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Abstract

Feature matching is a necessary step for many computer vision and photogrammetry applications such as image registration,
structure-from-motion, and visual localization. Classical handcrafted methods such as SIFT feature detection and description
combined with nearest neighbour matching and RANSAC outlier removal have been state-of-the-art for mobile mapping cam-
eras. With recent advances in deep learning, learnable methods have been introduced and proven to have better robustness and
performance under complex conditions. Despite their growing adoption, a comprehensive comparison between classical and learn-
able feature matching methods for the specific task of semantic 3D building camera-to-model matching is still missing. This
submission systematically evaluates the effectiveness of different feature-matching techniques in visual localization using textured
CityGML LoD2 models. We use standard benchmark datasets (HPatches, MegaDepth-1500) and custom datasets consisting of
facade textures and corresponding camera images (terrestrial and drone). For the latter, we evaluate the achievable accuracy of
the absolute pose estimated using a Perspective-n-Point (PnP) algorithm, with geometric ground truth derived from geo-referenced
trajectory data. The results indicate that the learnable feature matching methods vastly outperform traditional approaches regard-
ing accuracy and robustness on our challenging custom datasets with zero to 12 RANSAC-inliers and zero to 0.16 area under
the curve. We believe that this work will foster the development of model-based visual localization methods. Link to the code:
https://github.com/simBauer/To_Glue_or_not_to_Glue

1. Introduction

Feature matching is one of the fundamental tasks in mobile
mapping with applications ranging from image registration,
structure-from-motion, and 3D reconstruction to visual localiz-
ation. The ability to reliably detect, describe, and match keypo-
ints between images is crucial for robustness in these tasks. Tra-
ditional, handcrafted, local feature descriptors such as Scale-
Invariant Feature Transform (SIFT) (Lowe, 2004), SURF (Bay
et al., 2006), and Oriented FAST and Rotated BRIEF (ORB)
(Rublee et al., 2011) have been used extensively due to their
robustness to geometric and photometric transformations. With
the advancements in deep learning, learnable feature extract-
ors and matchers, such as SuperPoint (DeTone et al., 2018),
SuperGlue (Sarlin et al., 2020), LightGlue (Lindenberger et
al., 2023), and LoFTR (Sun et al., 2021), have demonstrated
superior performance in challenging scenarios by leveraging
data-driven feature representations and sophisticated matching
strategies.

Figure 1. Classical (top) vs learnable (bottom) feature matching

methods on a 3D building model’s (left) texture image (middle,

red rectangle) to mobile mapping image (right) with green lines
connecting inlier matches (<30 px projection error).

Amid the growing adoption of learnable feature-matching
methods, there is still a lack of comprehensive evaluation
that systematically compares their performance against clas-
sical methods in the specific context of camera-to-model im-
age matching for visual localization. Whilst only a few stud-
ies specifically evaluate different feature-matching methods for
model-based visual localization (Panek et al., 2022), numer-
ous works provide evaluations on generic benchmark datasets
or on the accuracy of feature matching itself (Bian et al., 2018;
Karpur et al., 2024). Additionally, learnable methods typically
require higher computational resources, making it necessary
to assess their trade-offs in terms of efficiency and accuracy.

This study aims to bridge this gap by systematically comparing
classical and learnable feature-matching methods and evaluat-
ing them on standard benchmarks and domain-specific datasets
of mobile mapping images and textured semantic 3D building
models. Our contributions are summarized as follows:

e We propose a framework for mobile mapping pose estim-
ation based on textured semantic 3D models

e We comprehensively analyze the impact of classical and
novel image-matching methods on both standard bench-
marks and custom vehicle and drone data
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o We extend the TUM2TWIN data for the camera-to-model
use case validation

2. Related Works

Methods for feature matching are a well-studied topic in the
computer vision and photogrammetry domains. We refer to the
recent surveys, such as Huang et al. (2024); Xu et al. (2024),
for a comprehensive overview of classical and learnable feature
matching methods. Hereafter, we focus on the relevant research
in visual localization using 3D models and camera images.

