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Abstract

Accurately registering building footprints from heterogeneous datasets with LiDAR data remains a critical challenge in urban map-
ping and 3D reconstruction. The objective of this work is to register source data, defined as 2D cadastral vector footprints from
structured, regularized, or manually-verified datasets to target building footprints derived from classified aerial LiDAR. LiDAR
provides direct 3D information with precise footprint positioning and high spatial resolution, enabling a geometrically reliable rep-
resentation of dense 3D structures. Conversely, source datasets are not always up-to-date, and may exhibit geometric distortions
such as translational offsets, rotational deviations, or local deformations, yet they remain valuable due to their structured organiz-
ation and metadata content. To enhance geometric fidelity while preserving semantic structure, we propose a practical framework
for non-rigid polygon registration that adjusts the geometry of cadastral footprints toward LiDAR-derived targets. The framework
consists of two core components: (1) establishing correspondences between source and target polygons, and (2) minimizing a
robust distance function that governs the registration process. Three deformation models are introduced: a rigid model allowing
translations only, a semi-rigid model allowing deformations while keeping the overall structure of source footprints, and a non-rigid
model allowing rotations. We evaluate our method by aligning real cadastral datasets to aerial LiDAR data. The results confirm the
effectiveness and robustness of the proposed framework in the context of 2D polygonal cadastral data. This work thus represents
the first practical solution for non-rigid polygon registration in this domain.

1. Introduction

The rapid evolution of remote sensing technologies has greatly
improved the precision and coverage of geospatial data acquis-
ition. Recent nationwide LiDAR surveys provide high-density
and up-to-date information that enables numerous applications,
including natural hazard monitoring, digital twin generation,
3D building modeling, and urban planning. 1 LiDAR data of-
fer precise geometric information that enhances the accuracy
and consistency of geospatial datasets. In building reconstruc-
tion, particularly for LoD2 models, ensuring geometric coher-
ence between LiDAR and vector data is essential. Many works
have addressed vector data registration to improve spatial align-
ment between heterogeneous datasets (Biber and Straßer, 2003,
Zhu et al., 2020). However, differences in acquisition meth-
ods often lead to discrepancies in position, orientation, and
shape when compared to highly accurate LiDAR data. This
paper focuses on the registration of 2D vector source and target
data. The source data represent building footprints derived from
diverse production pipelines, such as cadastral surveys, aer-
ial photogrammetric restitution, or automated extraction work-
flows. These footprints contain valuable structural information
but may not reflect current conditions. Target data are extracted
from classified LiDAR data, offering higher geometric fidelity
and temporal accuracy. We propose three registration meth-
ods minimizing a robust point-to-line distance between source
and target footprints, differing by their deformation models: ri-
gid (translation per footprint), non-rigid (vertex-based displace-
ment), and semi-rigid (edge-normal translation).

1 https://geoservices.ign.fr/Lidarhd

Although presented for footprints, the method applies to any
2D polygonal datasets, with or without holes. Figure 1 presents
the proposed global pipeline for footprint registration based on
rigid, non-rigid and semi-rigid deformation.

2. Related Work

Footprint registration and extraction are key tasks in urban
modelling and map updating using archival maps, vector data,
DSMs, and LiDAR point clouds.

2.1 Vector and Raster Registration

ICP (Besl and McKay, 1992) remains a standard for rigid vec-
tor registration, with geospatial adaptations (Xu et al., 2024,
Vaienti et al., 2025), fast robust variants (He et al., 2017, Pomer-
leau et al., 2013), and non-rigid extensions (Monnier et al.,
2013). Vector to raster registration has also been addressed for
imagery and historical maps (Tanguy et al., 2020, McKee and
Laverdiere, 2021, Yan et al., 2017), while (Djahel et al., 2021)
proposes a planar polygon-based method for LiDAR scan regis-
tration.

