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Abstract

The increasing availability of high-resolution Airborne Laser Scanning (ALS) data has expanded the potential for high-fidelity 3D
city modeling. At the same time, more and more use cases have surfaced which crucially require these high-fidelity 3D models to
derive geometrical building properties in a more straightforward manner. However, standard automatically generated Level of Detail
2 (LoD2) models often fail to accurately capture complex building and roof topologies due to their reliance on overly simplistic
geometric primitives, while creating more detailed models typically requires tedious manual editing. To address this gap, we
propose a fully automated, data-driven pipeline to generate detailed, LoD3-like roof models utilizing only publicly available LiDAR
point clouds and cadastral footprints. Our methodology introduces a robust piecewise affine-linear Mumford-Shah functional for
initial point cloud segmentation, followed by discrete graph-cut polygon regularization and a global roof plane estimation step that
mathematically encourages watertight, closed seams. Experimental evaluation on the ISPRS Vaihingen benchmark yields a highly
competitive planimetric RMSE of 0.27 m. Furthermore, evaluation on a dataset of 109 buildings in Münster (Westf.), Germany,
demonstrates that our method reduces the mean point-to-surface RMSE by up to 82% in complex urban areas compared to state-
provided LoD2 baselines, achieving a superior geometric fit in more than 98% of the evaluated structures and produces visually
appealing buildings. Relying on only three fixed global parameters, the proposed deterministic framework offers a highly scalable,
mathematically sound path toward detailed, nationwide urban reconstruction.

1. Introduction

Accurate three-dimensional building models are a strict require-
ment for a wide range of urban applications: estimating liv-
ing space in the building stock (Dochev et al., 2020), mod-
eling energy demand (Luft et al., 2025), and assessing solar
potential (Li et al., 2021; Ni et al., 2024). High-fidelity geo-
metry is also essential for texture mapping and facade- and
roof-level image analysis such as window counting or material
classification (Meixner and Leberl, 2010; Forth et al., 2024), as
oversimplified shapes cause visible distortion and inaccuracies.
However, most large-scale 3D building inventories use Level
of Detail 2 (LoD2), representing roofs through a small set of
geometric primitives (Kolbe et al., 2005). While automatic-
ally generated and widely available, LoD2 models frequently
fail to capture complex roof topologies: multi-component gable
roofs, dormers, and chimneys are reduced to overly simplistic
shapes with significant geometric error. More detailed models
approaching LoD3 traditionally require tedious manual effort,
restricting their availability to small, project-specific datasets.

This lack in accuracy coincides with a window of opportun-
ity: German state surveying agencies and their counterparts in
other countries increasingly publish open geospatial data, in-
cluding airborne laser scanning point clouds. The respective
resolution has improved with every acquisition campaign, now
reaching densities that make detailed roof reconstruction feas-
ible at scale. Numerous approaches have been proposed to
bridge the gap between demanding applications and the lack
of detail in LoD2. Direct meshing from point clouds (Bauchet
and Lafarge, 2019) can achieve high precision but produces ir-
regular surfaces without preserving architectural composition.
As a consequence, ridges, dormers, and roof shapes dissolve

into unstructured triangles. Modern methods employing neural
networks (Agoub et al., 2019; Liu et al., 2024) offer scalabil-
ity but currently lack the geometric accuracy required for de-
tailed applications. Terrestrial scanning (Hanke et al., 2025)
achieves very high fidelity but does not scale to large areas.
Image-based approaches (Zebedin et al., 2006, 2008; Schuegraf
et al., 2023; Mei et al., 2025) can provide complementary line
features but are susceptible to shading and contrast artifacts.
More structured reconstruction strategies incorporate architec-
tural priors. Model-driven methods fit predefined primitives
to observed data (Vosselman and Dijkman, 2001; Verma et
al., 2006), but struggle with complex multi-component build-
ings. Segmentation-based methods partition point clouds and
reconstruct geometry from these: Huang et al. (2022) proposed
City3D based on PolyFit (Nan and Wonka, 2017), while Jung et
al. (2017) used a minimum description length principle for reg-
ularization. This is conceptually related to the boundary-length-
weighted Potts model we employ in this work, which has been
introduced by Zebedin et al. (2008) and used by Peters et al.
(2022) to generate LoD2.x models for the Netherlands.

