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Abstract

Three-dimensional (3D) building models are essential for urban planning, spatial analy-
sis, and virtual simulations. However, most reconstruction methods based on Airborne
LiDAR Scanning (ALS) rely primarily on rooftop information, often resulting in distorted
footprints and the omission of facade semantics such as windows and doors. To address
these limitations, this study proposes an automatic 3D building reconstruction method
driven by facade geometry. The proposed method introduces three key contributions:
(1) a fagade-guided footprint generation strategy that eliminates geometric distortions
associated with roof projection methods; (2) robust detection and reconstruction of facade
openings, enabling reliable identification of windows and doors even under sparse ALS
conditions; and (3) an integrated volumetric modeling pipeline that produces watertight
models with embedded fagade details, ensuring both structural accuracy and semantic
completeness. Experimental results show that the proposed method achieves geometric de-
viations at the decimeter level and feature recognition accuracy exceeding 97%. On average,
the reconstruction time of a single building is 91 s, demonstrating reliable reconstruction
accuracy and satisfactory computational performance. These findings highlight the po-
tential of the method as a robust and scalable solution for large-scale ALS-based urban
modeling, offering substantial improvements in both structural precision and semantic
richness compared with conventional roof-based approaches.

Keywords: Airborne LiDAR Scanning (ALS); 3D building models; facade geometry;
automatic reconstruction; window and door detection

1. Introduction

Three-dimensional (3D) building models play a vital role in a wide range of urban
applications, including digital twins, urban planning, route navigation, energy analysis,
and virtual reality visualization. For example, urban planning and heat island analyses
typically rely on Level of Detail (LoD) building models, such as LoD2, to obtain detailed
roof and wall geometries [1]. And energy analysis and road navigation require clearly
defined fagade elements (e.g., windows and doors) to enhance recognition efficiency [1].
Accurate reconstruction of geometric structures and comprehensive representation of
semantic components are essential for faithfully restoring spatial structures. In addition,
these factors ensure the reliability and effectiveness of subsequent analyses and applications.
Among the various approaches for acquiring 3D spatial data, Airborne LiDAR Scanning
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(ALS) has become a mainstream method for large-scale building modeling. This is due to
its high resolution and wide area coverage within a single acquisition [1,2].

However, most existing ALS-based reconstruction methods primarily focus on roof
structures [3-5]. A typical approach is to project rooftop boundaries vertically to estimate
building footprints [6,7]. Although effective for regular building forms, these methods
often fail when dealing with overhanging eaves or complex roof geometries. This failure
leads to footprint expansion, positional shifts, and reduced geometric accuracy [8]. To
mitigate these issues, several studies have incorporated fagade points. Projection-based
linear fitting improves footprint delineation but struggles to generate closed or curved
outlines [8,9]. Learning-based approaches using annotated facade datasets have also been
explored [10]. However, their performance depends heavily on annotation quality, and
their generalization capability remains limited.

At the semantic level, facade openings such as windows and doors are critical for both
functional description and model recognizability [11,12]. Fusion methods that integrate
street-view imagery [13] or external contour data [14] can enhance detection accuracy.
However, they require reliable external data, precise cross-modal registration, and extensive
preprocessing, limiting scalability for large-scale automatic reconstruction.

Despite these challenges, ALS fagade point clouds still preserve valuable information:
building walls typically exhibit planarity and vertical continuity, whereas windows and
doors appear as local density variations [15-18]. Recent high-quality datasets, such as those
from Dublin City [19], demonstrate the feasibility of capturing facade openings. They also
support their reliable identification and contour reconstruction [20,21].

In this study, we propose an automatic 3D building reconstruction method from ALS
point clouds. It directly leverages facade geometry to reconstruct accurate building foot-
prints and semantic elements such as windows and doors. The method also integrates
rooftop structures to generate complete models. Compared with roof-based methods such
as City3D [3], the proposed method preserves detailed roof reconstruction. It also over-
comes the geometric distortions and semantic deficiencies of those methods. It enhances the
structural accuracy and semantic richness of building models and improves the refinement
and applicability of automated large-scale 3D reconstruction.

