframe
needed
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment

m Triangulation from two views not accurate because of noise

C, C, C;
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment

m Triangulation from two views not accurate because of noise
m Apply multi-view constraints for trajectory and 3D map optimization

C, C, C;

Summ
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment

m Triangulation from two views not accurate because of noise
= Apply multi-view constraints for trajectory and 3D map optimization

P curentCamera [P Keytrames @ Landmarks
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment

m Triangulation from two views not accurate because of noise
= Apply multi-view constraints for trajectory and 3D map optimization

P curentCamera [P Keytrames @ Landmarks
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment : Maximum Likelihood Estimation
® Minimization of reprojection errors :

« . T
x* = argmin (Eyisuar (X)) X = [XKF,» lm,-]
x

m Non-linear optimization solved with Levenberg-Marquardt
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Robust Underwater Monocular Visual SLAM

Bundle Adjustment : Maximum Likelihood Estimation

P curentCamera [P Keytrames @ Landmarks

mp, M, Im,,,
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Robust Underwater Monocular Visual SLAM

Local Adaptive Windowed BA

m Optimize most recent keyframes and 3D landmarks only
=m Monocular setup : scale unobservable = fix at least two keyframes

------ Optimized ,~--, Fixed
P> curentcamera P Keyframes ‘ Landmarks : ';ta( O st
------ es S ates
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Robust Underwater Monocular Visual SLAM

Experimental Results

m Evaluation of UW-VO against ORB-SLAM, LSD-SLAM and SVO
m Video sequences acquired on a shipwreck (300 meters) by the DRASSM

®m Monocular SLAM = scaling w.r.t. groundtruth

S °o Maxime Ferrera 12 Décembre 2019 42/ 80
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Robust Underwater Monocular Visual SLAM

Experimental Results

Absolute Trajectory Error RMSE (in %)

Seq.# Duration _ LSD-SLAM  ORB-SLAM SVO UW-VO

1 s Low Few X 1.67 1.63 1.76
2 2'30" Medium Some X 1.91 2.45 173
3 22" High Many X X 1.57 1.04
4 430" Low Many X 113 X 1.58
5 315" Medium Many X 1.94 X 1.88

TABLE - Sequences taken on a shipwreck (300 meters deep).

Sequence #1 Sequence #2
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Robust Underwater Monocular Visual SLAM

Experimental Results

Absolute Trajectory Error RMSE (in %)

Turbidity Short

Seq.#  Duration Level Occlusions

1 4 Low Few 1.76
2 230" Medium Some 173
3 22" High Many 1.04
4 430" Low Many 1.58
5 315" Medium Many 1.88
TABLE — Sequences taken on a shipwreck (300 meters deep).
Sequence #1 Sequence #2
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Robust Underwater Monocular Visual SLAM

UW-VO for localization during shipwreck exploration

Maxime Ferrera 12 Décembre 2019 45/ 80
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Robust Underwater Monocular Visual SLAM

Conclusion

» Robust to underwater imaging conditions
» Accurate localization
» Real-time

Summ
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Robust Underwater Monocular Visual SLAM

Conclusion

» Robust to underwater imaging conditions
» Accurate localization
» Real-time

» Monocular = No scale

Summ
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3. Multi-sensors SLAM
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al-Pressure SLAM

Tight Fusion : Insert other measurement modalities within the factor graph
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Tight Fusion : Insert other measurement modalities within the factor graph

Fusion from Maximum Likelihood Estimation
x" = arg min (Evisuat (X) + Edeptn (X) + Emu (X))
x
® E,isuq : Energy term based on visual measurements

B Egepen - Energy term based on pressure measurements
®m Emy :Energy term based on inertial measurements

