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Abstract

3D building roof reconstruction remains a challeng-
ing task in urban modeling, particularly when process-
ing rough roof models containing noise and structural
imperfections. While existing methods have achieved
significant progress, they often fail to maintain recon-
struction quality when handling such inputs. This pa-
per presents a unified reconstruction pipeline that trans-
forms rough roof models into high-quality reconstruc-
tions by integrating 2D sketch optimization. Our ap-
proach begins by applying statistical priors to segment
the input rough roof model into planar primitives with
constrained orientations. We then extract 2D roof
sketches and establish precise correspondences between
sketch elements and planar segments. A structure-
aware optimization process enforces geometric con-
straints to refine these sketches. The optimized para-
metric sketches guide the correction of planar primi-
tives, which are subsequently fused into an enhanced
3D roof surface representation. Experimental evalua-
tions demonstrate that our method outperforms current
baseline approaches, achieving superior reconstruction
accuracy while effectively handling noise and structural
irregularities inherent in rough roof models. The pro-
posed pipeline proves particularly effective in recover-
ing sharp features and maintaining surface regularity
from challenging input data.

Keywords: roof reconstruction, 3D shape analysis,
sketch analysis, planar primitives

1. Introduction

Three-dimensional building reconstruction serves as a
fundamental component in digital city applications, ranging
from urban planning to virtual reality systems. Among var-
ious architectural elements, roof structures present partic-
ularly challenging reconstruction targets due to their com-
plex geometric configurations and frequent imperfections in
input data. While existing reconstruction techniques have
made considerable progress, the accurate recovery of roof

geometry from rough 3D models remains an open research
problem with significant practical implications.

Current roof reconstruction approaches generally fall
into three categories: Footprint-based methods [29, 28]
leverage 2D contours extracted from aerial imagery, but
their effectiveness diminishes with complex roof structures
and noisy data conditions. Learning-based techniques [4,

] employing implicit neural representations demonstrate
impressive reconstruction fidelity, yet often fail to maintain
crucial geometric regularities in practical scenarios. Plane-
based approaches [10, 16] produce regular surfaces but suf-
fer from error accumulation during plane detection and in-
tersection operations.

The fundamental challenge lies in simultaneously ad-
dressing three critical yet often conflicting requirements in
roof reconstruction. First, robustness to imperfect inputs
must handle real-world scanning artifacts including sub-
stantial noise and irregular sampling patterns that collec-
tively corrupt geometric features. Second, precise preser-
vation of architectural features demands sub-degree accu-
racy for characteristic roof elements like ridges and valleys,
which typically form 30°-90° angles. Third, maintaining
surface regularity requires high-level flatness in planar com-
ponents coupled with watertight junctions. As evidenced
in Fig. 6, current approaches struggle with these simultane-
ous demands - learning methods handle noise at the expense
of regularity, while plane-based techniques ensure flatness
but struggle under noisy conditions, particularly with real-
world scan data where all three challenges interact com-
plexly.

We present a novel reconstruction pipeline that bridges
2D sketch optimization with 3D geometry refinement to
overcome these limitations. Our key insight recognizes
that while 3D roof data may contain significant noise, their
2D projections often preserve recognizable structural pat-
terns. By establishing bidirectional connections between
2D sketches and 3D planar primitives, our method achieves
robust reconstruction while maintaining geometric regular-
ity. Specifically, our method addresses these limitations
through a hybrid 2D-3D optimization framework that com-
bines three key innovations. (1) The multi-level sketches
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Figure 1. Overview of the proposed method. Our method first preprocesses the input rough roof model R,., including smoothing and
removal of irrelevant structures. Next, we perform Hierarchical-Segmentation-Based Planar Extraction(H-Seg Planar Extraction)
on the preprocessed roof model R,, to obtain the initial planar primitives P. Then, with 2D Sketch Extraction and Optimization, we
extract and optimize leveled 2D sketches along the z-axis direction from the point cloud associated with P, and after filtering, obtain the
sketch set Sy. Finally, with Sketch Fusion and Reconstruction, we fuse Sy, transfer the 2D sketch correction data to 3D, convert it into
planar primitives, and use a high-quality reconstruction method to transform the planar primitives into a high-quality roof model Ry;inai,

achieving reconstruction from rough roof to high-quality roof.

extraction process projects 3D noise into multiple 2D do-
mains where structural patterns remain statistically distin-
guishable. (2) Bidirectional constraint propagation then
enforces 3D geometric regularity while preserving 2D-
extracted features for 2D sketch optimization. (3) An adap-
tive fusion mechanism dynamically weights 2D parametric
sketch contributions for high-quality 3D roof reconstruc-
tion.

