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Laboratory of Pattern Recognition
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Pipeline of 3D Geometry Reconstruction
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Tracks Selection in SfM Incremental RA

Hybrid SfM Progressive StTM
CVPR 2017 3DV 2018 ISPRS JPRS 2019 1JCV 2021
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Large Meshing

Mini Drone and Robot Fusion

Aerial and Ground Fusion Image and Laser Fusion
IEEE T-CSVT 2020 IEEE Sensor Journal 2021 3DV 2019
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Structure-from-Motion

{ HEEHREY H HEE LA H‘gm‘%@ﬂ?H éiiﬁ J

Pipeline of 3D Geometry Reconstruction
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Incremental Structure-from-Motion
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SLAM v.s. SfM (easy)
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SLAM v.s. SfM (difficult)



Incremental Structure-from-Motion

Incremental SIMIZZETHFR R IE : sl B
— Camera seeds selection ;3-4-«@ 7
— Tracks selection
— Next best view selection

— Prioritized camera registration

— Global bundle adjustment
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H. Cui et al. Efficient and robust large-scale structure-from-motion via track selection and camera prioritization. ISPRS JPRS 2019
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Incremental Structure-from-Motion

Data COLMAP [41] BATA [56] MIS
Name N Re Ce T Re Ce T Re | Ce T
data00 | 9182 1.7 | 2.8 | 9498 1.3 368 | 70 | 0.3 | 0.5 | 286
dataOl | 2202 || 0.2 1.0 649 1.8 203 [ 03] 04 | 1.0 | 47
data02 | 9322 1.4 [ 114 | 2415 || 783 | 2595 | 6.0 || 0.3 | 1.0 | 355
data03 | 1602 || 0.3 | 0.2 577 0.7 100 [ 03 ] 0.2 ) 0.2 | 77
data04 | 542 0.1 | 0.1 58 0.4 87.8 | 0.1 021 0.1 4
dataO5 | 5522 (| 3.6 | 29 | 3764 1.8 19.7 L7 {1 03] 02 [ 116
dataO6 | 2202 || 0.3 | 0.7 1238 || 57.8 | 65.1 0319 01 | 02| 34
data07 | 2202 (| 0.7 1.2 1284 29 8.9 03] 07 | 0.6 | 62
dataO8 | 8142 || 3.1 8.0 | 4032 0.8 248 | 35 ] 04 | 1.2 | 276
data09 | 3182 (| 0.4 1.7 764 1.4 385 |05 03 ]05 ]| 74
datalO | 2402 (| 0.9 1.5 886 1.2 260 | 03] 04 | 04 | 53
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MIS : Multi-camera based Incremental Structure-from-Motion
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Global Structure-from-Motion

View Graph
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Global Structure-from-Motion

« Global Translation Averaging
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— IRA: Incremental Rotation Averaging (IJCV 2021)

— IRA++: Distributed Incremental Rotation Averaging (IEEE TCSVT minor revision)
— ITA: Incremental Translation Averaging (submitted to IJCV)

— MMA: Multi-camera Motion Averaging (submitted to AAAI)






Global Structure-from-Motion

Colmap-590mins

Store (1276+*2 images)




Multi-Camera-Multi-LIDAR Auto-Calibration

LiDAR points

LiDAR assisted initial STM

Image feature association
and pairwise image
matching
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Relative motion
estimation with coarse
LiDAR map, pose graph
optimization and Bundle
Adjustment

StM and LiDAR feature points extraction

/ Plane feature points and line feature \

points extraction from SfM points

Edge feature points and plane feature
points extraction from LiDAR points

Camera-LiDAR joint optimization
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: Camera
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Calibration result
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Camera intrinsic

parameters, camera and
LiDAR poses, STM
point cloud

D. Tu et al. Multi-Camera-Multi-LiDAR Auto-Calibration by Camera-LiDAR Joint Structure-from-Motion. Submitted to ICRA 2022
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D. Tu et al. Multi-Camera-Multi-LiDAR Auto-Calibration by Camera-LiDAR Joint Structure-from-Motion. Submitted to ICRA 2022
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Distributed Graph Cuts Parallel Graph Cuts AL for Fine-Level Scene Parsing
IEEE TIP 2016 IEEE TIP 2017 3DV 2018
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‘ Global
‘()plum/m on |

Semantic Depth Completion AL for Large 3D Scenes Semantic Road Mapping
PR 2020 IEEE T-CSVT 2021 ICRA 2021
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Semantic 3D Mapping

Semantically Guided Multi-View Stereo for Dense 3D Road Mapping
Mingzhe Lv, Diantao Tu, Xincheng Tang, Yugian Liu and Shuhan Shen
ICRA 2021

Semantic Segmentation N
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Camera Intrinsic
and Extrinsic
Parameters by SfM

Images

Neighbor Views Depth-map Depth Col;‘e&tel‘;;n: ';nd
Selection Initialization Propagation Merging

B

Dense Point Cloud Dense Semantic 3D Map

A) Semantically Guided Neighbor Views Selection

B) Semantically Guided Depth Map Initialization

(a) w/o SegView+Seglnit+ (b) w/o SegView
SegProp+SegComp

C) Scale-Adaptive Depth Propagation
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D) Semantically Guided Depth Completion and Merging