Summ
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ial-Pressure SLAM

3.1. Visual-Pressure SLAM
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Visual-Pressure SLAM

Visual-Pressure Setup

Sea surface T
1
: IMeasured depth
1
1
1 F N
H Pressure sensor
1
| Camera -
1
1
1
: Optical center
1
1
H € yC
|
\J
Depth axis

m Pressure measurements : pressure (Pa) oc depth (m)
m Depth variation from starting point :

di = rawdi - rawdo
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Visual-Pressure SLAM

Strategy 1: Integration of absolute depth measurements

m Depth error term : Egepn(X;) = ||d;i — tAZWC"Hffﬁepm

> Current Camera > Keyframes ’ Landmarks [l Depth

Measurement

L TR | PR |

t(s)

oncea Bumm
- °o

Maxime Ferrera 12 Décembre 2019
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Visual-Pressure SLAM

Visual-Pressure Fusion

» Misalignement issue!

Sea surface
om
im S
c2 Y
262 4 y i
[ Fp—— » R, *" Camera's path
(Read R, expressed in R;) 2m
3m X '
Freerm o e W
{aged wth o)
am - /\‘ VENES
W
o B P EF ¥ omtnin
Depth z7 o
5m 2.
'}/ Depth measurement axis
Seabed
Li long 2" : =t
m Linear error along z™ : = U¢yq; - COs (&
oncen Bumm . .
o °o Maxime Ferrera 12 Décembre 2019
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Visual-Pressure SLAM

Strategy 2 : Integration of relative depth measurements

m Relative depth :
_ d —d fz fz 2
Edepth (xkvxi) - (” (d’ - dk) - (t We; — t ch) ||(2‘°'depth)2>

Relative Depth
> Current Camera [ Keyframes ‘ Landmarks [ P

Measurements

oncea Bumm
- °o
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Visual-Pressure SLAM

Experimental Results
= Init. Only : UW-VO with scale factor estimation from 1°* meas. only

X* = arg min (Evisual (X))
x

m UW-VP : Strategy 1vs Strategy 2

X" = argmin (Evisual (X) + Edepth (X))
x

m Dataset : sequences from AQUALOC

m 7 sequences in a harbor
m 2 sequences on a shipwreck (400 meters)
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Visual-Pressure SLAM

Experimental Results

TABLE - Absolute trajectory errors (RMSE in m).

Absolute Trajectory Error (m)
Init. Only UW-VP

Seq. Length(m) UW-VO  Strat.1 Strat.2

#1 39.3 1.01 0.55 0.53
#2 75.6 1.70 1.23 0.40
#3 23.6 0.52 0.30 0.26
#4 55.8 X X X

#5 28.5 0.96 0.19 011
#6 19.5 017 01 0.06
#7 329 X X X

#A 41.2 0.96 0.58 0.52
#B 65.4 13 0.99 0.90
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Visual-Pressure SLAM

Conclusion

» Recovery of the scale factor
» Improved localization accuracy

°o Maxime Ferrera 12 Décembre 2019 56 / 80



Introduction  Underwater Features Tracking  Monocular Visual SLAM  Visual-Inertial-Pressure SLAM  Dense 3D Mapping Conclusion  Références

Visual-Pressure SLAM

Conclusion

» Recovery of the scale factor
» Improved localization accuracy

» Misalignement issue has to be taken care of!

Summ
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Visual-Pressure SLAM

Conclusion

» Recovery of the scale factor
» Improved localization accuracy

» Misalignement issue has to be taken care of!