Our experimental results demonstrate significant im-
provements over existing methods, particularly in han-
dling noisy inputs while preserving sharp features. The
pipeline achieves higher accuracy than current plane-based
approaches and maintains better feature preservation com-
pared to learning-based methods, as measured on a highly
challenging benchmark.

The main contributions of our work include:

* A unified reconstruction framework that integrates
2D sketch optimization with 3D geometry refinement,
demonstrating superior performance on rough roof
models compared to existing methods

* An effective parametric sketch extraction and labeling
strategy that preserves structural relationships between
2D elements and 3D planar segments, even with noisy
input data

* A novel optimization scheme that transfers geometric
corrections from 2D parametric sketches to 3D planar
primitives, enabling high-fidelity 3D roof reconstruc-
tion

2. Related Works

2.1. Roof Reconstruction

As a core task in urban reconstruction, the automatic
generation of 3D models from physically measured data
heavily relies on accurate roof reconstruction. Numerous
studies have explored roof reconstruction based on tradi-
tional algorithmic optimization. [2] proposed a three-step
approach involving primitive clustering, boundary repre-
sentation, and geometric modeling to reconstruct building
models from airborne LiDARpointclouds. [7] introduced
an automated top-down pipeline that leverages a predefined
library of basic roof shapes to generate models conform-
ing to the input data. [12] represented building geometries
using a set of well-aligned boxes and selected the optimal
subset to approximate the structure. [l6] utilized binary
programming to achieve polygonal surface reconstruction
for buildings. [31] detected locally fitted planar primitives
and global regularity from 2.5D point clouds to achieve
high-quality building reconstruction. [18] employed a ro-
bust clustering algorithm to partition data into segments,
followed by boundary extraction to reconstruct polygonal
building models. [19] encoded roof topology using graph
structures to enable 3D roof reconstruction from single im-
ages.

Alternatively, some studies adopted data-driven or
model-driven approaches. [0] applied supervised machine
learning to identify the most probable roof models from
point clouds based on typical roof features. [| 1] combined
deep learning with an end-to-end trainable network to re-
construct 3D roof wireframes from airborne LiDAR point
clouds. [15] introduced a frequency-domain feature learn-
ing strategy to extract comprehensive geometric features,
improving roof topology inference. [20] employed neural
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Figure 2. H-seg Planar Extraction: Hierarchical-Segmentation-Based Planar Extraction

networks to detect buildings and roof planes in images be-
fore reconstructing models using vectorized roof surfaces.
[29] leveraged relational neural network architectures to
learn outdoor building reconstruction from vector graphics.
[27] achieved LoD1 building reconstruction from multi-
view aerial images using deep learning. To address the data
scarcity in urban modeling, [24] introduced Building3D, a
large-scale benchmark containing over 160,000 buildings
with point clouds, meshes, and wireframes. This bench-
mark has facilitated the development of numerous deep
learning-based methods [14, 9, 13] for roof reconstruction
in recent years.

However, these methods are not well-suited for our task,
as real-world roof data often contain substantial noise, and
existing reconstruction approaches lack sufficient robust-
ness to effectively handle such interference. Although
[14,9, 13] achieves the conversion from scanned roof point
clouds to 3D roof wireframes, their application and perfor-
mance have been demonstrated only on roofs of relatively
simple structure. Our work addresses this gap by introduc-
ing a noise-resistant scheme which can achieve high-fidelity
roof reconstruction from structurally complex roof under
challenging conditions.

2.2. High-Quality 3D Reconstruction

Existing methods can be broadly categorized into
optimization-based traditional approaches and learning-
based neural methods, each exhibiting distinct advantages
in different application scenarios.

Among traditional methods, early research adopted
probabilistic search approaches like RANSAC [21] or vari-
ational optimization methods [3, 22] to fit candidate prim-
itive surface patches to input shapes (which are discretized
as point clouds or polygon meshes), iterating between prim-
itive fitting and segmentation. [23, 1] focused on polygo-
nal surface reconstruction, forming convex polygonal de-
compositions through plane arrangement strategies to re-
construct smooth and watertight results.

