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Abstract

Exact 6DoF pose estimation is key to achieving high-quality CityGML LoD3 and BIM fagade element reconstruction from urban
monocular 2D RGB images. We present an implementation and experimental evaluation of our extraction pipeline for Scale-
Invariant Object Contour Points (SIOCP). Our pipeline fuses processed information from 2D RGB images, IMU, GNSS+RTK,
and LoD?2 data to derive precise contours of regularly shaped objects and stable keypoints for 6DoF pose estimation. The image-
processing pipeline is implemented using YOLOvVS8, SAM, and enhanced classical algorithms. Furthermore, the keypoint descriptor
is based on a hierarchical object catalog that fully describes fagades and the interdependencies of their elements in spatial and
temporal contexts. This descriptor methodology enables reliable keypoint matching across texture-rich and detailed facade images
from different perspectives, where classical methods partially fail in the benchmark. The implementation is still being refined. In
summary, we present SIOCP as a key component for accurate 6DoF pose reconstruction, with future integration planned for LoD3

and beyond in building reconstruction.

1. Introduction

Image processing and edge Al have reached the mass market.
This cross-sectional technology enables greater independence
for users and can be considered a catalyst for new applica-
tions. Example applications include barrier-free autonomous
navigation, do-it-yourself accessible Level of Detail 3 (LoD3)
(Groger et al., 2012) building model reconstruction for energy-
efficient renovation, urban planning, or simulation. However,
LoD3 building reconstruction has not yet reached the mass mar-
ket. This is mainly due to the lack of cost-effective real-world
digitization technologies, which are mainly based on mobile
laser scanning (MLS) and semi-automated data processing. As
a result, only a limited number of real-world European LoD3
datasets are available, such as SAVE (Schwab B. and Wysocki
0., 2021) and TUM2TWIN (Wysocki et al., 2025). Address-
ing the challenge of cost efficiency has led to photogrammetric
approaches and data migration techniques for generating LoD3
building facades from panoramic street-view images (Ma et al.,
2026, Tang et al., 2025). A key prerequisite for this is accurate
6DoF pose estimation due to keypoint matching. The problem
we address is that most existing feature-level keypoint extract-
ors do not extract sufficient points for matching 6DoF-varied
images of the same building facade.

To address this challenge, we propose a novel implemented
pipeline for the extraction of scale-invariant object contour points
from monocular 2D RGB images. The method is based on
fagade element instance segmentation, image processing, LoD2,
and IMU data. This paper contributes a key component inten-
ded to simplify future building reconstruction at LoD3 and bey-
ond. In particular, it seeks to lower the technological entry bar-
rier by enabling implementation on handheld devices such as
smartphones. Furthermore, the proposed approach supports fu-
ture object-based applications in environmental perception and
interpretation.

2. Related Work

This work originated from the idea of autonomous object-
based outdoor localization by a mono-camera system. How-
ever, this idea initially faced a ’chicken-and-egg problem’,
because neither object-based datasets nor relocalization al-
gorithms were available. Consequently, a handcart equipped
with a 720°gimbal, a monocular camera, and an IMU was built
for precise environmental image acquisition. Additionally, in-
tegrated GNSS RTK enables an absolute 6DoF pose estimation
(Frank et al., 2024). Using the handcart, the facades of the
Fallenbrunnen campus in Friedrichshafen and the TUM Rog-
genstein experimental farm were digitized using 12 MP images
taken at 5°ntervals. The high image resolution enables detailed
facade element instance segmentation into 39 classes (Frank et
al., 2024a). Based on this annotated dataset, a methodological
reconstruction pipeline for LoD3 and BIM facade modeling was
invented (Frank et al., 2025). A key component of the pipeline
is the extraction of scale-invariant object-contour points for ac-
curate 6-DOF pose estimation for each image.