2.1 Semantic 3D Building Models

We follow the definition of Wysocki et al. (2024); Kolbe and
Donaubauer (2021) that defines semantic 3D building models as
building representation combining object-level geometry with
semantic information within a hierarchical data structure, ex-
plicitly defining relationships between objects. They typically
adhere to the CityGML standard (Groger et al., 2012) and use
watertight geometry, allowing for volumetric space understand-
ing through accumulating outer-observable surfaces in a bound-
ary representation (B-Rep). Nowadays, we observe increasing
availability of textured semantic 3D building models (Wysocki
et al., 2024) at level of detail (LoD)1 (cuboid shape) and LoD2
(cuboid shape complemented by complex roof structure), which
also follow piece-wise planar geometry. Unlike virtual reality
models, where 3D meshes with appearance attributes repres-
ent geometry, semantic models provide structured, interpretable
data (Kolbe and Donaubauer, 2021).

2.2 Feature Matching for Localization

Various approaches to 6 DoF pose estimation using images and
a world reference geometry exist, with the main differences
in the type of reference, matching strategy, the requirement
of coarse alignment, and the targeted applications. A well-
established reference for visual localization are Structure-from-
Motion models and posed images (Mueller et al., 2019), for
example, used by the Visual Localization benchmark (Sattler
et al., 2018). Promising results of learnable feature-matching
methods for visual localization using rendered views of dense
3D mesh models as reference have been published (Panek et al.,
2022). Furthermore, the authors evaluate their method Mesh-
Loc on coarser textured and untextured 3D mesh and CAD
models and showed that the performance is superior for the
more detailed models (Panek et al., 2023). Evaluating image-
to-model feature matching with rendered images of untextured
CityGML models for improving GNSS/IMU positioning in
urban areas are known (Bieringer et al., 2024). They also con-
clude that higher levels of detail are favourable for the task.
Projections of semantic city models also serve as the reference
for visual localization in (Loeper et al., 2024). Their approach
to deal with low LoD is to match lines instead of local features.

3. Methodology

We first describe the selection of methods, followed by introdu-
cing the underlying geometric model. After testing the methods
on the generic datasets, we introduce our own 3D model texture
and camera image pairs to the pipeline. All involved stages are
discussed in this section since it is not a standard evaluation
procedure for feature-matching methods. Figure 2 shows the
general outline.
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Figure 2. Camera-to-textured-model image matching overview.

We evaluate the facade texture and camera image matching
by absolute pose estimation. We can derive world coordin-
ates for the matched facade keypoints as the texture images are
geo-referenced by being warped on model faces with known
world coordinates. Since we know the world coordinates for the
matched pixels in the camera image, we can estimate the abso-
lute camera pose using a Perspective n-Point (PnP) algorithm
(Li et al., 2012). This estimate is then evaluated using the
ground-truth camera poses.

3.1 Feature Matching Methods

We compare well-adopted methods from both the classical and
learnable domains. At the same time, we choose them to be
well-balanced in terms of the method and theory that the models
utilize. Table 1 lists the selected models.

Category Extractor Matcher
Classical SIFT FLANN
ORB NN
AKAZE NN
Learnable  Super Point  Super Glue
Super Point ~ Light Glue
DISK Light Glue
LoFTR

Table 1. Selected feature matching models.

3.1.1 Classical Methods With the term classical, we refer
to handcrafted features, which were mainly developed in the
pre-deep-learning era of photogrammetry and computer vision.
All three chosen methods rely on the pipeline of feature detec-
tion, description and matching. The type of detectors varies
with ORB (Rublee et al., 2011) as intensity-based, and SIFT
(Lowe, 2004) and Accelerated-KAZE (AKAZE) (Alcantarilla
and Solutions, 2011) as blob-type features. The detectors are
combined with their associated descriptors, which are binary in
the case of ORB and AKAZE. All descriptors are invariant to
rotation, and SIFT and AKAZE additionally to scale. When
referring to SIFT, we actually are using RootSIFT, which is re-
commended by Arandjelovi¢ and Zisserman (2012).

The matchers for the classical methods are all based on com-
puting nearest neighbours on the detected features’ descriptors.
For the SIFT features, we use a faster approximation from the
Fast Library for Approximate Nearest Neighbors (Muja and
Lowe, 2009) (FLANN) in order to account for the descriptors’
higher computational complexity. For ORB and AKAZE, we
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use brute-force nearest neighbours (NN) matching. The neigh-
bourhood metric is the Euclidean norm for SIFT and the Ham-
ming distance for the binary descriptors.