2. Analysis of Existing Methods and a Strategy
2.1. Analysis of Existing Methods

Among the existing ALS-based 3D building modeling methods, roof reconstruction
remains the most common approach [3,22,23]. A typical technique is to project roof bound-
aries vertically onto the ground to estimate building footprints [6,7]. However, when
buildings have overhanging eaves or complex roof forms, such methods often cause foot-
print expansion and displacement, thereby reducing geometric accuracy. Moreover, they
overlook facade semantics such as doors and windows, resulting in models with limited
semantic detail.

To improve footprint accuracy, some studies have incorporated fagade point clouds.
Ref. [9] used mobile laser scanning data to project facade points onto the ground and fit
linear boundaries. However, linear fitting cannot guarantee the closed reconstruction of
curved or complex outlines. Similarly, Ref. [8] projected ALS wall points and applied line
fitting, which failed to generate closed footprints, making them unsuitable for volumetric
modeling. Ref. [10] proposed a prediction method based on manually annotated facade
contour datasets. However, it is highly dependent on annotation quality and shows limited
generalization to diverse facade morphologies.

At the semantic level, windows and doors are key facade components that serve
functional roles such as lighting, ventilation, and access [11]. They also play an important
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role in object recognition [12]. Existing studies have commonly employed street-view
images [13] or external contour data [14] for window and door detection. However, street-
view images are limited by occlusions and spatial coverage and require precise registration
with ALS point clouds, which substantially increases processing complexity. External
contour data, often derived from manual annotations or heterogeneous databases, vary
across cities and building types, thereby constraining their universality and applicability.
It is noteworthy that although the fagade regions of ALS point clouds are sampled less
densely than roofs, they still retain critical geometric and semantic information. Facade
walls typically exhibit strong planarity and vertical continuity, whereas openings manifest
as distinct variations in point density. These characteristics provide a basis for directly
identifying and extracting window and door boundaries from ALS fagade point clouds.

2.2. A Strategy for 3D Building Model Reconstruction Based on Fagade Geometry

Based on the above analysis, this study proposes a 3D building modeling strategy
that relies solely on ALS point clouds while ensuring both geometric accuracy and se-
mantic detail. The proposed strategy exploits the geometric continuity and density vari-
ations of facade point clouds to support reconstruction from structural outlines to fine
semantic elements.

The first step involves separating roofs from facades to obtain fagade point clouds.
Because roof projections are easily distorted by overhanging eaves and complex geometries,
they often introduce geometric biases. In contrast, facade point clouds, although sparse,
provide stable vertical structures through normal analysis and plane fitting. Their vertical
projection enables the accurate extraction of ground-attached footprints, fundamentally
avoiding the errors introduced by roof-based methods.

For window and door extraction, although ALS data lack texture information, open-
ings manifest as sparse point distributions compared with surrounding walls. By leveraging
this density difference, fagade points are projected onto 2D images. Alpha Shape construc-
tion combined with geometry—semantic detection methods is applied to extract opening
boundaries, thereby delineating windows and doors.

Finally, the footprints, facade openings, and roof structures are integrated into a com-
plete building model. Within a model-driven framework, polygonal surface assembly and
Boolean operations are employed to embed the extracted semantic features into volumetric
models. This process achieves a unified representation of geometry and semantics.

In summary, this study proposes an automatic reconstruction strategy based on facade
geometry to achieve fine-grained 3D building modeling from ALS point clouds. The main
steps are

(1) Building point-cloud segmentation and footprint construction;
(2) Window and door contour extraction based on fagade geometry;
(8) Construction of a 3D building model with enhanced fagade details.

This strategy mitigates the geometric distortions of roof projection methods, avoids
reliance on external data, and provides a feasible solution for large-scale automated ALS-
based building modeling. The corresponding flowchart is shown in Figure 1.
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Figure 1. Flowchart of the proposed method.

3. Building Point Cloud Segmentation and Construction of
Facade-Based Footprints

In this study, distinguishing roofs from fagades and constructing accurate ground-
attached footprints were critical for ensuring geometric precision. These steps also facili-
tated the subsequent recognition of fagade semantic components. This section focuses on
two main tasks: (1) the automatic extraction of roofs and fagades through plane segmenta-
tion and classification, and (2) the construction of true building footprints from projected
fagade point clouds.

