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Abstract

Accurate camera pose estimation in urban environments remains challenging when reference imagery is generated from low-
detailed, textureless 3D city models and must be matched against real world imagery. In this work we (i) extend our existing
iterative object-basesd visual localization approach with an additional semantic feature and (ii) conduct a systematic baseline study
of contemporary feature matching techniques on such cross-domain query-reference image pairs. As a first step to close the domain
gap, we augment our iterative object-based visual localization pipeline with semantic masks derived from a pretrained semantic
segmentation model. Intersection-over-Union between query and rendered masks is incorporated into the matching score, leading
to a better pose accuracy. For the baseline study, we use a range of feature matching techniques: handcrafted (SIFT, AKAZE,
ORB, FAST), learned detectors (XFeat, Key.Net, DeDoDe, DISK, AffNet), learned descriptors (XFeat, DISK, DeDoDe, HardNet),
learned matchers (LightGlue, LoFTR), the line matcher SOLD2, and the learned matchers MINIMA-RoMa, MINIMA-LoFTR,
MINIMA-XoFTR, and MatchAnything, which were trained on cross-modality datasets. The cross-modality focused matchers
achieved the best results. For 20% 10%, 9%, and 7% of the evaluated query images the estimated camera pose had a translation
error less than 5 m and a rotation error less than 5°. In this context, the other methods were only able to achieve a maximum success

rate of 1.4%.

1. Introduction

Usually, absolute position estimation is based on GNSS. How-
ever, in urban environments, the location derived from GNSS
may be inaccurate. One reason is, for example, multipath ef-
fects. Visual localization, in contrast, offers an alternative or
complementary component to the usual GNSS positioning. Vi-
sual localization finds applications across a wide array of fields.
In robotics (Maggio et al., 2022), Unmanned Aerial Vehicle
(UAV) navigation (Wu et al., 2024), autonomous driving (Heng
et al., 2018), and augmented reality (Middelberg et al., 2014) ,
visual localization was successfully used for pose estimation.

To estimate the camera pose, a query image is compared with
reference data. In the field of visual localization the reference
data is often referred to as map representation. The map repres-
entation can be database images with known ground truth poses
(Sarlin et al., 2021), a Structure-from-Motion (SfM) point cloud
(Schonberger et al., 2018) or a 3D mesh (Panek et al., 2022,
Vultaggio et al., 2024). An SfM point cloud requires images
with known poses and pre-processing steps. In addition, StM
demands a lot of memory. 3D meshes are also based on prepro-
cessing steps and georeferenced images. However, the avail-
ability of these map representations limits the scalability and
public access to visual localization. This could inhibit further
development and application of visual localization.

The question arises whether there is reference data that is already
available for many cities worldwide. 3D city models, in particu-
lar provided as City Geography Markup Language (CityGML)
! data, are an example of this. The models are not memory-
intensive and are georeferenced. However, employing 3D city
models for visual localization presents a challenge. 3D city

! https://www.ogc.org/standard/citygml/

models are usually textureless, colorless, and because of gen-
eralization the may not be of high geometric detail.

Although textureless, colorless, and low-detail 3D city models
are a difficult data source, they are a promising way to repres-
ent the map. Another problem with current approaches that use
textureless 3D models is the precision of the ground truth pose.
Many datasets provide ground truth poses that are defined re-
lative to the 3D model of the map rather than in an absolute
coordinate system. Any statement about the accuracy of the
approaches should therefore be treated with caution.

In our previous work, we demonstrated an approach that uses
3D city models for visual localization (Loeper et al., 2024).
The results show that relying solely on geometric line features
is not sufficient. A Level of Detail (LoD) 2 city model does not
contain detailed information about the geometric appearance of
buildings, e.g. windows or doors. Consequently, the mismatch
between the geometric features in the query image and those
in the reference images creates ambiguities. Lines originating
from windows or doors are often matched to building outlines,
leading to large translational errors.

Since the issues mentioned can be traced back to the discrep-
ancy between the amount of visual content and the richness of
features in the reference image versus the query image, learned
feature detectors, descriptors, and matchers are a possible way
to bridge this gap. We investigate whether existing methods
already provide a basis for solving the problem of cross-domain
matching between real and rendered images of 3D city models.