3.1.2 Learnable Methods For the learnable methods, we
evaluate four models. The first three pipelines are two-step ap-
proaches, which extract features (extractors) in the first step and
match them in the second one. Feature extraction is done either
with SuperPoint (DeTone et al., 2018) or DISK (Tyszkiewicz et
al., 2020) and matching either with SuperGlue (Sarlin et al.,
2020) or LightGlue (Lindenberger et al., 2023). The fourth
method, LOFTR (Sun et al., 2021), is a holistic matcher, which
directly determines matches from input image pairs.

Both DISK and SuperPoint use fully-convolutional neural net-
works (CNN) as architectures. Whereas DISK is trained in
a weakly supervised manner, SuperPoint is self-supervised.
DISK is trained on a COLMAP-posed selection of MegaDepth
images. It uses reinforcement learning informed by the match-
ability of the features across two images. SuperPoint uses two-
step training on synthetic shapes and MS COCO 2014 (Lin et
al., 2014) images warped using synthetic homographies.

The matchers SuperGlue and LightGlue both use transformers,
with the difference that LightGlue is an advanced, lighter and
more efficient version of SuperGlue, as it uses the dynamic at-
tention based on confidence. LoFTR instead performs feature
extraction and detection in one step by chaining a CNN with
their attentional Local Feature Transformer module. Accord-
ing to the authors, the one-step method should be beneficial for
limited texture (Sun et al., 2021). We use the outdoor models
of all three matchers, which are trained on Megadepth (Li and
Snavely, 2018) images.

3.2 Extracting Images for Matching

The first step is to acquire the texture images and their relevant
geo-information from the models. The second step is to extract
corresponding images captured by the mobile camera and their
poses from the survey data. This step is not straightforward due
to the compatibility of the data formats and reference systems
discussed in Section 6.

3.2.1 Texture Images of 3D Models Even though usually
all faces of the semantic 3D building models are textured, it is
desired to filter the images for the street-facing facades and also
consider their quality (example shown in Figure 3). Since each
texture image is associated with one planar, polygonal face of
the model, highly detailed facades can lead to minor and non-
meaningful image patches, e.g., the right building part in Figure
3. Therefore, texture images below a certain size and with more
prominent absent optical information are not taken into consid-
eration. The obtained images are used to create image pairs
with the camera images for a particular building facade.

Figure 3. Exemplary textured semantic 3D building model.

For the selected texture images, the respective coordinates of
the polygonal ring adhere to the standard CityGML models,
which can be adapted to other encodings. Converting between
world coordinates and pixels is done via coordinate system
transformations (Figure 4). In addition to the common pixel
coordinate system, each texture image is associated with a so-
called st-coordinate system, which maps the image to the poly-
gonal face and links to the world coordinates (Groger et al.,
2012, p. 40f, ParameterizedTexture). The world coordinates
are given in two horizontal plus one vertical component as East,
North, and Up (E, N, U).

For all images, the values of the associated face’s edge
st-coordinates (attribute textureCoordinates) of TexCoordList
class) and world coordinates (attribute posList of LinearRing
class) are extracted from the semantic 3D models faces and
stored. The following approach is used to compute the world
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Figure 4. Sketch of the texturing, coordinate systems and
coordinate conversion.

coordinates of any pixel in the texture image from the stored
edge information (Figure 4). First, the pixel location of the i-th
feature (u;,v;)” with u € [0, width],u € [0, height] is con-
verted to st-coordinates (s;, ;)7 with s € [0,1],¢ € [0, 1].

$; = u; Jwidth; t; =1 — v;/height, (1)
As the edges (index j = O0,..., Neqges — 1) are given both in
st-coordinates x; and world coordinates x;’, we can construct
a face-aligned basis b in 2D and its 3D metric equivalent w
through the vectors along two vertices starting at one edge.

s s s s
b1:X17X0;b2:X27X0 (2)

w w, LW w
W1 = X1 —Xp; W2 =X3 —Xg 3)

Then, the st-coordinates of the keypoint x; are transformed
from st-coordinates to the face-aligned intermediate b-basis.

x? = A7 (x{ — x§), with: A = bra bz )
b1,2 bz,z

Finally, world coordinates x* = (E;, N;,U;)” are obtained by
scaling this intermediate representation x° = (z?,3%)7 with
the vertex vectors in world coordinates w.

x{ =x§ + a7 w1+ y] - ws (5)
One advantage of this method is that it is also compatible with

images where the texture of the facade face does not cover the
whole extent of the image.
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3.2.2 CameralImages The format for the camera poses and
calibration matrix as input to the evaluations is described below.
The 3 x 4 transformation matrix T, to convert homogeneous
world coordinates to the camera frame contains the 3 x 3 rota-
tion matrix R, to rotate coordinates from the world to camera
frame and the translation t¢,, as the world origin relative to the
camera origin expressed in the camera frame.

