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Abstract

Accurate and reliable extraction of building footprints from LiDAR point clouds is a fundamental task
in remote sensing and urban scene reconstruction. Building footprints serve as essential geospatial
products that support GIS database updating, land-use monitoring, disaster management, and digital
twin development. Traditional image-based methods enable large-scale mapping but suffer from 2D
perspective limitations and radiometric distortions, while airborne or vehicle-borne LiDAR systems
often face single-viewpoint constraints that lead to incomplete or fragmented footprints. Recently,
backpack mobile laser scanning (MLS) has emerged as a flexible platform for capturing dense urban
geometry at the pedestrian level. However, the high noise, point sparsity, and structural complexity of
MLS data make reliable footprint delineation particularly challenging. To address these issues, this
study proposes a Deep Line-Segment Detection–Driven Building Footprint Extraction Framework
that integrates multi-layer accumulated occupancy mapping, deep geometric feature learning, and
structure-aware regularization. The accumulated occupancy maps aggregate stable wall features
from multiple height slices to enhance contour continuity and suppress random noise. A deep line-
segment detector is then employed to extract robust geometric cues from noisy projections, achieving
accurate edge localization and reduced false responses. Finally, a structural chain–based completion
and redundancy filtering strategy repairs fragmented contours and removes spurious lines, ensuring
coherent and topologically consistent footprint reconstruction. Extensive experiments conducted on a
self-constructed campus-scale MLS dataset containing more than one hundred buildings demonstrate
that the proposed framework achieves superior accuracy and robustness across diverse architectural
morphologies, including irregular and partially occluded structures. These results highlight the
strong potential of backpack LiDAR point clouds, when combined with deep line-segment detection
and structural reasoning, to complement traditional remote sensing imagery and provide a reliable
pathway for large-scale urban scene reconstruction and geospatial interpretation.

Keywords: building footprints extraction; backpack mobile point clouds; occupancy map; line segment
detection; feature-driven regularization

1. Introduction
Building footprints refer to the outline or shape of a building drawn on a map, aerial image, or 3D

model, representing the ground-level perimeter of the structure. As an important mapping product,
building footprints not only provide basic data for Geographic Information System (GIS) databases,
but also offer significant support for tasks such as urban planning, environmental simulation, and
autonomous driving navigation [1,2]. In the process of emergency response and post-disaster recon-
struction, quickly obtaining high-precision building footprints can serve as an important reference for
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disaster assessment and rescue decision-making [3,4]. Therefore, the accurate extraction of building
footprints is of great significance in fields such as urban modeling, land use investigation, 3D recon-
struction, disaster assessment, and smart city construction, and it is a research hotspot in the fields of
remote sensing and geoinformation science [5–7].

Figure 1 (a)-(d) show the main schemes for extracting building footprints. Early building footprints
extraction mainly relied on manual measurement and vectorization. Although these methods achieved
high accuracy, they are time-consuming and labor-intensive, making them unsuitable for large-scale
applications [8]. With the advent of high-resolution remote sensing imagery, approaches such as
edge detection, morphological filtering, and object-based image analysis achieved initial success in
extracting regular buildings [9,10]. Subsequently, convolutional neural networks (CNNs), U-Nets, and
related variants sgreatly improved the accuracy of building footprints extraction [11–13]. However,
image-based methods are inherently constrained by their 2D nature. In complex urban environments,
shadows, occlusions, and illumination variations often degrade performance, making it difficult to
accurately describe irregular or multi-layer structures.

(b) Based on images (c) Based on airborne/vehicle-borne
 point clouds

(a) Manual measurement (d) Based on  backpack MLS

Severe occlusionSparse distribution Diverse noise

(e) Challenges

Scheme

Building 
Footprints

Figure 1. The deficiencies of the existing methods for extracting building footprints.

To overcome the limitations of 2D imagery, the emergence of light detection and ranging (LiDAR)
provided new opportunities for footprints extraction. Airborne laser scanning (ALS) provides generates
large-scale, high-density 3D point clouds, from which preliminary building boundaries can be derived
using filtering, clustering, alpha-shape, or convex hull algorithms [14–16]. More advanced approaches
integrate RANSAC, Bayesian classification, and deep learning models to jointly extract roof planes and
footprints, improving geometric representation to some extent [17–20]. Nevertheless, ALS primarily
provides top-view information (housetop). As wall structures are poorly captured, results remain
unsatisfactory for complex roof shapes or irregular buildings.

With the development of vehicle-borne laser scanning, research has gradually shifted to block-
scale and near-field reconstruction, offering higher spatial resolution and more detailed geometric
depiction [21–23]. However, fixed platforms suffer from limited viewpoints, making it difficult to
acquire complete building information in narrow streets or dense urban areas.

