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Abstract. This work tackles the problem of correcting noisy GNSS mea-
surements using cross-view alignment between nadir aerial imagery and
georeferenced satellite maps. We preprocess each incoming aerial frame
into a stabilized nadir view by compensating roll and pitch using inertial
attitude estimates and, when the onboard camera introduces strong lens
distortion, by applying an appropriate recti�cation step so that the down-
stream stages remain camera-agnostic. We then estimate per-frame hor-
izontal translation and yaw corrections by matching transformer-based
dense descriptors between the aerial view and satellite tiles. The match-
ing stage is spatially regularized. Instead of searching the entire satellite
tile, each aerial pixel is matched only within a local window around its
pose-predicted landing point. We then solve a robust geometric re�ne-
ment over the regularized matches and convert the per-frame correction
back to geodetic coordinates to obtain a corrected GNSS stream suitable
for VIO or SLAM fusion. The resulting visual�inertial fusion reaches ac-
curacy close to RTK-derived reference measurements across the evalu-
ated datasets. We also release a new RTK-geotagged nadir aerial imagery
and video dataset captured over a site in Western Greece.

Keywords: GNSS correction · Cross-view alignment · UAV navigation
· Aerial imagery · Satellite imagery · Visual�inertial fusion.

1 Introduction

Reliable global positioning is central to UAV navigation, mapping and inspec-
tion, where aerial products such as orthomosaics, surface models and topographic
maps must be accurately aligned to a common world frame across �ights and
over time [21, 17]. In navigation, global position also provides the absolute ref-
erence required for long-range operation and for limiting drift in onboard state
estimation. This reference is most often provided by commodity Global Navi-
gation Satellite System (GNSS) receivers, which o�er lightweight and globally
available position measurements [9]. However, low-altitude �ight near build-
ings, infrastructure, vegetation or partially occluded sky can induce multipath
and non-line-of-sight (NLOS) reception, leading to errors of several meters and,
in challenging urban environments, even tens of meters [13, 19]. High-precision
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GNSS work�ows, including real-time kinematic (RTK), post-processed kinematic
(PPK) and PPP-RTK, can provide centimeter-level positioning under favorable
conditions, but their reliability still depends on satellite visibility, correction de-
livery, ambiguity �xing and proper system integration [21, 17, 19]. As a result,
the same environments that degrade standard GNSS can also make RTK-based
solutions intermittent or unreliable.

From an estimation perspective, reliable map-referenced UAV pose has been
pursued through local state estimation and GNSS-aided fusion. Visual odome-
try, visual-inertial odometry and SLAM estimate platform motion from onboard
sensors, but their trajectories remain locally referenced and accumulate drift
over long distances [7]. GNSS-aided visual-inertial systems reduce this drift by
fusing local motion estimates with GNSS measurements [3, 10]. However, their
performance is still governed by the quality of the GNSS input. When the GNSS
measurement is biased, the fused trajectory can be anchored to an incorrect
map-referenced position [22, 23]. Correcting the GNSS measurement before fu-
sion is therefore complementary to SLAM and visual-inertial estimation, rather
than a replacement for them. A complementary line of work uses georeferenced
satellite maps as global visual references for UAV localization. Existing meth-
ods align onboard UAV imagery with satellite maps to recover absolute pose in
GNSS-degraded or GPS-denied settings [8, 12, 2]. For example, Patel et al. [12]
register UAV images against rendered Google Earth views selected from nearby
candidate poses, while Bianchi and Barfoot [2] learn compact satellite-image
representations for UAV-to-satellite localization. These methods demonstrate
the value of satellite imagery for UAV pose estimation, but they are primarily
designed for image-based localization or �ltered pose recovery rather than for
correcting an existing GNSS measurement. In addition, approaches that rely
on pre-rendered or pre-selected reference views can require a reference database
around the expected operating region. More broadly, retrieval-based cross-view
methods depend on selecting the correct satellite candidate or local reference
region [26, 5]; therefore, visually ambiguous satellite regions can lead to large
localization errors, especially in repetitive or weakly distinctive scenes, as also
emphasized by recent large-scale UAV localization benchmarks such as UAV-
VisLoc [24] and ALTO [4].