This is where our paper contributes by implementing the SIOCP
pipeline. Panoramic street view image approaches for LoD3
facade opening reconstruction (Tang et al., 2025, Ma et al.,
2026) utilize spatial geometric information from 3D building
models for the orthogonal reprojection of rectified image tiles.
These orthogonal images are segmented using Semantic SAM
or TernausNet. The Texture2LoD3 model is inspired by Zhu
et al. (Zhu et al., 2022) for the best way of image projec-
tion. This enables tile stitching using SIFT and RANSAC, as
well as ray casting of the quadrilateral fitted mask. In contrast,
Ma et al. perform manual cropping to mitigate distortions, pri-
vacy masks, and blurriness for the best matching. Subsequently,
camera parameters are estimated to enable the spatial recon-
struction of facade elements.
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Both approaches differ from the SIOCP embedded reconstruc-
tion approach (Frank et al., 2025), which directly estimates
facade elements within the high-resolution 12 MP images and
reconstructs the building utilizing their georeference and Struc-
ture from Motion (SfM). The success of image stitching and
SfM fundamentally relies on robust feature point extraction
and matching. However, when evaluating well-established fea-
ture extraction algorithms—such as ORB (Rublee et al., 2011),
SIFT (Lowe, 2004), FAST (Rosten and Drummond, 2006),
FREAK (Alahi et al., 2012), BRIEF (Calonder et al., 2010), and
BRISK (Leutenegger et al., 2011)—alongside common match-
ing techniques (NNS (Arya et al., 1994), KNN (Cover and Hart,
1967), FLANN (Muja and Lowe, 2009), and RANSAC (Fisc-
hler and Bolles, 1981)), significant limitations became appar-
ent. Applying these methods to the Fallenbrunnen and Roggen-
stein images yielded poor results. This was due to the many
repetitive patterns in the images, which led to too many fea-
tures being extracted, making it difficult for RANSAC to find
reliable matches. Finally, a 6DoF pose estimation starting with
eight points (Longuet-Higgins, 1981, Hartley, 1997) does not
produce acceptable results.

To address these challenges, SIOCP was invented to system-
atically extract and match keypoints in facade images. The
SIOCP is a byproduct of 2D image photogrammetry building
reconstruction utilizing classical computer image processing al-
gorithms from OpenCV (Bradski, 2000), Scikit (van der Walt
et al., 2014). Additionally, it leverages deep learning, such as
YOLOVS-World (Cheng et al., 2024) for object detection and
SAM (Kirillov et al., 2023) for instance segmentation.

3. Methodology

This section outlines a SIOCP-based methodology for practical
implementation. The first subsection provides a formal defini-
tion of the SIOCP, followed by a strategic subsection describing
the SIOCP extraction workflow. Finally, we present an updated
system architecture, which leverages enhanced modules to op-
timize feature extraction from urban street-view images.

3.1 Definition of SIOCP

The definition of a SIOCP is a unique and stable point in both
a 2D RGB image and 3D space. The single SIOCP is linked
to an object and its relative position on a planar surface. The
matching of SIOCPs is performed using inter-object depend-
encies in 2D images. In particular, we propose that SIOCPs
typically correspond to rectilinear object contour edge points.
These edges are typically derived from structures such as build-
ings, windows, doors, casements, and balconies. Consequently,
a single straight line, defined by its two endpoints, results in
two SIOCPs.

3.2 Strategic Description of the SIOCP Extraction
Pipeline

This subsection introduces the general image processing work-
flow required for SIOCP extraction to provide a clearer under-
standing of the methodology. The simplified sequence of these
individual steps is visualized in Figure 1. Before describing
the SIOCP extraction steps, the handcart-based data collection
system is introduced. The data collection system consists of
a handcart-mounted 360° gimbal with a 12 MP Sony IMX477
camera and 16 mm lens. Images are acquired at 5° intervals,

1. Spatial Orientation (IMU, GNSS + RTK)
Position
2. Building Model = LOD2 vs. Position
Identifiedyimages

Single 12MP image processing

3.Exact 6DoF pose estimation
4. LOD2 obj. contour projection on image plane
5. Image Processing / Facade element contour extraction

6. Refinement, matching, plausibility of contours

Object contour, SIOCP descriptor

Figure 1. Block diagram of the SIOCP extraction pipeline.

yielding georeferenced high-resolution images with associated
6DOoF poses (Frank et al., 2024).

