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“Reinforced Feature Points: Optimizing Feature Detection and Description for a High-Level Task” Bhowmik et al., CVPR’20 (oral)
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Re-Localisation
Register Query Frames

Mapping
Build the Scene Representation
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Estimate Poses (PnP)
Score Poses (Inliers)

e.g. “From Coarse to Fine: Robust Hierarchical Localization at Large Scale”, Sarlin et al., CVPR’19
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Feature Matching

* Moderate query time

* High Accuracy
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Estimate Poses (PnP)
Score Poses (Inliers)

Training Data
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Absolute Pose Regression Feature Matching
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* Fast at query time

* Moderate query time

* Moderate memory demand

* Moderate accuracy * High accuracy
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Estimate Poses (PnP)
Score Poses (Inliers)

Estimate Poses (PnP)
Score Poses (Inliers)

Query Image

Scene Coordinate Regression Forests for Camera Relocalization in RGB-D Images, Shotton et al., CVPR’13
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Estimate Poses (PnP)
Score Poses (Inliers)

Estimate Poses (PnP)
Score Poses (Inliers)

Query Image Scene Coordinate
Prediction

Scene Coordinate Regression Forests for Camera Relocalization in RGB-D Images, Shotton et al., CVPR’13
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Accelerated Coordinate Encoding: Learning to Relocalize in Minutes using RGB and Poses >50px  Reprojection Error  Opx

Brachmann, Cavallari, Prisacariu (CVPR23 Highlight) — TUE PM 86 mﬂ

Accelerated Coordinate Encoding

%NIANTIC
?NIANTIC 14




Absolute Pose Regression Correspondence Regression Feature Matching

o o
* Fast at query time * Fast at query time * Moderate query time
* Moderate mapping time
* Moderate memory demand * Low memory demand
* Moderate accuracy * High accuracy * High accuracy
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Preparation Mapping Re-Localisation
Scene-Agnostic Training Scene-Specific Training Evaluation
Pre-Train Image Retrieval Obtain Posed Images Retrieve NN
Build Retrieval Index Refine pose

Mapping Time: Very Low

«RelocNet: Continuous Metric Learning Relocalisation using Neural Nets”, Balntas et al., ECCV’'18
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Preparation Mapping Re-Localisation
Scene-Agnostic Training Scene-Specific Training Evaluation
Pre-Train Image Retrieval Obtain Posed Images Retrieve NN
Build Retrieval Index Refine pose

«RelocNet: Continuous Metric Learning Relocalisation using Neural Nets”, Balntas et al., ECCV’'18
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Reference Image

RelocNet
Median error on 7Scenes

Train on 7Scenes: 21cm
Train on ScanNet: 29¢cm

RelocNet: Continuous Metric Learning
Relocalisation using Neural Nets
Balntas et al., ECCV 2018

Query Image
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Preparation Mapping Re-Localisation
Scene-Agnostic Training Scene-Specific Training Evaluation
Pre-Train |mqge Retrieval Obtain Posed Imoges Retrieve NN
Pre-Train Relative Pose Regressor Build Retrieval Index Refine pose

“To Learn or Not to Learn: Visual Localization from Essential Matrices”, Zhou at al., ICRA’20
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Data from Arnold et al., “Map-free Visual Relocalization: Metric Pose Relative to a Single Image”, ECCV22
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Absolute Pose Regression Relative Pose Regression Correspondence Regression Feature Matching
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* Fast at query time * Fast at query time * Fast at query time * Moderate query time
* Fast mapping time * Moderate mapping time
* Moderate memory demand < Low memory demand * Low memory demand
* Moderate accuracy  Moderate accuracy * High accuracy * High accuracy
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RelocNet, ECCV18

MapFree RPR, ECCV22

ExReNet, ICRA21

E-Mat from SIFT
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75cenes

Data from Arnold et al., “Map-free Visual Relocalization: Metric Pose Relative to a Single Image”, ECCV22
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Data from Arnold et al., “Map-free Visual Relocalization: Metric Pose Relative to a Single Image”, ECCV22

%NIANTIC

24



Reference Frame Pseudo Ground Truth DPT Depth + SuperGlue
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Data from Arnold et al., “Map-free Visual Relocalization: Metric Pose Relative to a Single Image”, ECCV22
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Preparation
Scene-Agnostic Training

Mapping

Scene-Specific Training

Re-Localisation
Evaluation

Pre-Train Image Retrieval
Pre-Train Relative Pose Regressor

“Map-free Visual Relocalization: Metric Pose Relative to a Single Image”, ECCV22

ObtairPosedmages
Build Retricvaling
Shoot Reference Image

Mapping Time: Zero

Estimate Relative Pose
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Reference Image Query Images
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1460 SfM models online for the training set

https://research.nianticlabs.com/mapfree-reloc-benchmark
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Validation (65 Scenes)
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Test (130 Scenes)

Training (460 Scenes)
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Density

0.0 0.2 0.4 0.6 0.8 1.0
Overlap score

%NIANTIC

37



Translation norm (m)
0 2 4 6 8 10 12

e o o =
A o o o

Cumulative density
o
R

o
o

0 30 60 90 120 150 180
Rotation angle (deg)

%NMNTIC 38






Reference Frame Pseudo Ground Truth DPT Depth + SuperGlue

%NIANTIC 41



Reference FranB Pseudo Ground Truth DPT Depth + SuperGlue
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Reference Frame Pseudo Ground Truth Relative Pose Re l'.‘. jon DPT Depth + SuperGlue

\
&

-

\ 7 ‘/

V4

%NIANHC 45



B
s iy e

%NIANTIC 46



SuperGlue + Depth Map-Free RPR
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DPT Depth + SuperGlue
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Reference view

%NIANTIC

Relocalized with
Feature Matching + D.Scale

All Top

n

g m o W

49



VCRE CDF Map-Free RPR
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VCRE < 10%
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Evaluation Leaderboard

@ DPT-KITTI & LoFTR (PnP) L] 33.4% 1667 0.269 9.8% 2.31
@ DPT-KITTI & LoFTR (Ess.Mat. + D.Scale) 0614 347% 167.6 0.346 15.4% 198
@ DPT-KITTI & SuperGlue (Ess.Mat. + D.Scale) 0.602 36.1% 160.3 0.346 16.8% 1.88
@ DPT-KITTI & SuperGlue (PnP) 0.598 36.0% 156.9 0.252 10.7% 2.10
@ DPT-KITTI & SIFT (Ess.Mat. + D.Scale) 0.504 25.0% 222.8 0.252 10.3% 293
@ DPT-KITTI & SIFT (PnP) 0.468 251% 192.0 0190 7.8% 3.35
© RPR [R(6D) +] 0.402 40.2% 1471 0.060 6.0% 168
© RPR [3D-3D] 0.387 387% 1487 0.060 6.0% 169
© RPRIR(q, B, V) +5 - t(6, 9)] 0.354 35.4% 166.3 0.105 10.5% 183
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Pose Estimation
Beyond Feature Matching
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