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GeoDepth

Abstract
7| & self-Supervised MDE= 2t

Problem
 Depth Discontinuity: & & &

pixelg = & A 2l pointE X 2| St 12 pixelH depth=

HO| M = 70| 240| ALY | gt
= Q

« Low-texture Region: H- =2 X & FL

Contribution

M Z -2 Plane-to-Depth Modeling Xi| ©F

Robot Intelligence Learning & System

HEs

N
o

g o=




RILS

Monocular Depth Estimation

Depth Estimation
ot &2 rGB O[O X|0f| A 2t HATMX| 2| AH2[ &

Applications

« Autonomous Driving: At2F 2 X 2to| H 2| Tk

* Robotics: MO0} = 2| L =X =%t
« 3D Reconstruction: &4f 1+X £ &
« AR: &N S7tH0f Z7hak = K| B X|

Why Self-supervised?

Dense Depth Label= LiDAR g O| M7 ERs] =& H|EO| &
> ™ EF 710] 10| Video EE= Stereo Image = S5

MDE
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(a) Point-to-depth modeling
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Point-to-Depth

2 IAS SUHOIHo R Kalsto] ZOIS AT o5

o« Zr2 HHO|LtHIEHO| Al = Z10|ZHO| ZXRF7| HatE 5= AS
o HAXIIEZTH HHAO A Depth Predlctlon0| =2t

Plane-to-Depth
3D M S CHFSt 3 7|0| plane e O 2 A Y

. PIanarNormaI'“"D:'0| akSt= gt

* Planar Offset: 7| 2} & & Of| A| EEH 7L X| 2] A 2
2= BHO H2E 2 520 Normalll Offset= &

GeoDepth
Planar Normal + Planar Offset - Scene Depth
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(a) Point-to-depth modeling

Image

Parameterization

Planar normal  Planar offset  Scene depth

(b) Plane-to-depth modeling (Ours)
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Planar representation;
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GeoDeptnh Overview
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1. Plane Prediction

AKX =2 &} 1™ =y & 0| A Planar Normal N2} Planar Offset 0= 0| =

2. Plane-to-Depth
Ol St BHO| e Nt A2l 0 0|83l , 4

3. Depth D|scont|nU|ty Awareness
o)

oI o BE M Al = #Hetol 24 0|0] X|2F B[ 1S

4. Structured Plane Generation
22 HMHO| Normall} OffsetO| ¥ k| & St
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Method P2D SPG DDA|ERMSE | 5q Rel] a<1.25T|# Params
Baseline 4.471 0951 0895 | 9.98M
+P2D v 4436 0740 0896 | 10.0M
+P2D+SPG| v 4412 0922 0896 | 10.0M
GeoDepth | v v v | 4381 0694 0897 | 10.0M

(a) Input {b) StructDepth
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(¢) PLLNet

(d) Ours

Experimental Results & Takeaway

Ablation Study

Baseline: RMSE 4.471

* Plane-to-Depth: 4.436

e Structured Plane Generation: 4.412

* Depth Discontinuity Awareness: 4.381
Ir2t0|E == A 10M2 2 A2 S7I5HX| e MM d5 &

Qualitative Results
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Takeaway

GeoDepth£ pixel-wise depth 0| = 2| $tA| & plane structurei H 215104,
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Selt-Supervised Monocular 4D Scene
Reconstruction tor Egocentric Videos

Chengbo Yuan, Geng Chen, LiYi, Yang Gao
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~ooMono4D

Abstract
1918 FA2 &0 Mo MaAE HAE E SESHA =oHX| 8t ZHH| 2t 2 X[ 7t s A 0| &210| 7| =20 4D scene reconstruction0| 0{ 2=
Problem _
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* Supervised 4D reconstruction= 115 & depth-pose labelO| 2 £ g~
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Egocentric Video EgoMonodD
U 4D Reconstruction

Label-Free Self-Supervised Training (F!—F;
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From Depth to 4D Reconstruction

Monocular Depth Estimation
ob ol O| O X|0f| A =& H He| =7
RGB Image — Depth Map

4D Scene Reconstruction
Yool B = =S otLte| ™Y X7 A0 ' Hot0] A|ZH0]| THE 3D =L SAHYU = S
Video — 3D Pointcloud Sequence

Connection with GeoDepth

*  GeoDepth: ot Z2f| Q2| ‘d=2tdt 1 HEH Ol pepth =7
e EgoMono4D: 0 2| Z2{ & 2| Depthl} Camera Motion= Z ol 4D 2 H F &
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What Should Be Estimated?