Among stronger baselines, GICP (Segal et al., 2009) is relevant
for rigid alignment after boundary sampling, but it is not de-
signed for structured 2D footprints with explicit topology and
one to many correspondences. CPD (Myronenko and Song,
2010) and non-rigid ICP variants (Monnier et al., 2013) are also
relevant after sampling, but they operate on point sets and do
not explicitly preserve topology, edge orientation, or rectilin-
ear structure. TPS and rubber sheeting (Bookstein, 1989) are
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Figure 1. Registration pipeline between source (blue) and target (red) footprints. Depending on the chosen strategy, a rigid registration
(translation) can be used for coarse registration, then a non-rigid (rotational) or semi-rigid (rectilinear) registration for refinement.

generic smooth deformation baselines, yet are not well suited
to sharp rectilinear footprints. Polygon conflation methods (Le-
doux and Arroyo Ohori, 2017) are also related, but often assume
pre-matched objects or map fusion settings, making direct com-
parison less straightforward.

2.2 Building Footprint Extraction From Point Clouds

From DSMs (Brédif et al., 2013, Zhou, 2017), extraction com-
bines parametric shape detection and global optimization. Dir-
ect LiDAR based methods (Xu et al., 2015, Rottensteiner and
Briese, 2003, Ojogbane et al., 2021, Matikainen et al., 2003)
rely on filtering, segmentation, and classification, while ro-
bust delineation and regularization refine footprints through
graph optimization and geometric constraints (Hui et al., 2021,
Awrangjeb and Lu, 2014).

2.3 Deep Learning-Based Building Footprint Extraction

Recent methods combine CNN or YOLO segmentation with
polygon regularization (Bauchet et al., 2021, Wei et al., 2019,
Sohan et al., 2024). Earlier work uses multi-view imagery (Nex
et al., 2013), while DeepFrame and frame field learning produce
topologically consistent contours (Li et al., 2021, Girard et al.,
2021). For registration, (Zampieri et al., 2018) predicts non-
rigid deformations with a multiscale CNN, and (Girard et al.,
2018) extends this to joint cadastral alignment and new building
detection. In point clouds, (Figueiredo et al., 2021) combines
PointNet++ and PCA for 3D CAD model registration (Qi et al.,
2017).

Our work builds on these studies by integrating high resolution
LiDAR into a two stage pipeline combining association with
rigid, semi-rigid, and non-rigid deformation.

3. Proposed Method

In this section, we present three registration methods for regis-
tering source to target polygons. Our pipeline consists of data
preprocessing followed three methods of registration. The main
steps of the framework are the following :

1. Association: We begin by establishing correspondences
between each source polygon and its corresponding target
polygon. The target classified LiDAR point cloud is trans-
formed to target polygons via rasterization and morpholo-
gical operations. This association step ensures that each
source data are reliably linked to their counterpart in the
target polygon. Once polygons are associated, point to line
correspondences are computed between points sampled on
the target footprints and the closest segments of the corres-
ponding source polygon.

2. Deformation: We perform registration by looking for a
deformation minimizing a combination of a robust dis-
tance defined over all point to line correspondences and a
data attachment term. This deformation can be of three
types: rigid, which register the polygon by translation
only, semi-rigid, which deforms the polygon while keep-
ing its rectilinear aspect and non-rigid registration allow-
ing rotations while deforming the polygon.

3.1 Input data

In our experiments, the source data are building footprints from
the French BD-TOPO, a comprehensive open dataset contain-
ing vector-based descriptions of the French territory and its in-
frastructure. It offers metric precision suitable for scales ran-
ging from 1:2,000 to 1:50,000. This dataset provides a de-
tailed and consistent representation of geographic and admin-
istrative entities across the entire national territory. The tar-
get footprints are extracted from LiDAR HD classified point
clouds. The French LiDAR HD program, lead by the National
Institute of Geographic and Forest Information (IGN) produces
and openly distributes a 3D LiDAR scan of the entire surface
of French metropolitan territory (and Corsica). The dataset is
composed of point clouds cut in 1km2 tiles with at least 10
points per m2 and decimetric accuracy. The 3D point clouds
collected through the LiDAR HD program are classified into
several classes, including ground, water, low and high vegeta-
tion, buildings, bridges, and clutter. Data are open-access and
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can be accessed through the links 2 and 3. In this work, we
use only the data associated with the city of Lyon, along with
a handcrafted ground trut (not open). That ground truth was
created manually by geospatial annotation experts on top of the
LiDAR, making sure to also capture inner separations within
blocks of buildings. The annotation pipeline includes a quality
control step to make sure the final annotations correspond to the
specs. Figure 3 presents detailed visualization of the LiDAR
data and the corresponding source footprints from the city of
Lyon.