With the emergence of deep learning methods, data-

driven approaches have regained attention for solving high-
quality reconstruction problems. [8, 26] trained point cloud-
based neural networks to assign primitive types and pa-
rameters to each input point, effectively addressing prim-
itive segmentation and fitting problems by learning from
large-scale annotated CAD datasets. [32] seamlessly con-
verted input point clouds into versatile piecewise linear
(PWL) curve representations through a learning framework,
achieving 3D wireframe reconstruction via spline fitting
algorithms.[4] employed gaussian curvature constraints to
obtain high-fidelity and smooth reconstruction results. [17]
focused on polygonal model reconstruction and employed
an autoregressive network to iteratively predict vertices and
planes.

Our method achieves high-quality roof reconstruction
from coarse 3D inputs through a novel pipeline. The
pipeline works by optimizing extracted 2D roof contour
sketches, transmitting these corrections to the 3D domain,
and finally combining the refined structure with a polygonal
surface reconstruction method.

3. Method

Our method mainly consists of three core modules, as
shown in Figure 1. We take a rough 3D roof model R,
as input, and obtain R, through preprocessing before it
enters the core modules. First, through the hierarchical-
segmentation-based planar extraction(H-seg planar extrac-
tion), we perform hierarchical segmentation on R;, and ex-
tract the initial set of planar primitives P. Next, we extract
multi-level 2D sketches from the sampled points P of R,
obtaining the 2D sketch set S. We then denoise and op-
timize each level of sketches in S, and after filtering, ob-
tain the refined 2D sketch set S¢. Finally, we select a key
sketch from Sy and fuse the remaining sketches with it as
the foundation. The fusion sketch guide the correction of
planar primitive set P, which are subsequently fused into
an enhanced 3D roof surface representation.
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3.1. Statistical Prior

Roof structures typically exhibit a high degree of geo-
metric regularity. This regularity is primarily reflected in
the strong constraints on the spatial orientation of their con-
stituent planes, meaning that different roof surfaces often
adhere to a limited set of normal vector directions and fre-
quently exhibit rotational or mirror symmetry with respect
to one another.

We defined the positive x-axis direction as the reference
starting point (0°) to analyze the distribution of normal vec-
tor azimuths in roof structures. The top 10 most frequent
normal vectors are highlighted in Figure 3, revealing dis-
tinct clustering around 0, 7 /2, and 4 orientations. This
indicates their 2D projections primarily concentrate at four
cardinal directions: (1,0), (—1,0), (0,1), and (0, —1).

Based on statistical analysis of extensive real-world
building data, an effective structural prior can be intro-
duced: in a single roof structure, the number of distinct nor-
mal vector orientations usually does not exceed nine. This
prior constraint not only aligns with the design conventions
of most man-made structures but also helps reduce the com-
plexity of the solution space during the reconstruction pro-
cess, thereby enhancing the rationality and stability of the
reconstruction results. To further simplify the problem and
leverage the inherent regularities of building structures, we
also incorporate the axis-aligned assumption. Under this
constraint, the orientation of roof planes is limited to a fi-
nite set of fundamental normal vectors. Additionally, we
assume that the upward direction of the roof is the positive
Z-axis.

Building upon this observed concentration of normal di-
rections and the inherent structural regularity, we can for-
malize the orientation constraint under the axis-aligned as-
sumption. This formulation translates the geometric regu-
larity of roof structures into a highly constrained discrete
problem, where the unit normal vector of any roof plane is
restricted to a finite set composed of nine fundamental di-
rectional instances. This discrete direction space D consti-
tutes a complete set of all possible roof plane orientations,
defined mathematically as:

D= Dvenical U Dhorizomal U Dinclined (1)

This set consists of the following three mutually exclu-
sive subsets, corresponding to three basic geometric types:

1. Vertical Direction Subset: This subset contains all
planar orientations whose normal vectors are parallel
to the ground (i.e., n, = 0). Such planes typically
correspond to building gables or vertical facades.

Dvertical = {(Lovo)v (717030)7 (03170)7 (077170)}

Number of instances: 4. These represent the normal
vectors aligned with the positive and negative direc-

Normal Distribution

Total Value

s Iﬂmﬁ B TS |y W
R -2 0 w2 n
Azimuth Angle (radians)

Figure 3. Normal distribution in roof.

tions of the X-axis and Y-axis in the Cartesian coordi-
nate system.

2. Horizontal Direction Subset: This subset contains
only the planar orientation whose normal vector is per-
pendicular to the ground (i.e., parallel to the Z-axis).