The present paper adopts a di�erent formulation. Rather than localizing the
UAV from scratch against a satellite image database, satellite imagery is used to
correct an already available GNSS measurement, even when that measurement is
biased. This GNSS measurement also provides a coarse spatial prior: it retrieves
a local satellite tile and de�nes the region where the drone image is expected to
align. Within this local region, cross-view alignment estimates the residual lati-
tude, longitude and yaw correction. The output is a timestamp-aligned corrected
GNSS stream suitable for downstream fusion. This formulation is related to au-
tomotive cross-view localization, where ground-level or vehicle-mounted images
are aligned with satellite maps to estimate vehicle pose [16, 6, 1]. However, the
geometry of nadir UAV correction is substantially di�erent. Automotive meth-
ods mainly address forward-facing images and large perspective changes between
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query and reference. In contrast, the drone image in our setting is approximately
top-down and therefore closer to the satellite image viewpoint. The dominant
di�culties are therefore not perspective transfer, but two factors speci�c to the
nadir UAV regime: residual roll and pitch deviations that perturb the apparent
ground-plane geometry of the drone image, and geographic ambiguity in images
with repeated patterns, such as forest canopy, road markings, or crop rows.

The second di�culty is particularly important because matching between
drone-image features and satellite-image features is a central stage in cross-view
localization pipelines, both in UAV and automotive settings. Existing methods
rely either on classical feature matching or on learned descriptors, but in both
cases the matching is ultimately driven by visual similarity [15, 18, 11]. This
becomes problematic in satellite images with repeated patterns, where forest
canopy, road markings, crop rows or nearly identical rooftops may produce many
locally similar candidate regions. When a matcher is allowed to compare a drone-
image pixel with candidates across the satellite tile, nearby drone-image pixels
can be assigned to distant and unrelated neighborhoods in the satellite image.
The resulting correspondence �eld loses spatial consistency: nearby drone pixels
no longer map to nearby satellite locations, or they collapse onto an incorrect
repeated structure. Although these matches may be plausible according to de-
scriptor similarity, they are wrong in geographic space. Once such an inconsistent
correspondence �eld is used for geometric pose re�nement, the estimated cor-
rection can converge to the wrong satellite region instead of the true alignment.
Fig. 3 illustrates this failure, where pixels from the drone image are matched to
an incorrect region of the satellite tile.

In light of this, we propose a novel cross-view correction architecture for
satellite-aided GNSS re�nement. The pipeline �rst converts each incoming drone
image into a stabilized nadir view by compensating residual roll and pitch from
inertial attitude estimates, with lens recti�cation applied when required by the
camera model. It then uses the GNSS measurement as a coarse spatial prior
to predict where each drone-image pixel should lie in the satellite image. Dur-
ing matching, each pixel is allowed to search only within a local metric window
around this predicted location, rather than across the entire satellite tile. This
pose-conditioned search reduces matches to distant but visually similar regions
while preserving enough freedom to estimate the remaining translation and yaw
error. The resulting correspondences de�ne constraints between drone-image pix-
els and satellite-image locations. The re�ned drone pose is obtained by �nding
the SE(2) transformation whose projected drone pixels best agree with these
matched satellite locations. This robust optimization is solved with Levenberg�
Marquardt and estimates the residual horizontal translation and yaw correction.
The contributions of this work are:

� Satellite-Aided GNSS Correction as Measurement-Level Cross-
View Alignment. We formulate drone-to-satellite cross-view alignment as
measurement-level GNSS correction rather than global re-localization from
scratch. Unlike prior UAV-to-map methods that use a coarse prior only to
seed a local search and then output an absolute UAV pose, the proposed
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architecture keeps the available GNSS measurement as the primary quan-
tity and estimates only a residual position and yaw correction, producing
a timestamp-aligned corrected GNSS stream for downstream VIO/SLAM
fusion.

� Pose-Conditioned Spatial Regularization for Dense Drone-to-
Satellite Matching. A pose-conditioned matching strategy is introduced
to address a common limitation of descriptor-based matching: in repetitive
satellite imagery, standard matching can assign nearby drone-image pixels to
distant but visually similar satellite regions. The proposed strategy restricts
each pixel search to a local metric window around its pose-predicted satellite
location, preserving spatial consistency for pose re�nement. In the ablation
study, this reduces the corrected RMSE from 16.36 m to 2.33 m, an 85.7%
improvement over unconstrained appearance-based matching.

� Corrected GNSS Stream from the Proposed Cross-View Module
for Visual�Inertial SLAM Fusion. The corrected GNSS stream produced
by the proposed cross-view module is evaluated as a global-position input to
VINS-Fusion. Compared with native GNSS fusion, it substantially improves
trajectory accuracy and reaches performance close to using RTK-derived
reference measurements.