3.1. Segmentation and Classification of Building Planes and Fagades

Existing plane segmentation methods can generally be divided into two categories:
(1) Data-driven methods, which rely on spatial proximity and topological similarity
to cluster or segment point clouds [24,25]: These methods require high-quality data
and are suitable for low-noise point clouds. and (2) Model-driven methods, which fit
geometric models to points and exhibit greater robustness to noise and non-uniform
distributions [26,27]. Random Sample Consensus (RANSAC) is a representative model-
driven approach [27]. By iteratively sampling and estimating models, the maximum inlier
set is identified to fit planes. Compared with other model-driven techniques, such as
the Hough transform, RANSAC demonstrates higher stability and noise resistance when
handling sparse or noisy ALS point clouds [22]. It has therefore been widely applied in
building point cloud processing [3,5,28]. Therefore, RANSAC was adopted in this study
for ALS building plane segmentation.

The segmentation and classification of roof and facade regions are conducted in
two steps:

(1) Plane segmentation was performed using the RANSAC algorithm to extract the
dominant planes from the building point clouds. The segmentation process relied on
a distance threshold that determines whether a point is an inlier in a candidate plane.
The distance threshold is determined with reference to the inherent accuracy of the in-
put point cloud, which is typically chosen to be of the order of measurement precision.
Points falling within the expected positional error are considered inliers of a candidate
plane [29]. To reduce over-segmentation, adjacent small planes with similar orientations
and close proximity were merged following criteria such as a mutual distance smaller than
0.025 m [30]. The plane parameters were refined using Principal Component Analysis
(PCA) after merging [31]. The plane segmentation results are shown in Figure 2a.
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Figure 2. Results of segmentation and classification, where each color represents a planar instance:
(a) segmented planes; (b) extracted fagade planes; and (c) extracted roof planes.

(2) Plane classification: The normal vector is the most important feature for classifying
roof and wall planes. Planes with normal approximately perpendicular to the z-axis were
classified as facades, whereas the others were categorized as roofs. The final extracted
facade and roof planes are shown in Figure 2b and Figure 2c, respectively.

3.2. Automated Footprint Construction Based on Fagade Point Cloud Projection

Based on the extracted facade point clouds described in Section 3.1, an orthogonal
projection was applied to obtain 2D point sets. These 2D point sets were subsequently
used to generate closed building footprints. Existing approaches can be divided into two
categories: (1) structure detection methods, which employ hypothesis—selection strategies to
detect line segments in projected points and assemble them into closed contours [8,9]. These
methods are effective for regular buildings but cannot handle curved or irregular outlines;
and (2) edge-tracking methods, which sequentially trace the boundaries of projected points
and can adapt to arbitrary shapes [6,32]. Among the latter, the Alpha Shape algorithm is
widely used [5] and was adopted in this study.

In this study, the automated footprint construction process consisted of three steps:

(1) Projection and point simplification: Facade points are orthogonally projected
onto the ground to form 2D point sets. To reduce redundancy while preserving spatial
distribution, the point sets were simplified using a regular grid. Each grid cell retains only
one representative point (e.g., a centroid or random point). A simplified two-dimensional
(2D) scatterplot is shown in Figure 3a.

(a) (b) (©)

Figure 3. Building footprint extraction: (a) 2D scatter plot of projected facade points; (b) footprint
generated using Alpha Shape; (c) simplified footprint using the Ramer-Douglas—Peucker algorithm.

(2) Binary-search-based contour extraction: Delaunay triangulation is first performed
on the projected points. The Alpha Shape algorithm was then applied, with a serving
as the key parameter that balances detail preservation and geometric closure. To avoid
manual tuning, a binary search is used to identify the critical « within a predefined range
(@ymin, @max), with a tolerance a.. Specifically, the optimal « is defined as the smallest value
that yields a single closed footprint, while & — & still results in multiple polygons. To
ensure rational parameterization, a,,;;, and a. are set to the minimum point pair distance in
the point cloud, making the method sensitive to fine-scale details. In contrast, &, is set to
a scale larger than the radius of bounding sphere of point cloud, ensuring that the search
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range encompasses the correct solution. The binary search converges to the final « and the
corresponding footprint (Figure 3b). The detailed process is formalized in Algorithm 1.