2. Related Work

We define the use of textureless and low-detailed 3D models
in visual localization as an object-based approach. By object-
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Figure 1. Overall workflow of the object-based visual localization approach, based on (Loeper et al., 2024).

based visual localisation, we mean the exploitation of geomet-
ric characteristics of an object as features for matching for pose
estimation. The approaches for object-based visual localization
can be compared with those for mesh-based approaches. They
can be roughly divided into hierarchical, scene and pose regres-
sion methods, and iterative methods. Hierarchical methods are
also used in combination with regression methods.

In hierarchical approaches, 2D features in a query image are
matched against either real reference views or, when none exist,
synthetic renders of the model. Those 2D-2D correspondences
are then lifted into 3D to calculate the pose (Panek et al., 2023).
Iterative methods instead generate pose candidates, render the
model under each hypothesis, and refine the pose by aligning
query-image features with non-photorealistic renderings (Zhu
et al., 2024). A major challenge across both pipelines is reli-
able cross-domain matching between real photographs and tex-
tureless renders, which calls for bespoke feature-matching tech-
niques. An alternative strategy bypasses explicit matching by
training neural networks directly on synthetic images, or on
edge and segmentation maps derived from them, with known
ground-truth poses (Acharya et al., 2022). Although some ap-
proaches add textures or photorealistic detail before extracting
training features, the direct use of low-detail, textureless models
for pose regression remains largely unexplored.

A central problem in visual localization is image matching,
i.e., generating 2D-2D pixel correspondences between a query
image and a reference image. Image matching can be di-
vided into several stages: feature detection, feature descrip-
tion, and matching. Under handcrafted methods, both de-
tectors and descriptors are typically based on image gradients
(Lowe, 2004, Alcantarilla et al., 2013, Rublee et al., 2011).
Descriptors may, for example, be vectors of orientation his-
tograms such as SIFT (Lowe, 2004). Matching is then per-
formed using a nearest-neighbor (NN) search. Learning-based
approaches follow a similar pipeline but rely for example on
convolutional neural networks (CNNs) to learn keypoint de-
tectors (DeTone et al., 2017, Dusmanu et al., 2019, Potje et
al., 2024, Tyszkiewicz et al., 2020) and descriptors (Potje et
al., 2024, Tian et al., 2019). Matching is again based on NN
or mutual nearest-neighbor (MNN) criteria, after which outlier
rejection is carried out with ratio tests, inlier classifiers, either
learned (Zhang et al., 2022) or handcrafted (RANSAC (Fisc-
hler and Bolles, 1981)), and geometric models. Recent deep
matcher approaches, which are learning-based, often employ
graph neural networks (GNNs) or CNNs to replace the final two
steps of the pipeline (Lindenberger et al., 2023, Sun et al., 2021,
Sarlin et al., 2019). These deep matchers can be further categor-
ized as sparse matchers (Sarlin et al., 2019, Lindenberger et al.,
2023), dense matchers (Edstedt et al., 2023), and semi-dense

matchers (Potje et al., 2024, Sun et al., 2021).

In urban environments, straight lines provide an alternative
feature for image matching. Similar to point-based methods,
line detectors can be handcrafted (Akinlar and Topal, 2011,
Grompone von Gioi et al., 2012, Sudrez et al., 2022, Fernandes
and Oliveira, 2008), learning-based (Huang et al., 2018, Zhou
et al., 2019, Dai et al., 2021, Pautrat et al., 2021), or hybrid
(Pautrat et al., 2022, Teplyakov et al., 2022). A key advantage
of line-based matching is the ability to exploit the structural re-
lationships of lines. For example, the region surrounding a line
can be used to compute a descriptor (Lange et al., 2020). Other
line-matching strategies sample points along the line and use
those points for matching (Pautrat et al., 2021) or apply GNNs
(Ubingazhibov et al., 2025).