We propose a method for automatically generating detailed
3D roof models from publicly available ALS point clouds
and cadastral footprints. The per-building pipeline comprises
four stages: (1) Point cloud segmentation into piecewise-
planar surfaces via a second-order Mumford–Shah model, (2)
roof polygonization using intersection lines, step edges, and
bounding boxes to partition the footprint into candidate poly-
gons, (3) polygon regularization through a boundary-length-
weighted Potts model solved via graph cuts, controlling the
trade-off between LoD2-like and LoD3-like detail, (4) 3D ex-
trusion through globally constrained plane fitting that encour-
ages closed seams along shared edges.
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A central contribution is the formulation of these stages as
linked optimization problems with very few free parameters,
yielding high robustness across diverse building shapes and
point cloud resolutions without per-dataset tuning. More pre-
cisely, we use a total of only three user-facing scalar parameters,
one related to each of the steps segmentation, polygon regular-
ization and plane fitting, which we do not change throughout the
different experiments. For this work, we restrict input data to
LiDAR and cadastral footprints; experiments with orthophoto-
derived line features showed no quality gain that outweighed
the additional artifacts caused by noise and shadows.

We evaluate our work on the ISPRS Vaihingen 3D Reconstruc-
tion Benchmark (Rottensteiner et al., 2012) and a custom data-
set of 109 buildings around Münster (Westf.), Germany, cover-
ing complex urban and simpler suburban roofs. Results show a
better base geometry fit than LoD2 for over 95 % of buildings,
with an average improvement in RMSE of 67–82 % for com-
plex geometries. In the ISPRS benchmark dataset of Vaihin-
gen, we achieve a competitive accuracy of 0.27 m in planimetric
RMSE and 0.37 m RMSE in height.

2. Methods

Our goal is to construct three-dimensional building models, rep-
resented as closed set of planar polygon shapes, from a LiDAR
point cloud (alternatively, a digital surface model). To do so,
we need to separate the point cloud into its different segments,
i. e. roof planes, dormers, chimneys, etc. We then need to
find appropriate boundary lines around these segments to ob-
tain simple polygons that cover the footprint in a watertight and
disjunct fashion, which can eventually be extruded to their ori-
ginal height. Additionally, we seek for a way to control the
scale of details of the roof, i. e. manipulate how much details
are visible on the roof; less details resembling a classic LoD2-
type reconstruction with large primary roof shapes only, more
details allowing a path towards LoD3-type reconstruction in-
cluding secondary roof parts such as dormers and chimneys.

To achieve the above, we follow a similar approach as Zebedin
et al. (2008), Jung et al. (2017), and Peters et al. (2022), and
employ multiple subsequent steps to transition from point cloud
to polygons while controlling the scale: (1) point cloud seg-
mentation, (2) roof line detection and polygonization, (3) poly-
gon regularization and scale selection, (4) (global) roof plane
estimation and roof extrusion.

Before we further outline the different steps, let us fix the nota-
tion. Let P be the complete set of 3D LiDAR points, with ele-
ments p = (xp, yp, zp) ∈ P , denoting easting, northing and
elevation. Subsets of the point cloud are denoted as P(·), for
example, P(l) denotes the subsets of points with a certain label
l. For this work, we only consider building LiDAR points that
are located within a building’s cadastral footprint, and translate
the data to be centered around its centroid for better algorithm
stability.

We are generally concerned with estimating a plane approxima-
tion z = Ax+Bx+C for given sets of LiDAR points. To intuit-
ively map the plane parameters θ = {A,B,C} to their respect-
ive entities, we use the notation θ[·], for example, θ[l] = θ[P(l)]
denotes the plane associated with all points with label l. Treat-
ing the plane as a function, its height at a 2D coordinate v =
(x, y) is evaluated directly as θ(v) = θ(x, y) = Ax+By+C.

2.1 Piecewise affine-linear LiDAR segmentation

Our initial goal is to find a segmentation of our LiDAR point
cloud into planes. Treating the point cloud as a digital surface
model (filtering the raw cloud the to the topmost points if ne-
cessary), we can consider the data a surface function z(v) such
that z(xp, yp) = zp for all p ∈ P . The classic continuous
second-order Mumford-Shah functional (Mumford and Shah,
1989) seeks an optimal piecewise affine-linear surface approx-
imation on partitions S and a set of partition boundaries B that
fit the true surface data z(v) while penalizing boundary length.
In our notation, the discrete piecewise affine-linear Mumford-
Shah problem reads

argmin
S,θ

∑
s∈S

∑
p∈P(s)

|θ[sk](xp, yp)− zp|2 +
γ

2

∑
b∈B

|b|, (1)

where S is a partitioning of the building footprint, and B the
set of shared 2D boundary segments, with b = (s, s′) ∈ B
representing the boundary of length |b| between adjacent par-
titions s, s′ ∈ S. Note that the partitioning here refers to a
partitioning of the point cloud such that