T, = [Ro[tew] = [Ru| — Rt (6)

The calibration matrix is the 3 x 3 matrix that transforms the
depth-normalized coordinates on the unit plane to homogen-
eous image coordinates in pixels by scaling with the focal
length f and shifting with the focal point c. The image coordin-
ate system is left-upper corner fixed as visualized in Figure 4
(u-component is now z and v is y).

f= 0 ¢z
K=[0 fy ¢ @)
0 0 1

3.2.3 Image Pairs for Matching The creation of image
pairs for matching involves the selection and filtering of camera
images that correspond to the 3D model facade. All the camera
images that contain one facade element are referenced as pairs.
The final image pairs consist of associated facade images, cor-
responding camera images, their respective camera parameters,
and ground truth poses. One facade image can be matched to
several camera images from different cameras, positions and
viewing angles. This gives the opportunity to test whether the
feature matches these varying conditions. The final image pairs
are passed through the models to evaluate the matching and
pose estimation performance.

Image Pair

Car Image

Figure 5. All the camera images that contain one facade element
are referenced as pairs.

3.3 Camera-to-Textured-3D-Model

As previously discussed, we know the world coordinates of the
correctly matched pixels in the facade images from the model
information (Section 3.2.1) and the absolute pose and calibra-
tion of the camera (Section 3.2.2). Therefore, we can evalu-
ate the performance of the feature matching method on facade
texture-camera image pairs with the absolute pose as their geo-
metric relationship.

Figure 6. Example image of a textured 3D model.

3.3.1 Pose Estimation The pose estimation is done using
Perspective-n-Point with RANSAC outlier removal. Instead of
testing a range of values, we set the RANSAC threshold ¢ to
a fixed value. The parameter is chosen according to the in-
consistencies of the model and camera data, which we further
discuss in Section 6. In order to use the PnP algorithm on geo-
referenced geospatial data, we need to account for the large
and variable magnitudes of our coordinates and of the transla-
tion. Therefore, we center the world coordinates of the matched
points in the texture images prior to the pose estimation. We
store this offset Xcenter and later apply it also to the ground
truth translation when comparing it to the estimated translation.
The formula for applying the offset to the ground truth is:

tgt,centered = tgt + Rgtxcente'r (8)

4. Experimental Setup
4.1 Implementation

Our evaluation is built upon the repository Glue Factory'
(Lindenberger et al., 2023; Pautrat et al., 2023). For our ex-
tensions to this code base with additional methods and data
sets, we rely on the libraries OpenCV? and Kornia® (Riba et
al.,, 2020). The pose estimation was done with OpenCV’s
Perspective-n-Point* implementation with RANSAC outlier re-
moval, while parameter  of RANSAC set consistently for all
methods to 10. We used NVIDIA GeForce GTX 1060 6GB,
Intel® Core™ i7-9700-Processor.

4.2 Data

We evaluate the methods in two steps: First, we use common
evaluation strategies with a generic dataset, and second, we use
our custom analysis and dataset.

4.2.1 Generic Datasets Following the evaluation by
Lindenberger et al. (2023), we tested the classical and learnable
methods on common benchmarks, namely HPatches (Balntas
et al., 2017) and the Megadepth-1500 (Li and Snavely, 2018)
image pairs. The first dataset comprised image sequences
whose members can be geometrically related by homographies
and vary either in intensity or geometry. The evaluation metric
was based on estimated and ground-truth homographies. The
second dataset contained 1500 image pairs designed using
images from the scenes of St. Peters Square and Reichstag
from the larger Megadepth dataset. The geometric ground

https://github.com/cvg/glue-factory/
https://opencv.org/
https://kornia.readthedocs.io/en/stable/

1
2
3
4 https://docs.opencv.org/3.4/d5/d1f/calib3d_solvePnP.html
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truth was given by epipolar geometry and was provided by
relative poses computed with the Structure-from-Motion (SfM)
pipeline COLMAP (Schonberger and Frahm, 2016).