3.2 Preprocessing

Figure 2. Left: Rasterized LiDAR data. Right: Binary mask

In this paper, we apply our non rigid registration framework
to enhance building footprints. Source polygons are building
footprints from an existing topographic database, preprocessed
with a simple dissolve operation grouping adjacent polygons.
This is optional, but if not done, we cannot guarantee that build-
ing adjacencies will be preserved. Target polygons are building
footprints extracted from classified aerial LiDAR using a ras-
terization of only the LiDAR points classified as buildings with
a pixel size of 30 cm, adapted to the 10 points per m2 dens-
ity of the points cloud. Subsequently, we perform morpholo-
gical opening and closing to regularise the building mask (Fig-
ure 2). The Marching Squares algorithm is then used to find the
contours of the regularized binary image. Finally, the detected
contours are simplified using the Douglas-Peucker algorithm to
reduce the number of points while preserving the shape of the
contours. Figure 2 shows the rasterized LiDAR (buildings class
only) plus the subsequent mask for footprints.

3.3 Polygon association

We now need to associate source to target polygons, which is
represented by a bipartite graph G = (V,E) consisting of two
disjoint and independent sets of vertices, VS (source polygons)
and VT (target polygons), such that every edge e ∈ E connects
a vertex in VT to a vertex in VS .

The association between each source and target polygons is de-
termined using the Intersection over Minimum (IoM) metric,
defined as:

IoM(P1, P2) =
Area(P1 ∩ P2)

min(Area(P1),Area(P2))
(1)

where P1 and P2 are the polygons from the source and target
datasets, respectively. The IoM metric measures the degree of
2 https://geoservices.ign.fr/telechargement-api/

LiDARHD-NUALID
3 https://geoservices.ign.fr/telechargement-api/BDTOPO

overlap between two polygons, normalized by the area of the
smaller polygon, such that it is 1 if a polygon is included in
the other. An association is considered valid if the IoM value
exceeds 50%, ensuring the majority of the smallest polygon is
overlapped by the largest. This threshold is critical for main-
taining accurate correspondences in the registration process.
Figure 4 shows the outlines of the resulting building footprints
extracted from LiDAR, overlaid with the source footprints.

3.4 Robust distance

Our registration method relies on finding a deformation M :
R2 → R2 minimizing a robust distance with 3 different deform-
ation models. We now define this robust distance which is based
on associating the deformed target points M(Aj

i ) (sampled
every δ = 0.15m along target edges Tj) to the closest source
edge Sk, or equivalently to the projection P j

i of M(Aj
i ) onto

the supporting line of Sk:

Drobust(M) =
∑
i,j

W j
i

(
nk ·

(
P j
i −M(Aj

i )
))2

(2)

where nk is the normal of Sk and W j
i is a weight combining

distance and angle compatibility:

W j
i = max

(
0, 1−

(
|θji |

2 · θmax

)
−
(

dji
2 · dmax

))
(3)

where dji is the distance from target sample Aj
i to closest source

edge Sk and θji the angle between source edge Tj and Sk.
The weight of associations decreases as the points are further
away and as the angles between corresponding source and tar-
get edges increases, and only associations for which the dis-
tance is below dmax and for which edges form an angle below
θmax are kept. Figure 5 depicts a scenario of respected pairings
with angular compatibility vs without. In our experiments, we
used θmax = π

4
and dmax = 3m

In addition to the robust distance (2), we can add a data attach-
ment term:

Dattach(M) =
∑
i,j

||M(Aj
i )−Aj

i ||
2 (4)

3.5 Deformation models

We propose 3 deformation models to parameterize the deform-
ation M of our polygons:

• Rigid deformation: M(TK) is defined by a translation
Tk ∈ R2 for each source polygon Fk

• Semi-rigid deformation: M(ok) is defined by an offset
ok defined for each source edge Sk of each polygon Fk,
meaning that the supporting line of Sk will be translated
by oknk

• Non-rigid deformation: M(T i
k) is defined by a translation

T i
k for each source vertex ski of each polygon Fk

3.6 Registration

Registration can now be defined as the process of finding the
deformation M that minimises

D(M) = Drobust(M) + αDattach(M) (5)
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Figure 3. Source footprints (blue) over input classified aerial LiDAR data (red: buildings, green: vegetation, brown: ground) in the
city of Lyon.