Starting with the first step, the general millimeter-exact position
and spatial orientation of the handcart and its gimbal-mounted
camera is estimated by GNSS+RTK and IMU data. The spa-
tial ego-position is used in the second step to identify, from the
point of view of the handcart, the directly visible surrounding
CityGML LoD?2 buildings along the line of sight. Each build-
ing is used to identify by its outer contour in azimuth and el-
evation to relate images from the point of view of the hand-
cart. The next step begins with the single image processing
for SIOCP extraction. Beginning with the third step, the ex-
act single-image 6DoF pose is estimated. The 6DoF pose is
used in the fourth step to crop the image ROI according to the
LoD2 building-related wall due to image plane projection. Fur-
ther, the VP of the wall is determined for filtering. The fifth
step is the image processing fagade object instance segment-
ation and its contour extraction. Step six is the fusion of the
object instance mask, its contour from the image, and LoD2 in-
formation. The matched contour is afterwards refined on the
pixel sublevel to improve accuracy. Further, the plausibility of
inter-object dependencies (Frank et al., 2024a) is checked. This
also leads to the SIOCP, which references the point by one or
more lines, buildings, facades, and hierarchical object relations.
The seventh step indicates the iterative procedure of hierarch-
ical object extraction of the facade elements. An example of
inter-object dependency is a building wall, a window casement,
a window frame, and a glass.

3.3 System Architecture Adaptation

The overall system architecture of the proposed SIOCP extrac-
tion is illustrated in Figure 2. The purpose of this section is
to provide an overview of the various enhanced modules and
processing domains for SIOCP extraction for practical imple-
mentation. Thus, modifications and extensions of the original
concept (Frank et al., 2025) are described. Detailed descrip-
tions of the individual modules are provided in the implement-
ation section 4. The architecture is divided into four domains.
Three of the domains rely on prior main information sources
and their processing sensor data, building a model and an im-
age processing. The fusion domain integrates outputs from the
sensor, image processing, and building-model domains to gen-
erate SIOCPs, edge lines, and additional information for the
subsequent 3D reconstruction process. The sensor processing
domain is enhanced by a coordinate transformation module.
The gimbal module is also able to deliver a horizon and 6DoF
with every image. Further, an excentric drift compensation was
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Figure 2. System architecture of single components and their
dependencies.

invented to minimize orientation and northing errors in multiple
images. The building model domain was enhanced with a 2D
and 3D simplification for visible building and facade estimation
from a point of view. Building vanishing point extraction en-
ables shade estimation and is used in the image processing do-
main for edge filtering or image reprojection, for instance seg-
mentation. The image processing domain was updated across
all modules. In addition, an image VP edge extractor was im-
plemented for buildings without LoD2 information. The fusion
domain is a completely new implementation of all components.
Detailed information is provided in the next section.

4. Implementation and Integration SIOCP

The implementation section details the practical implementa-
tion of single modules. Considering the various modules of
the system architecture, this section focuses exclusively on the
modules developed for SIOCP extraction.

4.1 Coordinate Systems

The extraction of SIOCPs depends on seven distinct oriented
coordinate systems. The global reference is the World Coordin-
ate System (WCS), which contains the handcart and the LoD2
building models. The handcart itself utilizes a vehicle coordin-
ate system oriented according to DIN ISO 8855, serving as a
reference for relative sensors. In addition, the GNSS+RTK sys-
tem has a dynamic offset relative to the gimbal-mounted camera
and IMU. Both sensors are eccentrically mounted on the gim-
bal. Therefore, a 6DoF pose correction for the camera was im-
plemented. Finally, the image sensor plane coordinate system

has to be mentioned. To validate the system and its assump-
tions for SIOCP extraction, all coordinates are transformed into
a local Cartesian ENU-oriented coordinate system.

The eccentricity correction compensates for the longitudinal
and lateral rotational displacements of the camera between con-
secutive images.

The algorithm requires at least one common SIOCP in the two
images. The two focal points form a baseline with known
angles by the image plane and the camera matrix, and the gim-
bal rotation. The SIOCP acts as the third vertex, completing the
triangle. The distance to the SIOCP is estimated by a projection
onto the corresponding LoD?2 building wall. Finally, the error is
proportional to the depth estimation and its accuracy. For short
distances of 9 to 10 m, a baseline of 4 cm by 1 m distance error
leads to an angular error of approximately 46",

4.2 LoD2 Feature Derivation

In Germany, modern city models are managed by municipal ad-
ministrations and are mainly based on aerial photogrammetry,
airborne laser scanning (ALS), 2D building footprints for ca-
dastral records, and architect-created LoD2.3 models. Reusing
this LoD?2 data to create LoD3 and beyond fagades is not a new
idea (Frank et al., 2025, Tang et al., 2025, Ma et al., 2026). The
outer building contour is derived through 2D and 3D simpli-
fication of the models, employing co-linearity and co-planarity
checks. In this process, edges connecting two or more planar
surfaces are identified for subsequent SIOCP extraction. Be-
fore 2D and 3D simplification, an achievable real-world accur-
acy threshold of 5 mm is defined by a coplanar pixel width of
the image plane. Applied to the pinhole projection of a pixel
IMX477 equipped with a 16 mm lens, a distance of around
51.65 m s calculated. The estimated distance is used to identify
buildings and facades around the handcart ego-position.