Dhorizontal = {(07 07 1)}

Number of instances: 1. Represents the horizontal roof
surface with a vertically upward normal vector.

3. Inclined Direction Subset: This subset contains all
orientations of sloped roof surfaces. Their normal vec-
tors lie in the X-Z or Y-Z plane and form a fixed in-
clination angle with the Z-axis. Here, the parameters
a > 0,b>0,c> 0, and satisfy the unit vector con-
straint a®> + > = lorb* + ¢ = 1.

Dinclined = {(a/; 07 C)a (_a/a 07 C)a (07 a, C), (O, —a, C)}

Number of instances: 4. These represent the sloped
roof surfaces inclined along the positive or negative di-
rections of the X-axis or Y-axis.

3.2. Preprocess

For rough 3D roof mesh models with significant noise,
preprocessing is required as they are difficult to be seg-
mented directly. The first preprocessing step is smoothing.
Additionally, fence-like structures often appear around the
roof’s bottom edges due to data acquisition artifacts. These
structures do not belong to the roof itself and introduce seg-
mentation noise, so we remove them. This preprocessing
ensures cleaner input data for subsequent hierarchical seg-
mentation and 2D contour extraction.

3.3. H-seg planar extraction

As shown in Figure 2, we extract planar primitives based
on Hierarchical Segmentation from R,,. Through statistical
analysis, we have found that the orientations of roof sur-
faces typically exhibit no more than 9 principal directions.
To leverage this structural prior and simplify the classifica-
tion task, we adopt an axis-aligned assumption as the ini-
tial categorization criterion. This allows us to project the
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Figure 4. 2D Sketch Extraction and Optimization

continuous orientation space onto a discrete set of funda-
mental directions. Therefore, we initially classify the tri-
angular faces f; in R,. We define 6 categories for roof
surface orientations: positive x-axis, negative x-axis, pos-
itive y-axis, negative y-axis, positive z-axis, and no orien-
tation (null), denoted as C' = {+z, —z, +y, —y, +2z, null}.
The corresponding reference direction vectors are defined
as: V = {U}4,0_4,04y,0_y,U4.}. For each triangular
face f;, we calculate the angle §;; between its normal vector
7i; and each reference direction vector ¥; € V, and classify
it according to the following formula:

o = Cj lf mmﬂm < O @)
null, ifmin;0;; > 04,
Here, 6, is the preset angle threshold. In the first

case, the category is the one that shares the same sub-
script as the vector ¢; that minimizes the angle 6;; (for
example, if U, yields the smallest angle, the category is
C; = +x). If the smallest angle is less than or equal to
0:n, the current triangular face is classified into the corre-
sponding orientation category; when the smallest angle ex-
ceeds 6y, we classify them into the no-orientation and dis-
card them. At this point, we obtain the initial classification
result Sinit = {S4z,5-a, S4y, S—y, S+ }. Next, we per-
form more detailed segmentation on each category of faces
in S;,;:. For the current segmentation target .S, we use
Euclidean clustering to segment it, resulting in a subset of
faces S}, = {si}ilil. For each subset s;, we need to ap-
proximate s; as a plane st. We use a simple strategy to
approximate s; as a plane s?. First, we determine the nor-
mal vector of s? through a voting strategy. i.e., we count
the occurrences of normal vectors of the triangular faces in
s;, treating similar normal vectors as identical during the
counting process. The most frequently occurring normal
vector is set as the normal vector 72} of st

N
Sp .
n; = arg mﬁxz I(ng - n > cose) 3)
k=1
where € is the normal vector similarity threshold. We sam-
ple points from s; to obtain a point set P;, then downsample

this set to get P Combining P; with n¥, we compute mul-
tiple planes using the point-normal form. s? is determined
by selecting the point with the minimal residual value. If
the minimal residual ¢(s;) exceeds the threshold ¢, it indi-
cates that s; requires further segmentation. At this point,
we perform binary classification on the faces in s;, divid-
ing them into two categories: one with orientations closer
to the z-axis and the other with orientations closer to the
x- or y-axis. This yields the binary classification result

. 2 A
sh = {si C sz} . For each subset s} in s}, we iteratively
=1

apply the aforen{entioned process until all segmentation re-
sults reach the minimal segmentation requirement. At this
stage, we obtain the segmentation result .S;pq; for the roof.
However, the current plane orientations in the set Sf;y,q; are
disordered. Therefore, we further perform consistency cor-
rection on these plane orientations, adjusting them to 9 stan-
dard directions. Ultimately, we obtain a plane set P with at
most 9 distinct orientations. Through this strategy, we ef-
fectively extract planar primitives, significantly suppressing
the generation of fragmented faces.