Figure 4. Visualisation of target (red) and source (blue) outlines,
showing the extracted and registered building footprints.

Discrepancies are visible between the unregistered source and
the LiDAR Data.

Figure 5. With angular compatibility vs without

3.6.1 Rigid deformation For rigid registration, we don’t
need data attachment so the optimal translations Tk are found
by nulling the gradient:

∇TkDrobust(M(Tk)) = 2
∑
i,j

W j
i njn

⊤
j

(
P j
i + Tk −Aj

i

)
= 0

(6)

Solving this system leads to the closed-form solution:

Tk = −

(∑
j

njnjn
⊤
j

)−1∑
j

njn
⊤
j

(∑
i

P j
i −Aj

i

)
(7)

where nj denotes the number of sampled points assigned to
source segment Sj .

3.7 Semi-rigid and Non-rigid Registration

The goal of the semi-rigid and non-rigid registration is to re-
estimate the supporting lines of the source polygon segments
to improve their fit to the target data. For each source seg-
ment with more than two associated sampled points, the sup-
porting line is calculated by weighted least-squares fitting using
the weights Wi assigned to each sampled point Pi = (xi, yi).

The weighted centroid G = (Gx, Gy) of the sampled points is:

Gx =

∑
i Wixi∑
i Wi

, Gy =

∑
i Wiyi∑
i Wi

(8)

The deviations of the points from the centroid are:

di = Pi −G, di,weighted = Widi (9)

The covariance matrix M is constructed as:

M =
∑
i

did
T
i,weighted (10)

Eigen-decomposition of M yields eigenvalues λr and normal-
ized eigenvectors ur:

Mur = λrur (11)

The two deformation modes differ only in the way the direction
vector u of the supporting line is determined. In the semi-rigid
mode, u is preserved from the original segment si, preventing
it from changing its orientation. Denoting the endpoints of si
by si,a and si,b, the direction vector is:

u =
si,b − si,a

∥si,b − si,a∥
(12)

In the non-rigid mode, u is re-estimated from the data as the
unit eigenvector umax associated with the largest eigenvalue of
M :

ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-1-2026 
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission I, 4–11 July 2026, Toronto, Canada

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper. 
https://doi.org/10.5194/isprs-annals-XI-1-2026-193-2026 | © Author(s) 2026. CC BY 4.0 License.

 
196



umax = argmax
ur

λr (13)

which allows its orientation to change, thus not respecting the
angles of the input footprint. For source segments with two or
fewer associated sampled points or segments without pairings,
the supporting line is retained as the original segment. Figure 6
illustrates the supporting lines, their gravity centers G, and the
pairings from sampled points to the closest source segments.

Figure 6. Overview of the generation of supporting lines.
Pairings are depicted in green cut lines followed by G points in

blue diamonds, then re-estimated lines in black.

3.8 Vertex placement

Ideally, the vertex should be placed at the intersection of sup-
porting lines. However, this proved not robust to some geo-
metric degeneracies. This section explains our strategy to make
vertex placement more robust.

3.8.1 Geometric Degeneracy in successive quasi-parallel
segments Degenerate configurations can arise particularly in
the source polygon, where a straight segment is often sub-
divided into multiple successive and quasi-parallel segments
due to over-segmentation or geometric artifacts. These quasi-
parallel divisions, although geometrically close, can lead to in-
stability during the computation of intersections in the deform-
ation process. To address this, we introduce a regularization
strategy based on the minimization of a weighted energy func-
tion. The objective is to compute an adjusted vertex position
S′ that balances the proximity to the supporting lines d1 and d2
(from the quasi-parallel source segments), and the fidelity to the
original vertex S. The minimization is given by:

S′ = argmin
x

(
∥x− d1∥2 + ∥x− d2∥2 +W · ∥x− S∥2

)
(14)

Here, W is a fidelity weight controlling the trade-off between
preserving the original geometry and fitting the inferred sup-
porting directions. A small W favours preservation of the
source geometry, whereas a larger W biases the result towards
registration with the inferred supporting lines.