Therefore, the LoD2 building models are projected orthogon-
ally to the ground. The buildings and fagades visible from the
handcart’s ego-pose within the Field of View (FoV) are first es-
timated using 2D projections in the polar coordinate system.
In the second step, 3D raycasting is used to identify building
fagade-associated images of the 5°spherical gimbal records. By
applying the inverse camera matrix, the outer contours, facades,
and points of the LoD?2 buildings are projected onto the image
plane according to the 6DoF pose. This projection serves as a
region of interest (ROI) in the image to improve performance
and associate buildings, fagades, and their elements with the
image. In summary, this is the link between an image and a
building model for SIOCP extraction. To refine the results, a
coarse alignment of the LoD2 image plane projection is per-
formed using the northing and horizon data provided by the
sensor section.

The vanishing point module calculates LoD2 building facade-
related vanishing points for an associated image and its 6DoF
pose. The objective is to filter edges extracted from the image
without requiring a quadrilateral orthogonal reprojection. A de-
tailed description is given in the following image processing
section.

4.3 Image Processing and Integration

The image-processing pipeline consists of object detection, in-
stance segmentation, and CV algorithms.
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The object detection and instance segmentation pipeline us-
ing YOLO-SAM follows the detailed idea and implementation
from the research (Frank et al., 2025). In this research, the
ground truth dataset was expanded to 570 images with object
instances up to 15,104. Furthermore, hyperparameter tuning is
used to fine-tune YOLOv8x-Worldv2 (Cheng et al., 2024) and
YOLO11x (Jocher and Qiu, 2024), refining the bounding box
prompts and improving detection accuracy.

Secondly, the CV algorithm modules, primarily based on
OpenCV (Bradski, 2000) functions, were significantly refined
to enhance overall accuracy. A new edge detection pipeline
was implemented to improve the results. We tried a collec-
tion of different line detectors (Vincentqyw, 2023), however,
the results never met our standards. We previously enhanced
Canny edge detection using skeletonization and combined it
with HoughLinesP (Frank et al., 2025).

The resulting vectors have different orientations, which is
where our padding algorithm is applied. To reduce fragmen-
ted line detections, nearby vector segments with similar orient-
ations are merged into a single representative segment:

li = (Pi,1, Pi,2) s Pik = (Tik, Yik) )
Its orientation is computed as,
0; = atan2(yi,2 — ¥i,1, Ti,2 — 4,1) mod 7. 2)

The modulo operation in (2) ensures that antiparallel directions
are treated as equivalent. Two lines I; and [; are considered
angularly compatible if their circular angle difference satisfies,

Agij = mln(|91 — 9j|, ™ — ‘(91 — (9]‘) S Gmax. (3)

In addition to the angular constraint in equation (3), spatial
proximity is verified by testing whether at least one endpoint of
either segment lies within a maximum perpendicular distance
dmax to the other segment. Hence, two segments are grouped
if they are both orientation-consistent and spatially adjacent.
Starting from one segment, the group is expanded iteratively
until no further compatible segments can be added.

For each final group, all segment endpoints are collected, and a
single regression line is estimated by

y =mz +b, “4)

using linear least squares over all points in the group. The
merged segment is then defined by evaluating (4) at the min-
imum and maximum x-coordinates of the group. In this way,
the method produces longer and more stable lines.

The perspective transformation is used to improve instance seg-
mentation results by providing an orthogonal view of the planar
walls of the facade. This process involves projecting the four
quadrilateral points of an LoD2 wall onto the image plane.
Equation (5) projects a world point P, to the image plane p.
Therefore, P, relative translation to the camera’s central point
C' is calculated in the ENU coordinate system and transformed
to the camera pose via its rotation matrix R. The camera mat-
rix K is used to perform a perspective projection to the image
plane.

p~K[R| —RC] {P;} 5)

Lastly, the projected points on the image plane are used for
building ROI and its edges and using quadrilateral points to
warp the image for an orthogonal view (Bradski, 2000). Fig-
ure 4 illustrates this process in the second and third pictures.

