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The Core Problem (FG-CVG)

Query ground view
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The Goal of Fine-Grained Cross View Geolocalization ~ overhead map

(FG-CVG): Estimate precise 3-DoF (location (x,y) +
orientation(0)) from ground-to-satellite images.
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Continuous but computationally heavy (often
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The problem: Current methods force a harsh trade-off between accuracy
and efficiency. High-accuracy models are too slow for real-time use and
lack real world deployment requirements. B[RS
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The Edge Deployment Reality
("Why GeoFlow?)

Targeting edge devices (Ex., Sub-250g Micro-
UAVs) that need real-time speed.

Memory Budget

Strict hardware limits: 2GB to 4GB RAM.

Concurrent tasks (OS, other tasks) consume
>2GB.
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GeoFlow Architecture
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Probabilistic Displacement Regression

The Goal: Learn aregression field

v?(qo, f,is) to estimate the
displacement (distance and direction)
from an initial pose g, to the target q;.

The Decoder: A simple MLP
processes z and branches into two

distinct probabilistic prediction heads.
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Objective Functions

The Distance Head:

e Distribution: Predicts parameters for a standard Gaussian
distribution V' (u,, 6.2).
e Loss Function (Gaussian NLL):
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The Direction Head (von Mises-Fisher)
* The Problem with L2: Standard Euclidean losses and NLL fail on K acts as the concentration parameter
angles due to circular discontinuity (the jump from 359 to 0). (confidence).
e The Solution: The von Mises-Fisher (vVMF) distribution models data
on the unit hypersphere S?.
* Probability Density:

p(ulug, 1) = Co(x) exp(rpugu)
¢ Loss Function (Angular MF Loss):

Lo =—log(k? + 1) + k- cos™ (ug - 0,5,) + log(1 + exp(—km))
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The Output: The combined
training objective is :
L=L.+Ly.



Iterative Refinement Sampling (IRS)

GeoFlow Model
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Quantitative Results

Table 1. KITTI test results comparison. We report localization error (Mean/Median, m), lateral/longitudinal recall (R@ Ilm/R@5m, %),
and inference speed (FPS) for both Same-Area and Cross-Area splits. Best results are in bold.

Efficiency Same-area Cross-area

FPST JLoc. (m)  fLateral (%) TLong. (%) JLoc. (m)  fLateral (%) tLong. (%)
Method Mean Median R@Im R@5m R@1m R@5m Mean Median R@Im R@5m R@Im R@5m
GGCVT [14] 4.17 — — 76.44 98.89 2354 62.18 - — 57772 91.16 14.15 45.00
CCVPE [23] 2400 122 062 9735 9971 77.13 97.16 9.16 333 4406 9023 23.08 64.31
HC-Net [18] 2500 080 050 99.01 99.73 9220 99.25 847 457 7500 9776 58.93 76.46
DenseFlow [16]  7.30 148 047 9547 99.79 8789 9478 797 352 5419 91.74 23.10 61.75
FG? [21] 4.20 0.75 052 99.73 100.00 8699 98.75 745 4.03 89.46 9980 1242 55.73

GeoFlow (Ours) 29.49 098 0.68 96.85 99.68 74.05 98.75 8.42 560 3636 83.85 14.76 525I

Outperforms CCVPE in mean accuracy (8.42mvs 9.16m) on KITTI Cross-Area while
achieving real time speed.
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Inference-Time Scaling

Table 3. Impact of refinement rounds (/) on KITTI Cross-Area. Table 4. Impact of initial seeds (V) on KITTI Cross-Area.
Rounds () |Mean (m) |Median (m) TSpeed (FPS) Seeds (N) [Mean (m) |Median (m) 1Speed (FPS)

1 10.69 9.95 32.55 1 8.58 5.75 30.70

3 8.47 5.88 31.23 5 8.49 5.66 30.05

5 8.42 5.60 29.49 10 8.42 5.60 29.49

10 8.41 5.59 26.23 20 8.41 5.60 28.08

Heavy lifting (visual context) is done once.
Dynamic trade-off between accuracy and speed.
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State-of-the-Art Efficiency

VRAM: 686 MiB (7x reduction

vs. CCVPE). | |
Table 1. Unified Efficiency Profile. GeoFlow balances accurac
and efficiency.
Speed: 26 ms (35% speedup in Model | GFLOPs VRAM Inference Time FPS
pure inference). CCVPE 31.18 4730 MiB  41.7 ms 24.0
HC-Net 11.56 1900 MiB 40.0 ms 25.0
GeoFlow 7.65 686 MiB 26.0 ms 29.5
Compute: 7.65 GFLOPs Gain (vs HC-Net) | -34%  -64% 35%  +18%

(reduces thermal throttling and
power consumption).
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Qualitative Results
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Qualitative Results (Confidence)

R=2

IRS actively sculpts predictive uncertainty
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Conclusion & Broader Impact

e Summary: GeoFlow successfully bridges the gap between SOTA
benchmark accuracy and practical edge deployment constraints.

e Innovation: The probabilistic displacement field combined with
Iterative Refinement Sampling (IRS) actively models confidence and
consensus.

e Future Work: Extending the continuous flow principles to full 6-DoF
estimation and downstream path-planning tasks for autonomous micro-
robotics. We are also working now on a unified framework that gives an
end-to-end geolocalization.
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