Algorithm 1: Binary-search-based contour extraction

Input: Projected 2D point set P
Output: Optimal alpha value «t, footprint polygon FP

1 Compute the nearest-neighbor distances d; of all points in P

2 Set a;, < min(d;) # Sensitive to fine-scale details
3 Setae ¢ wyn # Convergence tolerance

4 Compute the radius R of the bounding sphere of P

5 Set apae < 2R # Ensure search range covers solution
6 Initialize ajpy < Qpin, Xnigh < Cmax

7 while | D‘high — Xow | >ae do

8 & 4= (g + “high)/z

9 Construct a-shape S(«x) from P

10 if S(«) contains multiple disjoint polygons then

11 Rop — &

12 else

13 D(high(— o

14 end if

15 end while

16 Kopt <— Xhigh

17 FP < S(aopt)

18 return ayp;, FP

(3) Contour simplification: The raw footprint contours extracted from the Alpha Shape
algorithm often contain excessive local irregularities. The Douglas—Peucker (DP) algorithm
was applied to simplify these contours by iteratively approximating curved segments
with straight lines. The process is controlled by a threshold defined as the maximum
allowable perpendicular distance between a point and its simplified segment [33]. The
threshold was selected based on point cloud density and building scale. In this study,
experimental validation showed that a threshold value between 0.1 m and 0.5 m effectively
preserved structural fidelity. At the same time, it removed noise-induced fluctuations [6].
For footprints primarily composed of orthogonal edges, a quadratic programming (QP)
method was further introduced to globally adjust vertex positions and enforce right-angle
relationships between adjacent segments [34]. This resulted in a geometrically consistent
footprint (Figure 3c).

4. Window and Door Contour Extraction Based on Facade Geometry

This section focuses on extracting window and door contours from ALS building
fagade point clouds. In ALS data, openings typically appear as local holes or sparse regions
on facades, and their accurate extraction is crucial for enhancing the semantic richness of
building models. Existing approaches can be categorized into two groups: geometry/rule-
driven methods and learning-driven methods. The former relies on geometric features
such as curvature variations, normal vector distributions, or linear edges to identify
openings [35,36]. Although effective for dense and complete facade point clouds obtained
from TLS or MMS. However, they often fail on sparse ALS data due to discontinuous hole
boundaries and noise interference [37]. The latter employs deep neural networks to directly
learn geometric and semantic features for window detection and segmentation [28,38].
The YOLO family of models [39] represents a typical learning-driven approach. With
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advantages such as end-to-end training, rapid detection, and high robustness [40], YOLO
can directly identify the bounding boxes of windows and doors in fagade projection images.
This effectively addresses the issue of missing boundaries in ALS data. Leveraging this
capability, YOLO was applied in this study to detect the positions and scales of windows
and doors in images. These detections were then back-projected onto 3D space to generate
contours. The main steps are as follows:

(1) Fagade projection and image generation: The facade point clouds extracted in
Section 3.1 are projected into 2D using Equation (1). A 2D image is generated based on
the range and resolution of the point set, and the pixel coordinates of each point are com-
puted using Equation (2). To mitigate sparsity issues in ALS, each point is dilated during
image generation (Figure 4a), enhancing the contrast between openings and walls, and
improving detectability.

P'=R-(P—-P) (1)

p=L(P" = Pyin) /7] @

where R is the transformation matrix composed of three basis vectors obtained by PCA.
P’ is the projected point. P is the original point. P is the centroid of the fagade points. p is
the pixel coordinate. P}, is the minimum projected coordinate.  is the image resolution.

And | -] denotes the floor operation.

(©)

““‘
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nuumm
c“uwmw
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-

Figure 4. Facade window/door openings extraction via (a) planar image sampling; (b) opening object
detection; and (c) inverse projection to global coordinates. White dots represent projected points,
orange boxes represent detected openings, and orange blocks represent inverse-projected openings.

(2) Model training: The window and door targets were manually annotated on the
projected images to generate a bounding-box detection dataset. Standard data augmenta-
tion (random scaling, rotation, and brightness/contrast adjustment) was applied to enrich
the sample distribution, as referenced in [41]. The YOLOv11 framework [40] was adopted
in this study, offering improvements in both inference speed and detection accuracy over
its predecessor. Following reference [39], the number of epochs was set to 200 to prevent
premature termination before reaching the optimal model. The remaining key parameters,
such as input resolution, early stop strategy and learning rate, were kept at the default
values of YOLOv11 framework.

