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Abstract

This paper investigates how the provenance and resolution of geospatial data used to construct mesh maps affect the accuracy and
robustness of mesh-based visual localisation. Mesh-based approaches offer significant advantages over traditional pipelines reliant
on Structure from Motion (SfM) models, including the ability to scale to city-sized scenes—by leveraging large-scale data sources
such as national mapping databases— and on-demand generation of arbitrary synthetic views. While prior work has focused on
algorithmic improvements to mesh-based localisation, none has systematically analysed how different input data affect localisation
outcomes. In this work, we evaluate three meshes—derived from aerial oblique imagery, combined aerial and ground mobile
mapping data, and close-range ground imagery—across the egenioussBench Extended and House of Science query sets and four
image matchers. We show that mesh quality is the dominant factor governing localisation performance. In the House of Science
experiments, aerial meshes lack the resolution required to resolve fagcade detail, causing near-total localisation failure regardless
of matcher. In the egenioussBench Extended experiments, augmenting an aerial mesh with ground data yields consistent but less
dramatic improvements. We further introduce the Perceptual Detail Score (PDS), a viewing-condition-aware metric that proves to
be a strong predictor of downstream pose accuracy across all experimental configurations.

onments (Rados et al., 2024), or when the precision provided
by GNSS is insufficient, such as in augmented reality (Sarlin et

al., 2022).

The best way to understand the many different visual localisa-
tion techniques proposed in the literature is to categorise them
based on the kind of map the technique uses to perform the loc-
alisation process. The term map as used by the visual localisa-
tion community is non-specific, encompassing representations
varying from Structure from Motion (SfM) point clouds

et al., 2012), collections of posed images (Berton et al., 2022),

the weights of a neural network (Brachmann et al., 2023), 3D
meshes (Panek et al., 2022} [Vultaggio et al., 2024), and more

(Nadeem et al., 2019] [Speciale et al., 2019| [Loeper et al., 2024),
for a broad review of the field we refer the reader to (Chen et
[al:, 2023] [Panek et al., 2023). Looking at the map representa-
tion as the key differentiator, one can distinguish four principal
families of techniques.

Figure 1. Comparison between real images and rendered images
from the same positions. On top sample image from the
egenioussBench dataset, on the bottom sample images from the
House of Science dataset. From left to right; real query image,
Supermesh and ground mesh, aerial mesh.

Traditional methods (Sarlin et al., 2019 |Sattler et al., 2012)
rely on SfM point clouds and can be seen as a natural extension
of incremental SfM reconstructions. Such approaches rely on
global descriptors to quickly index prom-
ising reference images, cluster them based on pre-computed co-
visibility analysis, match local features (DeTone et al., 2018]

1. Introduction

Visual localisation consists of estimating the position and ori-
entation of a query image given a prior map of the environment
the image was captured in. Visual localisation plays a crucial
role in all applications where absolute pose is needed but GNSS
might not be available, such as in indoor environments
al., 2018)), or where GNSS is only available in a degraded state

such as in urban canyons (More et al., 2024), adversarial envir-

[Lindenberger et al., 2023) with the triangulated 3D points vis-
ible in each reference view cluster, and finally obtain the query
image pose through PnP algorithms (Lepetit et al., 2009). These
are the most accurate methods but also the

most difficult to scale due to their dependence on ground data
and the large dimensions of the final map (Mera-Trujillo et al.,|

2020).
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Visual Place Recognition (VPR) (Schubert et al., 2023)) meth-
ods use collections of posed images and compute the position
of an image by computing the visual similarity between refer-
ence views and the query image, the pose is then assumed to be
a weighted average of their positions. These methods tend to
be the fastest and most scalable (Keetha et al., 2023) at the cost
of accuracy due to the lack of any explicit or implicit geometric
information in the pose estimation process.

Regression methods train a neural network on a collection of
posed images to predict the pose of query images in the scene.
Some of them attempt to predict the pose itself, absolute pose
regressors (Kendall et al., 2015), while others instead predict
the coordinates of each of the pixels in the query image, scene

coordinate regressors (Brachmann et al., 2023| Jiang et al., 2025).

