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Problem: Cross-view Geolocalization (CVGL)

Input:
1. Ground: Visual, lidar, radar sensors

2. Aerial: Visual, semantic, infrared, elevation orthomaps

Output:
Georegistered location (+orientation)

£ 5 %

Map data: ing Maps 2023,@ Vexcel Imaging
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Problem: Cross-view Geolocalization (CVGL)

Two categories of approaches:

Search region
Approach
Prediction

Metrics
Datasets

Large (e.g. city-scale)
Image Retrieval

Target image patch (~10-100m)
Probabilistic

Recall
CVUSA [1], CVACT [2], VIGOR [3], ...

Small (< ~100m)
Pose estimation

Metric pose
(Non-)Probabilistic

Recall, mean position error
?7?77?



Metric Cross-view Geolocalization

Example predictions from CVPR2023 papers:
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Metric Cross-view Geolocalization

Categories of approaches based on extracted features:

Local feature descriptors (e.g. SURF [7]) — Invariance <> Discriminance
Raw data (e.g. NMI [8]) — Unmatched surface areas
— Transformation between PV and BEV
Semantic: Buildings [9,10], roads + trajectory  — Invariance <> Discriminance
[11,12], lane markings [13,14], vertical — Requires presence of semantic classes
structures, ... — Transformation between PV and BEV
End-to-end learned [4,5,6,17,18] + Invariance <> Discriminance
+ Transformation between PV and BEV can be
learned

— Data and ground-truth collection



Example: Local feature descriptors

1. Project to BEV via homography
2. Extract & match SURF features

Projected Aerial image
ground image

From: Vehicle ego-localization by matching in-vehicle camera images to an aerial image (Noda et al., 2011) [7]



Metric Cross-view Geolocalization

Categories of approaches based on extracted features:

Local feature descriptors (e.g. SURF [7]) — Invariance <> Discriminance
Raw data (e.g. NMI [8]) — Unmatched surface areas
— Transformation between PV and BEV
Semantic: Buildings [9,10], roads + trajectory  — Invariance <> Discriminance
[11,12], lane markings [13,14], vertical — Requires presence of semantic classes
structures, ... — Transformation between PV and BEV
End-to-end learned [4,5,6,17,18] + Invariance <> Discriminance
+ Transformation between PV and BEV can be
learned

— Data and ground-truth collection



Example: Prototype

1. Visual SLAM (ORB-SLAM)
2. Semantic segmentation

3. lterative closest points

Vehicle Data: KITTI  Map data: OpenStreetMaps



Metric Cross-view Geolocalization

Categories of approaches based on extracted features:

Local feature descriptors (e.g. SURF [7]) — Invariance <> Discriminance
Raw data (e.g. NMI [8]) — Unmatched surface areas
— Transformation between PV and BEV
Semantic: Buildings [9,10], roads + trajectory  — Invariance <> Discriminance
[11,12], lane markings [13,14], vertical — Requires presence of semantic classes
structures, ... — Transformation between PV and BEV
End-to-end learned [4,5,6,17,18] + Invariance <> Discriminance
+ Transformation between PV and BEV can be
learned

— Data and ground-truth collection



End-to-end Metric CVGL

1. With range-scanners
« First: Rsl-net: Localising in satellite images from a radar on the ground

Tang et al. RA-L 2020
« Qurs: Continuous self-localization on aerial images using visual and lidar sensors

Fervers et al. IROS 2022

2. Vision-only (without range-scanners)
« Related: Image retrieval methods [19][20], regression [3]
» First: Beyond cross-view image retrieval: Highly accurate vehicle localization using satellite image

Shi et al. CVPR 2022
* OQurs: Uncertainty-aware Vision-based Metric Cross-view Geolocalization

Fervers et al. CVPR 2023



Uncertainty-aware Vision-based Metric Cross-view
Geolocalization, Fervers et al., CVPR 2023 [4]
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Map data: Bing Maps © 2022 TomTom, © cheI Imaging

Main Contributions:

1. Propose end-to-end trainable model for vision-based metric CVGL
2. State-of-the-art performance even in zero-shot setting

3. Improved ground-truth for multiple datasets

Code and ground-truth available at https:/fferflo.github.io/projects/vismetcvgl23
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https://fferflo.github.io/projects/vismetcvgl23