(3) Opening object detection: Using the trained model, window and door bounding
boxes were predicted for each fagade image. Non-Maximum Suppression (NMS) [42]
is applied to remove redundant boxes with lower confidence scores. In general object
detection tasks, the Intersection over Union (IoU) threshold in NMS is commonly set within
0.3-0.5 to suppress overlapping boxes of the same object [43]. Since doors and windows are
typically arranged in regular patterns and are located close to one another. Using a larger
threshold facilitates the retention of adjacent, slightly overlapping targets. Conversely, a
smaller threshold enforces a stricter separation between nearby detection boxes, thereby
ensuring the semantic consistency of the detection results. Following existing research [44],
the IoU threshold of NMS was set to 0.1 in this study. The final bounding boxes were
considered as window /door contours (Figure 4b).
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(4) Contour back-projection: The pixel coordinates of the four bounding box corners
are computed. Then, Equation (3) was applied to back-project the contours from the 2D
image space to 3D global coordinates, producing the final results (Figure 4c). The complete
procedure is formalized in Algorithm 2.

P=R"-(pxr+Ppy) + P 3)

Algorithm 2: Window and door contour extraction based on fagade geometry

Input: Facade point cloud P; trained YOLO model M; projection parameters
(R, PC' Pr/nin’ 1’)
Output: Set of 3D window and door contours Czp
/ /Step 1: Fagade projection and image generation
For each point P; € P do
Compute projected coordinate: P/ = R - (P; — ;)

Compute pixel coordinate: p; = floor <(Pz_Pmm)>

r

1
2
3
4 Dilate pixel p; to enhance local density
5 end for
6 Generate fagade image I from projected pixels
/ /Step 2: Object detection using YOLO
7 D+ M()
/ /Detect bounding boxes for windows and doors
8 Apply Non-Maximum Suppression to D with IoU < 0.1
9 Cyp + Remaining bounding boxes in D
/ /Step 3: 2D-3D back-projection
10 Initialize C3p + @
11 For each box b € Cyp do

12 For each corner p of b do

13 Compute 3D coordinate: P = RT - (p-r+P),;.) + Pe
14 end for

15 Add quadrilateral contour {P} to C3p

16 end for

17 return C3p

5. Reconstruction of 3D Building Volumetric Framework and Enhancement
of Facade Details

This section integrates the building footprints derived in Section 3, the window and
door contours extracted in Section 4, and the roof planes segmented in Section 2 into a
unified modeling process. This process generates watertight 3D building models that
enable component embedding and facilitate subsequent analysis. The workflow comprises
two main stages: (1) volumetric framework reconstruction and (2) fagade detail enhance-
ment through the integration of window and door contours.

5.1. Reconstruction of 3D Building Volumetric Framework

Current ALS-based building reconstruction methods are generally divided into
two categories: data- and model-driven approaches [3,45,46]. Data-driven approaches
focus on reconstructing building surfaces by exploiting the geometric and topological
relations between points [46]. In contrast, model-driven approaches generate models by
identifying structural primitives from point clouds [45]. Given the availability of build-
ing footprints, window/door contours, and roof segmentation results, a model-driven
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strategy was preferable in this study. By constraining the reconstruction with footprints
and planes, wall and roof primitives were generated and selected to form closed polygonal
meshes. Compared to interpolation- or fitting-based surface methods, the model-driven
strategy offers several advantages: (1) it explicitly preserves the topological relationship
between footprints and walls, (2) it supports interpretable energy-term optimization for
roof details, and (3) it facilitates the subsequent Boolean embedding of windows and
watertight control [43].

City3D is a representative model-driven software tool for ALS-based building recon-
struction [3]. Its implementation process involves generating candidate vertical walls and
roof patches from the given footprints and roof point clouds. Consistent and smooth patch
combinations are then selected through roof-oriented energy optimization to produce a
polygonal volumetric framework. This tool effectively restores roof details while main-
taining planar wall geometry. However, direct patch assembly may result in cracks or
holes along roof-wall intersections, compromising watertightness. For postprocessing,
edge-stitching and hole-filling modules from the Computational Geometry Algorithms
Library (CGAL) were employed to mitigate this issue [34]. The former merges adjacent
edges and vertices based on geometric consistency, while the latter triangulates local gaps
to fill residual holes, thereby producing closed and connected meshes. The workflow
consisted of the following steps:

(1) Framework generation: The input building footprints and roof point clouds are
processed in City3D to generate a set of candidate walls and roof patches. Patch selection is
formulated as an optimization problem in which an energy function evaluates the quality
of different combinations. Energy consists of three major terms: (i) a data fidelity term, that
measures how well each patch explains the corresponding point cloud, and ensures that the
selected patches are geometrically consistent with the observations; (ii) a model complexity
term, that penalizes overly fragmented or redundant patches, encouraging compact and
parsimonious structures; and (iii) a roof preference term, that biases the solution toward
patches with geometric characteristics typical of roof surfaces, such as orientation and
elevation. By jointly minimizing these terms, the algorithm selects a subset of patches,
which are then merged into an initial polyhedral framework.