Recently, backpack mobile laser scanning (backpack MLS) has emerged as a promising
alternative[24,25]. Compared with airborne or vehicle-borne systems, backpack MLS offers greater
mobility and flexibility, while capturing high-density and high-accuracy point clouds. Yet, the advan-
tages of precision and density also bring new challenges (see Figure 1 (e)). First, massive data volumes
increase computational and storage burdens. Second, uneven point distributions caused by occlusions
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or local sparsity often lead to missing walls and broken boundaries in footprints. Third, random noise
and multipath reflections introduce false points, which are easily misinterpreted as spurious contours
or redundant structures. Finally, complex architectural forms such as overhead floors, corridors, and
multi-layer superpositions frequently cause footprints breakage or misconnection. Overall, methods
originally designed for airborne or vehicle-borne point clouds are difficult to directly apply to backpack
MLS data, and specialized research on this type of complex dataset remains limited.

To this end, we propose an automatic method for extracting building footprints from backpack
MLS point clouds. The method is designed to address contour loss and misjudgment caused by
point cloud sparsity, noise, and the diversity of architectural forms. Unlike existing approaches that
primarily target airborne or vehicle-borne point clouds, the proposed method is specifically tailored to
the characteristics of backpack MLS data. By integrating projection enhancement, depth detection, and
structural constraints, it enables high-precision and fully automated extraction of building footprints.

The main contributions of this work are summarized as follows:

1. Occupancy map generation from point clouds based on multi-Layer accumulated projection
(MLAP). By performing accumulated projection and superposition of point clouds across multiple
height layers, the saliency of building footprints in the projection space is effectively enhanced,
thereby mitigating the problem of footprints missing caused by sparse point clouds and local
occlusions.

2. Line segment detection based on a learning network. Combined with a deep line segment
detection model, potential building structural lines are automatically identified and extracted
from the occupancy map, improving the accuracy of line segment detection and the continuity of
boundaries.

3. Line segment optimization and regularization based on building features. Optimization strategies
such as structural chain-based screening, directional extension, and orthogonal intersection con-
straints are proposed to further complete broken boundaries, eliminate redundant line segments,
and achieve footprints regularization in terms of geometry and topology.

2. Related Work
2.1. Building Footprints Extraction Method on Images

Early-stage research on building footprints extraction mainly relies on image data, and its core idea
is to identify building boundaries through 2D geometric and spectral features. Traditional geometry
and rule-driven methods include rasterization, region growing, triangulated irregular network (TIN)
reconstruction, and morphological filtering, which have achieved initial results in the extraction
of regular buildings. In addition, the occupancy map, as a spatial representation method, is also
gradually applied in the scenario of combining images and point clouds [26]. Its basic idea is to
project 3D data onto a raster or pixel plane to establish the representation of space-occupied and free
regions, thereby simplifying the transition process of 3D-2D footprints [27]. For example, in building
detection, the planar occupancy information of buildings is often obtained through projection and
spatial filtering [28]. Projection methods based on regular grids are simple to implement and fast, but
the degree of footprints detail depiction is constrained by resolution.

With the development of deep learning, CNNs, U-Nets and their variants have been widely used
in image segmentation tasks. These methods have significantly improved the accuracy of building
segmentation and footprints extraction, but they still perform poorly in corners, broken lines, and small-
scale details. In order to further optimize the boundaries, some studies have proposed methods that
fuse CNNs with active contour models, which realize geometric regularization of boundaries through
energy constraints on the basis of coarse segmentation [29,30]. Later, generative models are introduced
into the extraction of building footprints. For example, generative adversarial networks (GANs)
and variational autoencoders (VAEs) can directly generate building footprints or their probability
maps from remote sensing images or rasterized point clouds, and then realize vector boundaries by
combining morphological processing and graph optimization [31,32]. However, such methods may
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still have footprints fluctuations and pseudo-contours at irregular broken lines and corners, and their
stability is limited.

Building footprints have significant geometric features of straight lines and polygons, so line
segment detection methods have gradually attracted attention in recent years. Traditional line segment
detection operators such as line segment detector (LSD) [33], enhanced line segment detector and
descriptor (ELSD) [34], and markov chain marginal line segment detector (MCMLSD) [35] can extract
main straight line features in images. Deep learning methods have further expanded this idea. For
example, by transforming line segment detection into vector field prediction, holistically-attracted
wireframe parsing (HAWP) improves robustness in vertex-edge joint modeling and graph consis-
tency [36–38], while DeepLSD [39] significantly enhances the accuracy and stability of straight line
detection by learning direction fields and distance fields. At the same time, researchers have also
introduced geometric regularization operators, adding constraints such as orthogonality, parallelism,
and collinearity at the vector level, thereby improving the geometric consistency after line segment
combination and reducing burrs and broken boundaries [28,40].

2.2. Building Footprints Extraction Method on Point Cloud

Compared with image methods, LiDAR point clouds can directly provide 3D geometric in-
formation, thus gradually becoming an important data source for building footprints extraction.
Airborne LiDAR provides large-scale point clouds, and early studies mostly adopt filtering, clustering,
Alpha-shape or convex hull algorithms to realize preliminary footprints extraction. The Alpha-shape
method [41] is widely used due to its variable radius adjustment ability, but it is sensitive to noise and
prone to over-smoothing or gaps. The Hough transform [42] aided by ordered points enhances the
stability and repeatability of voting in the Hough space through ordered point sequences, thereby de-
tecting straight lines and corner points more reliably. The recursive convex hull method [43] enhances
footprints integrity by combining signal regularization. The RANSAC-based method [19] achieves
robust modeling through proportional segmentation, yet its performance in detail recovery is limited.
Recent studies have shown that combining aerial image/aerial point clouds with laser point clouds to
enhance the integrity and accuracy of contour extraction has become a common practice. For instance,
an improved octree/block strategy is used to co-process images and LiDAR data to improve boundary
connectivity and geometric restoration capabilities [44].