3.4. Parametric Sketch Extraction and Optimization

As shown in Figure 4, we extract 2D parametric Sketch
from sampled points P. We first voxelize the sampled
point set P from the segmentation process to generate uni-
form voxel grids V' = {v, , .}, obtaining the contour set
O = {0}, where the contour of each level is defined as
follows:

op ={vzyr|ze1,X|NZye[,YINZ} &)

Here, X and Y represent the resolution of the voxel grid
in the x and y directions respectively, and v, , ;. denotes all
voxel grids with z-index k. We first project each contour
level onto the XOY plane. For each 2D voxel grid, its asso-
ciated internal points p, , x = {p; € P}, contain infor-
mation about the planar primitives. Additionally, we assign
an orientation to each voxel grid, defining four 2D orienta-
tion categories D = {up, down,left,right}. We project
the normal vector 7i,, = (ng,ny,n,) of the planar primi-
tive corresponding to p; onto the XOY plane. Since the 9
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standard normal vectors must satisfy n - n, = 0, the pro-
jected normal vectors can only yield four possible results:

(1,0),  ifng >0
) (—1,0), ifn, <0
proj __
" =Y (0,1),  ifn, >0 ©)
s+ ) y
(0,-1), ifn, <0

These four possible results are mapped to the orientation
labels in D as follows:

right, if b = (1,0)
lable(7iL™7) = left, if ﬁgfw_ =(=1,0) (6)
pi up, if 7ired = (0,1)
down, if 7" = (0, 1)

We assign the orientation label with the highest votes to

each voxel grid through a voting process. Since our contour
extraction is performed along the z-axis, normal vectors ori-
ented in the positive z-direction are ignored during voting.
In each level of the contour, we segment the contours based
on the orientation of the voxel grids and their adjacency
relationships, grouping voxel grids with the same orienta-
tion and adjacency into a single result. Next, we perform
line segment fitting on each segmented result to obtain the
parametric 2D sketch set S = {§k}£[:1 Simultaneously,
we transfer the planar primitive information contained in
the voxel grids to the line segments with voting strategy.
Specifically, we employ a two-stage voting scheme to de-
termine the planar primitive label for each line segment:

1. Voxel-level Assignment: For each voxel, we compute
the frequency of the planar primitives associated with
its contained points p, , . The voxel is assigned the
label of the planar primitive with the highest frequency.

2. Segment-level Assignment: For each line segment,
we aggregate the labels from all voxels it associates
with. The segment is then assigned the label that
achieves a majority vote from these voxels.

After fitting, we merge adjacent and collinear line seg-
ments to simplify topological relationships and enhance ge-
ometric consistency, while also removing extremely short
line segments. Subsequently, we eliminate asymmetric
short line segments from the sketch, with the symmetry cen-
ter being the horizontal center of the sketch’s bounding box.
Finally, we construct a graph where line segment endpoints
serve as nodes and the line segments themselves as edges,
then remove nodes with a degree of 1. These two processes
primarily aim to eliminate noise from the sketch.

At this stage, we obtain the denoised sketch S;. We fil-
ter Sy based on closure. Sketches located at lower levels but
associated with only a small number of planar primitives are

considered non-contributory sketches, as they often contain
noise structures. Therefore, we remove such sketches from
Sq. At this point, we obtain the filtered sketch set S.;.
For each selected sketch s, € Sse;, we apply collinearity
and symmetry constraints to its line segments. Addition-
ally, for line segments belonging to the same planar label
but located in different levels, they must strictly lie on the
associated plane. We further repair the sketches using sym-
metry, with the symmetry center still being the horizontal
center of the sketch’s bounding box. Each connected com-
ponent in s’_; should have a symmetric counterpart or be
self-symmetric. For connected components missing sym-
metric counterparts, we add their mirrored versions to com-
plete the structure. At this stage, we obtain the corrected
and optimized sketch set Sy.