(2) Watertight repair: Edge stitching was applied to remove cracks and gaps, holes
were detected and filled, normal orientations were unified, and nonmanifold elements were
removed. These operations resulted in watertight building models suitable for component
embedding. The results are shown in Figure 5.

\

Figure 5. Constructed 3D building volumetric framework.

5.2. Integration of Facade Windows and Doors into the Volumetric Model

This subsection embeds window and door structures into the volumetric framework,
thereby enriching the facade details and unifying the geometric and semantic representa-
tions. A common approach is solid embedding based on 3D Boolean operations [47,48].
By computing the intersection boundaries between the openings and the framework, the
two models were split and recombined according to Boolean logic. This process resulted in
complete building models with detailed openings. In this study, window and door contours
were extruded into solids using mesh extrusion and Boolean modules in CGAL [34] and



ISPRS Int. ]. Geo-Inf. 2025, 14, 462

10 of 18

then embedded into the volumetric framework. Considering the noise and positional
errors in the ALS data, the extracted window contours may deviate from the wall surfaces.
This can cause misalignment and poor embedding results. To address this, we propose a
ray-projection-based preprocessing strategy. In this strategy, window and door contours
are projected along their normal vectors onto wall surfaces to ensure precise alignment.
The process consists of the following steps.

(1) Projection of contours: Window and door contours were projected onto the building
wall surfaces, and invalid contours that could not be fully projected were removed (Figure 6a).

(@) (b) (©)
— Normal'Vector . [ 4 &
== Original Opening - ===== .’E,
== Projected Openi X gyt H g

rojected Opening _\ti—:"ﬁ ‘ E :
[

1 ‘ a":‘fv: {
° : ® 12 -

Figure 6. Enhanced building model with integrated facade details: (a) Projecting windows/doors
onto wall surfaces; (b) Extruding windows/doors into solids; (c) Embedding window /door solids
into the wall.

(2) Solid construction: Following building design specifications (e.g., Masonry Struc-
ture Design Code GB 50003-2011), contours are extruded along their normal in both direc-
tions to a specified thickness, e.g., 0.24 m [49]. This produces 3D solids consistent with wall
thickness constraints (Figure 6b).

(3) Boolean embedding: Boolean difference or union operations are applied depending
on the opening type. Concave windows/doors are carved out using difference, whereas
protruding windows are fused using union. This results in a building model with embed-
ded facade details (Figure 6¢).

6. Experimental Evaluation
6.1. Experimental Results

To evaluate the effectiveness of the proposed method, ten buildings with different
structural types in an urban area of Chengdu City were selected as test data. These buildings
represent a wide range of architectural diversity. They include common shapes such as
rectangular and U-shaped layouts, flat and pitched roof forms, and varying densities and
regularities of opening layouts. The detailed information for these buildings is provided in
Table 1. The ALS point cloud had an average density of 132 points/m?.

Table 1. Details of ten buildings.

o1 gs Area Height Vertices Planes Footprint Openin,
Building Type (m?) (mg) Count Count Shfpe Roof Type LI;youtg
Building 1 Residential 516.59 21.81 68,530 7 Rectangle Flat DR!
Building 2 Public 962.31 24.64 75,821 13 U-shape Flat MR 2
Building 3 Public 1029.59 20.29 77,031 9 Rectangle Flat MR 2
Building 4 Public 1051.90 41.15 147,648 9 Rectangle Flat DR!
Building 5 Commercial 1084.43 32.07 101,514 9 Rectangle Flat DR!
Building 6 Residential 180.09 15.23 37,554 8 Rectangle Pitched M1 3
Building 7 Commercial 633.97 19.67 98,873 12 L-Shape Pitched MR 2
Building 8 Commercial 542.23 20.57 115,959 15 Concave Pitched DR1!
Building 9 Commercial 425.39 20.39 72,235 8 L-shape Pitched MR 2
Building 10 Residential 185.19 14.62 10,920 7 Rectangle Pitched SR 4