422 TUM2TWIN: Our Custom Image-Model Dataset
We extend the evaluation with our application-specific data-
set. The texture images of the semantic CityGML LoD2 build-
ings are from the open-source project TUM2TWIN® (Wysocki
et al., 2025). The camera images were acquired by a propriet-
ary mobile mapping vehicle platform by 3D Mapping Solutions
GmbH with a Real-Time Kinematic (RTK) system. Further-
more, unmanned aerial vehicle (UAV) images from the TUM
photogrammetric reconstruction (Anders et al., 2025), which
show facade parts, were selected. The horizontal coordinates
were given in the ETRS80 frame and were projected to UTM
of EPSG:25832.

One set of camera images was captured on a moving car dur-
ing a mobile laser scanning campaign by the mobile mapping
vehicle. We used images from two of the four mounted cam-
eras, which gave the best views of the facades. As both the
given camera parameters and poses differ in the notation and
definition, we converted them to the standard OpenCV format®.
We constructed the rotation matrix and translation vector from
the provided altitude and trajectory information. The principal
operation on the given camera calibration information was to
convert the parameters to our image coordinate system defini-
tion and to pixels.

The UAV images were posed during the photogrammetric re-
construction with the commercial software Pix4Dmatic (An-
ders et al., 2025). The following conversion was applied to the
global shift of the 3D reconstruction stored in the OPF file, and
a height offset of AU = —45.66 m. The latter is caused by
different reference ellipsoids used for the height system, which
is the former German official ellipsoid Bessel for the models
and the global ellipsoid WGS84 for the UAV data. The final
datasets consist of 622 pairs for car-texture and 18 pairs for
UAV-texture.

4.3 Evaluation Metrics

The evaluation pipeline on the HPatches and Megadepth-1500
datasets is inspired by the evaluation of (Lindenberger et al.,
2023). For our datasets, we customized their methods. We used
the same settings for image resizing and limited for the top
matches. Minor differences are that we always used standard
OpenCV estimators with RANSAC for outlier removal, and the
resizing for Megadepth-1500 and TUM images is set to 1024
pixels in the larger dimension for the dense matcher LoFTR
and DISK.

The evaluation of models consists of three main metrics as used
by Lindenberger et al. (2023). First, the evaluation of matches
using ground truth involves computing the mean precision at
different thresholds. Second, RANSAC estimates of the geo-
metric relationship are assessed using mean number of inliers,
mean percentage of inliers, the area under the curve (AUC) of
the geometric error—recall curve for different thresholds, mean
average accuracy (computed as the mean of the AUCs), and the
median error. Finally, the evaluation of matches considers the
mean number of keypoints and the mean number of matches
among the keypoints.

3 https:/tum2t.win/
6 https://docs.opencv.org/4.x/d9/d0c/group__calib3d.html

For individual datasets, HPatches is evaluated based on the re-
projection error using the ground truth homography and the ho-
mography error, defined as the mean reprojection distance of
corner pixels. Megadepth-1500 is analyzed through the dis-
tance to the epipolar line using the ground truth relative pose
(essential matrix) and the relative pose error, which is computed
as the maximum angular difference between the estimated and
ground truth translation vector and rotation (decomposed from
the essential matrix). Lastly, we assess our TUM data using
the reprojection error based on the ground truth absolute pose
(projection matrix) and the absolute pose error, which meas-
ures both rotation (angular) and translation (metric) differences
between the estimated camera pose (using the PnP algorithm)
and the ground truth camera pose.

5. Results

This section presents our results for the evaluation on both gen-
eric and our custom datasets.

5.1 Results for the generic data sets

Model mPrec. | AUC | miInl. | med.Err
@3px | @5px [px]
SIFT+FLANN 0.94 0.66 151 1.0
ORB+NN 0.55 0.43 45 3.1
AKAZE+NN 0.64 0.56 171 1.6
SP+SG 0.93 0.69 102 1.1
SP+LG 0.94 0.68 102 1.1
DISK+LG 0.97 0.65 158 1.2
LoFTR 1.00 0.74 992 0.7

Table 2. Selection of results for HPatches.

