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- Cross-View Pose estimation has seen increasing interest in enabling refined 4 Aerial Image INPULS 5, 54nd Image N @ PdiCtiO” )
localization/orientation of ground images within aerial views for autonomous vehicles, A
robotics, and within geo-localization.
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We propose leveraging an attention-based model to implicitly learn ground/aerial —view matching.
This extends these models to such less-constrained settings by enabling operation with varied and 9 _ —
unknown meta-data—acting as a step towards unconstrained cross-view pose estimation. 4 N (N1E) Dlscrgte Possi Reglosn Pr Ob:V?"'t'eSW - ) Proj. and H-FoV
. o E = ~ = lLocalization (m)  |Orientation (°)
Proposed Architecture H-FoV  Method Mean Median Mean Median
/ Cross-View Aligner /~ Pose '?eoggﬂ ) l RS CCVPE* 8.01 1.67 13.22 5.33
/\ N [ e — L e S ' ' 5 o 0 ours 540 176  7.87  1.68
: - | & ; JE S | 5 gp CCVPE* 1353 373 2403 757
= > 58 > Cross-Atention e - [=5 : —, . S 5 Ours 586 1.82 872 173
5 5@ ﬂ / (2) Continuous Pose Sampling 5 c .
5 . | | S sw S — § o CCVPE* 2112 1411 4316 16.14
o —— et } Ours 604 188 880 176
, ‘ ose-luerya
. [N . Predictor : g - ' e o oo CCVPE* 1536 474 3772 895
£ |28 : e | = S Ours 912 281 1340  2.63
= 85 iq - [V 4 = £, CCVPE* 1686 762 5083 14.48
. L \/ I ——— g / \_ —N\\ / & — 3 Ours 9.87 3.70 17.07 2.62
I r\ y nd =27 ) | oz ;0 CCVPE* 1814 082 6072 2452
g — o | Ours 10.70 520  18.09  2.79
Highlighted Example

0°-45° 45°-90° 90°-135° 135°-180°

Architecture Components
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