� RTK-Geotagged Nadir Drone Dataset. A new RTK-geotagged nadir
image and video dataset is introduced, captured with a DJI Mavic 3 Enter-
prise over a site in Western Greece. It covers buildings, roads, vegetation and
nearby residential/rural areas, supporting evaluation of satellite-aided UAV
localization and GNSS correction under realistic low-altitude conditions.

2 Proposed Methodology

Fig. 1 shows the proposed cross-view GNSS correction pipeline. Given a nadir
UAV image, GNSS measurement, initial yaw, and IMU roll/pitch estimates, the
method �rst produces a stabilized nadir view through attitude compensation
and optional lens recti�cation. Dense UAV�satellite correspondences are then
computed using pose-conditioned spatial regularization, which limits matching
to local metric windows around the predicted satellite locations. A robust SE(2)1

re�nement �nally estimates the residual translation and yaw correction and out-
puts the corrected GNSS measurement.

2.1 Preprocessing and satellite retrieval

Direct cross-view matching is a�ected by platform attitude and, for wide-FOV
cameras, lens distortion. We therefore preprocess each frame into an approxi-
mately perspective nadir view with consistent ground-plane geometry. The pre-
processing includes optional lens recti�cation, applied only when distortion is

1 SE(2) denotes the two-dimensional special Euclidean group, i.e., planar rigid-body
transformations composed of a rotation and a translation. In this work, it corre-
sponds to yaw correction and horizontal East�North translation correction.
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Fig. 1. Overview of the satellite-aided GNSS correction pipeline.

non-negligible, and attitude compensation using inertial roll and pitch estimates.
The result is a stabilized nadir image and a corresponding perspective intrinsic
matrix K�at, used downstream for scale estimation and metric-to-pixel mapping.

Stabilized nadir view generation. Let Iraw be the input UAV image. If
the camera is �sheye or strongly distorted, recti�cation is included in the inverse
warp through the calibrated projection model π(·;K,D) where K and D denote
the raw camera intrinsic matrix and distortion parameters, respectively; other-
wise the distortion parameters D are omitted. The stabilized nadir image Id is
obtained by mapping each output pixel p̃ = [u, v, 1]⊤ to the original image as
x = π(R⊤

compK
−1
�atp̃;K,D) and sampling Id(u, v) = Iraw(x). The compensation

rotation is Rcomp = Rx(−θ)Ry(ϕ), where ϕ and θ are platform roll and pitch.
This optional recti�cation handles lens distortion, while roll/pitch compensation
removes attitude-induced ground-plane tilt and preserves yaw for satellite align-
ment, keeping the mapping close to the planar homography assumed by the later
image-to-map re�nement.

Satellite tile retrieval. For each stabilized drone image at timestamp tk,
the nearest valid GNSS measurement is used to retrieve a local north-up satellite
tile centered at the corresponding (lat, lon). The GNSS measurement is used
only as a coarse spatial prior that de�nes the local search region, not as the
�nal corrected position. The retrieved tile has size Ws ×Hs and known ground
sampling distance gs. Satellite tiles are retrieved through the Google Maps and
Azure Maps APIs at zoom levels 18�19, yielding gs ≈ 0.4�0.8 m/pixel.

Ground sampling distance. At latitude φ and map level z, the satellite
ground sampling distance (GSD) is approximated by

gs(φ, z) =
2πR⊕ cosφ

256 · 2z
[m/pixel], (1)
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where R⊕ denotes the Earth radius, assuming Web Mercator tiles.

2.2 Spatially regularized cross-view correspondence

Given the stabilized drone image and the satellite tile centered at the GNSS
seed, cross-view correspondences are estimated using dense transformer-based
descriptors. The GNSS-based pose prior is used to spatially constrain the descrip-
tor search: each drone-image pixel is matched only within a local metric window
around its predicted location in the satellite image. This pose-conditioned search
reduces geographically inconsistent matches in repetitive satellite regions while
preserving the appearance-based matching capability of the descriptor model.