» Still fully dependent on vision

°o Maxime Ferrera

Dense 3D Mapping  Conclusion

12 Décembre 2019

Références
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3.2. Visual-Inertial-Pressure SLAM

Summ
(X3
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Visual-Inertial-Pressure SLAM

Low-cost MEMS-IMU Model
m Angular Velocity measurements :

@p(t) = wa(t) +bI(t) + 9

® Linear Acceleration measurements :

ag(t) = Rus(t)" - (aw(t) — gw) + b(t)

+)"
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Visual-Inertial-Pressure SLAM

Low-cost MEMS-IMU Model
m Angular Velocity measurements :

@p(t) = wa(t) +bI(t) + 9

® Linear Acceleration measurements :

ag(t) = Rus(t)" - (aw(t) — gw) + b*(t) + ) ‘

» Measurements corrupted by time-varying biases and zero-mean
gaussian noise
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Visual-Inertial-Pressure SLAM

IMU Measurements

m Motion estimations from IMU meas. = Ry, Vwsi, Pwsi

Summ
[
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Visual-Inertial-Pressure SLAM

IMU Measurements

m Motion estimations from IMU meas. = Ry, Vwsi, Pwsi

» Motion information at high rates (200 Hz)
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Visual-Inertial-Pressure SLAM

IMU Measurements

m Motion estimations from IMU meas. = Ry, Vwsi, Pwsi

» Motion information at high rates (200 Hz)

» But big drift because of varying biases and noise
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Visual-Inertial-Pressure SLAM

IMU Preintegration

®m Summarize intra-keyframe IMU measurements as one measurement :

i Al ]
1+1 -
| I S f g g |
: ke
Images: o o o o o
Keyframes: .
IMU:; x x % % = ® & %X #'% X x % & X %% »
Pre-Int. TMU: =

m Relative motion measurements : AﬁB,‘Bj, APgigj, AVgig

m Easy insertion in the Factor Graph formulation
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Visual-Inertial-Pressure SLAM

New state to estimate :

X; = [RWBi Pwai Vg b? bﬂ ’

oncea Summ
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Visual-Inertial-Pressure SLAM

New state to estimate :

X; = [RWBi Pwai Vg b? bﬂ ’

IMU Preintegration : Relative errors between keyframes

N - —_h9 _ R
eARBiB}, = RBiBj H ARBiBj eAbg’.Bi - ij bBi
€apg; = Psisj — APsigj eAbgiBj = bgj — bg;
@avgy; = Vaisj — AVsig) Random-walk biases
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Introduction

Visual-Inertial-Pressure SLAM

New state to estimate :

Vi

X; = [RWBi Pwai

Underwater Features Tracking Monocular Visual SLAM  Visual-Inertial-Pressure SLAM

Dense 3D Mapping Conclusion  Références

bY  bf]’

i

IMU Preintegration : Relative errors between keyframes

€aRry; = Raigj B ARgig;
€apg; = Psisj — APsigj

€avyy = Vigj — AVig)

IMU Energy term

Emu (x) = Z (e;mu(X;,Xj)T : ziBr?E!ij'_

/*

eimu(xiaxj) = [eARBiBj €npgy €Avgy

Maxime Ferrera

AbgiBi Bj Bi

_ Rha. _ R,

eAbgiBj = bB} Bi
Random-walk biases

1
- @imu(X;, Xj))

O\

e T
a
Sisj Absisj}
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Visual-Inertial-Pressure SLAM

Visual-Inertial-Pressure Optimization
X" = arg min (Evisuat (X))
X

@ Pose (Ryg, Pws) @ Velocity (vyg) (@ Biases (b9, b?)

M visual Meas. W IMU Meas. Il Depth Meas.
I Xk-5 Xk—4 Xk—.‘l Xk-2 Xk-l I I Xk I
Most Recent Keyframes Current Frame

t

oncea Summ
B - [
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Visual-Inertial-Pressure SLAM

Visual-Inertial-Pressure Optimization

X" = argmin (Evisual (X) + Emu (X))

X

@ Pose (Ryg, Pws) @ Velocity (vyg) (@ Biases (b?, b?)

M visual Meas. W IMU Meas. Il Depth Meas.

Most Recent Keyframes Current Frame
t

Summ
[
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Visual-Inertial-Pressure SLAM

Visual-Inertial-Pressure Optimization
X" = arg min (Eyisuat (X) + Emu (X) + Edeptn (X))
X

@ Pose (Ryg, Pws) @ Velocity (vyg) (@ Biases (b?, b?)