The line refinement module is developed to improve the accur-
acy of the edge line at the sub-pixel level. The process begins
with a grayscale conversion of the input image. A padded edge
vector is overlaid, and along in equally distant steps, orthogon-
ally the intensity level curve is analyzed. Figure 3 illustrates
an edge with non-linear characteristics. At every equal distance
step, five to eight orthogonal pixels are sampled on both sides
of the edge. Along the orthogonal, a height of at least one pixel
describes an area. For each pixel within this area, a new area-
weighted intensity value is calculated from the grayscale source
(black frame). These calculated values are then convolved with
a Point Spread Function (PSF) to determine the exact inflection
point of the edge intensity curve. In cases where multiple in-
flection points occur, the one exhibiting the highest gradient is
selected. The PSF used in this model was empirically determ-
ined using a 1 mm aperture placed in front of an LED posi-
tioned at a distance of 20 m. Finally, a best-fit line is calculated

Ori’

Inflection points of PSF-convolved signal

® : ® Original pixel
—— | —— PSF-convolved signal
175 B o — ] I —— second derivative
— 1 = Inflection point at x=2.244

150 T
I —
I
|
I

125

Figure 3. Example for PSF-based edge correction.

by PSF-determined inflection points and is assumed as an edge.
4.4 SIOCP Extraction and Uniqueness

Figure 4 illustrates the fusion process of the SIOCP extraction
module, which combines results from instance segmentation,
edge and line extraction, and LoD2 image plane projection.
The extraction process for each identified building originates
from its visible and longest outer vertical edges that intersect
the ground plane. These edges serve as a reference to com-
pensate for northing errors or vertical wall separations within
the buildings. Around the LoD2 edges, an ROI is defined to
find associated images with possible edges. This is necessary
due to differences between the real-world building and LoD2
models. In a nutshell, the LoD2 model is used in SIOCP ex-
traction just for ROI search determination and associating the
SIOCP point itself with a building and a wall and may further
sub-wall IDs from the LoD2 models.

The fusion starts with the projected wall of the LoD2 building
to the image plane, where the ROI window is extended ortho-
gonally to the edge. The matching in ROl is fulfilled by the fol-
lowing criteria, where two instance-segmented walls touch on
an edge, and the edge endpoints must be unique in 3D space.
A matching line is selected according to an iterative closest
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Figure 4. Enumerated, stacked images explaining the SIOCPs
extraction process by order numbers: 1* LoD2 Building, 2"
vertical edges, 3™ LoD2 ROI mask, 4™ extracted padded image
lines, 5" image instance segmentation, 6™ estimated SIOCPs

point (ICP) algorithm that brings together edge line vectors in
length and position. Equation (6) formulates a nearest-neighbor
matching under a distance constraint and a greedy one-to-one
assignment.

my = argmin,, ¢, ||[(Rp: +t) — m||2 (6)

Figure 5 illustrates the hierarchical linking of objects to the
SIOCP. The building (1) is linked to a wall (2). The wall has an
edge and is linked to an edge, the next child is a window case-
ment (3). Steps 2 to 3 are repeated iteratively for inheritance
according to the object hierarchy for every new sub-object car-
rying new detailed information, e.g., a window frame. Finally,
the last object links the SIOCP to an edge.

(1] R (2] i\\\f (3]
BN < [

leg]j _’J}E/D’

Figure 5. SIOCP hierarchical object class and edge linking:
Building (1, root), wall + wall edge (2, child 1), window + edge
to SIOCP (3, child 2)

The SIOCP extraction follows a top-down approach, from large
(building) to detailed (window handle) objects. Depending on
the object class, the edges are approached either internal or ex-
ternal at the ROI. Derived from LoD2 dimensions and vanishing
points, the relative positions of sub-objects on the wall and fur-
ther linked objects, as well as their IDs are stored in the SIOCP.
Figure 6 illustrates the SIOCP descriptor, which contains in-
formation about object dependencies to SIOCP and referenced
images. The inter-object descriptions establish a semantic link
between the SIOCP of a primary object and its inherited sub-
objects. Due to systematic extraction, there is no search al-
gorithm, like RANSAC, necessary to connect multiple images.

SIOCP Descriptor
Root object (e.g. house1)
ID; abs. position & class

Child 1 object (e.g. wall1)

ID; rel. position . - class@edge ID; Edge rel. position
Child n object (e.g- window casement)
ID; rel. position . . class, edge ID; Edge rel. position

SIOCP point (e.g. yellow point)

ID; rel. position , Z abs. position

List of Images
Nr; XY coords., 6DoF Vector iy

Figure 6. SIOCP descriptor referencing objects and images.