Later, PointNet/PointNet++ [45,46] pioneered point-level feature learning, and subsequent meth-
ods such as KPConv [47], RandLA-Net [48], and Point Transformer further improve the representation
capability and efficiency of large-scale point clouds. However, deep learning methods often require
large-scale annotated samples and substantial computational costs, and the generalization ability of
trained models is easily affected by different data sources and scenarios [49,50]. Advanced point
cloud processing + machine learning technologies are gradually being applied to the extraction of
building structures and geometric features, but the problems of boundary breaks caused by sparsity,
local notches and noise have not been systematically solved yet [51]. Vehicle-borne LiDAR then
promotes fine modeling of block-scale and close-range buildings, improving spatial resolution and
detail characterization capabilities. Such methods typically generate building footprints through roof
plane segmentation and line fitting, which are suitable for extracting regular buildings. Nevertheless,
in cases of complex topology, local occlusion, and polygonal buildings, problems such as footprints
breakage or adhesion still tend to occur.

In summary, building footprints extraction methods have evolved from image-based to point
cloud-based approaches, achieving notable progress in geometric representation and accuracy. How-
ever, most studies focus on airborne or vehicle-borne LiDAR data, with algorithms and application
settings tailored to the characteristics of these platforms. By contrast, backpack MLS systems offer
flexible mobility and high precision, making them well suited for fine-scale modeling in dense urban
environments and narrow spaces. Yet, research specifically addressing this data type remains limited.
Current methods have not effectively reconciled the high density and complexity of backpack MLS
data with the need for regularized footprints representation.
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To address this gap, we propose a method that integrates multi-layer cumulative projection occu-
pancy maps, network-based line segment detection, and structural chain completion with geometric
regularization. This approach leverages the feature extraction advantages of deep learning while
incorporating structural priors of buildings, thereby improving the continuity, integrity, and geometric
consistency of extracted footprints.

3. Methodology
We propose a three-stage method for the automatic extraction of building footprints from backpack

MLS. The overall workflow, shown in Figure 2, consists of occupancy map generation, line segment
detection, and structural optimization with geometric regularization. By incorporating prior spatial
and geometric knowledge of building structures, the method substantially improves the robustness
and accuracy of footprints extraction, even from sparse or noisy point clouds.

​​Backpack MLS point cloud

(a)  Occupancy map generation​

​​Data pre-processing

Normal estimation

​​Layered projection accumulation

(b)  Line segment detection​

LSD+
Convert

Convert to deep 
image gradient

Supervise

Distance/Angle 
fields

(c)  Line refinement​

LSD

Original line segment Iterative  merge

Orthogonal completion

Contour regularization

Filtering

Figure 2. The overall flowchart of the proposed method.

3.1. Multi-Layer Occupancy Map Generation

We propose an occupancy grid generation strategy based on MLAP, which integrates local
normal features and height information from point clouds. By accumulating stable projections of wall
structures, the method enhances the completeness and robustness of building façade representations,
as illustrated in Figure 3. This approach not only eliminates noise from isolated points but also
accurately reconstructs the footprints of buildings in 2D images, serving as a foundational input for
subsequent line segment detection and optimization modules.

The MLAP method slices the point cloud into several height intervals and independently extracts
wall projections at each layer. All resulting images are then combined through pixel-wise accumulation
to form a more stable and precise structural representation. The core idea of the method is as follows:
The point cloud is divided at equal intervals along the z-axis, resulting in a sequence of overlapping
height slices Lk:

Lk = {Pi | zmin + k · ∆z ≤ zi < zmin + (k + 1) · ∆z} (1)

Neighborhood PCA is applied to estimate normals for the point cloud. In each layer, only the
points with approximately vertical normal directions (representing walls) are retained—i.e., points that
satisfy |ni · ez| < τ (where ez ∈ (0, 1)). In practice, building wall structures exhibit strong continuity
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across multiple height layers. For each Lk layer, the extracted wall points are projected onto a 2D plane
using their x,y coordinates, mapping them to pixel positions in a 2D image:

xidx =

[
xi − xmin

s

]
, yidx =

[
yi − ymin

s

]
(2)

here, s denotes the grid spacing, which determines the level of detail in the output image. We define
the 2D image generated from each layer as lk(x, y) ∈ (0, 1), and the accumulated support map is:

S(x, y) =
K

∑
k=1

Ik(x, y) (3)

where S(x, y) ∈ N indicates the number of layers in which the pixel is hit by the wall projection. Com-
pared with single-layer projection, cumulative images can more effectively distinguish architectural
structures from accidental projections. Similar studies have also pointed out that the structural signals
at sparse or locally missing areas can be enhanced through hierarchical/regionalized projections or
octree blocking, thereby improving boundary connectivity and noise resistance performance [52]. This
mechanism not only compensates for sparse point distributions that cause local gaps, but also filters
out isolated noise points that only appear in a single slice, thereby enhancing both robustness and
continuity of structural contours.

x y

z

 �� ∙ �� < �
�(�, �)

�1(�, �)
�2(�, �)

�1

�2

�3…

…

��

∆�
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​​(a) 3D slicing ​​(b) Extract local wall points ​​(c) Layer-by-layer projection ​​(d) Image accumulation

Figure 3. The overall process of MLAP.