⋃
s∈S P(s) = P and

P(s) ∩ P(s′) = ∅ for all s ̸= s′ ∈ S. We later aim to “con-
vert” this partition of LiDAR points into a partitioning of the
building footprint using polygons. As demonstrated by Kiefer

Figure 1. LiDAR segmentation of a complex building roof into
planes using a piecewise affine-linear Mumford-Shah model.

et al. (2020) on images, the two-dimensional problem (1) can be
solved efficiently by decomposing it into one-dimensional scan
lines L along principal directions across the pixel grid. Treat-
ing the LiDAR data as a surface, we can adapt the approach
to LiDAR data and choose a similar set of directions aligned
with the building’s principal directions and diagonals. Since
LiDAR resolution varies, the points along L are evaluated us-
ing a dynamic step size, searching for the closest next point
along L. Along any such scan line, the two-dimensional plane
θ[sk] simplifies to a one-dimensional Taylor jet (a linear seg-
ment z(t) = m · t+ c), allowing the functional to be minimized
efficiently. We adapted the implementation and solver provided
by Kiefer et al. (2020)1.

The output of the LiDAR segmentation is a set of labels L =
{l1, l2, . . . , lM} with associated points P(li) and planes θ[li]
(see Figure 1). The parameter γ > 0 controls the aggressive-
ness of the boundary penalty; the larger γ, the fewer segments

1 https://github.com/lu-kie/PALMS ImagePartitioning
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created. For practical purposes, we found that with correct data
normalization and centering, the same γ could be used without
adjusting throughout the datasets we investigated. When in
doubt, we can afford having “too many” segments here, as the
subsequent steps are able to merge them again. The single seg-
mentation model drawback is that it inherently approximates
planes, so roof structures such as domes may be poorly repres-
ented depending on their size (see also Section 4.2).

2.2 Roof line detection and polygonization

From the initial planar LiDAR segments P(li)
M
i=1 and the as-

sociated planes θ[li]Mi=1 we now estimate a set of roof lines that
separate the different segments as best as possible. To find can-
didate lines, we follow a similar approach to Jung et al. (2017)
and Peters et al. (2022), and use (1) the footprint boundary,
(2) plane intersection lines (for sloped segments), (3) step edge
lines (height difference between adjacent segments), (4) bound-
ing box lines (for horizontal segments).

The footprint boundary can typically be obtained from cadas-
tral data and serves as the natural boundary shape for our poly-
gons and building model. To identify plane intersection lines
and step lines, we construct a spatial tree of neighboring roof
segments and analyze each pair and their associated planes sep-
arately. If at least one of the planes is sloped, we determine their
intersection line and constrain its length so that it traces the out-
line of at least one of the two segments by checking whether
the distance of the orthogonal projection of any point onto the
line is sufficiently close. Additionally, we determine any large
height discontinuity at the boundaries between two neighboring
segments and use the resulting lines as candidate lines. In or-
der to include chimneys and vertically offset dormers properly,
we assign a footprint-oriented bounding box to each horizontal
plane (which does not intersect with any other planes) and add
the associated line segments as candidate lines.

The result of this step is a set S = {s1, s2, . . . , sK} of initial
2D polygons generated by cutting the building footprint along
the above lines. An example of lines and initial candidate poly-
gons is shown in Figures 2(a) and 2(b), respectively. It is worth
noting that the quality of the set of lines is crucial for the even-
tual building model, as the shape and structure of the resulting
polygons cannot change after this (see also Section 4.2).

2.3 Polygon regularization and scale selection

The set of polygons S created in the previous step is generally
too granular, and a single roof plane is often represented by a
larger number of polygons instead of a single one. We now aim
to reassign polygon labels (which correspond to planes here)
and eventually merge them to represent each roof plane with
constant slope by a single polygon if possible. During this reg-
ularization step, we can control how many details of the original
roof segmentation we want to keep in the final result, which we
can use to decide whether to include dormers, etc. into the roof
reconstruction or keep only larger surfaces. This problem can
be formulated as a discrete label assignment problem, and the
idea has been taken from (Zebedin et al., 2008), but modified
to include normalization and weighting. The optimal discrete
label assignment can be computed as follows:

min
l

E(l) = Edata(l) + λEreg(l). (2)

The state variable is the set of polygon labels l = [l1, . . . , lK ]T ,
where lk ∈ L is the discrete label (respectively plane) assigned

(a) LiDAR-derived lines (311) (b) Candidate polygons S (526)