These methods are extremely fast and accurate but struggle to
scale to large scenes and offer poor robustness compared to tra-
ditional SfM-based approaches.

Model-based techniques use the reference images to build an
intermediate map representation such as a mesh (Oishi et al.,
2020, [Panek et al., 2022} [Vultaggio et al., 2024), a Gaussian
splat (Khatib et al., 2025), or a LOD model (Loeper et al.,
2024). Building such intermediate models allows these tech-
niques to compress the information encoded in the original ref-
erence images and generate necessary views for localisation
from the 3D model itself. These methods compromise on abso-
lute precision but offer more scalability.

Mesh-based localisation offers multiple advantages, in particu-
lar —thanks to modern photogrammetric pipelines— it is pos-
sible to obtain accurate and detailed meshes from aerial im-
ages enabling mesh-based approaches to seamlessly bridge the
cross-view localisation barrier (Vultaggio et al., 2024), which
remains an open question in the image domain (Sarlin et al.,
2023)), and to scale to city-sized scenes at a fraction of the effort
required by techniques which demand ground reference data.

The literature on mesh-based localisation has thus far focused
on the best algorithmic improvements to leverage meshes as
maps for localisation systems (Vultaggio et al., 2024, | Vultaggio
et al., 2025, |O1shi et al., 2020, |Yan et al., 2023)); in this work we
intend to instead focus our attention on how different meshes
can affect the localisation accuracy and robustness. To this end,
we use the following data sources for generating meshes as ref-
erence:

e Aerial Oblique Imagery: Standard aerial surveying data;
offers good compromise between availability, facade detail
and resolution

e Aerial Oblique Imagery and Ground Mobile Mapping
Imagery and Mobile Laser scanning (MLS): Both aerial
and ground datasets combined in a single mesh are referred
to as Supermesh; this type of dataset is at an experimental
stage

e Close range Ground Imagery: Highest resolution and
detail but also the most difficult to obtain at city scale.

We use these different data to build mesh maps and use those
to localise ground-level images captured from a smartphone
whose ground truth has been obtained by Structure from Motion
and bundle block adjustment involving Ground Control Points
(GCPs), resulting in a highly accurate and map-independent
geo-localisation of the query data, see Fig[I|for a comparison
of the query images against the reference meshes.

This is the first work to analyse the impact that high-resolution
meshes have on visual localisation outcomes. We follow the
approach proposed by (Vultaggio et al., 2024) where, after an
offline pre-rendering stage, the position of the query images is
estimated via an iterative filtering approach followed by cor-
respondence finding and pose estimation via robust PnP. We
measure both the accuracy and robustness obtained by the dif-
ferent data sources. We will measure the accuracy in terms of
threshold pose errors and global metrics in terms of median and
RMSE translational and rotational errors. Our goal is to shed
light on a thus far overlooked —but crucial— aspect of mesh-
based visual localisation: the impact that reference data have on
downstream localisation performances.

2. Related Works

The first works to use meshes for localisation purposes were
indoor techniques in which the localisation process was used
to correct for drift in camera tracking (Oishi et al., 2020). The
work that first popularised the idea for larger-scale applications
was MeshLoc (Panek et al., 2022)), which used ground reference
images to build a mesh and then rendered views from the refer-
ence poses to localise query ground images. This first work was
limited insofar as it only relied on rendered images for the local
feature matching stage while still using real reference images
for the retrieval stage. Later works (Berton et al., 2024)) trained
global descriptors to retrieve real images using synthetic views,
enabling fully mesh-based localisation pipelines.

Some works have explored using aerial meshes for mesh-based
localisation. The work from (Vultaggio et al., 2024)) proposes
using an aerial mesh to localise ground imagery and evalu-
ates different initialisation procedures, while (Yan et al., 2023)
uses meshes obtained from imagery collected from a low-flying
drone to localise query images captured from a smartphone.
The main difference between the two is that (Vultaggio et al.,
2024)) pre-renders reference views around the city from which
to localise ground queries, while (Yan et al., 2023) renders views
on-demand based on pose priors obtained from GNSS, refined
in an iterative render-and-compare fashion.