Feature extraction and reciprocal matching. Let Id be the stabilized
nadir UAV image from Sec. 2.1, and let Is denote the satellite tile. The matcher
computes dense descriptor tensors Fd ∈ RHd×Wd×C and Fs ∈ RHs×Ws×C (and,
when available, con�dence maps qd,qs). To obtain correspondences e�ciently,
we sample a subset of aerial pixel locations on a regular grid with stride sstride
(subsampling factor). For each sampled location pi = (ui, vi) in Id, we do not
search the whole satellite tile; instead, we restrict the candidate region to a local

window Ω
(i)
s ⊂ Ωs centered at the predicted landing point p̃′

i obtained from the
current a�ne prior (Eq. (2) evaluated at θ = 0), with a radius rpx = rm/gs
derived from an expected metric search radius rm. Within this window we �nd
the most similar descriptor,

p′
i = arg max

p∈Ω(i)
s

⟨Fd(pi),Fs(p)⟩,

This spatially regularized search prevents the matcher from selecting visually
plausible but geographically distant candidates in satellite tiles with repeated
structure, such as parallel rooftops, tree rows and highway markings. Without
this constraint, a small number of large matching errors can dominate the error
tail, as quanti�ed in Sec. 3.6. We then enforce a reciprocal consistency check,
where a candidate match (pi ↔ p′

i) is retained only if pi is also the best match
when searching back from p′

i to the aerial image. This mutual nearest neighbor
criterion substantially reduces ambiguous matches in repetitive satellite textures.

2.3 Per-frame geometric re�nement

Given the matched drone-image and satellite-image pixels from Sec. 2.2, the next
step is to re�ne the drone pose associated with the current GNSS measurement.
Each match provides a geometric constraint: a point observed in the stabilized
drone image should project to its corresponding location in the satellite tile under
the corrected pose. We therefore estimate a residual planar pose correction θ =
(∆ψ,∆E,∆N), where ∆ψ is the yaw correction and (∆E,∆N) are horizontal
corrections in the local East�North tangent plane.

The residual correction is estimated through a local 2D alignment model.
For a candidate θ, the model maps each stabilized drone-image pixel into the
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satellite tile using the initial yaw, the drone-to-satellite scale ratio, and the East�
North translation expressed in satellite pixels. The re�ned pose is obtained by
minimizing the residuals between the projected drone-image pixels and their
matched satellite-image locations.

2D alignment model. Let pi = [ui, vi]
⊤ denote a pixel in the recti�ed aerial

image and let p′
i = [xi, yi]

⊤ be its matched pixel in the satellite tile. We model
the mapping from aerial pixels to satellite pixels as an anisotropic similarity
transform about a pivot point plus a translation induced by the horizontal pose
correction:

p̂′
i = cs + tpx + sR(ψ0 +∆ψ)Aratio(pi − cd), (2)

where ψ0 is the initial heading estimate associated with the GNSS seed, cd =
[cx, cy]

⊤ is the principal point of the recti�ed aerial view (from K�at in Sec. 2.1)
and cs = [Ws/2, Hs/2]

⊤ is the center of the Ws × Hs satellite tile. The 2 × 2
rotation matrix is

R(ψ) =

[
cosψ − sinψ
sinψ cosψ

]
. (3)

The diagonal matrix Aratio converts aerial pixel displacements into satellite
pixel displacements using a ground-sampling-distance (GSD) ratio:

Aratio = diag
(gxd
gs
,
gyd
gs

)
, gxd =

h

fx
, gyd =

h

fy
, (4)

where h is the platform height above the imaged ground (Sec. 2.3), (fx, fy) come
from K�at and gs is the satellite GSD in meters per pixel. The scalar s is �xed to
1 in all experiments. The metric translation correction (∆E,∆N) is converted
to a pixel shift in the satellite image via

tpx =

[
∆E/gs
−∆N/gs

]
, (5)

where the minus sign accounts for the image y axis pointing downward. Using cd
as the pivot is important in practice because recti�cation can move the principal
point away from the geometric image center.

Altitude and GSD ratio. The drone-image GSD in Eq. (4) depends on
the camera height above the observed ground, rather than on the GNSS altitude
alone. We estimate this height as h = hplat − href, where hplat is the platform
altitude and href is a local ground-height reference.

Robust least-squares optimization. We solve for θ = (∆ψ,∆E,∆N) by
minimizing robust reprojection residuals over the matched pixel pairs:

min
θ

N∑
i=1

ρ
(
∥p̂′

i(θ)− p′
i∥

2
2

)
, (6)

where p̂′
i(θ) is given by (2) and ρ(·) is a robust loss, Huber in our experiments,

used to reduce the in�uence of mismatches and locally inconsistent correspon-
dences. The optimization is initialized at ∆ψ = ∆E = ∆N = 0, corresponding
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to the uncorrected GNSS measurement, and solved with Levenberg�Marquardt.
The resulting θ is the residual pose correction that best aligns the stabilized
drone image with the satellite tile under the matched correspondences. Table 1
summarizes the steps of the proposed solution.