5. Experiments and Results

This section presents experiments and results specifically from
modules and components developed for SIOCP extraction. Due
to space constraints, this section focuses on the most significant
results and key performance metrics.

The coordinate system registration is an essential prerequisite
for 6DoF image processing. IMU and gimbal data are processed
and combined with optical stabilization extracted from images.
Table 1 summarizes the accuracy results from all involved com-
ponents. The lateral position is in the sub-millimeter range. But
the IMU drift offsets have to be compensated for by the plumb
vector orthogonal plane horizon crossing the images. The ho-
rizon accuracy was determined by real-world captured images
with horizon markings, marked with a leveling line laser. Fur-
thermore, the inter-image rotational movement errors are the
WOTSt-Case errors.

Additional information
by several 100 samples

Datatype Motion Accuracy

GNSS+RTK (fixed point) Gimbal translational < 1 mm

Backlash compensated Gimbal rotational

IMU (datasheet accuracy) rotational 2°

IMU (offset, drift in dataset) rotational 3°

PlumbVector rotational < 1mm @1.2m plumb
Horizon (Plumb to Image 6DoF Pose)  rotational 1-3 pix

Images to image (horizon or vertical)  rotational  2xlpix = 39.22”

< 46" @ 1 m depth error

by several 100 6DoF poses

image review

£ = 16.38mm, pixyign = 1.55um
eccentricity-induced worst-case

rotational error due to depth estimation

Table 1. Overview of sensor data and its accuracies.

LoD2 buildings are primarily used to estimate VPs, wall quad-
rilateral points, and ROIs for edge detection. The VP estima-
tion shows a high reliability and delivers good results for line
filtering. For validation, we projected building walls onto the
image plane. Subsequently, the VPs of the buildings in the im-
ages were estimated by the intersection of the edge lines. Real-
world images and LoD2 VPs are close together, their use in a
VP-based line filter resulted in a maximum error of 0.83°. This
result is applicable for general VP filtering and quadrilateral
point image reprojection for instance segmentation. Applying
LoD2-based ROIs for edge detection via image projection re-
mains challenging because real-world buildings deviate from
their LoD2 models in geometric dimensions and 6DoF poses.
These discrepancies result in significant errors, for example, at
Campus Fallenbrunnen, one building is nearly 5 m longer, and
another one has a height offset of about 3 m. Figure 7 visual-
izes the height offset. Without correction or assumptions, ROI
edge search is not generalizable. Therefore, most of the vertical
LoD2 edges serve as features because they are mostly visible
and can be matched in an image. The upper endpoints of these
vertical edges are utilized to compensate for LoD2 height off-
sets, while the lower edges often end on uneven terrain.

In the Image Processing — Object Detection and Instance
Segmentation module, 55 hyperparameter-tuning iterations
were performed. The decreasing box losses on both the train-
ing and validation sets indicate improved object detection and
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Figure 7. LoD2 offset in dataset projected on image, resulting in
VP height offset

bounding box localization across 39 classes. However, the res-
ults of both models showed a slight overfitting toward the end
of the 500 training epochs.

The distribution focal loss and classification loss converge
slowly and remain relatively high for both the training and
validation sets, likely due to class imbalance and the lim-
ited dataset size. Among the evaluated object detection mod-
els, YOLOv8x-Worldv2 outperforms YOLO11x. The best
YOLOv8x-Worldv2 configuration was obtained at the 25"
tuning iteration, achieving an mAP@50 of 0.768 and an
mAP@50-95 of approximately 0.571. In comparison, the best
YOLO11x configuration was obtained at the 44™ jteration, with
an mAP@50 of 0.715 and an mAP@50-95 of 0.487.

The edge refinement has been tested on a real-world-captured
yield traffic sign. This traffic sign is a regular-shaped triangle,
and our test case has a leg length of 90 cm. For the whole
test case, ground truth data is available. The car was driving
along on a road, and the triangle was in the FoV from 65 to 14
meters. At least the absolute distance of the triangle was es-
timated by normal and refined edges. The mean depth error of
Canny edges decreases from 84.3 cm to 17.4 cm after refine-
ment, which means a massive improvement in accuracy.