(c) Final polygons F (42) (d) Plane estimation constraints

Figure 2. From line detection to constrained roof plane
estimation. Numbers in parentheses denote the respective
number of lines and polygons. Sloped constraints (25) are

marked in red, boundary constraints (66) in yellow. Slanted roof
parts are colored in blue, horizontal parts in grey.

to polygon sk, i.e., θ[sk] = θ[lk]. The data fidelity term Edata
evaluates how well the LiDAR points physically located within
each polygon sk fit its assigned candidate plane θ[sk]:

Edata(l) =
∑
sk∈S

|sk|
|P(sk)|

∑
p∈P(sk)

dist⊥ (p, θ[sk]) (3)

scaling by area |sk| ensures that larger polygons exert a propor-
tionally larger influence on the total data cost, preventing small
high-error polygons from dominating. The regularization term
Ereg penalizes the assignment of different planes to adjacent
polygons along shared boundaries, utilizing a boundary-length-
weighted Potts model (piecewise constant Mumford-Shah):

Ereg(l) =
∑

b=(s,s′)∈B

|b| · χ(θ[s] ̸= θ[s′]) (4)

The indicator function χ evaluates to 1 if the assigned planes
of adjacent polygons differ and 0 if they are identical. The en-
ergy (2) can be efficiently minimized using a multi-label graph
cut with alpha expansions.2 After label (re)assignment, adja-
cent polygons sharing the same label are merged to form the
finalized topological faces F = {f1, . . . , fN}, with an associ-
ated set of edges E , with e = (f, f ′) ∈ E representing an edge
between adjacent faces f and f ′.

The regularization parameter λ > 0 plays a crucial role in de-
termining the eventual scale or roof structure and its details (cf.
also (Zebedin et al., 2008)). A high λ results in few final poly-
gons and hence only the large roof surfaces represented in the
final result. The smaller λ, the more details remain in the poly-
gons, and hence we can find dormers and chimneys in the final
reconstruction. Setting λ to different values allows us to create
reconstructions of similar scale as LoD2, or go beyond it and
transition towards LoD3. In practice, the choice of λ poses no

2 We use pygco https://github.com/Borda/pyGCO.git.
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particular challenges: we used the same λ for all shown recon-
structions and evaluations (see also Section 3).

Before we estimate their plane parameters, we transform the
set of finalized two-dimensional polygons F into a planar half-
edge graph. To align with CityGML semantics, we expli-
citly support both exterior boundaries and interior rings (holes)
within the graph faces. We merge vertices within a defined spa-
tial tolerance to establish topological nodes and link twin half-
edges to encode the adjacency between neighboring roof seg-
ments. Finally, we apply a simplification pass to remove topo-
logically redundant collinear vertices without introducing self-
intersections. This yields a robust graph structure with faces
F , edges E and associated vertices V(e) for e ∈ E for the sub-
sequent plane optimization (see Figure 2(d)).

2.4 Roof plane estimation

The next step is to extrude the roof surfaces back to their ori-
ginal height in three dimensions. A simple approach is to use
RANSAC or singular value decomposition to individually es-
timate the associated plane θ[fi] for each face fi ∈ F , i =
1, . . . , N , with parameters θi = (Ai, Bi, Ci). The drawback
is that seam lines between neighboring faces such as ridges do
not necessarily have to be closed, creating undesirable jumps
across ridges. A better idea is to do a global estimation of
plane parameters for each face simultaneously, and constrain
the edges between neighboring faces to remain attached under
certain conditions. Intuitively, we want to keep sloped faces
attached to each other to create closed ridge lines, but let ho-
rizontal faces such as dormers or flat parts of the roof “float
above” neighboring faces. To achieve this, we start with any

Figure 3. Final building model. Note the artifact for the dome in
front due to model violations.

decent approximation of the plane parameters θi (again using
SVD or RANSAC), such that a first approximation is available.
We then define two angles ϕflat and ϕmax representing the max-
imum angle for which a polygon is considered flat, and the max-
imum slope we allow for roofs (before they become a wall). We
define the set of flat faces as

Fflat =
{
f ∈ F |

√
A2 +B2 ≤ tan(ϕflat)

}
(5)

and set their plane equation to be perfectly horizontal with the
average height of associated LiDAR points,

θ[f ](x, y) ≡ 1

|P(f)|
∑

p∈P(f)

zp for f ∈ Fflat. (6)

All remaining faces Fsloped = F \ Fflat are considered (poten-
tially) sloped and active for subsequent optimization. Using
tmax = tan(ϕmax), we define the set of slope constraints as3

Θ =
{
θ = (A,B,C)T ∈ R3

∣∣ |A| ≤ tmax, |B| ≤ tmax

}
(7)