Table 1. Proposed satellite-aided GNSS correction pipeline.

Step Operation

Step 1 Input acquisition. For each timestamp tk, read the UAV image, GNSS
measurement (lat, lon, h, tk), initial yaw ψ0, and IMU roll/pitch estimates.

Step 2 Stabilized nadir preprocessing. Apply optional lens recti�cation and com-
pensate roll/pitch to obtain a stabilized nadir image with intrinsics K�at; see
Sec. 2.1.

Step 3 Satellite retrieval. Use the GNSS seed as a coarse spatial prior to retrieve a
north-up satellite tile centered at (lat, lon). Compute its GSD using Eq. (1).

Step 4 Pose-conditioned dense matching. Extract dense descriptors from the
stabilized UAV image and satellite tile. For each sampled UAV pixel, predict
its satellite location using Eq. (2) and restrict matching to a local window.

Step 5 Correspondence �ltering. Retain spatially regularized reciprocal matches
and reject low-con�dence or inconsistent correspondences; see Sec. 2.2.

Step 6 Metric SE(2) re�nement. Estimate θ = (∆ψ,∆E,∆N) by minimizing the
robust objective in Eq. (6), using the image-to-map model in Eq. (2), the GSD
ratio in Eq. (4), and the ENU-to-pixel translation in Eq. (5).

Step 7 Corrected GNSS output. Convert (∆E,∆N,∆ψ) back to corrected geode-
tic position and yaw, producing a timestamp-aligned corrected GNSS stream
for standalone evaluation or downstream VIO/SLAM fusion.

3 Numerical Results

Fig. 2. Sample nadir frames from the three datasets used in our evaluation. Panel (a)
shows a MUN-FRL monocular �sheye frame. Panel (b) shows a UAV-AVL / AnyVisLoc
benchmark frame [25] captured from a mixed �eet of DJI platforms. Panel (c) shows a
frame from our DJI Mavic 3 Enterprise collection over a site in Western Greece.

3.1 Datasets and sensors

Datasets. We evaluate the proposed pipeline on three aerial datasets. First, we
use four MUN-FRL sequences [20], denoted A�D, captured by the NRC Bell 412
ASRA platform over kilometer-scale trajectories in urban, highway, prairie, and
waterfront environments. MUN-FRL provides synchronized nadir �sheye images,
IMUmeasurements, GNSS/RTK streams, camera calibration, and high-precision
reference trajectories. Second, we use UAV-AVL / AnyVisLoc [25] to evaluate
feature-front-end generalization. This dataset contains UAV images captured
across di�erent scenes, altitudes, and viewpoints, together with georeferenced
2.5D reference maps derived from aerial photogrammetry.
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Finally, we introduce a new RTK-geotagged nadir UAV dataset captured at a
site in Western Greece.2 The site includes buildings, internal roads, vegetation,
rural land and nearby residential structures. Data were collected with a DJI
Mavic 3 Enterprise equipped with a 4/3-inch CMOS sensor, producing 20 MP
images at 5280× 3956 pixels and 4K video at 30 fps. RTK ground stations pro-
vide centimeter-level geotagging for images and video telemetry. The dataset
contains nadir still frames and video sequences for photogrammetry, orthomo-
saic generation, segmentation, tracking and cross-view localization. The released
sample includes three �ight segments selected from approximately 45 min of ac-
quisitions: a linear waypoint mission with 108 nadir frames, an area-coverage
mission with 135 nadir frames, and a manual session with three nadir stills and
three 4K videos totaling 7 min 32 s. Video telemetry includes per-frame latitude,
longitude, altitude and gimbal attitude.

3.2 Implementation Details

MASt3R [11] is used as the dense feature extractor for drone-to-satellite match-
ing. It provides dense descriptors and con�dence estimates for the local corre-
spondence stage of the proposed correction pipeline. Sec. 3.6 evaluates the e�ect
of replacing MASt3R with sparse alternatives.

Fusion with a visual�inertial SLAM backend. VINS-Fusion [14] is used
as a representative VIO+GNSS backend to assess how the corrected GNSS
stream a�ects downstream fusion. All con�gurations use identical backend pa-
rameters, and only the global position input is changed. VIO only runs without
global updates. Raw GNSS reports the original GNSS measurements as a stan-
dalone absolute-position baseline. VIO + native GNSS fuses the recorded GNSS
topic /fix. VIO + corrected GNSS (ours) fuses the corrected stream produced
by the proposed cross-view module. VIO + RTK reference input fuses the RTK
reference trajectory as a GNSS-like input when available.