; 2 . 4
(d) w/o SegProp (e) w/o SegComp (f) w/ SegView+SeglInit+

SegProp+SegComp



Urban-02 (8428 images, 3.1km)

LiDAR Map Ours (Dense Semantic 3D Map)

OpenMVS [42] CasMVSNet [32] VisMVSNet [33]

FUM AL X TE A SR B8 B = 4578 Ut E]
(8428iERIEAIZFHER, 3.12EHE)
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Mesh Model (9M facets) LOD2 Model (8K facets)
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(3D GIS) (BIM) (HD Map)
pixEEn || pyvsssn || sEsssswE |
(CityGML) (IFC) (OpenDrive)
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GM_Solid (or GM_Surface)

Option 2. Geometry
in IndoorGML

‘I Option 3: No Geometry

room
LODO LOD1 gml::id=001
Option 1: i
CityGML data 1l | External Reference
I to room in CityGML
. _ IndoorGML data _ B
LOD2 LOD3
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(a) Geometry model (b) Criginal NRG (c) Subspacing

CityGML 3.0 IndoorGML



Variational Building Modeling Urban Scene Modeling
3DV 2017 ECCV 2018
LOD2 0 X EEH LOD2 =5 X EER

Non Manhattan LOD Modeling Multistep Indoor Modeling
IEEE TIP 2021 ISPRS JPRS 2021

LOD2 FSp X EHEHE LOD2 FA X EEIE



Vectorized Indoor Modeling

Vectorized Indoor Surface Reconstruction from 3D Point Cloud
with Multistep 2D Optimization

Jiali Han, Mengqi Rong, Hanging Jiang, Hongmin Liu, Shuhan Shen

ISPRS JPRS 2021
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Vectorized Indoor Modeling

Insta360 Pro2
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Vectorized Outdoor Modeling

Urban Scene LOD Vectorized Modeling From Photogrammetry Meshes
Jiali Han, Lingjie Zhu, Xiang Gao, Zhanyi Hu, Liyang Zhou, Hongmin Liu, Shuhan Shen

IEEE TIP 2021
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Input: MVS Meshes (94M Faces)
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\. J
4 )
= - | o - - Visual Localization by Recalling
0o Owmtaseimages) | ") g /< \)\A% \ Direct 2D-3D Matches
IROS 2021
s.f-Polnt CI::uld E izl-[ /‘% wﬁf /lj
‘ w/o GPU
\. J




SMBERZ \

Direct Visual Localization

Recalling Direct 2D-3D Matches for Large-Scale Visual Localization
Zhuo Song, Chuting Wang, Yugian Liu, Shuhan Shen
IROS 2021

Query Image Visibility-Based Recalling (VBR) Vocabulary Tree

\ Prioritization /\

G,
3D-to- ?D % >\ /ﬁ )\ coarse vocabulary
matching VA, \

fine vocabulary

SfMPointCloud ol m PR R
\ b 1y S it o418 LS .
RANSAC PnP ~ -
Calculation of e00o0o00o0 < ]
the Final Pose * K ok ok Kk Visual Vocabulary
Final Matches

Visibility-Based Recalling Space-Based Recalling



Direct Visual Localization

RobotCar Seasons

Aachen Day-Night

All Day All Night Day Night
Precision | high / medium / coarse | high / medium / coarse Precision | high / medium / coarse | high / medium / coarse

AS vI.1 [1] 43.6 /76.0 /94.0 1.8/74 /142 AS v1.1 [1] 853/922/979 39.8/49.0/ 643
CPF [8] 48.0/78.0/94.2 34/7/95/17.0 CPF [8] 76.7 / 88.6 /95.8 33.7/48.0 /622
CSL [9] 45.3 /7 73.5/790.1 06/26/72 CSL [9] 52.3/80.0 /943 29.6 / 40.8 / 56.1
SMC [10] 503/793/952 7.1/22.4/453 SMC [10] -/-1- -/-1-
NetVLAD [15] 6.4/26.3/909 03/23/159 NetVLAD [15] 00/02/189 00/00/143
DenseVLAD [14] 7.6/31.2/91.2 1.0 /4.4 /227 DenseVLAD [14] 0.0/0.1/22.8 00/1.0/194

Ours (N¢=100)
Ours (N+=200)
Ours (N;=500)

52.7/79.4 /940
53.3/81.0/956
53.3/81.2 /964

6.9/ 13.1720.6
9.1/17.87294
10.3 /7 20.1 /327

Ours (N;=100)
Ours (N¢=200)
Ours (N;=500)

87.9/94.8 /98.2
88.6 /94.9 /1 98.2
90.2 / 95.6 / 98.2

61.2/72.4/ 80.6
63.3/73.5/80.6
63.3/73.5/80.6

SfM image

Query image

wanl

RobotCat Seasons

Query image

Aachen Day-Night
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Dense Road Maps (>30000 images)




Database image Database semantic

TANEBEMENM (EXHE: 20184FE88, EAEME: 2019438)
HIEEGEMBEIIE: 92.1%, EfH{EIRE: 0.41m
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