Table 2 summarizes our results for the HPatches dataset.
It shows that SIFT+FLANN are comparable to the learn-
able methods, and the FLANN matcher leads to only a few
wrong matches, whereas especially ORB+NN shows worse
results and a high amount of outliers in the matches. The
AUC of the homography error up to five pixels is similar but
not identical to the values given in the literature for Super-
Point(SP)+SuperGlue(SG) and SuperPoint+LightGlue(LG)’
and for LoFTR (Sun et al., 2021).

Model mPrec. AUC Time
@1e-3 @5/10/20° [s/pair]
SIFT+FLANN 0.70 0.31/0.45/0.58 0.41
ORB+NN 0.24 0.08/0.15/0.25 0.10
AKAZE+NN 0.27 0.13/0.24/0.38 0.28
SP+SG 0.77 0.48/0.65/0.79 0.48
SP+LG 0.80 0.51/0.68/0.81 0.39
DISK+LG 0.86 0.46/0.63/0.76 1.20
LoFTR 0.61 0.35/0.55/0.71 0.73

Table 3. Selection of results for Megadepth-1500.

For the Megadepth-1500 evaluation, we provide a selection of
metrics in Table 3. For this dataset, the learnables clearly out-
perform the handcrafted methods. The differences between the
methods were now more distinct, with again ORB+NN and
AKAZE+NN showing the lowest, SIFT+FLANN an interme-
diate, and the learnables the highest performance in the order

7 Results for SuperPoint+SuperGlue and SuperPoint+LightGlue using
the OpenCV RANSAC estimator are given in the GlueFactory re-
pository https://github.com/cvg/glue-factory. The values in the article
(Lindenberger et al., 2023) are different since they are computed using
MAGSAC for outlier removal.
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LoFTR, DISK+LightGlue, SuperPoint+SuperGlue, and Super-
Point+LightGlue respectively. Again, the NN-matcher based
methods have a high percentage of outliers. However, the
runtime of the binary features ORB and AKAZE is still fa-
vourable compared to the learnable methods, even though they
were paired with the computationally intense nearest-neighbour
search. Again, our values for the AUC of the relative pose error
at the thresholds of 5/10/20°for SuperPoint combined with Su-
perGlue and Lightglue were in the same range but not identical
to (Lindenberger et al., 2023).

We also recorded instances where the models performed differ-
ently than in the literature. For DISK, we recorded unusually
high runtimes which were inconsistent with the values given,
e.g., by Lindenberger et al. (2023). The other method with un-
expected behaviour is LoFTR. The dense matcher should out-
perform the two-step methods ((Sun et al., 2021), (Lindenber-
ger et al., 2023)). However, our AUCs on Megadepth-1500
were considerably lower than the ones in the literature (Sun et
al., 2021; Lindenberger et al., 2023). The difference might be
due to the implementation being used from Kornia instead of
the original code or by different resizing parameters.

5.2 Results for the custom image-model pairs

We evaluated the results on our first custom image-model car
dataset (Table 4). The AUCs were now given separately for the
translation error and the rotation error. Even though the results
were limited by the difficulty of the matching task and geo-
metric estimation as well as the inconsistencies of the datasets,
they still shown differences in the performance of the meth-
ods. Whereas the handcrafted methods failed completely, the
learnables were still able to cope to a certain degree. Super-
Glue+LightGlue performs best under these challenging condi-
tions. The results for our second custom dataset of image-model

Model mPrec. | AUC | AUC | miInl
@30px | @3° @Im

SIFT+FLANN | 0.019 | 0.002 | 0.007 0
ORB+NN 0.004 | 0.000 | 0.000 0
AKAZE+NN 0.004 | 0.000 | 0.000 0
SP+SG 0.146 | 0.108 | 0.081 3
SP+LG 0.247 | 0.155 | 0.090 12
DISK+LG 0.295 0.093 | 0.081 11
LoFTR 0.153 0.088 | 0.050 6

Table 4. Selection of results for TUM car-texture.

UAV images are shown in Table 5. As the number of pairs is
relatively small for this one, the results might not be as repres-
entative as the car dataset. However, the UAV-based acquisition
introduces a new perspective and stronger intensity changes due
to shadows (Figure 7). The even more challenging nature of
the UAV-texture pairs is also reflected in the results. Again, the
classical methods fail in all cases, and the learnable methods are
partially unable to match the images. Again, the best perform-
ance is provided by the SuperPoint+LightGlue combination.
Figure 7 illustrates our observation that for our buildings data-
sets with oblique views, repetitive structures, and small portions
of overlap, the usage of a method with a keypoint extractor plus
attention-based matching as used by SuperPoint+LightGlue and
SuperPoint+SuperGlue seems promising.