In recent years, several cross-modality matching methods have
been introduced. These approaches enable feature matching
between two different modalities in comparison to the previ-
ously mentioned techniques which are specialized for a single
domain. Some methods bridge this gap by extending the meth-
ods with cross-modality training data (He et al., 2025), while
others aim to generalize the matching process itself (Jiang et al.,
2024). XoFTR (Tuzcuoglu et al., 2024) is specifically designed
for matching thermal infrared images with RGB images. Om-
niGlue (Jiang et al., 2024), on the other hand, augments tradi-
tional sparse matchers with dense guidance features. ReDFeat
(Deng and Ma, 2022) jointly trains detectors and descriptors
using a coupled loss, encouraging the keypoints to be maxim-
ally discriminative for matching. MatchAnything (He et al.,
2025) extends existing matching frameworks such as ELoFTR
(Wang et al., 2024) with a pre-training framework. A compar-
able approach is MINIMA (Ren et al., 2024), which curates a
new multimodal dataset and uses it to train established matchers
like LoFTR (Sun et al., 2021), XoFTR (Tuzcuoglu et al., 2024),
and RoMa (Edstedt et al., 2023). Both strategies suggest that
the choice of training data has a greater impact on cross-modal
matching accuracy than the specific network architecture.

3. Methodology

We consider two mutually independent approaches: one to en-
rich the iterative object-based visual localization approach with
an additional feature and another to evaluate various feature
matching methods. The iterative object-based visual localiza-
tion approach is explained in section 3.1. The methodology for
the feature matching methods, i.e. the baseline study, is de-
scribed in section 3.2.
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3.1 [Iterative object-based visual localization approach

We implement an iterative scheme comparable to the approach
presented in our previous work (Loeper et al., 2024). The ori-
ginal pipeline is extended with an additional feature extractor,
semantic segmentation, and this extra modality is incorporated
into the iterative matching loop to improve robustness.

Our workflow is illustrated in Figure 1. The workflow consists
of four modules: the rendering, feature extraction, matching
and scoring, and optimization module. During the optimiza-
tion, the pose is used to render the corresponding scene of the
city model. Next, the lines are detected and extracted from the
rendered image (marked in blue). Similarly, lines are also de-
tected and extracted from the query image (marked in yellow).
As soon as the lines of the query image and those of the ren-
dering have been extracted, they are forwarded to the matching
and scoring module. Lines are compared on the basis of their
geometric features such as direction, position and length. The
score is calculated based on the match of the geometry.

In addition to line features, semantic features are employed as
further basis for scoring and matching. A semantic segmenta-
tion model is used to identify and aggregate the relevant areas
in the query image that will participate in the scoring process.
Which semantic classes are considered relevant depends on the
segmentation model, but in practice they can be defined as all
regions that describe a building. This yields a binary mask.
The mask can be directly compared with the rendered image,
because the building-only rendering already provides a natural
mask: the rendered building surfaces are the only pixels that
carry non-zero color values. The consistency between the two
masks is quantified by the Intersection-over-Union (IoU) meas-
ure, and the resulting IoU score is incorporated into the overall
matching score. The best score and the corresponding pose is
the result of the optimization process.

3.2 Baseline study

Our method for the baseline study consists of a simplified visual
localization workflow. The spatial-retrieval component forms
the first step. Using the ground-truth pose of the query im-
age, we retrieve k— 1 reference images that lie within a 30 m
radius and the reference image that has the best viewing dir-
ection, obtained via a KD-Tree search. By ensuring that the
best-viewing-direction image is included, we guarantee that at
least one reference image exhibits a high visual overlap with
the query. This component simulates an image-retrieval pro-
cess that relies on a pose prior, for example provided by GNSS.
Even when GNSS signals suffer from occlusion or multipath,
a practical workflow can still rely on a pose prior for spatial
retrieval. The GNSS solution will typically be accurate within
a 30m to 40 m radius, or the trajectory can be approximated
from previously known positions, providing a sufficiently good
initial estimate for the retrieval stage.

In the second step, feature matching is performed. Each of
the k reference images is matched against the query image.
The exact procedure depends on the chosen feature matcher.
Detect-and-describe approaches such as SIFT, ORB (Rublee
et al., 2011), AKAZE (Alcantarilla et al., 2013), and XFeat
(Potje et al., 2024) extract keypoints and descriptors from the
reference and query images independently, after which the
matches are filtered with a ratio test or brute-force matching.
End-to-end methods such as MINIMA-LOFTR, LoFTR, and
SOLD2 (Pautrat et al., 2021) process both images jointly and
directly output the matched points. The result of this step

is a set of raw matches, i.e., pairs of 2D pixel coordinates
(xreﬁ yref)7 (mquerw yquery)-

The third step is geometric verification. Because the raw
matches still contain outliers, we apply RANSAC to estimate
a fundamental matrix F" and to classify each match as an inlier
or an outlier.