Then we define the set of plane parameters as x =
{
θ[f ] =

(A,B,C) ∈ Θ | f ∈ Fsloped
}

and we solve for µ > 0,

argmin
x

E(x) = Edata(x) + µEreg(x). (8)

The data term Edata is a standard least-squares estimate of the
plane parameters for each face, measuring the fit between the
ideal plane θ[fi] and the associated points P(fi):

Edata(x) =
∑
fi∈F

1

|P(fi)|
∑

p∈P(fi)

(θ[fi](xp, yp)− zp)
2 (9)

Using the initial plane estimate, we compute the maximum ver-
tical gap ge along every edge segment e ∈ E to define weights
for our edges, we = |e| · exp

(
−g2e/2σ

2
)
. The weight we is

large for gaps smaller than σ > 0, then decays quickly to zero,
putting emphasis on seam lines that are close together, while ig-
noring segments that are vertically far from each other. We set σ
to be a small multiple of the LiDAR resolution to avoid a too ag-
gressive bias towards fusing line seams. Weighting by the edge
length |e| puts more weight onto the ridges of large roof planes,
which we prioritize to be closed. The regularization term Ereg

then penalizes the weighted squared vertical difference between
the plane height at the vertices for each edge e ∈ E :

Ereg(x) =
∑

e=(f,f ′)∈E

we

∑
v∈V(e)

(
θ[f ](v)− θ[f ′](v)

)2 (10)

If the difference vanishes for any pair of edges, they are en-
tirely sealed. This approach resembles the work of (Verma et
al., 2006), who create a roof topology graph similar to the one
depicted in Figure 2(d) for the ridges and then estimate the roof
planes while keeping the ridges closed. The main limitation of
their approach is that they restrict themselves to a set of given
roof shapes for which they can construct the topology graph;
more complex roof shapes cannot be covered. We replace this
restriction with a softer constraint, at the cost of possibly al-
lowing ridges that cannot be closed entirely. In particular, since
polygons are not required to be convex in our formulation, two
faces can have multiple edges between them. In this case, there
is not necessarily a solution where all vertex differences can
vanish, and small gaps in ridge lines can remain.

It is worth pointing out that for any edge e = (f, f ′) between
a sloped face f and a horizontal face f ′, θ[f ′](v) is a constant,
as we do not estimate the parameters of horizontal planes; the
sloped plane is merely encouraged to snap onto the horizontal
boundary.4 Problem (8) can be solved using classic techniques

3 Note that constraining A and B separately instead of
√
A2 +B2 is

easier for the optimization.
4 The method can easily be extended to also estimate the z value of the
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such as L-BFGS-B, and can even be solved in parallel if the
edge graph E decouples into multiple disconnected subgraphs.

2.5 Roof extrusion

Following the planar optimization, the two-dimensional topo-
logical faces and their associated plane equations θ[f ] are ex-
truded into a three-dimensional building model. To ensure a
continuous watertight mesh, roof vertices sharing the same 2D
coordinates across adjacent faces must resolve to a unified elev-
ation. We employ a Union-Find clustering algorithm to group
identical (x, y) topological vertices. Their local plane-derived
elevations are then averaged to establish a single canonical
height, effectively eliminating vertical gaps between adjacent
roof segments.

Using the harmonized heights, we systematically construct the
manifold 3D geometry. Roof surfaces are elevated to 3D, expli-
citly preserving interior rings (such as dormers or skylights) as
topological holes within the parent surface. Vertical discontinu-
ities between adjacent roof segments are sealed with step walls.
To maintain manifold constraints, these step wall quads are dy-
namically split at intermediate heights, preventing degenerate
triangles and enforcing exact vertical alignment. Outer graph
edges lacking a topological twin are extruded downwards to the
ground plane to form exterior boundary walls. Internal build-
ing voids, such as courtyards, are extruded the same way to
form interior walls. The resulting polygonal 3D models can
be exported as CityGML/CityJSON or, after triangulation into
meshes, as OBJ files.

3. Evaluation/Results

We evaluate our method on two datasets with different charac-
teristics.

3.1 ISPRS Vaihingen benchmark

The ISPRS benchmark for urban object classification and 3D
building reconstruction (Rottensteiner et al., 2012) provides air-
borne LiDAR data at approximately 4 pts/m2 per swath, with
partially overlapping swaths leading to locally higher but irreg-
ular point density. The benchmark covers three areas: Area 1
(“Inner City”, 38 buildings with complex historic roofs), Area 2
(“High Riser”, 15 high-rising residential buildings), and Area 3
(“Residential”, 57 small detached houses). We use the provided
ground truth roof outlines as building footprints. Our pipeline
produced results for 106 of the 110 reference buildings; four
small buildings could not be included due to insufficient point
density or excessive noise. We set λ = 0.1 (high detail) for all
experiments.