While several prior works have explored the relationship between
3D model and localisation accuracy, none have systematically
varied the input data used to construct the mesh while holding
the localisation pipeline constant. The work from (Panek et al.,
2023)) compared localisation outcomes across multiple 3D mod-
els, but their analysis focused on hand-sculpted and internet-
sourced models without standard geodetic provenance and pro-
cessing; no mesh generation metadata (e.g. Ground Sampling
Distance, camera specifications) was reported. The work from
(Zhang et al., 2024b) compared traditional meshes, colourised
point clouds, and Gaussian splatting, but used the same input
data for all representations, thereby isolating the effect of model
type rather than data quality. In contrast, our work fixes the
model type (textured mesh) and the localisation pipeline, and
systematically varies the provenance and resolution of the input
data, thereby directly quantifying the impact of data quality on
downstream localisation performance.

Other mesh datasets popular in the visual localisation community
include (Sarlin et al., 2022} |Blum et al., 2025)), which provide
high-quality meshes obtained through mobile mapping rigs com-
bining high-resolution LiDAR and camera systems. The query
image poses in these works were acquired through accurate co-
registration with the final 3D model. While these datasets of-
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Nadir and Oblique Aerial Imagery

UltraCam Osprey 4.1
~1550m

7.5cm /6.5 cm (centre)
~1GSD (XY), 1.5GSD (Z)

Camera system

View Distance (AGL)
GSD (nadir / oblique)
Georeferencing accuracy

Table 1. Details on the egenioussBench reference data

House of Science Ground Data

Apple iPad (PIX4Dcatch)
ground level

0.2 cm (average)

mean RMS 0.029 m (23 GCPs)

Camera system

View Distance (AGL)
GSD

Georeferencing accuracy

Table 2. Details on the House of Science reference data

fer some of the most accurate 3D data available in the literat-
ure, we argue they are not representative of standard large-scale
3D models. In this work we use the egenioussBench query
set (Fanta-Jende et al., 2025) for the urban-scale experiments,
and introduce the House of Science dataset, a new close-range
facade benchmark acquired at the House of Science building in
Braunschweig, for the close-range experiments.

3. Method
3.1 Reference Data Acquisition and Mesh Generation

The airborne imagery used to generate the aerial mesh was ac-
quired in May 2023, see Tab[I] for details. The ground level
imagery and LiDAR data used for the Supermesh generation
has been provided by Cyclomediaﬂ The 3D reconstructions for
both the oblique only and the supermesh have been carried out
by Skylind?}

For the close-range tests, ground imagery was captured using
an iPad via PIX4Dcatch in November 2025 and processed with
PIX4Dmatic (Pix4D SA, 2024), see Tab|2|

3.2 Query data acquisition

The first set of ground-level query images was acquired in Janu-
ary 2024 in Braunschweig using a handheld smartphone rigidly
mounted to a tactical-grade inertial navigation system (INS)
(Fig. ). Images were resampled to 960 x 1280 px, yielding a
mean ground sampling distance (GSD) of approximately 4 cm.
The camera trajectory was estimated via Post-Processed Kin-
ematic (PPK) GNSS and subsequently refined through Structure-

PDS vs. viewin g distance | 1000 px, f=1036.0px

100
Viewing distance (worid units)

Figure 3. Perceptual Detail Score (PDS) versus viewing distance
for the three reference meshes. Vertical dashed lines indicate the
mean viewing distance of each query dataset, estimated from
depth maps computed during ground-truth processing with
PIX4Dmatic. PDS saturates at 1 once geometric and textural
features become sub-pixel at the rendering resolution.

PDS vs. Median Translation Error

jamma
roma
splg

a
log fit
+10

Perceptual Detail Score (PDS)

Figure 4. Mesh quality, as measured by the Perceptual Detail
Score (PDS) versus median translation pose error of the Visual
Localisation pipeline. Across all 16 experiment—matcher
combinations, the PDS is a strong predictor of the final accuracy
of the visual localisation pipeline.