In the fourth step, the inliers are projected into 3D. For each
inlier keypoint we obtain its depth from the depth map of
the reference image at the keypoint location (u,v): d =
depthmap]u, v]. Using the depth value we back-project the key-
point to camera coordinates via

u
pcam:K_l' vl -d.
1

At the same time, with the known ground-truth poses of the
query images we compute the reprojection error.

The final step of the visual-localization pipeline uses the N
2D-3D correspondences to compute the query camera pose
with a Perspective-n-Point (PnP) algorithm. Two variants are
evaluated: a single-reference variant that employs only the
2D-3D pairs from one reference image, and a multi-reference
variant that aggregates the correspondences from all k reference
images.

4. Experiments
4.1 Dataset

We test the feature matching methods and our approach in a
370 x 280m? area near Braunschweig’s city center in Lower
Saxony in Germany, featuring diverse buildings and urban
canyons.

We use the Level of Detail (LoD)2 Braunschweig CityGML
data, built from cadastral outlines, a 5 m digital terrain model
(DTM) and laser/point cloud data. Therefore, the horizontal
accuracy follows the cadastral data and vertical accuracy the
point cloud. Our query dataset comprises 960 x 1280 images
in 4cm ground sampling distance (GSD) from a smartphone
mounted on a tactical grade inertial navigation system (INS),
with Post-Processed Kinematic (PPK) trajectories accurate to
a few centimeters. A subsequent SfM and bundle-adjustment
with GNSS Real-Time Kinematic (RTK) ground control points
(GCPs) and check points (CP) yielded at GCP of (6;7;2) cm
in X, Y, Z, respectively and mean errors at CPs of (7;4;1) cm,
mean image exterior orientation errors of 1.5cm in X, Y and
0.7 cm in Z and standard deviations of 6 and 2 mm, and mean
rotation errors of 0.02° at ¢ = 0.04°. The CityGML data, a
subset of non-covisible query images, and a textured 3D aerial
mesh have been published as the egenioussBench benchmark
dataset (Fanta-Jende et al., 2025). However, the test dataset we
use for the baseline study and for testing the iterative object-
based visual localization approach consists of more query im-
ages than the egenioussBench dataset.

Iterative object-based visual localization approach It
should be noted that we did not use pre-rendered reference im-
ages for our experiments with the iterative object-based visual
localization approach. The reference images for this approach
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Table 1. Overview of the tested methods in our baseline study. Methods are grouped by category: HC (handcrafted), LS (learned
sparse), D+M (detect + match), DN (dense), LN (line segments), CM (cross-modal).

Method Detector Descriptor Matcher
SIFT SIFT DoG SIFT 128-d NN, Ratio test, mutual check
HC ORB FAST ORB binary NN, Ratio test, mutual check
____AKAZE ___ _ _ AKAZEnonlinear _ AKAZEbinary __ _ NN, Ratio test, mutual check _
XFeat XFeat learned XFeat 64-d NN, Ratio test, mutual check
LS XFeat* XFeat learned XFeat 64-d MNN, ratio test
.___ XFeatmatch = _ XFeatleamed _ __ XFeat6dd _ ______ __ MNN .
SIFT+LG SIFT DoG SIFT 128-d LightGlue
D+M DISK+LG DISK learned DISK 128-d LightGlue
DeDoDe+LG DeDoDe learned DeDoDe 256-d LightGlue
o ___ KeyNettLG = _ KeyNet+AffNet  _ HardNet 128-d = _ LightGlue =
DN _ LoFTR _ ____ __ none, dense . _ implicit 1 LoFTR attention
LN _soLpz_  __ linesegments = densedesc _ __ _ ____ Line matching
MatchAnything none ELoFTR (RepVGG) Dual Softmax (C2F)
M MINIMA-LoFTR none ResNet FPN CNN LoFTR transformer + dual softmax
MINIMA-RoMa none ResNet CNN GP decoder + ConvRefiner
MINIMA-XoFTR none ResNet CNN XoFTR transformer + dual softmax

are generated during the optimization process, and the poses for
the reference images are generated based on Bayesian optimiz-
ation. The query image set contains 2331 for these experiments.