3.2 Münster (Westf.) dataset.

To compare against state-provided LoD2 models in a prac-
tical setting, we selected two representative blocks in and
around Münster (Westf.), Germany, and evaluate all buildings
within each: (1) an urban block of 21 complex “Altbau” build-
ings with multi-part mixed-gable roofs covering approximately
28 000 m2 (see Figure 4), and (2) a suburban block with 88
mostly single-family houses (simple gable, flat, and tent roofs)
covering approximately 32 000 m2 (see Figure 5). LiDAR point
clouds (∼10 pts/m2), LoD2 models (latest campaign 2024), and
cadastral building footprints (ALKIS) are all publicly provided
by Geobasis NRW (Bezirksregierung Köln). Again, we set
λ = 0.1 for all experiments.

horizontal planes, however, we did not find any benefit.

Figure 4. Reconstruction of an urban area in Münster (Westf.).

Figure 5. Reconstruction of a residential area in Münster
(Westf.).

3.3 Evaluation Metrics

For the ISPRS benchmark, we follow the evaluation protocol
of Rottensteiner et al. (2014). Since our method uses the
provided ground truth roof outlines as input footprints, the area-
based completeness, correctness, and quality metrics primarily
reflect footprint coverage rather than roof reconstruction quality
and are hence always close to 1, so we omit them. Geometric
accuracy is assessed via RMSE in planimetry (RMSExy) and
height (RMSEz), both computed as vertex-to-vertex distances
with a 3 m outlier threshold.

For the Münster dataset, no manual ground truth is available
for the complex roof shapes. We therefore compute the point-
to-surface RMSE: the root mean square of Euclidean distances
from each LiDAR point to the nearest face of the reconstruc-
ted model, using the 95th percentile to mitigate the effect of
noise and misclassified points. This metric is applied to both
our LoD3-like models and the state LoD2 models. We addition-
ally report the per-building win rate, i.e. the fraction of build-
ings for which our model achieves equal or lower RMSE than
the LoD2 baseline.

3.4 Results on the ISPRS benchmark

Table 1 summarizes our results per-area along with the range
of scores reported for other methods on the ISPRS benchmark
leaderboard (Rottensteiner et al., 2014). Our RMSExy is con-
sistently below the range of competing methods, reaching less

Area # RMSEz [m] RMSExy [m]
1 36 0.514 [0.2–0.6] 0.293 [0.8–1.1]
2 14 0.344 [0.1–1.2] 0.141 [0.3–1.2]
3 56 0.288 [0.1–0.6] 0.267 [0.6–1.1]

106 0.372 0.259

Table 1. Results on the ISPRS Vaihingen benchmark.
Benchmark ranges in brackets indicate the spread of scores

reported by other methods (Rottensteiner et al., 2014).
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Area # RMSE (Ours) [m] RMSE LoD2 [m]
mean σ mean σ

Urban 21 0.120 0.079 0.678 0.648
Suburban 88 0.140 0.198 0.428 0.678

Table 2. Point-to-surface RMSE (95th percentile) on the
Münster dataset. σ denotes the standard deviation within the

dataset.

Method Dataset # pts/m2 RMSE [m]
Huang et al. AHN3 (NL) 14 ∼ 8 0.128
Huang et al. DALES (CA) 8 ∼ 50 0.184
Huang et al. Vaihingen (DE) 57 ∼ 4 0.157
Ours Münster urban 21 ∼ 10 0.120
Ours Münster suburb. 88 ∼ 10 0.140

Table 3. Cross-dataset comparison of point-to-surface RMSE
with Huang et al. (2022).

than half of the best value previously reported in Area 1. How-
ever, this score might be skewed due to our use of building foot-
prints as input, and thus only judging the internal roof plane
boundaries. RMSEz falls within the benchmark range but to-
wards the upper end for Area 1, likely due to the complex his-
toric roofs and low point density for some buildings. Among
more recent work, Jung et al. (2017) report a planimetric RMSE
of 0.76 m on the 110 full Vaihingen buildings, but do not report
RMSEz . Processing the 106 ISPRS Vaihingen buildings takes
approximately 1.4 seconds per building on average on a stand-
ard MacBook Air M2 2022 without special focus on Python
runtime optimization.