The second set of query images, used in the House of Science
experiments, was acquired in March 2026 at the House of Sci-
ence building in Braunschweig to simulate a surveying scen-
ario, in contrast to the pedestrian navigation trajectory of the
first set. Images were captured using a smartphone running
PIX4Dcatch at a resolution of 1920 x 1440 px, yielding a mean
GSD of 0.6 cm over a covered area of approximately 600 m?.
The position and orientation of the camera was estimated via

from-Motion (SfM) with bundle adjustment, constrained by Ground SfM constrained by GCPs and validated against CPs measured

Control Points (GCPs) and validated against Check Points (CPs)
measured with RTK GNSS.

! https://www.cyclomedia.com/en
2 https://wuw.skylinesoft.com/

Figure 2. Image Capturing rig comprising the smartphone and
PPK system.

with RTK GNSS. The resulting mean GCP RMS position error
was 0.024 m. The images were then rescaled to 960 x 720 px
for the Visual Localisation experiments.

3.3 Experimental Design

To evaluate the impact of mesh data on localisation perform-
ance we use three reference meshes and two query datasets,
yielding four experiments. To motivate their selection, we pro-
pose the Perceptual Detail Score (PDS), a scalar that quantifies
how much of a mesh’s geometric and textural detail is visible
under a given viewing condition. PDS projects the character-
istic feature size of each channel into screen space via the pin-
hole model, yielding a per-channel score:
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where f is the focal length in pixels and d is the viewing dis-
tance. lgeom is the RMS of the per-triangle mean edge length
across all triangles in the mesh. li.x is the area-weighted RMS
world-space texel footprint:

> Ak A;
ex — “‘L““*, T 2
e v e

where A; is the world-space area of triangle 4, AE"” its area
in UV space, and W x H the texture resolution. Both lgeom
and licx are in world-space units and enter Eq. [T|symmetrically.
Each channel score s € [0, 1] reaches unity when features are
finer than one rendered pixel; below that threshold it decays as
the inverse of the projected feature size. It should be noted that
the PDS is a theoretically derived measure and cannot account
for local mesh deficits arising from the specific properties of
the acquisition geometry. Localisation accuracy in practice will
therefore be influenced by the degree to which the query view-
points happen to coincide with well—or poorly—reconstructed
regions of the map, a factor that the PDS alone cannot predict.
In practice we will see in Sec d]that the PDS is a strong predictor
of the final position error. As shown in Fig. 3| the four experi-
ments span two qualitatively distinct regimes, grouped into the
egenioussBench Extended and House of Science experimental
pairs. At far viewing distances the aerial and supermesh oc-
cupy a similar PDS range, isolating the marginal contribution
of supplementary ground data at scale. At close range, the aer-
ial and ground meshes diverge substantially, enabling analysis
of the accuracy degradation incurred when the map resolution
is mismatched to the query scale.

3.4 Pose estimation process

We adopt the localisation framework proposed by (Vultaggio
et al., 2024) to localise terrestrial smartphone query images
against mesh data; see Fig.[5] The pipeline comprises two main
stages. In the offline stage, road network data is used to sample
viewpoints from within the mesh; the resulting rendered views
are then processed to extract both global (Berton et al., 2024)
and local descriptors, which are subsequently used during the
online localisation phase.

The online localisation stage proceeds in two steps. In the
initialisation step, a multi-stage filtering approach is applied:
first, the most visually similar database images are retrieved via
Global Feature Retrieval (GFR) (Berton et al., 2024)); these can-
didates are then spatially filtered to retain only those closest to
the query’s pose prior, Spatial Nearest Neighbour re-ranking
(SNNr). The resulting shortlist of the most promising views
is then matched against the query image using learned image
matchers, Local Features Matching (LFM). In the subsequent
Relative Pose Estimation (RPE) step, image-to-image corres-
pondences are lifted to 3D using the depth buffers obtained
during rendering. The resulting 2D-3D correspondences are
used to estimate the camera pose via PnP (Vultaggio et al.,
2025) within a RANSAC (Barath et al., 2019) loop, after which
the pose is refined via non-linear optimisation (Agarwal et al.,
2023).

RANSAC

Figure 5. Overview of the visual localisation system. The mesh
is sampled within the area of interest to generate a database of
rendered views, which are used for retrieval and pose estimation
against a query image.