Model mPrec. | AUC | AUC | mlinl.
@30px | @3° | @5m
SIFT+FLANN | 0.000 | 0.000 | 0.000 0
ORB+NN 0.003 | 0.000 | 0.000 0
AKAZE+NN 0.000 | 0.000 | 0.000 0
SP+SG 0.073 | 0.076 | 0.090 3
SP+LG 0.111 0.093 | 0.126 3
DISK+LG 0.008 | 0.076 | 0.035 0
LoFTR 0.019 | 0.038 | 0.040 5

Table 5. Selection of results for TUM UAV-texture.

superpoint+li

TR E

Figure 7. Example for learnables UAV-image-to-texture
keypoints (blue), matches (red) and matches below re-projection
error threshold of 30 px (green).

6. Discussion

In the following, we point out some limitations of our pro-
posed feature matching evaluation with textures from semantic
CityGML building models and camera images.

With the fast developments in deep learning on images, our se-
lection of methods is already quite restricted with only pure fea-
ture matching methods. The recent, more general frameworks
such as MASt3R (Leroy et al., 2024) and VGGT (Wang et al.,
2025), where two-view image matching is only one by-product,
might also be promising for our application in the future.

One limitation of using the learnables on our custom datasets
is the domain shift from projective geometry to orthorectified
texture images. However, as no training data is available, we
have to rely on the pre-trained models and rely on their gener-
alization capability.
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One drawback of the coarse LoD2 models is the limited accur-
acy of the computed world coordinates for texture image loc-
ations. All objects that are out of the facade’s plane have an
error in their assumed world coordinates, depending on their
geometry. For example, in Figure 6, the roofing and certain
facade parts do not lie in the planar facade face. If the num-
ber of out-of-plane matches is large, the pose estimation will
certainly deteriorate.

Another drawback yet to be solved are the dataset inconsisten-
cies. As the image data was collected from different sources,
they do not align perfectly. Even though all involved datasets
are in absolute coordinates (UTM projection + height), the in-
dividual datasets differ within the range of decimeters. This
is exemplarily visualized in Figure 8, which shows the edges of
the facade face from the CityGML file together with the car and
UAV point clouds colored in the point-to-facade-plane distance.

Figure 8. Car and UAV point cloud and facade edges (pink
circles), colored in point to plane distance.

Figure 8 shows the decimeter-range differences in the edge po-
sitions as well as in the facade planes. This explains, at least
partially, why our estimated poses differ in a similar magnitude
from the ground truth and the re-projection error is in the range
of tens of pixels even when the matching is successful. Fig-

L
e Picked Points
« Projected Points

Figure 9. Error between manually picked points and projected,
corresponding facade points using ground truth pose.

ure 9 illustrates the re-projection errors using the ground truth
pose for manually picked matching points in the image and the
facade.

Another limitation of our method is the challenging geometry
for estimating the pose. Especially for some car images, the
keypoints are expected to be ill-distributed in the image due to
oblique views and the limited extent of the facade in the image
(Figure 9). Furthermore, our keypoints are restricted to a planar

scene, which might be unfavourable for the PnP algorithm. One
solution could be to include the textures of several faces.

7. Conclusion

Our experiments confirm that the investigated learnable
pipelines for feature extraction and matching perform bet-
ter than the handcrafted ones. Our evaluation suggests that
among the learnable methods, SuperPoint+SuperGlue and Su-
perPoint+Lightglue perform better on our challenging custom
dataset, whereas the handcrafted methods show limited per-
formance.

Since it is possible to determine correspondences between the
facade textures and a query image, the textured models can be
used for positioning with prior knowledge of the viewed build-
ings. However, due to the simple models and their unknown
accuracy, this might only work for coarse or relative position-
ing. Given that the goal is to derive highly accurate absolute
poses from the models, a thorough survey of their quality and
the reliability of the ground truth poses of our datasets needs to
be done beforehand.

Future mobile mapping applications could investigate whether
matched world coordinates from the facades can successfully
be used as landmarks for SLAM-based positioning of the car or
the UAV. Another direction could be to compare the visual loc-
alization capabilities of our direct texture-image-to-image ap-
proach to other methods, e.g., rendered-model-image-to-image
or using different model types as reference.
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