Considering sensor errors and the influence of isolated points, only pixels that appear in multiple
layers are retained as valid structural points. The lower limit of the supporting layers is set to n, and a
mask image is constructed:

M(x, y) =

1, if S(x, y) ≥ n

0, otherwise
(4)

where the value of threshold n depends on the point cloud density and building height, increasing it
appropriately in high-rise buildings or dense areas can reduce redundant interference.

Morphological closing operation is applied to the obtained mask image M, this processing
step eliminates small voids and connects adjacent wall structures, resulting in an image with clear
connectivity and structural boundaries. Finally, the f indContours function from OpenCV is used to
extract edge contours from the morphological image M′, retaining only the outermost contours. To
avoid preserving noisy regions, an area threshold Amin is further applied, keeping only closed contours
larger than the specified value. The final output is the resulting occupancy map Ioutline, where only the
contour lines are marked as 1, and their shape closely matches the building’s planar projection.

3.2. Line Segment Detection

After obtaining a clear and structurally stable occupancy map, the next step is to automatically
extract raw line segments of the building footprints from this map to establish a foundation for
subsequent optimization and structural reasoning. Traditional image edge detection methods (e.g.,
Canny, LSD [33], ELSD [34] ), while computationally efficient, often suffer from issues such as structural
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drift, excessive fragmentation, or false edge detection when dealing with occlusions, discontinuities,
and blurred boundaries in architectural structures.

We introduce an end-to-end deep learning-based line segment detection method. The input is a
single-channel grayscale occupancy map, and the process involves three progressive steps: ground
truth generation, feature field prediction, and line segment extraction and filtering. The final output is
a set of raw line segments.

3.2.1. Ground Truth Generation

We employ the homography adaptation method to generate ground truth for line segment feature
fields without relying on manually annotated line segment data. For the input occupancy map, N
random homography matrices Hi are generated, producing N warped images through homography
transformationIi. The LSD algorithm (known for its high accuracy in noise-free scenarios) is used
to detect line segments in each warped image Ii. These line segments are then mapped back to the
original image coordinate system via the inverse transformation H−1

i , yielding N sets of line segments
Li. Each set of line segments is subsequently converted into corresponding distance fields Di (the
Euclidean distance from a pixel to the nearest line segment) and angle fields Ai (the orientation angle
of the nearest line segment). Median aggregation is applied to eliminate noise interference:D(u, v) = mediani∈[1,N] Di(u, v)

A(u, v) = mediani∈[1,N] Ai(u, v)
(5)

3.2.2. Line Segment Feature Field Prediction

The detection network constructed in this work adopts a lightweight fully convolutional archi-
tecture, which balances local details and global contextual information through feature fusion in
an encoder-decoder path, as illustrated in Figure 4. Specifically, the network takes an occupancy
map (single-channel and size of H ×W) as input and progressively extracts high-level features in the
encoder stage (downsampling path). The encoder consists of three consecutive downsampling blocks,
each comprising two 3×3 convolutional layers, batch normalization, and a ReLU activation function,
followed by a 2×2 average pooling layer for 2×downsampling. This reduces the feature map size to
1/8 of the input. The decoder stage gradually restores resolution through three upsampling modules.
Each module first employs bilinear interpolation to upsample the feature map by 2×, then concatenates
it with the corresponding encoder feature map of the same scale via skip connections, followed by two
3×3 convolutional layers for feature integration. The output layer splits the final feature map into two
parallel branches to predict the distance field D̂ and angle field Â, ensuring the output size matches
the input occupancy map.

W×H

3×
3 conv

B
N

R
ELU

2×
2 Avg pool

3×
3 conv

Occupation map

3×
3 conv

B
N

R
ELU

2×
2 U

p pool

3×
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Disdance fields

Angle fields

Encode Decode

1×
1 conv

R
ELU

1×
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×3 ×3

�

�
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W×H

W×H
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Figure 4. The network architecture of line segment detection.
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To enhance prediction accuracy for pixels near line segments, a specialized normalization strategy
is applied to the distance field. The normalized distance field D̂n from the branch is mapped to the
actual distance via an exponential transformation:

D̂ = r · e−D̂n (6)

where r is a predefined effective radius, ensuring higher resolution in regions closer to line segments
(D̂ < r). For the angle field branch, a sigmoid activation function maps the output to the interval
(0, π), accommodating the periodic nature of line segment orientations (Â ≡ Â + π ·modπ).

3.2.3. Line Segment Detection Based on Pseudo-gradient

The distance field and angle field output by the network are converted into pseudo-gradient
features interpretable by traditional line segment detection algorithms. By incorporating geometric
constraints, line segment detection and noise filtering are achieved, ultimately yielding high-quality
initial line segments.