In our experiments we evaluate multiple image matching strategies,

covering both sparse —XFeat(Potje et al., 2024) and Super-
Point(DeTone et al., 2018)— and dense —JamMa(Lu and Du,
2025) and RoMaV2 (Edstedt et al., 2025)— matchers. Sparse
matchers detect a set of keypoints and compute a corresponding
descriptor for each. Both sparse models evaluated here employ
CNN-based architectures: XFeat prioritises extraction speed,
while SuperPoint serves as an established baseline. At match-
ing time, the extracted descriptors are matched using LightGlue
(Lindenberger et al., 2023), a transformer-based model that im-
proves the robustness and accuracy of sparse feature matching
by iteratively refining descriptors through alternating self- and
cross-attention blocks while pruning unmatchable features.

We additionally evaluate two dense matchers: JamMa (Lu and
Du, 2025) and RoMaV2 (Edstedt et al., 2025). Both networks
take an image pair as input and produce a dense correspond-
ence map. They operate by extracting dense feature repres-
entations from the input pair, which are then processed by a
series of transformer blocks that generate and iteratively refine
the correspondence set. Dense matchers are generally more ro-
bust than sparse approaches, albeit at the cost of higher infer-
ence time. JamMa addresses this trade-off by replacing conven-
tional attention layers with a Mamba-based (Dao and Gu, 2024)
architecture. Mamba was originally proposed in the Natural
Language Processing (NLP) community to reduce the quadratic
complexity of standard self-attention; a thorough treatment of
state space models is beyond the scope of this work, and we
refer the interested reader to (Zhang et al., 2024a) for a survey
of Mamba models in vision applications.

Finally, we note that sparse features for the pre-rendered data-
base images can be computed offline and cached, whereas dense
matchers require the full image pair at inference time and there-
fore cannot benefit from this pre-computation.

4. Experiments
4.1 egenioussBench Extended

Table[3|compares the localisation performance of the aerial mesh
and the Supermesh on the egenioussBench query set, and Fig.[§]
summarises the accuracy—efficiency trade-off for each config-

uration.

Augmenting the aerial mesh with ground imagery and LiDAR
yields a consistent improvement across all matchers and met-
rics. The most immediate effect is visible in the outlier rate,
which drops by roughly one third: from 31.0% to 19.0% for
XFeat and from 31.0% to 16.7% for SuperPoint. Similar gains
are reflected in the threshold recall: at the 5m, 10° threshold,
XFeat improves from 69.0% to 81.0% and SuperPoint from
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Figure 6. Median translation error versus average total
localisation time for the egenioussBench Extended experiments.
Marker shape denotes the mesh; colour denotes the matcher.

69.0% to 83.3%. These improvements can be attributed to the
enhanced fagade detail provided by the ground-level data, which
enables a greater number of successful feature matches for im-
ages that would otherwise fall outside the convergence basin of
the pose estimator.

When considering the median pose error, the Supermesh nar-
rows the gap between matchers. With the aerial mesh, median
translation errors range from 0.6 m (RoMaV2) to 1.3 m (Super-
Point); with the Supermesh, all four matchers fall within the
0.6-0.8 m band. A similar compression is observed in rotational
error, where the Supermesh brings all matchers to 0.5-0.6°. Ro-
MaV?2 achieves the lowest median error in both mesh configur-
ations (0.6m, 0.5° on the Supermesh) and the lowest RMSE
among successfully localised images, but its matching stage is
approximately 15-30x slower than the sparse alternatives. As
shown in Fig.[6] in the egenioussBench Extended experiments,
XFeat on the Supermesh achieves a median error within 35%
of RoMaV2 while requiring less than 5% of the computation
time, positioning it as the most practical choice when latency is
constrained.

4.2 House of Science

Table [ reports the results for the House of Science query set,
and Fig. [7] and [6] show the corresponding accuracy-efficiency
plot.

The aerial mesh is unable to adequately resolve fagade geo-
metry at short viewing distances, and the localisation pipeline
fails for the majority of queries regardless of the matcher em-
ployed. Outlier rates range from 58.3% (RoMaV2) to 93.8%
(XFeat), and even the best-performing configuration (RoMaV2)
localises only 41.7% of images within 5m, 10°. This is con-
sistent with the low PDS predicted for the aerial mesh at close
range (Fig. [B): the projected texel and triangle sizes are too
coarse to produce reliable correspondences at sub-metre stan-
doff distances.