M visual Meas. ¥ IMU Meas. Il Depth Meas.

I Xis Xia Xz X2 X1 I I Xy I

Most Recent Keyframes Current Frame
t

omcea Summ
- [
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Visual-Inertial-Pressure SLAM

Experimental Results

TABLE — Absolute trajectory errors (RMSE in m).

Absolute Trajectory Error (m)

Seq. Length (m) UW-VP UW-VIP
#1 39.3 0.49 0.42
#2 75.6 0.36 0.37
#3 23.6 0.25 0.26
#4 55.8 X 1.56
#5 28.5 013 0.09
#6 19.5 0.04 0.06
#7 32.9 X 116
#HA 41.2 0.34 0.36
#B 65.4 0.72 0.69
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Visual-Inertial-Pressure SLAM

UW-VIP for localization with short loss of visual information

Maxime Ferrera 12 Décembre 2019 66 / 80


https://youtu.be/5znKd8Rl8wA

Introduction  Underwater Features Tracking Monocular Visual SLAM  Visual-Inertial-Pressure SLAM

Visual-Inertial-Pressure SLAM

Conclusion

» Robust to short loss of visual information

°o Maxime Ferrera

Dense 3D Mapping

Conclusion  Références
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Visual-Inertial-Pressure SLAM

Conclusion

» Robust to short loss of visual information

» Factor graph formulation could be used to fuse even more sensors!

Summ
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Dense 3D Mapping

4. Monocular Dense 3D Mapping

Summ
(X3
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Monocular Dense 3D Mapping

Dense 3D Mapping

m Densify the sparse 3D measurements

m Make use of optimized states : keyframes + 3D landmarks

S °o Maxime Ferrera 12 Décembre 2019 69 / 80



Dense 3D Mapping

Monocular Dense 3D Mapping

Depth Map Densification

m Find 3D features nearest-neighbors from 2D Delaunay triangulation

o : pixels with known depth
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Dense 3D Mapping

Monocular Dense 3D Mapping

Depth Map Densification

m Find 3D features nearest-neighbors from 2D Delaunay triangulation
m Depth value interpolation from Delaunay triangles

e : pixels with known depth 2D Delaunay triangulation
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Monocular Dense 3D Mapping

Depth Map Densification

m Find 3D features nearest-neighbors from 2D Delaunay triangulation
m Depth value interpolation from Delaunay triangles

(b) 2D densified depth map.
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Monocular Dense 3D Mapping

Online 3D Reconstruction

Maxime Fe 12 Décembre 2019
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Monocular Dense 3D Mapping

Online 3D Reconstruction in Complex Environment

Maxime Ferrera 12 Décembre 2019 73/ 80
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Monocular Dense 3D Mapping

Conclusion

» Dense 3D reconstruction from monocular camera
» Real-time dense 3D reconstruction (but delayed)
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Conclusion

Contributions

m KLT is well suited for VSLAM tasks on underwater images

® Robust underwater monocular VSLAM method : UW-VO

m Tight fusion framework for Visual-Inertial-Pressure SLAM

m Dense 3D reconstruction module for monocular setup
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Références

Conclusion

Experimental Validation

m Algorithms validated on the Tegra TX2

m All the methods run in real-time Monochromatc

Camera

m Release of a public dataset : AQUALOC

Pressure sensor
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Conclusion

Perspectives

» Add loop closure for drift reduction and relocalization

— Online Bag of Words (ANGELI et al., 2008 ; GARCIA-FIDALGO et al., 2018;
NICOSEVICI et al., 2012)

» Binocular SLAM extension
— increased robustness

» Integration of the SLAM estimates in ROV's command :
m Servoing
®m Autonomous navigation
m Automatic photogrammetry
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International Conference Papers
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Conclusion

Thank you for your attention!
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