Baseline study The test dataset for the baseline study com-
prises reference images and query images. The reference im-
ages were generated with a custom OpenGL renderer. For this
purpose, the CityGML model was converted into a mesh that
can be rendered. Using a sampling scheme, positions were
placed along the streets of the test area at intervals of approxim-
ately 5 m to 6 m. For each sampled position, a camera pose was
computed at 10° increments. The query set consists of 2709
images together with their ground-truth poses.

4.2 Tterative object-based visual localization approach

In this approach, we use a spatial bounding box within which
the camera poses can be computed. The spatial bounding box
is calculated based on a GNSS prior of the query poses and has
a size of 40 x 40m.

For the experiments, we tested two different feature extraction
and matching approaches. On the one hand, we only considered
straight lines as features. For this, we implemented ELSED
(Sudrez et al., 2022) as the line detector. In the matching pro-
cess, we finally calculated the correspondence of the geometry
of the detected lines of the query image and the rendered image
for the score. In addition to the straight lines, the second ap-
proach also contains the segments from semantic segmentation.
To do this, we applied the Revision-based Transformer Facade
Parsing (RTFP) (Wang et al., 2023) pipeline to the query image.

4.3 Baseline study

Our baseline study selects a representative subset from the
various feature matching categories. The selection of feature
matching methods is shown in Table 1. To represent hand-
crafted methods we evaluate SIFT, AKAZE and ORB. For
the learned detectors, we include XFeat, Key.Net (Barroso-
Laguna et al., 2019), DeDoDe (Edstedt et al., 2024), DISK
(Tyszkiewicz et al., 2020), FAST (Rosten et al., 2010) and
AffNet (Mishkin et al., 2017), while the learned descriptors
under test are XFeat, DISK (Tyszkiewicz et al., 2020), De-
DoDe (Edstedt et al., 2024) and HardNet (Mishchuk et al.,
2017). In addition, LightGlue (Lindenberger et al., 2023)
is used as a learned matcher in several configurations (see

Table 1), LoFTR and XFeat-match serve as a dense end-to-end
matcher, XFeat* serves as sparse end-to-end matcher, and
SOLD?2 is incorporated as a line-matching approach. As match-
ing methods that were trained using cross-modality datasets, we
implemented the combinations MINIMA-XoFTR, MINIMA-
LoFTR, MINIMA-RoMa, and MatchAnything. These ap-
proaches are also detector-free dense matching methods.

All handcrafted techniques are implemented with OpenCV. For
learning-based approaches, we employ publicly available pre-
trained models. Their implementation relies on PyTorch and
through the kornia library. Alternatively, if the methods were
not available in these libraries, we implemented a wrapper to
load the models and weights. For detect-and-describe pipelines,
we apply the standard ratio test, and we perform inlier verifica-
tion by estimating the fundamental matrix with RANSAC, also
using OpenCV. Pose estimation is carried out with the PnP al-
gorithm provided by OpenCV.

To keep the comparison fair, we also adopt a PnP-based solu-
tion for SOLD2. For each matched line pair (Irer, lquery)
we sample five equidistant points at parameter values ¢t €
{0,0.25,0.5,0.75,1.0}:

p(t) = Dstart + T - (pend - pstan)-

This conversion transforms M line matches into 5 x M point
correspondences, which can then be processed by the standard
PnP pipeline.

For the selection of the k reference images we use a KD-Tree
nearest-neighbor search on the ground truth poses. Simultan-
eously, we enforce a viewing-direction check to guarantee that
at least one of the retrieved references has an optimal viewing
direction. The maximum number of reference images is fixed
to 15, and only query images that obtain more than two ref-
erence images after the spatial-retrieval stage are retained for
evaluation.

The evaluation follows the conventional metrics used in visual
localization and feature matching studies. For each method, for
every query—-reference image pair, we compute the raw num-
ber of matches, the number of inliers, the inlier-to-match ratio,
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Table 2. Localization results for the 2331 query images. We
report the % of query images localized within the given
deviation of the ground truth pose.