3.5 Results on the Münster (Westf.) dataset

Table 2 compares our building models against the state-
provided LoD2 models. Our method reduces the mean RMSE
by 82 % in the urban and 67 % in the suburban area compared
to the state-provided LoD2 models. For more than 98 % of
all buildings, our model achieves a lower point-to-surface error
than the LoD2 baseline. Since our Münster metric (point-to-
surface RMSE) matches the one used by Huang et al. (2022), a
rough cross-dataset comparison is possible, though limited by
differences in building types and point cloud characteristics (see
Table 3). Our point-to-surface RMSE on complex urban roofs
(0.120 m) is comparable to or lower than the values reported
by Huang et al. (2022) across all their datasets, despite our eval-
uation covering all buildings in contiguous urban blocks rather
than selected examples. We note that the RMSE of 0.157 m
reported by Huang et al. (2022) for Vaihingen cannot be dir-
ectly compared with our vertex-based ISPRS benchmark results
(RMSEz = 0.371m), as the two metrics measure fundament-
ally different quantities.

4. Conclusion

4.1 Discussion

While our overarching pipeline adapts the concept of discrete
optimization and graph-cut frameworks proposed by Zebedin et
al. (2008) and later adopted for large-scale modeling by Peters
et al. (2022), our methodology introduces critical advance-
ments. A primary limitation of the existing pipelines is the lack
of explicit formulations both for the segmentation as well as
the 3D roof extrusion phase; for example, the exact mechanics

of transitioning from 2D topological partitions to a watertight
3D mesh are left unexplained. To address this ambiguity and
improve overall geometric fidelity, we systematically improve
upon their foundation through the following contributions.

First, we replaced the segmentation step with a highly robust
piecewise affine-linear Mumford-Shah functional, achieving a
highly accurate initial plane extraction that is resilient to LiDAR
noise and varying point densities. Second, we modified the ex-
isting polygon regularization approach with a graph cut by in-
troducing proper normalization and replacing the vertical dis-
tance by the orthogonal distance to the plane. Third, to resolve
some of the extrusion ambiguity present in previous works, we
introduce an explicitly formulated global roof plane estimation
step. Rather than estimating the spatial parameters of each roof
face independently, our framework optimizes all active, sloped
roof faces simultaneously. By penalizing the vertical differ-
ences along shared topological edges via a gap-weighted reg-
ularization term, we encourage closed seam lines.

The experimental results demonstrate that the proposed piece-
wise affine-linear Mumford-Shah segmentation, coupled with
discrete graph-cut regularization, provides a highly robust
framework for automated 3D roof reconstruction. In particu-
lar, the segmentation delivers a highly accurate plane approx-
imation which is crucial for the subsequent line detection. On
the ISPRS Vaihingen benchmark, our method achieved a highly
competitive planimetric RMSE of 0.27 m, highlighting the ef-
fectiveness of the segmentation as well as the subsequent steps.
While the overall height RMSE (0.37 m) remains very com-
petitive, the slight elevation in Area 1 suggests that the strict
piecewise affine-linear assumption can sometimes struggle to
perfectly approximate highly irregular, historic roof structures
when point densities are low.

The evaluation on the Münster dataset underscores the prac-
tical superiority of our method over standard state-provided
LoD2 models. By reducing the mean point-to-surface RMSE
by 82 % in complex urban environments and 67 % in suburban
areas, our pipeline proves that standard LoD2 primitives fre-
quently fail to capture the geometric reality of multi-part roofs,
dormers, and chimneys. Achieving a 98 % win rate against
baseline LoD2 models confirms that our data-driven polygon-
ization strategy yields significantly higher architectural fidelity.
Furthermore, the ability to control the structural scale and trans-
itioning seamlessly toward LoD3-like detail, using only three
fixed, user-facing global parameters (γ, λ, µ) demonstrates ro-
bustness without the need for exhaustive per-dataset tuning.

Finally, the computational efficiency of the pipeline, averaging
1.1 seconds per building on standard hardware, proves the vi-
ability of this approach for large-scale urban reconstruction.
Our deterministic optimization framework inherently enforces
closed seams and strictly manifold geometry through globally
constrained plane fitting, offering a scalable, reliable, and math-
ematically sound path toward nationwide LoD3 city modeling.