Replacing the aerial mesh with the high-resolution ground mesh
reverses this outcome. All matchers achieve outlier rates below
6.2%, and the tightest threshold (0.2m, 1°) is met by 79.2—
97.9% of queries. Median errors collapse to 0.1 m in translation
for all matchers, with rotational errors of 0.2-0.3°. This repres-
ents a two-order-of-magnitude reduction in median translation

A
A
101 4
A A
E
et
S
E Matcher / Dataset
c B Xxreat
° B SsuperPoint
E B jamMa
[ O RoMav2
© A Aerial Mesh
p @ Ground Mesh
]
S
7}
=
@ [0) %)
10-1 o
10° 10t

Avg. total time per query (s)

Figure 7. Median translation error versus average total query
time for the House of Science experiments. Marker shape
denotes the mesh; colour denotes the matcher.

error relative to the aerial mesh, confirming that in the House
of Science experiments, mesh resolution is the dominant factor
governing localisation accuracy. As Fig. [/| shows, once the
mesh is adequate all matchers converge to the same accuracy
floor, suggesting that below a certain PDS threshold the matcher
choice is secondary to the map quality. RoMaV2 achieves the
only zero-outlier result (100% recall at all thresholds) and the
lowest RMSE (0.1 m, 0.3°), but the practical margin over the
sparse alternatives is small.

5. Discussion

Across both operating regimes, improving mesh quality pro-
duces gains that no matcher upgrade alone can deliver and does
so without increasing the latency, see Fig[7]and[6] In the egeni-
oussBench Extended experiments, the Supermesh reduces out-
lier rates by up to 14 percentage points and compresses the ac-
curacy spread across matchers, while in the House of Science
experiments, the ground mesh transforms an essentially unus-
able configuration into sub-decimetre localisation. These res-
ults corroborate the PDS analysis of Sec. B} when the mesh
detail is well matched to the viewing distance the choice of
matcher has a second-order effect, whereas when the mesh is
under-resolved even the most robust matcher cannot compensate
for the missing geometric and textural information. As shown
in Fig. {] the PDS is a strong predictor of the final pose error
across all 16 experiment—matcher combinations.

The practical implication is that investments in reference data
quality yield higher returns than investments in matcher soph-
istication. In the egenioussBench Extended experiments, the
Supermesh closes the accuracy gap between a lightweight sparse
matcher (XFeat) and the most expensive dense matcher (Ro-
MaV2) to within 0.2 m, making the former the preferred choice
under latency constraints. In the House of Science experiments,
the matcher choice becomes almost irrelevant once the mesh
resolution is adequate: all four matchers achieve sub-decimetre
median errors on the ground mesh.

A limitation of the PDS metric in its current form is that it re-
quires knowledge of the viewing distance d. In our experiments,
d was estimated from depth maps computed during ground-
truth processing with PIX4Dmatic, independently of the loc-
alisation pipeline. In a deployment scenario, d could be ap-
proximated from a coarse pose prior (e.g. GNSS height above
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Aerial Mesh
Matchers  0.52/2,5/510[m,°]*+ Outliers?| ME?®] RMSE*| T,°| T:%]
% ,% ,% % m,° m,° S S
XFeat 19.05/61.90 / 69.05 30.95 1.13,0.77 138,121  0.29 0.39
SuperPoint 1429 /57.14 1 69.05 30.95 134,074 181,154  0.59 0.77
JamMa 14.29 / 66.67 / 73.81 26.19 1.11,0.66 1.30,1.06  3.37 3.54
RoMaV2 35.71/69.05 / 69.05 30.95 0.64,0.61 0.62,0.55 9.5 9.62
Supermesh
XFeat 28.57/71.43/80.95 19.05 0.82,0.61 130,121  0.30 0.45
SuperPoint 26.19/73.81/83.33 16.67 0.82,0.59 1.18,1.17 0.6l 1.25
JamMa 23.81/71.43/80.95 19.05 0.82,0.52 1.09,0.77 3.34 4.40
RoMaV2 38.10/78.57 / 78.57 21.43 0.57,0.54 0.61,0.58  9.08 9.76