Feature type 2m,2° 5m,5° 9m,10° 15m, 15°
L 0 0.098 0.441 1.471
L&S 0.388 2.064 5.524 7.769

Table 3. Mean absolute error (MAE) for translation and rotation,
and mean absolute deviation (MAD) for the 2331 query images.

Feature type MAE (m/°)

L 48.834/39.232
L&S 42.461/42.671

MAD (m / °)

17.876 /1 24.804
19.129 / 28.387

and the median reprojection error. Aggregating over all refer-
ence images for a given query, we report the total number of
inliers and the combined PnP solution. Finally, across the en-
tire query set we report (i) the average number of inliers per
query—reference pair, (ii) the average number of inliers for the
pair with the best viewing-direction alignment, (iii) the aver-
age reprojection error, (iv) the count of queries for which PnP
yields a translation and rotation error of less than 5m and 5°,
and (v) the mean and median translation and rotation errors of
all successful PnP estimations, expressed in meters and degrees,
respectively.

4.4 Results

Accuracy of iterative object-based approach To investigate
the accuracy of our method, we performed the optimization of
the camera pose parameters for 2331 images. The preliminary
results of the tested approaches are shown in Table 2 and 3. The
feature type describes the selected method as outlined in section
4 for the feature extraction. The approach with straight lines as
feature extractor is labeled L. The approach with straight lines
and segments from the semantic segmentation is abbreviated as
L & S. Table 2 shows that the combination of line features and
semantic segments led to better results. The mean absolute error
(MAE) of the translation of the line approach is 48.834 m and
of the rotation 39.232°. Whereas the MAE of the translation of
the combined approach is 42.461 m and the rotation is 42.671°.
However, the improvement of the MAE and the MAD is not as
strong as would be expected.

Baseline evaluation According to section 4.3, the results are
calculated per method for each query-reference image pair, per
query, and aggregated over all queries. Table 4 summarizes the
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results for each method aggregated over all queries. The av-
erage number of inliers per reference image is abbreviated as
Inl/ref. The BestDir column reports the number of inliers ob-
tained from the reference image that has the best viewing dir-
ection. The reprojection error is computed as described in 4.3.
Translation and rotation error are expressed in meters and de-
grees, respectively. The PnP rate (in %) indicates the proportion
of queries in which a PnP solution could be computed given a
sufficient number of inliers. Finally, the success rate denote the
percentage of queries whose pose estimation yielded to a trans-
lation error <5 m and a rotation error <5°. The Figure 2 shows
the cumulative distribution function of the tested methods of the
translation error and Figure 3 shows the cumulative distribution
function of the rotation error.

MINIMA-RoMa and SOLD?2 stand out because they produce
the largest numbers of inliers per reference image. As expec-
ted, the inlier count for every method increases when the ref-
erence image with the viewing direction most similar to that of
the query image is selected. The growth of MINIMA-RoMa,
MatchAnything, MINIMA-XoFTR, and MINIMA-LoFTR is
particularly noteworthy here. With a success rate of approx-
imately 20.38% and a median translation error of 18.9m and
rotation error of 16.5°, MINIMA-RoMa achieves the best over-
all result. The success rates, as well as the median translation
and rotation errors, of MINIMA-LoFTR, MatchAnything, and
MINIMA-XoFTR, i.e. the cross-modal trained matching meth-
ods, are also worth highlighting. However, the comparatively
high mean translation and rotation error suggest that the res-
ults still vary widely. Because MINIMA-RoMa was trained
on cross-modal training datasets, this outcome was expected.
Nevertheless, the average number of inliers per reference im-
age cannot be used unconditionally as a measure of suitabil-
ity, since the comparison of MatchAnything, MINIMA-LoFTR,
and MINIMA-XoFTR with SOLD2 or XFeat-Match shows that
the quality of the matches is the decisive factor. MINIMA-
RoMA could represent a combination of both of these factors,
as the higher total number of inliers per reference image and the
potentially more accurate correspondences in the geometric and
PnP pipelines reinforce each other. Rather, the significant im-
provement in the number of inliers per reference image for the
best viewing direction could serve as an indicator of the qual-
ity of the matches. As expected, high translation and rotation
errors were observed in the handcrafted methods, as well as
in methods that were not explicitly trained for cross-modality
matching. Among these, XFeat-Match stands out. However,
the low success rate and large mean translation and rotation er-
ror indicate that a clear pattern is not discernible here.
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(a) MINIMA-RoMa: the estimated pose has a (b) MINIMA-LoFTR: the estimated pose has a
translation/rotation error of 1.6 m/3.1°. translation/rotation error of 1.7 m/1.3°.