This minimization problem admits a closed-form solution based
on the following system:

W0 = w · I2 + w1 · n1n
⊤
1 + w2 · n2n

⊤
2 ,

W1 = w · S+ w1 ·
(
n1n

⊤
1 p1

)
+ w2 ·

(
n2n

⊤
2 p2

)
,

S′ = (W0 + ε · I2)−1 W1

(15)

where:

• n1, n2 are the unit normals of the supporting lines d1 and
d2,

• p1, p2 are any points lying on the supporting lines d1, d2,

• w1, w2 are the total registration weights of the sampled
points associated with d1, d2,

• w is the fidelity weight W ,

• I2 is the 2× 2 identity matrix,

• ε is a small regularization constant added for numerical
stability.

This formulation ensures that even in the presence of quasi-
parallel segments in the source polygon, the deformation pro-
cess remains stable and geometrically coherent.

3.8.2 Handling Residual Self-Intersections Despite the
previously introduced geometric constraints and predictive
strategies designed to prevent self-intersections, they may still
occur in some rare configurations. These typically arise dur-
ing the non-rigid deformation process when highly entangled
or collapsed geometries induce topological inconsistencies.

To mitigate these cases, we introduce a post-processing step that
checks whether a given deformed polygon P can be partitioned
into multiple disjoint simple polygons due to self-intersection.
Let:

{P1,P2, . . . ,Pn} = Fragment(P) (16)

denote the set of n simple, non-intersecting polygons resulting
from a fragmentation operation applied to the self-intersecting
polygon P . We then retain only the polygon with the largest
area:

Pfinal = argmax
Pi

(Area(Pi)) , for i ∈ {1, 2, . . . , n} (17)

This approach ensures the resulting geometry is valid, topolo-
gically consistent, and preserves the dominant structural com-
ponent of the polygon.

In practice, this operation acts as a safeguard against degener-
ate configurations and has proven effective in eliminating the
residual cases of self-intersections not captured by earlier re-
gistration constraints.
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(a) Ground truth (b) LiDAR Data + Extracted outlines (c) Unregistered source

(d) Rigid registration (e) Non-rigid registration (f) Semi-rigid registration

Figure 7. Visual comparison of registration strategies for building footprints. Rows 1 shows : (a–b-c) ground truth and LiDAR data
plus the unregistered source data Row 2 shows : (d-e-f) rigid registration result (translation only), non-rigid and semi-rigid

registration. Both deformation methods (non-rigid, semi-rigid) are applied after rigid registration.

4. Experiments

To evaluate our registration framework, we performed experi-
ments on a test area extracted from the city of Lyon (France).
Results are analysed both qualitatively and quantitatively.

4.1 Qualitative Evaluation

Figure 7 illustrates the progressive improvement in geometric
consistency between the source data and the target data across
the different registration stages. The first row presents the ref-
erence data: manual ground truths, which serve only for com-
parison purposes in section 4.2, plus the LiDAR-based target
polygons displayed as red outlines. The second row show the
unregistered dissolved source data and the result of the rigid
registration, which primarily corrects global shifts with a trans-
lation. The third row displays the final deformation stages: the
non-rigid registration, providing maximal local adaptability to
rotational discrepancies, and the semi-rigid model, which bal-
ances flexibility and structural regularity for a more stable re-
construction. The difference between non-rigid and semi-rigid
registration is mostly visible in the corners for given the ex-
ample.

4.2 Quantitative Evaluation

We apply four complementary metrics to evaluate both geomet-
ric proximity and directional consistency between the registered

and reference polygons. Two metrics are expressed in meters
and relate to contour distances, while the other two are in de-
grees and reflect angular deviations. In all cases, lower values
indicate better registration performance.

• Contour Precision (m): Average shortest distance from
each segment in the aligned polygon to the closest segment
in the reference polygon.

• Contour Recall (m): Average shortest distance from each
segment in the reference polygon to the closest segment in
the aligned polygon.

• Orientation Precision (°): Average angular deviation
between corresponding segments in the aligned and ref-
erence polygons.

• Orientation Recall (°): Average angular deviation from
reference segments to their closest aligned counterparts.