Table 3. Quantitative comparison of visual localisation results in the egenioussBench extended dataset using the aerial mesh and
Supermesh which integrates ground imagery and lidar data in the mesh generation process. The table presents: ! The percentage of
query images successfully localised within three pose error thresholds —0.5m, 2°, 2m, 5°, and 5m, 10°; 2 the percentage of images

localised beyond the last threshold (5 m, 10°); 3 the Median Error (ME) across all images; 4 the root Mean Squared Error (RMSE) of
the images successfully localised within the last pose error threshold; ® the mean execution time for the image matching stage; 5 the
mean total time required to compute the query pose.

Aerial Mesh
Matchers  0.2,1/0.5,2/2,5/510 [m,°] !+ Outliers 2 | ME?2 | RMSE*| T,°, T.%]
%, % ,% ,% % m,° m,° S S
XFeat 0.00/0.00/2.08/6.25 93.75 18.33,69.94 3.06,1.62  0.30 0.45
SuperPoint 0.00/6.25/10.42/29.17 70.83 8.03,10.59 2.76,4.13  0.59 0.91
JamMa 0.00/0.00/8.33/12.50 87.50 14.20,56.60 1.87,3.43  3.59 3.87
RoMaV2 0.00/8.33/37.50 / 41.67 58.33 7.64,29.69 1.13,2.66 9.68 10.48
Ground Mesh
XFeat 79.17/87.50 /91.67 /93.75 6.25 0.13,034 031,125  0.36 0.49
SuperPoint 89.58/93.75/93.75/93.75 6.25 0.13,031 0.13,039 0.70 0.92
JamMa 93.75/93.75/95.83/95.83 4.17 0.12,026  0.13,0.51  3.68 3.98
RoMaV2 97.92 /100.00 / 100.00 / 100.00 0.00 0.11,0.21 011,034 925 9.64

Table 4. Quantitative comparison of visual localisation results in the House of Science dataset using an aerial mesh and a high
resolution ground mesh. The table presents: * The percentage of query images successfully localised within three pose error
thresholds — 0.2m,1°, 0.5m, 2°, 2m, 5°, and 5m, 10°; 2 the percentage of images localised beyond the last threshold (5m, 10°); 3 the
Median Error (ME) across all images; 4 the root Mean Squared Error (RMSE) of the images successfully localised within the last pose
error threshold; ® the mean execution time for the image matching stage; © the mean total time required to compute the query pose.

the mesh surface), making PDS useful as a planning tool for
determining where existing mesh data are sufficient and where
higher-resolution acquisitions would yield meaningful accuracy
improvements.

6. Conclusions

This work presented the first systematic analysis of how the

provenance and resolution of the input data used to construct

a mesh map affect the accuracy and robustness of mesh-based

visual localisation. By evaluating three meshes—aerial, com-

bined aerial and ground (Supermesh), and close-range ground—

across the egenioussBench Extended and House of Science query
sets and four image matchers, we showed that mesh quality is

the dominant factor in localisation performance, outweighing

the choice of matcher.

In the egenioussBench Extended experiments, augmenting an
aerial mesh with ground imagery and LiDAR reduced outlier
rates by up to 14 percentage points and compressed the me-
dian error spread across all matchers to within 0.2m. In the
House of Science experiments, replacing the aerial mesh with
a high-resolution ground mesh reduced median translation er-
rors by two orders of magnitude, from metres to sub-decimetre
level. We further introduced the Perceptual Detail Score (PDS),

a viewing-condition-aware metric that proved to be a strong
predictor of downstream pose accuracy across all 16 experiment—
matcher combinations.

These findings carry direct implications for the deployment of
mesh-based localisation systems: in the egenioussBench Exten-
ded scenario, standard aerial oblique meshes augmented with
ground data provide accuracy competitive with the most ex-
pensive dense matchers, while in the House of Science exper-
iments, high-resolution ground meshes are essential regardless
of the matcher employed. Future work will extend this analysis
to additional scenes and investigate the use of PDS as a plan-
ning tool for targeted data acquisition.
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