The fusion module has been experimentally evaluated in terms
of fusion process performance and matchmaking. It runs on the
same framework and computer system described in the previ-
ous SIOCP paper (Frank et al., 2025). In summary, Al image
processing runs on average in 22 seconds; all edge detection,
padding, refinement, LoD2 processing, and SIOCP data fusion
take approximately 43 seconds on average.

The SIOCP fusion process was experimentally evaluated in a
set of 20 images of Campus Fallenbrunnen. They have been se-
lected by lighting shades, different object scales, and perspect-
ives. The aim of the extraction process is to extract a stable
SIOCPs from the images. The results of the processing step are
shown in Table 2, and the maximum and minimum results of
the SIOCP extraction are visualized in Figure 8.

Metrics per Image Average | Minimum | Maximum
Amount of Objects 25.90 3 77
Object Confidence 0.7742 0.6791 0.9307
Padded Edges 413.1747 223 1003
Object matched edges | 43.3236 4 109
Misaligned obj. edges 0.6327 0 2
Missing obj. edges 8.5796 0 33
Extracted SIOCP 34.7531 3 140

Table 2. Metrics per image of fusion process.
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Figure 8. Images with minimum and maximum extracted SIOCP
of the test data set of 20 images.

The instance segmentation module achieved an average object
confidence of 0.6791 across the 39 distinct semantic classes.
On average, the edge padding algorithm generated 413 edge
candidates per image, of which 43 were successfully matched
to the corresponding instance masks, and ~ 35 SIOCPs were
extracted. The visual review of SIOCP and edges resulted in
fewer than one misaligned object edge and fewer than 9 missing
object edges per image.

The SIOCP extraction was invented to obtain absolute stable
unique points in RGB 2D images for 3D 6DoF pose estima-
tion and building reconstruction. The comparison with other
classical feature extractors and SIOCP reveals that they have
nothing in common in terms of their extraction processes and
matching algorithms. The results in that classical benchmark
are not applicable to our method (Bojanié et al., 2019, Isik,
2024). Finally, we tried to bring the different methods to a com-
petitive level and apply them to a set of four images. Compet-
itive, in this case, is that the different methods have to be chal-
lenged in finding stable keypoints for a 6DoF pose estimation.
For this test, two images at the same position and two from dif-
ferent 6DoF poses with different perspectives and scales were
selected. All images were captured from the same building
facade and are not orthogonal. The best-performing feature ex-
tractors according to Bojanic et Al (Bojanic et al., 2019) have
been tested and their results are presented in table 3.

Method Raw Matches  Good Matches  Inliers Inlier Ratio
AKAZE 1835.36 136.71 39.29 0.31
FAST_SIFT 2337.96 187.07 43.46 0.20
ORB 1725.64 139.61 47.07 0.39
ROOTSIFT 2524.86 597.14 117.46 0.45
SIFT 2485.21 337.39 67.07 0.32
SIOCP 11.16 - 10.83 0.97

Table 3. Average matching performance over all evaluated
image pairs.

The classical feature methods extracted several thousand fea-
ture points in each image. The RANSAC matching results
in Table 3 show a significant discrepancy compared to the
visually inspected inlier correspondence images. The texture-
rich fagades with rough plastering, darkened metal sheets with
holes, and glass with vinyl points led to many confusions due to
the pattern repeating. All classical algorithms just performed a
useful correlation in the two images from the same position. In
the other five image correlations, the classic algorithm under-
performed in matching. The mathematically calculated inlier
ratio is at least not meaningful, and a 6DoF pose estimation is
not possible. Figure 9 shows the result of our methodically ex-
tracted SIOCP with a background of an edge-overlayed instance
segmentation. Further, the images just show the most SIOCPs
extracted by the longest edges. The representation of matching-
line-correspondences of the four images is omitted to avoid con-
fusion. Out of six image correlations, a total of 67 SIOCPs were
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Figure 9. SIOCP matching points with instance-segmented
fagcade elements and their matched edges in the background.

extracted. Only two SIOCPs were incorrectly classified as win-
dows instead of as a frame class. A calculated inlier ratio of
~ 0.97 and the absence of false edge fusions demonstrate the
precision of the proposed method. Finally, the reprojection er-
ror is not considered because the paper focuses on the SIOCP
extraction and matching quality. The object order has not been
evaluated in this paper.

6. Discussion

The SIOCP method was invented for 2D single-image to LoD3
and beyond building model reconstruction. Most buildings are
regularly shaped with straight edges. Our method follows
this assumption and currently supports only straight-edge lines.
Other irregular line-shaped objects would require new or exten-
ded algorithms and are currently not supported, which limits the
application of our method.