Through the aforementioned optimization and correction
steps, we also recalculate the planes based on the planar ori-
entation labels of the line segments and use the computed
planes as corrections to the original planar primitives. We
leverage the adjacency relationships between line segments
within each sketch to obtain the clipping results for the cor-
rected planes. Given that each line segment [; has been
assigned a planar primitive label, we calculate the initial
corresponding plane p; using its endpoints and the normal
vector associated with that primitive. The two adjacent line
segments of /; are denoted as [} and /2. The planes p} and
p? are calculated using the normal vectors corresponding to
these segments. We use p} and p? to perform an initial clip-
ping on plane p;, resulting in the clipped plane p;’. Then,
based on the original primitive label of /;, we use the inliers
of the original planar primitive to further clip p;’, yield-
ing the corrected plane p'. corresponding to I;. In Vertex
Groups, the boundaries of planes are typically constrained
by inliers, so we sample p’ and use the samples as its in-
liers. Through this sketch-based approach, we effectively
remove noise from the original fitted planes. Additionally,
by recalculating planes using the line segments and their
corresponding normal vectors, we can further correct the
original planes.

3.5. Sketch Fusion and Reconstruction

We fuse the selected sketches to reconstruct the com-
plete roof, as shown in Figure 5. First, we select a key
sketch sy, € Sy and iteratively add line segments from its
upper-level sketches to it, obtaining the fused sketche s 7.
Each line segment in the sketch has an original planar label,
and the selection criterion for the key sketch is to associate
as many planar primitives as possible, typically located at
lower levels. Each time a line segment /; is added, the fol-
lowing rules are applied:

1. Planar Label Check: Determine whether the plane
p corresponding to [; is already included in the fused
sketch. If not, add [;. If yes, check whether the dis-
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Figure 5. Sketch Fusion and Reconstruction

tribution of inliers I JP of 1;’s plane p differs from the
distribution of inliers I” of plane p in the fused sketch.
If inconsistent, add [;; otherwise, discard it.

2. Chamfer Distance Check: Compute the one-way
chamfer distance between the corrected surface of I;
and the already fused planes. If the chamfer distance
is below a threshold, add [;; otherwise, discard it.

3. Inlier Count Check: If the number of inliers for the
plane corresponding to /; exceeds a threshold, add [;;
otherwise, discard it.

The rationale behind these rules is as follows: For (1), we
first ensure that planar primitives are not redundantly added.
The distribution consistency check accounts for cases where
a single original plane may be split into multiple surfaces
during boundary-aware clipping. These surfaces share the
same planar label but may have different inlier distributions,
so this strategy helps merge them. For (2), surfaces with
large chamfer distances are considered missing planes in the
current reconstruction, while this also helps filter out noisy
surfaces. For (3), facets with too few inliers are treated as
noise and discarded.

Then, we convert the sketches into planar primitives set
Py which subsequently used as input for initial reconstruc-
tion, yielding the initial reconstruction result I s;,s;. At this
stage, Ry;rs¢ may exhibit some hollow structures, which
we subsequently repair. To obtain the bottom clipping sur-
face for these hollow structures, we leverage R ;.5 as prior
knowledge. First, we voxelize the initial reconstruction re-
sult and project the voxels onto the XOY plane to obtain
Vproj. For the 2D voxel result, we perform binary classifi-
cation on each voxel grid, assigning a value of 1 to occu-
pied voxel grids and O to unoccupied ones. Next, we ex-
tract voxel grids with a value of 0 and identify connected
components using DFS. Connected components that do not
include edge regions are designated as bottom clipping re-
gions. We then add appropriate z-coordinates to the cen-
ter points of the 2D voxel grids in these regions to convert
them into 3D points, which serve as inliers for the bottom

Table 1. Quantitative comparisons with the state-of-the-art meth-
ods NeurCAD[4], PrimFit[10], KSR[ 1], and Compod[23].

Method NeurCAD PrimFit KSR  Compod  Ours

Times(s) 2394.4 5160.5  462.8 134.8 132.4

RMS| 0.0763 0.0974 0.0424  0.0557  0.0387

MM|] 0.0690 0.0587 0.0365 0.0446  0.0218

clipping surface. Subsequently, we add the bottom clip-
ping surface to Py, resulting in the updated planar primitive
set PJQ. Using PJi as input, we perform reconstruction al-
gorithm again to obtain the final roof reconstruction result
R final-

4. Experiments

In this section, we first present the implementation de-
tails of our experiments. We then conduct comparative eval-
uations against both learning-based and plane-based meth-
ods on sloped roof datasets. Finally, we perform ablation
studies to validate the contribution of key components in our
framework. Additional experimental results are provided in
the supplementary materials.