20 4709 720 0 2l 1sougl72n [ O 118089 | 72m

41 1250009 72m 2001 1253009 | 72m 7 7 i 1081009 | 72m

1w 1550009 | 72m

(c) MINIMA-XoFTR: the estimated pose has a (d) MatchAnything: the estimated pose has a
translation/rotation error of 2.2 m/1.2°. translation/rotation error of 4.2 m/3.4°.

Figure 4. Matches for the cross-modal trained methods from the best query image and the reference images. Blue matches indicate
that there was no valid depth for this match. The number of inliers and the deviation between the reference image’s camera pose and
the ground truth query image camera pose (m/°) are displayed in the upper-left corner of the reference image.
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Table 4. Baseline matcher evaluation summary. Methods are grouped by category: HC (handcrafted), LS (learned sparse),
D+M (detect + match), DN (dense), LN (line segments), CM (cross-modal). Inl/Ref: the average number of inliers per reference
image across all queries. BestDir: the average number of inliers determined from the reference image with the best viewing direction.
Reproj: the mean reprojection error. Med Trans and Med Rot: median translation and rotation errors over all queries. Mean Trans
and Mean Rot: mean translation and rotation errors over all queries. PnP: the percentage of query images for which a PnP solution
could be computed successfully. Succ.: the percentage of query images whose translation and rotation errors are both smaller than
5m and 5°, respectively. The top results are highlighted in bold, and the second-best results are underlined.

Method Inl/ref BestDir Reproj Med Trans Med Rot Mean Trans Mean Rot PnP Succ.

(px) (m) ) (m) ©) (%) (%)

SIFT 34 4.7 369.2 243.8 138.2 1.17elb5 127.3 91.5 0.0000

HC ORB 11.2 14.7 399.0 424.2 138.5 7054.5 125.5 100.0 0.0000
____AKAZE 93 _ 118 3%0 3331 1424 = 68lel2 1272 1000 0.0369
XFeat 0.0 0.1 - - - - - 0.0  0.0000

LS XFeat-Match 14.0 17.2 477.6 61.6 70.1 1.82el2 81.7 100.0 1.3658
o XRe 48 68 3750 1497 1107 13fel3 1051 993 00369
SIFT+LG 0.8 1.4 358.3 213.3 121.3 5.52el12 108.4 19.7 0.0369

D+M DISK+LG 3.5 4.9 392.9 165.0 116.5 2100.3 107.1 95.2 0.0369
DeDoDe+LG 0.3 0.4 512.0 455.1 84.1 1519.1 93.8 6.0 0.0000
__KeNewlG_ 14 25 388 1477 1021 5lleS 989 33700738
DN _LoFTR 70 __ 92 4137 2582 1015 8439 999 100.0  0.0000
N soLp2 20 267 4849 890 1088 4537 1038 1000 00738
MatchAnything 3.8 13.7 254.5 38.1 26.8 193.6 57.3 80.5 7.0137

oM MINIMA-LoFTR 6.4 16.9 367.8 28.8 22.6 656.1 56.4 97.6 10.521
MINIMA-RoMa 851.2 1402.4 481.5 18.9 16.5 32.2 55.0 100.0 20.377
MINIMA-XoFTR 5.5 15.9 359.1 43.5 26.6 5481.7 59.6 80.7 9.7453