The LoD2 building models are integrated into the data pro-
cessing for the spatial orientation of the facades and to enhance
them to LoD3. But the models and real-world buildings dif-
fer significantly in appearance and dimension. In addition, not
every real-world building has a digital LoD2 model, which lim-
its the application of our method. A possible workaround would
be to reconstruct the geometry of the outer building from VPs of
images. The method of PSF edge refinement at the sub-pixel
level is theoretically based on ideal, sharp, untextured edges,
but this is an ideal assumption. Real-world images have irregu-
lar illuminations due to micro-shadows of plaster, edge bending
radius, and asymmetrical changes in brightness caused by dif-
ferent viewing angles. Most edges are several hundred pixels
long, allowing the determination of several orthogonal inflec-
tion points and the calculation of a regression line. In summary,
PSF theory and practical observations differ. However, aver-
aging enables the PSF-based refinement to function effectively
for our application. Generally, Al-based object detection and
instance segmentation require a lot of ground truth data. The
instance-segmentation pipeline is currently optimized for the
Campus Fallenbrunnen dataset. The TUM Roggenstein Farm
was only partially considered due to its segmental arches. Ulti-
mately, transferring the method to other object classes or data-
sets is not straightforward. New instance segmentation mod-
els may mitigate or compensate for this disadvantage. Further-
more, the nearly doubled processing time of 43 seconds for the
CV implementation compared to Al-based object extraction is

caused by the prototype algorithm implementation in Python.
In this paper, the modules of occlusion and 6DoF pose recon-
struction have not been evaluated. However, the referenced
accuracy of the handcart system has been proven (Frank et al.,
2024), and the padded lines for the determination of the accur-
acy have been visually and manually reviewed in the images.
Only two lines were selected incorrectly in the fusion process,
ending in 2 SIOCPs that shifted 2 pixels in the XY direction.
The fusion method was evaluated by a set of images from the
Campus Fallenbrunnen. The dataset consists of a mixture of
different perspectives, scales, illuminations, 6DoF poses, and
dates and times on the campus. Further, a test set of 20 images is
not really representative according to the normal distribution of
at least 35 images. However, the images were taken under op-
timized conditions of daytime and weather, without fog or rain.
Accordingly, the robustness of the method under other environ-
mental conditions remains unclear. The images were blurred by
a 3x3 kernel before edge extraction to suppress micro-textures
of the image and noise sensibility edge extraction. Compared to
the other feature extractors that have been applied to the original
image without optimization or adaptation, just with a standard
configuration. The classical algorithms extracted several thou-
sands of feature points from each image, but did not produce an
applicable matching result in the four images. Relying on the
confusing and repetitive pattern of facades and their elements.
Finally, task-specific optimization might have led to better res-
ults.

In summary, we have shown that our approach of SIOCP extrac-
tion and matching works and can find relations in the images,
where the classic feature extraction methods may fail.

7. Conclusion and Outlook

The paper presents the practical implementation and experi-
mental results of our SIOCP approach, based on IMU, LoD?2,
GNSS+RTK data, and 2D RGB images. We improved the
methodology and system architecture for SIOCP extraction by
refining the existing processing steps and integrating additional
components into a functional data processing pipeline. The
main details about modules and their functionality are described
in the implementation section. The fusion module merges the
outputs of single modules. Resulting in a fully functional
integration of the SIOCP extraction pipeline. Practical ex-
perimental evaluation showed that the implementation of the
SIOCP method is effective in extracting keypoints from differ-
ent images. Furthermore, the matchmaking of keypoints based
on the SIOCP descriptor delivered proper results for the 8-point
algorithm 6DoF pose reconstruction, where classic ones did
not. We showed a possible alternative to classical and Al feature
extractors (SIFT, ORB, AKAZE). This could be applied to ego-
pose, object, or LoD3 and beyond reconstruction. Neverthe-
less, improving SIOCP is an ongoing task, as mentioned in the
discussion section. We present a working and experimentally
tested proof of concept, which seamlessly integrates into build-
ing reconstruction workflows for LoD3 and beyond. Further-
more, we plan to improve system accuracy using standardized
referenced objects. Our long-term vision is to drive environ-
mental perception for autonomous systems and urban modeling
forward by simplifying these advanced digitization processes
for use on standard handheld devices.
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