Metrics. We measure absolute position accuracy in a local ENU frame an-
chored at the reference start, using the RTK trajectory as ground truth. For
matched timestamps, we report mean position error and position RMSE be-
tween the estimated and reference trajectories. For standalone cross-view cor-
rection, we additionally report translation error, yaw error and the percentage
gain relative to the initial GNSS measurement.

3.3 Cross-view correction performance

Table 2 reports the standalone correction accuracy before downstream fusion,
with gain measured as the percentage reduction from the initial GNSS error to
the re�ned mean error. Across the evaluated MUN-FRL sequences, the proposed
module reduces the mean translation error by 52.3%�86.7% and the mean yaw
error by 61.1%�85.3%. The largest translation gain is obtained on Sequence B,

2 Dataset available at: https://drive.google.com/drive/folders/

1cvNs2o7mS9U1OXBJIM5dEU7yzs3ZTpK_?usp=sharing
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where the error decreases from 4.06 m to 0.54 m, corresponding to an 86.7%
reduction. Sequence D follows with a 76.1% translation gain, while Sequences C
and A achieve 72.5% and 52.3%, respectively. For yaw, the gains remain consis-
tently high across all MUN-FRL sequences, reaching 85.3% on Sequence B and
82.6% on Sequence D. On AVL-UAV, the translation error decreases from 4.40 m
to 3.06 m, corresponding to a 30.5% gain, while the yaw error decreases from
4.56◦ to 0.42◦, yielding a 90.8% gain. On our DJI Mavic 3 Enterprise dataset,
the translation error decreases from 4.39 m to 1.94 m, corresponding to a 55.8%
gain, while the yaw error decreases from 4.56◦ to 0.48◦, yielding an 89.5% gain.

Table 2. Standalone cross-view correction quality on the evaluated sequences. Init.
mean is the initial GNSS seed error; Ref. med. and Ref. mean are the re�ned posi-
tion/yaw errors after Sec. 2.3. Gain is the percentage reduction from Init. mean to
Ref. mean. Arrows denote the direction of improvement (↓ lower is better, ↑ higher is
better).

Translation (m) ↓ Yaw (deg) ↓

Dataset Init. mean Ref. med. Ref. mean Gain ↑ Init. mean Ref. med. Ref. mean Gain ↑

MUN-FRL

A 3.90 1.50 1.86 52.3% 3.16 0.94 1.23 61.1%
B 4.06 0.52 0.54 86.7% 2.72 0.17 0.40 85.3%
C 4.62 0.87 1.27 72.5% 3.30 0.74 0.82 75.2%
D 3.56 0.74 0.85 76.1% 2.13 0.28 0.37 82.6%

AVL-UAV 4.40 2.51 3.06 30.5% 4.56 0.35 0.42 90.8%
Our Dataset 4.39 1.55 1.94 55.8% 4.56 0.44 0.48 89.5%

3.4 Comparison with prior cross-view localization results

Tab. 3 compares the proposed single-frame correction with an adapted imple-
mentation of Patel et al. [12] on the MUN-FRL sequences. This method is the
closest operational baseline among prior UAV satellite-localization approaches,
since it registers real UAV images against georeferenced Google Earth views. For
a fair comparison, both methods start from the same GNSS initialization. In the
adapted baseline, the GNSS measurement replaces the visual-odometry prior
used in the original formulation to select nearby rendered reference views. Both
methods improve the initial GNSS estimate, but the proposed approach achieves
lower translation and yaw errors on all evaluated sequences. The adapted base-
line reaches 0.67�1.90 m translation error and 0.48◦�1.34◦ yaw error, while our
method reaches 0.54�1.86 m and 0.37◦�1.23◦, respectively. Beyond accuracy, the
proposed method also avoids route-speci�c pre-rendering. It operates directly on
the retrieved satellite tile, whereas the adapted baseline requires a database of
rendered Google Earth views around the expected trajectory.

3.5 Visual�inertial fusion with cross-view GNSS correction

We further evaluate whether the corrected GNSS stream improves a standard
visual�inertial backend. VINS-Fusion is run with identical parameters in all con-
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Table 3. Pose correction accuracy on the evaluated MUN-FRL sequences. Init. mean
denotes the initial GNSS seed error; Method [12] and Our method. Gain is the per-
centage reduction of Our method relative to Method [12].