To meet the input requirements of the conventional LSD algorithm, the feature fields are converted
into gradient-like feature pairs, primarily including gradient magnitude M and gradient direction θ.
The gradient magnitude M, which mainly reflects the confidence of a pixel belonging to a line segment
edge, is defined as:

M = max
(
0, y− D̂

)
(7)

Specifically, pixels near line segments (D̂ < r) exhibit high magnitude values, while regions far
from line segments have zero magnitude. The gradient direction θ is derived from the angle field,
with the line segment orientation being perpendicular to the gradient direction. The conversion is
formulated as:

θ = Â− π/2 ·modπ (8)

In practical scenarios, the presence of double-line edges requires direction correction by verifying
the consistency between θ and the local gradient direction in the occupancy map. If the deviation
exceeds π/2, the direction is adjusted to θ−π to ensure the gradient direction conforms to the intensity
variation pattern of edges.

The line segment detection process proceeds as follows: The pseudo-gradient features are fed into
the LSD algorithm, where seed points are first selected via gradient magnitude thresholding (M > 3).
These seeds are then clustered by gradient direction to grow line segment regions, with minimum
bounding rectangles fitted to determine the endpoints (sx, sy) and (ex, ey) . This generates an initial
line segment set S. The process retains LSD’s high precision in endpoint localization while enhancing
robustness in complex scenes through pseudo-gradient features.

3.3. Line Segment Optimization and Regularization

The initial line segment detection results often exhibit intermingled segments from different
buildings, along with issues such as noise and fragmentation, making it difficult to directly form
complete building footprints. To address this, we propose a regularization method that integrates
pruning optimization and completion strategies, leveraging the spatial topological relationships and
geometric features of buildings to achieve precise line segment optimization.

First, for the presence of line segments with consistent orientations and spatial proximity in
the original segment set, an iterative merging strategy is employed to reduce over-fragmented line
representations and enhance the expression of main structures. The specific strategy includes: for any
two line segments li and lj, their principal direction angle difference ∆θ and shortest distance d are
calculated. When ∆θ < θthresh and d < dthresh, they are identified as mergeable. The endpoints of the
two segments are projected onto the principal direction vector, and the minimum and maximum points
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of the projected range are extracted as the endpoints of the newly merged segment. This operation is
iteratively repeated until no new mergeable pairs are found, resulting in a preliminary regularized
structure.

For gaps, openings, and fragmented regions in building footprints, relying solely on line segment
merging often fails to achieve automatic restoration. Therefore, We propose a line segment completion
mechanism based on directional extension and structural constraints to address broken segments and
typical gap types.

During the completion phase, all endpoints pi from existing segments are extracted, and every
endpoint pair (pi, pj) is enumerated. Candidate completion segments are generated by evaluating their
euclidean distance dij =

∣∣|pi − pj
∣∣| and directional consistency αij (the angle between the connecting

line and nearby segments). Pairs satisfying dmin < dij < dmax and αij < αthresh are retained as valid
candidates. For typical gap types, for U-shaped gaps, a perpendicular line is drawn from the endpoint
of the longer segment to the opposing short segment’s line, with the foot of the perpendicular serving
as the new endpoint, forming an orthogonal completion segment to close the unilateral gap; for
N-shaped gaps, perpendicular lines are drawn from both endpoints to the opposing segment, and
the midpoint of the two perpendicular lines is used to construct an orthogonal completion segment,
achieving bilateral gap closure.

Additionally, to avoid redundant segments caused by erroneous completions, redundancy filter-
ing is performed. This step is particularly effective in discarding segments generated from noisy points,
ensuring that the final footprints are both continuous and noise-free. The specific method involves
screening candidate segments based on endpoint frequency: constructing an endpoint connection
frequency map C(p) to count the occurrence of each endpoint in the merged segment set; identifying
potential break endpoints, where candidate segments connecting two structural ends are considered
valid structural extensions, thereby screening effective completions; and iteratively updating the
connection map to avoid duplicate completions.

4. Experiment and Analysis
4.1. Dataset Preparation

The data used in this study were collected in situ by our team at Hohai University, utilizing the
NavVis VLX backpack-mounted mobile laser scanning system. Full-coverage surveys were conducted
across two of the university’s campuses, namely the Jiangning campus and the Jintan campus, with a
total covered area of approximately 2.1 km². During the data collection process, a total survey route
of about 18 km is traversed, the cumulative collection time exceeded 20 hours, the acquired point
cloud data volume reached approximately 1.5 billion points, and the original data size exceeded 500
GB. The NavVis VLX is a high-precision wearable 3D mapping device designed for the engineering
and architecture industries (see Figure 5), equipped with dual multi-layer LiDAR sensors. Combined
with the simultaneous localization and mapping (SLAM) algorithm, it enables rapid acquisition of
high-quality 3D point cloud data in indoor and outdoor built environments. The survey routes covered
sidewalks and building exteriors across multiple blocks, ensuring full coverage of building footprints
and high surveying accuracy. The raw point clouds output by the device are processed using official
post-processing software, including SLAM optimization, dynamic object removal, and color mapping,
ultimately generating high-precision 3D point cloud data with realistic textures.