We have visualized the best query images for the cross-modal
trained methods in Figure 4. The best query image, that is, the
one that has the most accurate pose estimate. In addition to the
matches, the visualizations encode the reprojection error using
a color map. Figure 4a shows the matches for MINIMA-RoMa.
Compared to the other methods, it is visible that MINIMA-
RoMa has significantly more matches. The Figure 4b shows
the matches for MINIMA-LoFTR for the best query image. It
is evident that the number of inliers increases when the view-
ing direction more closely aligns with the ground truth viewing
direction of the query image. Figure 4c visualizes the matches
produced by MINIMA-XoFTR for the best query image. As
in the previous analysis, it is evident that smaller deviations
between the viewing direction of the reference image and the
ground truth viewing direction of the query image lead to a
larger number of estimated inliers, which is also reflected in
the corresponding Table 4. The Figure 4d displays the matches
generated by MatchAnything for its best query image. Again,
the best viewing direction results in a substantially higher in-
lier count. Overall, it can be observed that the methods perform
especially well on prominent structures such as the tall build-
ing visible in Figure 4b, 4c and 4d. The correlation between an
increasing number of inliers and a better overlap between the
query image scene and the reference image indicates that the
methods are effectively detecting those structures.

The results presented in Table 4 and Figure 4 indicate that an
uneven distribution of inliers across the reference images for
each query image positively influences the PnP computation.
More precisely, a larger number of inliers in those reference
images whose viewing direction deviates less from that of the
query image yields a more accurate pose estimate. To investig-
ate this effect, we computed the translation and rotation errors
as a function of the coefficient of variation of the inlier count
per reference image for each query, focusing on the cross-modal

trained methods. The outcome is visualized in Figure 5. For the
cross-modal approaches, a more heterogeneous inlier distribu-
tion correlates with lower error in the estimated pose. In Figure
6 we show the normalized median number of inliers versus the
angular deviation between the viewing direction of a reference
image and that of the query image. Because MINIMA-RoMA
produces a substantially higher absolute number of inliers than
the other methods, we normalized the inlier counts to enable
fair comparison. One explanation for these observations is the
positive discriminative capability of the matchers: they are able
to reliably identify reference images that depict scene similar
to the query image. In this context, an uneven distribution of
inliers across the reference images is desirable, as it reflects the
presence of high-quality matches that drive more precise PnP
results.

5. Conclusion

In this paper, we address two problems. First, we extend
our previous iterative object-based visual localization approach
with an additional feature and evaluate the resulting workflow.
Second, we investigate the feasibility of applying established
feature matching techniques to challenging query-reference im-
age pairs.

By extending the matching and scoring pipeline of our object-
based visual localization approach with the semantic features in
addition to line features, we demonstrate that pose estimation
can be improved through richer feature alignment. However,
the results also show that the improvement achieved is not yet
sufficient.

Because the 3D city models are low-detailed and texture-
less, the results of the baseline study cannot be directly com-
pared with matches obtained between textured or real world
scenes. Nevertheless, our results show that many methods
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Figure 5. Coefficient of variation (CV) of per-reference inlier counts versus translation error (top row) and rotation error (bottom row)
for the four cross-modal trained methods. Inset box plots compare CV distributions between successful (green, <5 m/<5°) and failed
(red) queries. Negative Spearman p values indicate that more uneven inlier distribution correlate with lower pose error.
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Figure 6. Normalized median inlier count as a function of
viewing direction deviation between query and reference image,
binned at 10° intervals. Each method’s median is scaled to it’s
respective peak (100%).

are already capable of estimating the camera pose success-
fully. MINIMA-RoMa, MINIMA-LoFTR, MatchAnything,
and MINIMA-XoFTR, in particular, stand out in our exper-
iments. The comparison between our iterative object-based
visual localization approach and the cross-modal trained match-
ing methods reveals that relying solely on the geometric prop-
erties of lines and on semantic features is insufficient as a
matching basis. In contrast, matchers that have been trained on
cross-modal datasets provide a more robust baseline and could
serve as a valuable starting point for further development. Since
3D city models continue to represent a promising reference
dataset, we present this investigation as a catalyst for further
research aimed at solving the cross-domain matching problem.
The next step is to examine whether an extension or a custom
procedure can alleviate these issues. An analysis of the prepro-
cessing applied to query and reference images and its impact
on matching quality can reveal what is required to bridge the
domain gap. Possible extensions include enriching the refer-
ence renderings with additional cues, such as surface normals,
edge maps, or normalized depth values, and reducing the query
images to the same set of comparable attributes.
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