4.2 Limitations

Although our proposed methodology demonstrates high robust-
ness, it is not without limitations. As discussed in Section 2,
the Mumford-Shah segmentation inherently assumes that roof
segments are piecewise planar. This assumption prevents the
accurate representation of curved architectural features, such
as domes, barrel roofs, or conical structures (see Figure 6(a)
and 6(b)). Figure 6(a) illustrates the candidate polygons that
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(a) Problematic candidate polygons (b) Building model

(c) Problematic line detection (d) Building model

Figure 6. Limitations of the method: Artifacts due to model
violations (conic structures and domes), slither polygons due to

faulty line detection, and incorrect jump lines due to
irregularities and gaps in LiDAR data. Buildings are from

Münster urban (above) and Vaihingen area 1 (below).

can arise from a bad segmentation due to steep conical struc-
tures and faulty subsequent line generation. A remedy for the
incorrect plane assumption in some cases is the integration of
surfaces of revolution (e.g. Zebedin et al., 2008), which could
be selectively applied where the piecewise affine-linear seg-
mentation shows high planar fitting errors. Furthermore, our
approach processes both the LiDAR data and the resulting re-
construction purely as a 2.5D surface model, ignoring explicit
wall points. Future iterations could incorporate a preprocessing
step to detect and integrate vertical structures directly from the
data.

Secondly, the fidelity of the final building reconstruction relies
heavily on the robust estimation of 2D lines derived from the
initial segmentation. Because these lines and their intersec-
tions strictly define the topological roof structure, insufficient
or faulty line detection can occasionally lead to undesired geo-
metric artifacts. On the tower structure in Figure 6(a) and 6(b),
too many lines are generated for a small area, resulting in tiny
polygons with very few LiDAR points, which the regularization
in (2) cannot successfully remove. This is not a problem restric-
ted to structures that fail to meet the modeling assumptions of
being a plane, but can also arise in other places where too many
lines generate tiny slither polygons that can cause ragged arti-
fact lines. Such instances can typically be identified by a corres-
pondingly high residual error against the original LiDAR point
cloud. To mitigate this, the pipeline can be iteratively restarted
with increased regularization parameters, promoting fewer, lar-
ger segments and, consequently, more reliable boundary lines.

In addition, imprecise roof lines can introduce minor topolo-
gical anomalies during the polygonization and regularization
phases. For example, over-extended boundary lines may gen-

erate artificially small corner polygons. This can be resolved
directly during the construction of the half-edge graph by either
isolating these anomalies as separate planar surfaces or dynam-
ically removing the vertices from the affected polygons.

Lastly, the inherent quality, resolution, and density of the input
LiDAR data fundamentally constrain the reconstruction detail.
Figures 6(c) and 6(d) illustrate the problems that can arise due
to irregular LiDAR sampling and gaps in the LiDAR data in the
Vaihingen dataset; for large gaps, it is hard to place lines, in par-
ticular step lines, at the correct location, which can be observed
in the tower area. To ensure adaptability, all geometric distance
thresholds within our pipeline, in addition to the core regulariz-
ation weights (γ, λ, µ), can be dynamically scaled as a multiple
of the estimated LiDAR resolution. In practice, we utilize the
95th percentile of nearest-neighbor distances to robustly estim-
ate the local point cloud resolution, effectively accounting for
density variations across different roof slopes. However, nat-
urally, as the point cloud becomes coarser, a reliable estima-
tion of topological boundary lines becomes increasingly chal-
lenging. A possible remedy here is the use of lines detected
from other imagery, as has been demonstrated by Zebedin et al.
(2006, 2008) which, however, requires substantially more data
and comes with its own challenges. It should be noted that the
use of existing cadastral building footprints is a rather small re-
striction and can be replaced by any estimate of the building
footprint (e.g. Jung et al., 2017), to also unlock roof overhangs
or possible balconies that extend over the cadastral footprint.

4.3 Future work

Future research will primarily focus on scaling the proposed
methodology from regional datasets to a nationwide application
in Germany. This expansion requires adapting the pipeline to
robustly handle the inherent heterogeneities in ALS point dens-
ities and the varying data quality provided by different federal
state agencies. To overcome the current algorithmic limitations
associated with the piecewise affine-linear assumption, future
iterations will explore the integration of generalized non-planar
primitives to accurately reconstruct non-planar architectural
features, such as domes and barrel roofs. To further enhance
the geometric fidelity of the models, roof overhangs can also be
included. A practical approach is to buffer the LiDAR points
by some margin around the footprint and trace the roof planes
that extend over the footprint until they end. The difference
between the LoD building presented in this work and the
extended planes is a good candidate for the automatic modeling
of roof overhangs and eaves. Finally, transitioning our highly
detailed roof models and walls into complete Level of Detail
3 representations remains a primary objective. We intend to
enrich the generated building models with detailed facade se-
mantics by incorporating automated window detection and wall
texturing pipelines. This will be achieved by using comple-
mentary data sources such as oblique imagery (e.g. Xia et al.,
2025), moving the framework toward the fully automated gen-
eration of comprehensive and visually realistic 3D city models.
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