4.1. Experimental Setup

4.1.1 Dataset

The dataset we use consists of real-world scanned data of
sloped roofs in the form of 3D mesh models without bot-
tom surfaces. These data which comprises 70 distinct roof
models contain sufficiently complex roof structures incor-
porating various styles of sloped roofs, along with substan-
tial noise structures, presenting significant challenges that
can comprehensively test the algorithm’s robustness, effec-
tiveness, and generalization capability. The dataset is com-
prehensively demonstrated in the supplementary materials.

702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
719
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

CVM PAPER ID: 636.

1R

Input Preprocess NeurCAD

V _V, N7
Ll
M P PO R P LAKE

N R yow P NS R R

=

B e g e

I

PrimFit

Figure 6. Comparison with state-of-the-art approaches.

4.1.2 Implementation Details

For each roof model, we normalize it to the range [—1, 1]°.
During preprocessing, we employ the Dual-DMP [5]
method for smoothing. We employ the Compod[23] method
for 3D mesh reconstruction. In the segmentation phase, we
set the classification angle threshold 0y, = 10°, which en-
ables accurate segmentation for most roof data at this set-
ting, with a total sampling point count of 100K.

Following [30], we adopt two complementary metrics to
evaluate geometric accuracy: the Root Mean Square Haus-
dorff Distance (RMS) and the Maximum Mean Hausdorff
Distance (MM). The RMS captures the global reconstruc-
tion fidelity, whereas the MM pinpoints localized regions
of maximum deviation. This dual-metric approach facili-
tates a balanced assessment of both overall and worst-case
performance.

4.2. Comparison

Our method is compared with the learning-
based method(NeurCAD[4]) and plane-based
approaches(PrimFit[10], KSR[!], Compod[23]). All
comparative methods take the preprocessed roof model as
input. In the evaluation of computational efficiency, we
assess the entire reconstruction pipeline (including both
plane detection and 3D mesh reconstruction).

Quantitative comparisons against state-of-the-art meth-

Segmentation and
Reconstructed Roof (w/0)  Reconstructed Roof (w/)

Original Roof Model Segmentation and

Figure 7. Visualizing the reconstruction result without(w/o) and
with(w/) hierarchical segmentation strategy.

ods are summarized in Table 1. The results demonstrate
that our method achieves a superior balance between effi-
ciency and accuracy. In terms of computational efficiency,
our approach (132.4s) is on par with the fastest method,
Compod (134.8s), and is significantly faster than NeurCAD
(2394 .4s), PrimFit (5160.5s), and KSR (462.8s). More im-
portantly, our method attains the best geometric accuracy
across both fidelity metrics, achieving the lowest RMS of
0.0387 and the lowest MM of 0.0218. This indicates that
our reconstructions are not only globally the most faithful
but also exhibit the smallest localized errors.

As shown in the qualitative results of Figure 6, com-

810
811
812
813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856
857
858
859
860
861
862
863



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

CVM PAPER ID: 636.

t

N\

\
/

-~
/

(RN
AEE M
=,
\\ ’/

N

/
;
.

,_\. :
e
\\ y

N

1

\
“Hnng |

Original Key Reconstructed Key Reconstructed
Roof Model | Sketch (w/0) Roof (w/0) |Sketch (w/)  Roof (w/)

!
\

. .
e
!
SV
! ]
J ]

I

Figure 8. Visualizing the reconstruction result without(w/o) and
with(w/) sketch symmetry repair strategy.

pared to these baseline methods, our method demonstrates
high-quality reconstruction results. Our approach enforces
consistency on the normal vectors of planar primitives dur-
ing the segmentation stage based on statistical priors, re-
sulting in more regularized roof structures. Additionally,
we refine the planar primitives through sketch-based opti-
mization and remove noise structures, leading to superior
reconstruction quality. For learning-based method, Neur-
CAD reconstruct complete roofs without sharp feature and
the resulting surfaces are not sufficiently flat. For plane-
based methods, both KSR and Compod are affected by
noise structures, leading to redundant structures and partial
distortion in their reconstruction results. PrimFit performs
even worse, as it cannot effectively handle noise structures,
resulting in reconstructions with substantial redundant el-
ements. Our method addresses noise structures by prop-
agating the corrections from 2D geometric constraints in
sketches and noise removal to optimize the planar primi-
tives, enabling the effective reconstruction of high-quality
roof models.