Model Summary

Ground Input
PP T

(a) Feature extraction
ConvNeXt [1] + simple decoder

Aerial Input

Ground Encoder] [Aerial Encoder
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Shared weights for ground images
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(b) Perspective View to Bird’'s Eye View (PV2BEV) ! Bird's Eye View
. Cross-attention: BEV point pillars projected onto PVs \ Cross Afionion Block ]
(with deformable offsets) _|- Y
_ ‘_ [ Self Attention Block ]
. Self-attention: SegFormer [2] block ST
Rot‘a:tion \E
| Cross-CorreI;tion] %
b Output

Cross-Correlation (via FFT)

' (c) Predict 3-DoF Pose Distribution
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Data

We consider the following datasets:

Large-Area
CvGL

Autonomous
driving

CVUSA, CVACT, Yes
VIGOR, ...

KITTI, Ford AV, Yes
Nuscenes, ...

No

Yes

No

Yes

Yes

No



Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes No No Yes
CVGL VIGOR, ...
Autonomous KITTI, Ford AV, Yes Yes Yes (Yes)

driving Nuscenes, ... J
Google Maps, Bing Maps, Stratmap, DCGIS, MassGIS

Accurate georegistration? Problems:
 Invalid geo-pose of vehicle

 Invalid geo-registration of aerial images
« Hard to verify



Data — How to verify georegistration accuracy?

Is this registration accurate?

Vehicle data: Ford AV dataset

Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging



Data — How to verify georegistration accuracy?

Is this registration accurate? =» yes

s

Vehicle data: Ford AV dataset

x 4 ‘ .-': 1

1
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Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging



Data — How to verify georegistration accuracy?

Is this registration accurate? =» no

s

Vehicle data: Ford AV dataset
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Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging



Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes No No Yes
CVGL VIGOR, ...

Autonomous KITTI, Ford AV, Yes Yes Yes (Yes)
driving Nuscenes, ...

Accurate georegistration? Problems:
 Invalid geo-pose of vehicle

 Invalid geo-registration of aerial images
« Hard to verify



Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes No No Yes ?
CVGL VIGOR, ...
Autonomous KITTI, Ford AV, Yes Yes Yes (Yes) Manual labelling:

driving Nuscenes, ... ‘ Single frames

t

Accurate georegistration? Problems:

+|nvalid-geo-pose-of-vehicle
lnvalid . .  oriali
+ Hard-to-verify

« Can manually produce georegistration when lidar points are available



Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes
CVGL VIGOR, ...
Autonomous KITTI, Ford AV, Yes
driving Nuscenes, ...

Accurate georegistration? Problems:

+|nvalid-geo-pose-of-vehicle

ovalid tration.of acrial]

+Hard toverify

Yes

(Yes)

Manual labelling:
Trajectories

t

« Can manually produce georegistration when lidar points and trajectories are available



Pseudo-labels
Model:

Ground Input Aerial Input

[Ground Encoder] [Aerial Encoder]

4

N Bird's Eye View
\ v

~ Cross Attention Block ]
2

+ | Self Attention Block

X Nblocks

Y

Rotation §
\ 4 F:i
@

| Cross-Correlation |
|

Output
logits
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Pseudo-labels

Model: Steps:

Manually label subset of data

Train pseudo-label model on subset

Predict labels for all samples

~ j Optimize using least squares

(Ground Encoder]  Aerial Encoder | a) Use inter-frame transforms with high confidence
b) Use model predictions with low confidence

(5. Verify)

Ground Input

s =

\

Geometric projection
with lidar points

\ 4
Rotation §
\ 4 S
@

| Cross-Correlation |
|

Output
logits




Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes No No Yes ?
CVGL VIGOR, ...
Autonomous KITTI, Ford AV, Yes Yes Yes (Yes) Manual labelling:

t

driving Nuscenes, ... ‘ ‘ Trajectories




Data

We consider the following datasets:

Large-Area CVUSA, CVACT, Yes No No Yes ?
CVGL VIGOR, ...
Autonomous KITTI, Ford AV, Yes Yes Yes (Yes) Manual labelling

driving Nuscenes, ... ‘ ‘ Pseudo-labelling

t




Data — Without Pseudo-labels
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Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging
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Data — With Pseudo-labels
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Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging
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Data — Invalid data samples