The entire dataset contains approximately 102 buildings, covering various types such as teaching
buildings, dormitory buildings, laboratory buildings, libraries, and stadiums. The building morpholo-
gies include not only regular rectangular structures but also buildings with hollow courtyard structures
and complex polygonal footprints, which fully cover building features under different scenarios,as
shown in Figure 6. The overall average density of the point cloud is approximately 1,800 points/m²,
and the average number of points per building is about 12 million, ensuring the complete representa-
tion of building footprints. In the data preprocessing stage, the raw point clouds are subjected to noise
removal, coordinate unification, ground point segmentation, and normalization to obtain building
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point clouds with clear structures, suitable for footprints extraction. After processing the entire dataset
using the proposed method, the overall reconstruction rate of building footprints reached 96.3%, which
can relatively completely restore the actual distribution of the campus building complex.

Dimensions 108×33×56 cm

Weight 9.3 kg

Laser type 903 nm Class 1 Eye-safe

Laser range 100 m maximum

Point cloud relative accuravy 8 mm(1 sigma,in a 100 ㎡ room)

Field of view 360°horizontal,360°vertical

Point rate 2×300000 points/s

Sensors and accessories WiFi,Bluetooth,IMU;4 cameras(360° panoramic 
imaging);touchscreen interfaceNavVis

Figure 5. Parameter description diagram of NavVis VLX mobile backpack laser scanning system equipment.

(a) (b) 

Figure 6. The data structure of the color point cloud scene obtained through scanning.

To more intuitively analyze the performance of the method under different building morphologies,
four typical regions are selected from the entire campus for detailed experiments and visualization: a
multi-story single building with a regular outer footprint (Region 1), multi-story adjacent buildings
with regular outer footprints (Region 2), a building with hollowed areas (Region 3), and a polygonal
building with an irregular shape (Region 4) (see Figure 7). The point cloud of each sample region
covers the full perimeter of the building, generated at a point cloud density corresponding to an
acquisition rate of approximately 600,000 points per second, with a spatial point spacing of about 3–5
cm. This ensures the complete representation of the planar footprints details of the building, providing
a reliable data foundation for subsequent occupancy map generation, line segment detection, and
footprints extraction.
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Figure 7. A schematic diagram of the specific display area.

4.2. Experimental Settings
4.2.1. Method Parameters

All module parameters in this study can be adaptively adjusted according to point cloud density,
building scale, and scene complexity, ensuring applicability across different data conditions and
practical requirements. To guarantee the comparability and reproducibility of experimental results, a
unified set of parameter configurations is applied to all samples.

In the occupancy grid generation stage, the vertical slicing interval is set to 0.5 m, and the grid
resolution is fixed at 0.1 m/pixel to preserve sufficient contour details. The support-layer threshold n
is determined based on the slicing interval and the overall building height, ranging between 2 and
6. Pixels projected by building walls in no fewer than n slices are retained. A morphological closing
operation is performed with a 3×3 pixel structural element. During contour extraction, closed regions
with an area smaller than 1 m² are removed to suppress small noise objects.

In the line segment detection stage, the input resolution is kept unchanged. For ground-truth
generation, the number of homography transformations N is set to 100, and the default threshold of
the LSD algorithm is adopted. The effective radius of the distance field is set to 5 pixels to enhance
prediction resolution near line segments. The angle field is normalized, followed by orientation
correction during pseudo-gradient generation. A gradient magnitude threshold of 3 is applied to select
seed points.

In the line segment optimization and regularization stage, two line segments are merged if
their orientation difference is within 10° and their shortest distance did not exceed 20 pixels. A new
completion line segment is generated when the distance between endpoints is below 150 pixels and
the orientation difference is less than 35°; for orthogonal completions, the angular deviation tolerance
is 10°. Completion line segments are further filtered using a “structural chain” strategy, retaining only
those consistent with the building’s topological structure. To avoid over-completion, each endpoint is
allowed to connect with at most two completion segments, and redundant candidates are discarded.

4.2.2. Comparison Methods

To validate the effectiveness and superiority of the proposed method in building footprints
extraction, 6 representative existing approaches are selected as baselines. These cover a broad spectrum
of techniques, ranging from traditional geometry-based rules to point-cloud geometric processing
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and deep learning models. Specifically, the baselines include: (1) a geometric detection method that
leverages ordered-point-assisted Hough Transform for line detection and footprints generation (OP-
HT) [42]; (2) a Bayesian–RANSAC method that integrates Naïve Bayes classification with RANSAC
fitting for proportionally guided segmentation (NB-RANSAC) [19]; (3) a gridding-based method
that projects point clouds onto a regular grid and directly extracts footprints based on grid features
(Gird) [28]; (4) a recursive convex hull combined with signal-based regularization approach, which
constructs an initial footprint via recursive convex hulls and refines it with signal-constrained footprints
smoothing (RCH-SR) [43]; (5) a deep learning method based on generative adversarial networks for
automatic extraction of building footprints from point clouds (GAN) [18]; and (6) an improved Alpha-
shape method with variable-radius adaptation to accommodate building structures of different scales
(AlphaS) [53];

Together, these methods span a wide range of technical paradigms, from rule-based geometric
construction to data-driven prediction, thereby providing a comprehensive benchmark for assessing
the proposed method in terms of geometric accuracy, contour completeness, and robustness against
noise.