! DR—Dense-Regular; 2 MR—Moderate-Regular; > MI—Moderate-Irregular;  SR—Sparse-Regular, indicating
different facade opening density and regularity.
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Experiments were conducted on a workstation equipped with an Intel Xeon W-2123
3.60 GHz CPU, 32 GB DDR4 memory, and an NVIDIA Quadro P4000 8 GB GPU, running
Windows 10 x64 22H2, CUDA 11.8, Python 3.10.15, and Pytorch 2.5.1. Feature extraction and
model reconstruction were performed using the PCL 1.15.0, YOLO v11, City3D (GitHub,
commit C9299EF, https://github.com/tudelft3d /City3D accessed on 19 November 2025),
and CGAL 6.0.1 software.

The parameters used in the experiment are as follows. The YOLO training dataset
was manually annotated and augmented, comprising 768 images and 14,506 bounding
boxes. It was divided into training and validation sets in an 8:2 ratio. The number of
training epochs was set to 200, and all other parameters were kept at the default YOLO
settings. The NMS IoU threshold was set to 0.1. The plane segmentation and contour
simplification thresholds were both set to 0.2 m, determined based on the 95th percentile of
the k-nearest neighbor local plane fitting error. The value of k was set to 30 as suggested
by [50]. For reconstruction, the default parameter settings of City3D were adopted, and the
extrusion depth of openings was set to 0.24 m according to GB 50003-2011 [49]. Examples
of reconstructed 3D building models are shown in Figure 7.

LY
i \ > ‘, N~
k\.\. 5 g8 ‘x
Building2 Building3 Building4 Building5
“a ‘s
w jl ‘ | : l |
Building6 Building7 Building8 Building9 Building10

Figure 7. Reconstructed models of buildings using the proposed method.

The runtimes for the feature extraction stage (segmentation, footprint generation,
and window/door contour construction), the modeling stage (volumetric reconstruction
and fagcade enhancement), and the overall process were recorded. The results show that
the total modeling time averaged 91.16 s per building, with feature extraction requiring
approximately 2 s and modeling approximately 89 s. These findings indicate that the
proposed method achieves high feature extraction efficiency, with the total modeling time
remaining within the order of minutes.

6.2. Evaluation of Reconstruction Results

Manually constructed models (Figure 8) were used as references for the quality eval-
uation. A visual comparison showed that the reconstructed models closely matched the
reference models in terms of overall geometry.
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Figure 8. Manually constructed reference models.

A quantitative evaluation was conducted from two aspects: overall structural accuracy
and facade window /door recognition.

(1) Overall structure quality

The point-to-point distance errors between the reconstructed and reference models
were computed. The mean absolute error (MAE) and root mean square error (RMSE) were
calculated for each building and averaged across all cases. The results are shown in Figure 9,
and the spatial error distribution is shown in Figure 10.
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Figure 9. RMSE and MAE results for 10 reconstructed models.
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Figure 10. Distance error between reconstructed and reference models.

The average MAE was 0.33 m, while the average RMSE was 0.42 m. MAE reflects
global offset, and values at the 0.3 m level indicate strong agreement with reference models.
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The RMSE, which is more sensitive to local errors, was slightly higher, indicating larger
deviations in complex regions, such as multi-ridge roofs or irregular fagades. Most build-
ings exhibited similar MAE and RMSE values with stable error distributions. Only a few
buildings (e.g., Buildings 3, 5, and 9) showed higher RMSE, suggesting local deviations. As
illustrated in Figure 9, most building surfaces appear blue, indicating vertex deviations
below 0.6 m. Errors mainly arose from complex roof reconstruction, while footprints and
fagade details maintained high accuracy and stability.

To evaluate the accuracy and efficiency of the proposed method, the precision and
runtime of City3D were evaluated using ten buildings as test cases. The average runtime
per building was 81.26 s, with a mean absolute error (MAE) of 0.36 m and a root mean
square error (RMSE) of 0.46 m. These results indicate that the proposed method achieves
a comparable level of computational performance to City3D, with an average difference
of only about 10 s. At the same time, it provides higher geometric accuracy and richer
semantic representation. In addition, the modular design of the proposed workflow
enables direct parallelization, enhancing its scalability for larger datasets and city-scale
reconstruction tasks.

(2) fagade window /door recognition analysis

For facade details, the window and door recognition performance was evaluated using
Precision, Recall, F1 Score, and mean IoU (mIoU) [51].