Remove data samples with low prediction confidence of pseudo-label model

Tunnel: Out-of-date data:

N ST

Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging
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Data

Frames SD

Dataset Region Year Scenes (x10%) (sec) Cams Cells|Orthophoto providers

Argoverse VI [11]]  Miami <2019 353 12 22 9 71 |Google Maps [ ], Bing Maps [ ]
Pittsburgh <2019 60 10 17 9 55 |Google Maps [ 7], BII]U aps [ 1]

Argoverse V2 [45] Austin <2021 111 48 43 7 296 |Google Maps [ 3], B]no qus [1], Stratmap [5]
Detroit <2021 256 91 36 7 569 |Google Maps [ 3], Bing Maps [ !]
Miami <2021 703 245 34 7 811 |Google Maps [ ], Bi no M‘lps [1]
Palo Alto <2021 43 136 34 7 157 |Google Maps [ 3], Bing Maps [ !]
Pittsburgh <2021 668 228 34 7 557 |Google Maps [ ], Bi no M‘lps [1]

Washington < 2021 262 90 34 7 553 |Google Maps [3]. Bing Maps [ 1], DCGIS [2]

Ford AV [0] Detroit 2017 18 136 811 6-7 983 |Google Maps [ ], Bi no M‘lps [1]
KITTI-360 [21] | Karlsruhe 2013 9 76 877 3 609 |Google Maps [ 3], Bing M“lpS [1]
Lyft LS [15] Palo Alto 2019 398 50 25 6 88 |Google Maps [ ], Bing Maps [ 1]

Nuscenes [Y] Boston 2018 467 19 20 6 174 |Google Maps [ 3], Bi no M'lpS [1], MassGIS [4]
Pandaset [+Y] Palo Alto 2019 35 3 8 6 87 |Google Maps [ 3], Bing Maps [ ]
San Francisco 2019 65 5 8 6 93 |Google Maps [ ], Bmo Maps [ 1]

SD: Average scene duration. Data-frames are divided into disjoint cells with size 100m x 100m to measure aerial coverage.
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Results
Recall on Ford AV (search region: ~28m, 20°):

Logl Log2
Cross- Cross- | Multi- Lateral Longitudinal Lateral Longitudinal
area vehicle [ camera | I.Om 30m 50m|1.0m 30m 50m|10m 30m 50m |1.0m 3.0m 5.0m
CVM-Net X X X 91 257 413 | 48 132 219 | 98 286 47.1 | 42 11.8 203
SAFA X X X 93 287 48.0| 43 11.8 20.1 | 11.2 341 534 | 50 134 229
_____ DSM_ | X X | X |120 353 537 | 43 125 214 | 85 249 376 | 39 122 214
VIGOR X X X 203 525 704 | 62 16.1 258 | 209 549 757 | 60 169 27.0
HighlyAccurate X X X 46.1 704 729 | 53 164 269 | 31.2 665 788 | 48 153 258
Ours X X X 878 984 99.6 | 67.7 935 94.0 | 73.5 942 96.1 | 42.2 86.0 879
Ours v v X 609 865 933 | 192 521 568 | 495 83.0 88.7 | 193 447 48.6
Ours X X v 96.3 99.6 99.6 | 76.0 953 96.0 | 88.0 999 100.0| 589 933 936
Ours v v v 770 96.2 97.6 | 240 676 76.1 | 73.0 965 978 | 256 61.7 694
cross-area: train/test data from non-overlapping regions
cross-vehicle:  train/test data captured with different camera setup lateral recall c

longitudinal recall M@—}
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Results
Predictions on Ford AV (search region: ~28m, 20°):
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Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging
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Results
Tracker on Ford AV (10x speed):

Aerial image (lidar scans shown for visualization only)

Front Camera
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Feature Visualization — Ford AV

Map data: Bing Maps © 2022 TomTom, © Vexcel Imaging




Conclusion

« Related works:
a) Low-level
b) High-level semantic
c) High-level end-to-end

* Novel model for vision-based metric CVGL
« State-of-the-art performance even in zero-shot setting

* Improved ground-truth for multiple datasets

1. Pseudo-labels
2. Automated data-pruning

« Code and ground-truth available online:

https://fferflo.qgithub.io/projects/vismetcvqgl23



https://fferflo.github.io/projects/vismetcvgl23
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