Translation (m) ↓ Yaw (deg) ↓

Sequence Init. mean Method [12] Our method Gain ↑ Init. mean Method [12] Our method Gain ↑

A 3.90 1.90 1.86 2.1% 3.16 1.34 1.23 8.2%
B 4.06 0.67 0.54 19.4% 2.72 0.57 0.40 29.8%
C 4.62 1.57 1.27 19.1% 3.30 0.94 0.82 12.8%
D 3.56 0.90 0.85 5.6% 2.13 0.48 0.37 22.9%

�gurations; only the global position input is changed. We compare VIO-only, na-
tive GNSS fusion, fusion with the proposed corrected GNSS stream, and, when
available, fusion with an RTK-derived GNSS-like reference. Each end-to-end lo-
calization update requires approximately 1.4 TFLOP of neural computation and
runs in about 0.4 s. This rate is su�cient for real-time injection into a SLAM
or visual�inertial backend, while the fusion results below show that the corrected
stream approaches the accuracy of the RTK-derived reference input.

Quantitative results are reported in Table. 4. On Run 1, a 1006.91 m tra-
jectory, VIO-only accumulates large drift, while native GNSS fusion remains af-
fected by biased global measurements. Using the corrected GNSS stream reduces
the mean error from 36.74 m to 14.58 m and the maximum error from 206.94 m
to 26.22 m. This corresponds to a substantially more stable fused trajectory and
brings the error range close to the RTK-derived reference con�guration. The im-
provement is stronger on Run 2, where GNSS degradation is more severe. Native
GNSS fusion still produces large outliers, with a maximum error of 139.69 m.
Replacing it with the corrected GNSS stream reduces the mean error to 2.49 m
and the RMSE to 2.88 m, while keeping the 95th-percentile error below 5 m. The
fraction of samples within 5 m increases from 54.0% to 95.2%. These results show
that the proposed cross-view correction provides a more reliable global input to
the fusion backend, especially when the native GNSS stream is degraded.

Table 4. VINS-Fusion results on the evaluated MUN-FRL runs. Sequence A corre-
sponds to Run 1, a 1006.91 m trajectory, while Sequence D is a shorter 392.55 m
trajectory with stronger GNSS degradation. Gain columns report the percentage re-
duction of VIO + corrected GNSS relative to VIO + native GNSS.

Con�guration Mean (m) ↓ RMSE (m) ↓ P95 (m) ↓ Max (m) ↓ < 5 m (%) ↑ Mean gain ↑ RMSE gain ↑

Sequence A / Run 1 (1006.91 m)
Raw GNSS fed to CrossView 10.71 12.15 18.88 36.39 15.0 � �
VIO only 101.07 118.74 247.43 285.22 0.0 � �
VIO + native GNSS (/fix) 36.74 43.12 82.91 206.94 2.9 � �
VIO + corrected GNSS (ours) 14.58 15.37 23.71 26.22 0.0 60.3% 64.4%
VIO + FRL oracle input (GT-fed) 13.67 14.35 22.43 24.91 1.8 � �

Sequence D / Run 2 (392.55 m)
Raw GNSS fed to CrossView 9.89 17.04 40.59 42.40 66.7 � �
VIO only 26.13 31.14 56.61 67.51 6.4 � �
VIO + native GNSS (/fix) 8.36 14.27 23.38 139.69 54.0 � �
VIO + corrected GNSS (ours) 2.49 2.88 4.99 9.53 95.2 70.2% 79.8%
VIO + FRL oracle input (GT-fed) 2.82 3.24 5.59 8.19 89.5 � �
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3.6 Ablation studies

We now isolate the contribution of key design choices in the pipeline through
controlled ablations covering attitude compensation, matcher choice, and spatial
regularization of the matching search.

E�ect of roll/pitch compensation.We isolate the impact of the roll/pitch
compensation step described in Sec. 2.1 on Sequence A of the MUN-FRL dataset.
Table 5 shows that attitude compensation substantially improves the corrected
trajectory error. Without compensation, the corrected RMSE is 5.124 m. With
the proposed roll/pitch compensation, the RMSE decreases to 1.691 m, cor-
responding to a 67.0% reduction. This con�rms that even moderate attitude
deviations should be compensated before cross-view matching.

Table 5. E�ect of roll/pitch compensation on the MUN-FRL dataset.