What Should Be Estimated?
UEH2 72| RGB Yo 2 /=l THOH1 Q1A A A

OF

2t Z3 Yol 2

A

22 MG 3p xtr=E HAoL| 20 LS SEE F3

1. Video Depth

21 HANK| 2| A2

2. Camera Intrinsic

ZHAZ I EY SH S 7tHet LR B
3. Camera Pose

Zr T 2f| Ol A ZEH 2Fe] | K| 2F et

Final Output
Depth + Intrinsic + Pose — Dense Pointcloud Sequence

DEZye3p =ttt U IEA N S
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~goMono4D Overview

........ > e Leon 1. Video Feature Extraction
Ph i R izati v 7I- 1T 3| ol EX| X=
otometric Loss egularization Loss e 0 | M % E | 0‘” A‘I Ol Dl Xl o T=
UniDepth -
Ei m“ —>Video Depth — g'
s Fodkaliion Per-frame i’olntclouds 2. Multi-frame Feature Fusion
UniDepth Video Feature __ = ol AFOlO] A 7|-I-| I—IEE 74 &}
T Encoder ~  Adaptor l PR Best-Alignment | |- | | | = =
Solver
Egocentric Video — \L 3. JointPrediction
1 : | . . . . . =5
i 3 Decoder R S video depth, camera intrinsic, confidence mask 0|
hy : |
) E : - Confidence Masks . .
::: -->  EgoHOS --> Pesudo Masks Label ~-=-------> L o\ € : 4. Camera Pose Estimation
1k o =< =
1y'==>  UniDepth  --> Pesudo Pointclouds Label ------ S > Lypape ——— = E | = pOIntCIOUd %:-)I : OH Camera pose 7:” A
'
¥
liea-» GMFlow  --> Photometric Optical Flows ---======<==> Lo € .
e 5. 4D Reconstruction
----> Colracker --> Photometric Longtern Tracks ~+----> Lyyqcx ¢—————— Dense Pointclouds Sequence DED S TY ZtHEA O HY X|SH dense pointcloud sequence ‘4 -
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HOI4D H20 POV-Surgery' ARCTIC-HOI'

CD| it Fos51TFs1 CD)L Fit FastT FsT CDL FiT Fast Fst CD) Fit Fas® F5 1
Modularized Version 8.9 154 382 680 4.7 478 81.5 942 2233 36 96 191 58 126 338 632
DS+UniDepth [66] 6.7 232 534 799 51 365 750 932 39.1 7.7 200 387 29 222 602 847
DUSt3R [75] 8.6 240 532 768 88 23.1 560 827 554 97 247 451 32 208 537 83.1
MonSt3R [87] 76 214 508 779 147 151 424 700 945 65 178 348 54 99 318 650
Align3R [38] 7.1 223 534 789 11.5 200 454 720 41.1 79 210 404 45 142 415 7538
CUT3R [73] 75 201 475 743 74 172 572 93.1 1076 47 128 256 45 187 482 779
EgoMono4D (Ours) 5.9 279 59.6 831 5.1 542 839 944 338 135 320 539 28 241 575 86.2

HOI4D Epic-Kitchen POV-Surgery

Ongmal Video
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Original Video

OV’,"

rlglhal Video

\w

View1

View2

Original Video

Results
« HOI4D, H200|| A 7| = BIRHEC 2
reconstruction ‘&

e POV-Surgery, ARCTIC-HOIO|| A| zero-shot

MM
e o
. 212X £X S5 Qe mEap 7L

°t dense pointcloud

Qualitative Results

« TN HHO[3DEE ZESHA FH
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Takeaway

EgoMono4D THH 1917 H 0| M depth} camera
motion= 2 gtol|, 2H'E 910] w2 11 Z 2ot 4D pointcloud
sequence S 44




Thank you

Question & Disscusion
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