4.2.3. Running Platforms

All experiments in this study are implemented using the PyTorch 1.12 deep learning framework
with cuDNN 11.1.1 for GPU acceleration. The software dependencies included torchvision, numpy,
matplotlib, opencv-python, shapely, scikit-image, and h5py. The hardware platform consisted of an
Intel(R) Xeon(R) CPU E5-2673 v4 processor and an NVIDIA GeForce RTX 3090 GPU with 24 GB of
memory. All training and testing procedures are conducted on an Ubuntu 20.04 operating system,
with both model inference and training accelerated by the GPU.

4.2.4. Evaluation Metrics

To comprehensively evaluate the performance of the proposed method in building footprints
extraction, multiple evaluation metrics are adopted, covering three key aspects: accuracy, completeness,
and overall contour quality. These metrics ensure that the evaluation reflects both the geometric
precision and the structural fidelity of the extracted footprints.

Line segment detection precision (P) and recall (R): Given the set of detected line segments and
the ground-truth annotations, precision is defined as the ratio of correctly detected line segments to
the total number of detected line segments, while recall is defined as the ratio of correctly detected line
segments to the total number of ground-truth line segments. A detected line segment is considered
correct if its average endpoint distance to a ground-truth segment is below a predefined threshold and
its orientation difference falls within an angular tolerance.

F1-score: To balance precision and recall, the F1-score is employed as a comprehensive measure,
defined as:

F1 =
2× P× R

P + R
(9)

Contour similarity: For building footprints represented as closed polygons, the Intersection-over-
Union (IoU) is computed between the predicted footprints and the ground truth:

IoU =
Apred ∩ Agt

Apred ∪ Agt
(10)

where Apred and Agt denote the areas enclosed by the predicted and ground-truth polygons, respec-
tively. This metric directly reflects the degree of overlap between the predicted and actual building
shapes.

Contour completeness: The predicted and ground-truth footprints are uniformly sampled along
their boundaries, and the proportion of matched points is calculated. Missing segments are penal-
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ized proportionally, thereby measuring the algorithm’s ability to recover structural continuity under
fragmentation and occlusion conditions.

4.3. Training Configuration

This work adopts an algorithmic ground truth generation process: first, traditional LSD combined
with multiple homography transformations is applied to the occupancy maps to obtain robust line
segment candidates, which are then converted into pixel-level distance fields and angle fields as
pseudo-ground truth. This approach avoids manual annotation costs while ensuring the stability
of supervision signals. Considering that the data are derived from two campuses containing 102
buildings, we generated several overlapping/patched occupancy map samples from MLAP, eventually
constructing approximately 800 occupancy map samples. These samples are divided into training,
validation, and testing sets in a ratio of 7:2:1. All images are uniformly scaled to 512×512, with
data augmentation techniques such as rotation, cropping, and noise addition applied. The network
employs a lightweight encoder-decoder structure, regressing both distance fields and angle fields
simultaneously, and is optimized using weighted MSE/cosine loss. The training process utilizes
the Adam optimizer with an initial learning rate of 1×10−4, a batch size of 16, and a total of 100
training epochs. During inference, the predicted fields are restored to pseudo-gradients, and initial line
segments are generated by combining LSD and other line segment growth operators. These segments
then proceed to subsequent structural chain completion and regularization modules to obtain the final
continuous and consistent building footprints.

4.4. Comparison and Analysis

To comprehensively evaluate the performance of the proposed method, it is compared with 6
representative building footprints extraction approaches, including the OP-HT, NB-RANSAC, Grid,
RCH-SR, GAN, Alphas. The qualitative visual comparison results are shown in Figure 8, while the
results of quantitative indicators are shown in Table 1.

Table 1. Performance comparison of different methods in building footprints extraction task for different regions.

Dataset Method Precision(%) Recall(%) F1-score(%) IoU(%)