Dataset Comp RMSE (m) ↓ No-comp RMSE (m) ↓ RMSE gain ↑

MUN-FRL 1.691 5.124 67.0%

Fig. 3. Qualitative e�ect of pose-conditioned spatial regularization on a DJI Mavic 3
Enterprise frame. Unconstrained matching sends several road pixels to a visually similar
but incorrect satellite region. Pose-conditioned matching keeps correspondences local
to their predicted satellite locations, preserving the road structure for pose re�nement.

E�ect of the matcher choice.We report the feature front-end ablation in
Tab. 6. We replace MASt3R with an adapted CNN-based cross-view method [16]
and SIFT, while keeping retrieval, matching regularization, and SE(2) re�nement
unchanged. MASt3R achieves the best correction, reducing translation error from
4.40 m to 3.06 m and yaw error from 4.56◦ to 0.42◦. The CNN-based baseline
provides a smaller gain, reaching 4.16 m translation and 3.00◦ yaw, while SIFT
remains close to the initial GNSS pose. The improvement is most pronounced in
yaw, indicating that dense and spatially distributed correspondences are critical
for constraining the rotational component of the SE(2) re�nement.
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Table 6. E�ect of feature extractor choice on the UAV-AVL / AnyVisLoc dataset. T
and Y denote translation error in meters and yaw error in degrees. Init. is the initial
GNSS error, and Ref. is the corrected pose after re�nement with each matcher.

Method Init. T ↓ Ref. T ↓ T gain ↑ Init. Y ↓ Ref. Y ↓ Y gain ↑

MASt3R 4.40 3.06 30.5% 4.56 0.42 90.8%

method [16] 4.40 4.16 5.5% 4.56 3.00 34.2%
SIFT 4.40 4.43 -0.7% 4.56 4.50 1.3%

Spatial regularization through pose-conditioned search. We evaluate
the e�ect of the proposed spatial regularization on the DJI Mavic 3 Enterprise
dataset. The Global search variant follows the common appearance-only match-
ing setting used in prior cross-view methods, where each drone-image pixel can
be matched anywhere in the satellite tile based only on visual descriptor similar-
ity. In contrast, the Spatially regularized variant restricts matching to the local
metric window induced by the current pose prior. All other components are
kept �xed. Quantitative results are reported in Tab. 7. Appearance-only global
search is sensitive to repeated satellite structures: although the median error is
reduced, the mean error increases from 4.397 m to 10.512 m and the RMSE
from 4.397 m to 16.360 m, indicating severe outlier failures. This e�ect is also
shown qualitatively in Fig. 3, where visually similar but geographically incorrect
regions attract erroneous matches. Spatial regularization removes these failures
by enforcing local geometric consistency during matching.

Table 7. E�ect of pose-conditioned spatial regularization on our dataset. Gain vs Init
reports the percentage reduction from the initial GNSS seed to spatially regularized
re�nement. Gain vs Global reports the percentage reduction from global-search re�ne-
ment to spatially regularized re�nement.

Metric Init ↓ Re�ned (Global) ↓ Re�ned (Spatial reg.) ↓ Gain vs Init ↑ Gain vs Global ↑

Mean 4.397 10.512 1.940 55.9% 81.5%

Median 4.397 2.482 1.555 64.6% 37.3%

RMSE 4.397 16.360 2.334 46.9% 85.7%

4 Conclusion

This paper introduced a satellite-aided GNSS correction framework that treats
drone-to-satellite alignment as measurement-level re�nement rather than global
re-localization. Starting from an available GNSS measurement, the method re-
trieves a local satellite tile, stabilizes the nadir drone image, constrains dense
matching through pose-conditioned spatial regularization, and estimates the
residual horizontal and yaw correction through geometric pose re�nement. The
resulting corrected GNSS stream is timestamp-aligned and can be used directly
or passed to downstream fusion backends. Experiments across MUN-FRL, UAV-
AVL and our DJI Mavic 3 Enterprise dataset show consistent reductions in po-



14 N. Potamianos et al.

sition and yaw error. The ablations con�rm that spatial regularization is critical
in repetitive satellite imagery, where unconstrained matching can produce geo-
graphically inconsistent correspondences, and that roll/pitch compensation and
dense features further improve robustness. When injected into VINS-Fusion, the
corrected GNSS stream substantially improves the fused trajectory and reaches
an accuracy range close to the RTK-derived reference con�guration.
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zon Europe research and innovation programme under the GuardAI project, �Robust
and Secure Edge AI Systems for Safety-Critical Applications� (GA No. 101168067).
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