Precision: ratio of correctly detected windows/doors among all detections.

TP

Precision = m

(4)

where TP is the number of correctly detected windows/doors and FP is the number of
incorrectly detected non-window objects.
Recall: ratio of correctly detected windows/doors among all ground-truth openings.

TP

R = —
ecall TP+ EN (5)
where FN is the number of real windows/doors that were missed.
F1: harmonic mean of Precision and Recall.
Fl—2 Precision-Recall ©)

"Precision + Recall
mlol: geometric overlap between the predicted and ground truth bounding boxes.

1& A;NB;

mloU = —
Ni:1 A; UB;

)

where A; is the area of the i — th predicted bounding box, B; is the area of the corresponding
ground-truth bounding box, A; N B; is the intersection area, A; U B; is the union area, and
N is the total number of evaluated instances.

The results (Figure 11) show excellent performance with an average Precision, Recall,
and F1 of 0.97, 0.98, and 0.98, respectively. A standard deviation of 0.03 indicates both high
accuracy and strong stability. This means that false positives and negatives were rare, and
nearly all windows and doors were correctly identified.
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Figure 11. Results of four metrics for 10 constructed building modes: (a) Precision; (b) Recall;
(c) F1; (d) mloU.

The average mIoU of 0.83 was at a high, indicating good spatial consistency between
the predicted and reference contours. Even under sparse point clouds or incomplete
RANSAC segmentation, the minimum mloU remained at 0.74, confirming the robust
localization performance. A standard deviation of 0.03 further demonstrates the reliability
of the method across different building types and data conditions.

The evaluation results indicate that the proposed method achieves strong geo-
metric consistency with manual models, with global deviations within 0.3-0.4 m. It
also provides better accuracy in facade component detection while maintaining good
localization precision.

7. Conclusions

This study addresses the limitations of existing ALS-based 3D building modeling
methods, including the insufficient use of facade information, distortions in footprint re-
construction, and the absence of facade details such as windows and doors. We propose an
automated 3D reconstruction method based on facade geometry, establishing a complete
workflow from data preprocessing to model generation: (1) roof-facade separation using
RANSAC-based plane segmentation and classification, followed by footprint extraction
via facade projection and Alpha Shape with binary search; (2) robust detection and back-
projection reconstruction of windows and doors in facade images using disk rendering
combined with the YOLO deep learning detector; and (3) volumetric framework reconstruc-
tion and watertight repair based on the City3D framework and CGAL, with subsequent
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Boolean embedding of windows and doors to generate closed models enriched with
facade semantics.

The main contributions of this work are as follows:

(1) A roof-facade joint reconstruction strategy was proposed to address geometric de-
viations in wall structures commonly caused by traditional roof-only methods. Compared
with City3D, the proposed method achieved higher reconstruction accuracy, with an RMSE
of 0.42 m compared to 0.46 m for City3D.

(2) Robust detection and reconstruction of fagade openings (windows and doors)
were achieved under sparse ALS conditions. The accuracy metrics for opening detec-
tion, Precision, Recall, and F1 were all above 97%, and mIoU reached 83%. These results
indicate high reliability in window and door representation and improved support for
building recognition.

(3) An integrated framework was developed to efficiently generate watertight, struc-
turally consistent, and semantically detailed building models suitable for large-scale urban
reconstruction. The average reconstruction time was 91 s per building, slightly higher than
that of City3D (81 s per building). However, the proposed method demonstrated superior
geometric and semantic performance, achieving a balanced trade-off between efficiency
and quality.

Despite its effectiveness, the proposed method has two main limitations. First, its
data adaptability is limited by the dependence on planar segmentation and the sparsity
of ALS point clouds, which constrains its applicability to buildings with curved fagades.
This also makes it difficult to accurately distinguish irregular facade elements and their
open or closed states from sparse point clouds. Second, the current framework does
not yet incorporate standardized data models such as CityGML or IFC. This restricts its
interoperability and integration with other urban information systems.

Future work will focus on enhancing both the applicability and interoperability of
the proposed framework. Specifically, future research will improve support for complex
structures and more detailed semantics. This will be achieved by refining surface-fitting
strategies and integrating high-precision point cloud data. Additionally, efforts will be
made to adopt CityGML-based standardized model representations to strengthen inter-
operability and scalability. This will enable seamless integration across data, models,
and applications.
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