These metrics are summarized in Table 1, comparing the unre-
gistered source polygons, the rigid registration, the semi-rigid
model, and the non-rigid registration against manual ground
truth data. Results are reported for four correspondence cat-
egories: one-to-one (1–1), many-to-one (N–1), one-to-many
(1–M), and many-to-many (N–M).
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Category C prec (m) C rec (m) O prec (°) O rec (°)

Unregistered source vs. ground truth
1–1 2.05 1.18 12.45 12.42
N–1 1.63 1.29 18.04 14.97
1–M 2.68 2.84 18.18 24.25
N–M 1.12 1.30 18.89 18.98

Rigid registration vs. ground truth
1–1 1.98 1.12 11.95 12.02
N–1 1.60 1.27 18.08 14.81
1–M 2.64 2.67 17.97 23.94
N–M 1.02 1.33 17.70 18.94

Semi-rigid registration vs. ground truth
1–1 1.69 0.83 10.62 10.66
N–1 1.27 1.11 15.99 13.50
1–M 0.90 3.73 12.34 23.45
N–M 3.20 1.97 19.26 22.76

Non-rigid registration vs. ground truth
1–1 1.71 0.83 11.01 11.07
N–1 1.19 0.97 16.62 14.04
1–M 2.21 3.37 15.63 22.96
N–M 0.72 3.06 14.96 19.13

Semi-rigid (no rigid preprocessing) vs. ground truth
1–1 1.68 0.83 10.66 10.68
N–1 1.52 1.11 16.22 13.52
1–M 0.87 4.07 11.42 23.15
N–M 3.18 1.94 18.95 23.20

Non-rigid (no rigid preprocessing) vs. ground truth
1–1 1.72 0.84 11.02 11.08
N–1 1.20 0.97 16.62 14.04
1–M 2.22 3.38 15.63 22.96
N–M 0.72 3.07 14.97 19.13

Table 1. Quantitative comparison between source and ground
truth building footprints across registration variants. Bold values
indicate superior performance relative to the preceding model.

Rigid registration markedly improves geometric proximity
compared to unregistered data. Deformable models refine res-
ults further: the semi-rigid model achieves the best overall con-
tour precision, while the non-rigid variant adapts better to com-
plex (N–M) configurations.

The results in Table 1 reveal substantial improvements when
deformable registration is applied. Both rigid and semi-rigid
strategies outperform the unregistered data, especially in sim-
pler correspondences (1–1, N–1). The semi-rigid model yields
the best contour precision and angular coherence, while the
non-rigid model excels in more complex many-to-many rela-
tionships, albeit with slightly less regular contours.

Furthermore, Table 1 also presents the results obtained
without the rigid registration step. Compared with the rigid-
preprocessed variants, rigid initialization generally improves
both contour and orientation stability for the two deformation
models.

For the semi-rigid model, the rigid step enhances contour recall
and angular precision, especially in the 1–1 and N–1 categor-
ies. Without it, performance slightly decreases, particularly in
multi-object cases.

For the non-rigid model, the absence of rigid initialization keeps
results close but leads to higher errors in fragmented configur-
ations. The rigid-initialized version achieves better coherence
and lower deformation errors. In practice, the rigid phase can
be considered optional for already well-aligned data and partic-
ularly useful for correcting large initial discrepancies.

Furthermore, semi-rigid registration provides the most consist-
ent improvements across all categories, maintaining structural
regularity while achieving accurate spatial and angular fits. The

non-rigid model remains advantageous in highly fragmented
urban patterns.

Finally, The study area over Lyon contains 18,979 ground-truth
undissolved footprints, 2,738 dissolved ground-truth footprints,
and 3,039 dissolved source footprints. The full pipeline was ex-
ecuted on a Dell laptop equipped with a 10th generation Intel
Core i9 processor in about 1,800 s for the Lyon region. Since
the method operates footprint by footprint, it does not raise ma-
jor scalability issues.

5. Conclusions and Perspectives

In this work, we proposed three registration strategies to im-
prove the geometric accuracy of building footprints by re-
gistering them with LiDAR-derived data. Experimental res-
ults demonstrate clear improvements in both both contour
and orientation accuracy compared to the source footprints.
Among the tested strategies, the semi-rigid and non-rigid mod-
els achieve superior performance over the rigid registration, of-
fering accurate and better results.

Perspective. As a continuation of this work, we are develop-
ing a method that takes into account inter-building adjacency
relationships during registration. By incorporating spatial con-
text across neighboring buildings, we aim to enhance geometric
regularity, reduce alignment artifacts at shared boundaries, and
better handle dense urban configurations. This extension will
further improve the topological consistency and structural in-
tegrity of the registered building layers.
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