4.3. Ablation Study

4.3.1 Evaluation Of Hierarchical Segmentation

We conducted a comparative experiment by disabling H-
Seg, where we only performed clustering on the initial clas-
sification results while keeping all other settings unchanged.
As shown in the results in Figure 7, the third column dis-
plays the segmentation results without hierarchical segmen-
tation, which, when compared to the results with hierarchi-
cal segmentation enabled, exhibit errors that lead to miss-
ing roof structures. These issues arise because, after clus-
tering, there still exist clusters containing faces oriented
in different directions. If these faces are directly approxi-
mated as planes, the segmentation results will be incorrect,
causing missing coverage in the segmented planar primi-

tives. Therefore, hierarchical segmentation effectively sep-
arates faces with different orientations within clusters, sig-
nificantly improving the accuracy of the segmentation re-
sults.

X X v X v v
Sketch Selection Settings

Reconstructed Roof (w/)

Reconstructed Roof (w/0)

Figure 9. Visualizing the reconstruction result without(w/o) and
with(w/) sketch filtering.

4.3.2 Evaluation of Sketch Symmetry Repair

As shown in Figure 8, the reconstruction without symmet-
ric repair clearly shows missing roof structures (red boxes).
Since the rough roof contains numerous noise structures,
the extracted sketches also include many noise line seg-
ments. After denoising, if key roof structures are severely
affected by noise, their related line segments are also treated
as noise and removed. Without symmetric repair, these ma-
jor structures would be missing in the final reconstruction.
Therefore, symmetric sketch repair can restore those roof
structures severely affected by noise, significantly enhanc-
ing our algorithm’s robustness.

4.3.3 Evaluation of Sketch Filtering

As shown in Figure 9, when all sketches participate in
fusion, noise structures appear in the final reconstruction.
Moreover, due to the inclusion of noise-related planar prim-
itives, the reconstruction quality deteriorates, resulting in
redundant surfaces. These issues occur because disabling
sketch filtering allows non-effective planar primitives to
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be incorporated into the fusion process, compromising re-
construction quality. Sketch filtering effectively removes
sketches containing line segments related to non-effective
planar primitives, thereby improving final reconstruction
quality.

4.3.4 Evaluation of Key Sketch Selecting

We conducted a comparative experiment on the same model
by randomly selecting different sketches as the key sketch
while keeping other settings unchanged. As shown in Fig-
ure 10, selecting the sketch containing the most planar prim-
itives as the key sketch yields better reconstruction results.
This is because the key sketch serves as the foundation for
the fusion module - when adding line segments to it, noise
segments and duplicate segments are filtered based on this
foundation. If the key sketch contains fewer associated pla-
nar primitives, noise segments may be confused with some
non-noise segments, causing valid segments to be incor-
rectly filtered out and resulting in missing structures in the
reconstruction.

|

Fused Reconstructed
Sketch Roof

Original Key Fused Reconstructed Key
Roof Model Sketch (w/0) Sketch Roof Sketch (w/)
Figure 10. Visualizing the reconstruction result without(w/o) and
with(w/) key sketch selecting strategy.

5. Conclusion

This paper introduces a novel and unified computational
framework that effectively bridges 2D sketch-based abstrac-
tion with 3D geometric refinement for robust roof recon-
struction from imperfect data. Departing from methods that
operate solely in 3D, our key innovation lies in a cross-
domain optimization strategy. The pipeline begins with a
hierarchical segmentation of the input rough roof mesh, ex-
tracting a set of planar primitives regulated by robust orien-
tation constraints. The core of our method involves the ex-
traction and structural optimization of multi-level 2D roof
contour sketches, which provide a topologically clean and
compact representation for enforcing regularities. The opti-
mized 2D constraints are then intelligently transferred back
to the 3D domain, guiding the geometric correction of the
planar primitives. This dual-domain approach allows us to
effectively correct errors and impose structural priors that
are difficult to enforce directly in 3D. Extensive quantitative
and qualitative evaluations on real-world datasets, which

10

encompass a wide spectrum of roof structures from simple
to highly complex, demonstrate that our method achieves
superior performance, striking an excellent balance between
reconstruction fidelity and computational efficiency.

Despite its strengths, the current framework has several
limitations that point to fruitful future directions. First, the
simplification inherent in our sketching stage leads to the
omission of fine-grained details such as small dormers and
chimney features. Second, and more critically, our method
is primarily designed for geometry correction and regular-
ization rather than geometry completion. It struggles to hal-
lucinate plausible roof structures in cases of significant data
loss or large missing sections. Our future work will focus
on exploring more advanced frameworks to overcome the
current limitations.
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