Region 1

OP-HT(2019) 94.0 91.9 92.9 90.7
NB-RANSAC(2020) 94.3 92.0 93.1 90.1

Grid(2022) 93.5 91.3 92.4 87.9
RCH-SR(2022) 94.7 92.5 93.6 89.1

GAN(2022) 95.0 93.1 94.0 88.8
Alphas(2024) 94.2 91.8 93.0 90.2

Ours 96.2 94.4 95.3 90.9

Region 2

OP-HT(2019) 93.0 91.4 92.2 85.4
NB-RANSAC(2020) 93.4 91.7 92.5 85.9

Grid(2022) 92.7 91.0 91.8 84.7
RCH-SR(2022) 93.8 92.0 92.9 86.4

GAN(2022) 94.2 92.8 93.5 87.4
Alphas(2024) 93.1 91.5 92.3 85.6

Ours 95.4 93.7 94.5 89.1

Region 3

OP-HT(2019) 89.0 85.2 87.1 82.5
NB-RANSAC(2020) 89.8 85.9 87.8 78.3

Grid(2022) 88.9 85.0 86.9 87.1
RCH-SR(2022) 90.2 86.7 88.4 79.0

GAN(2022) 91.1 87.3 89.2 80.1
Alphas(2024) 89.4 85.8 87.6 86.9

Ours 92.8 89.4 91.1 88.5

Region 4

OP-HT(2019) 91.0 87.9 89.4 80.8
NB-RANSAC(2020) 91.4 88.2 89.8 81.3

Grid(2022) 90.7 87.6 89.1 80.3
RCH-SR(2022) 91.9 88.8 90.3 81.9

GAN(2022) 92.5 89.1 90.8 82.5
Alphas(2024) 91.3 88.1 89.7 81.0

Ours 94.1 91.2 92.6 85.9
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In rectangular buildings with regular footprints (Region 1 and Region 2), AlphaS and RCH-SR
perform well in large-scale footprints extraction and can maintain the overall shape relatively well.
However, they tend to undergo excessive smoothing when depicting corners and details, leading
to a decline in local geometric accuracy. The GAN method is relatively close to the ground truth in
terms of footprints morphology, but there are local fluctuations and irregular jitters of boundaries in
some areas. OP-HT and NB-RANSAC can detect the main structure well, but they are insufficient in
restoring small-scale gaps and detailed connections. The Grid method is limited by grid resolution,
so its detail depiction ability is limited, and stepped serrations are prone to appear at footprints, as
shown in part a of the Figure 8. In contrast, the method proposed in this work is superior to other
methods in footprints continuity, corner accuracy, and detail restoration, and can accurately restore the
geometric features of regular buildings while maintaining the stability of the overall structure.

In buildings with hollow areas and corridor structures (Region 3), RCH-SR and NB-RANSAC not
only misclassify atrium or hollow areas as building entity areas, resulting in the failure to detect hollow
structures (as shown in part b of the Figure 8), but also overfit the connection area between the corridor
and the main building into a continuous entity, making it impossible to identify the independent
contour of the corridor. Although the GAN method retains the hollow shape to a certain extent, the
corridor footprints fluctuates unstably and connection nodes are blurred and adhered. OP-HT has
difficulty capturing the slender straight-line features of the corridor and is prone to misclassifying
them as noise. Grid confuses the corridor and hollow boundaries due to resolution limitations.

Ours Ground truth

d

c

OP-HT(2019) NB-RANSAC(2020) Grid(2022)

a

b

RCH-SR(2022) GAN(2022) AlphaS(2024)

Figure 8. Qualitative visualization comparison chart of different methods in the task of extracting architectural
footprints. The extraction results of the method proposed in this work and 6 comparison methods as well as the
manually labeled ground truth are presented, intuitively comparing the performance differences among various
methods.

Relying on the deep line segment detection and structural chain completion strategy, the method
in this work can accurately identify the corridor and clearly distinguish its footprints from that of
the main building. While maintaining the integrity of the outer footprints, it accurately retains the
structural features of the hollow area and the corridor, and is the only method to achieve this effect (as
shown in part c of the Figure 8).

In polygonal buildings with irregular shapes and hollow protrusions (Region 4), most methods
have deformation or missing parts at folded-line corners and edge mutations. GAN and NB-RANSAC
also cause unreal footprints bending locally or mistakenly include occluded areas into the main contour

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1175.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1175.v1
http://creativecommons.org/licenses/by/4.0/


15 of 22

due to the occlusion of protruding parts. Although AlphaS and RCH-SR can maintain the general
contour of the polygon, they are insufficient in adapting to high-frequency folded-line changes and
cannot handle the sharp corners and hollow topology at the root of the protruding part. OP-HT is
prone to incomplete line segment detection due to occlusion, and Grid produces stepped distortion at
occluded edges. The method in this work combines direction extension and orthogonal intersection
detection, which can extend along the direction of unoccluded line segments to locate occluded
endpoints, eliminate noise line segments generated by occlusion, effectively repair the fracture and
missing of irregular boundaries, eliminate the influence of occlusion by protruding parts, make the
overall shape of the extraction result highly consistent with the ground truth, and completely retain the
geometric features and detailed structures of polygonal buildings, as shown in part d of the Figure 8.

Overall, the proposed method achieved significant improvements in average Precision, Recall,
F1-score, and IoU: average Precision increased by 1–2% compared with the best-performing base-
line; average Recall exceeded traditional methods by 2–4%, also outperforming other mainstream
approaches; the F1-score, reflecting the balance between precision and recall, improved by 1–3% over
the second-best method and surpassed most baselines by more than 3%; in terms of overall contour
similarity measured by IoU, the proposed method achieved notably higher values, exceeding similar
methods by 3–5%. Specifically, the MLAP strengthens boundary saliency in sparse or occluded re-
gions, thereby boosting Recall, while the structure-aware optimization effectively filters noise-induced
spurious edges, leading to higher Precision. Together, these modules ensure that the final footprints
remain both complete and geometrically consistent, resulting in substantial gains across all metrics.

4.5. Building Footprints Extraction Analysis

To comprehensively verify the effectiveness of the proposed method, this section presents the
step-by-step result evolution at each stage and the experimental outcomes in different regions (see
Figure 9). From the perspective of the processing workflow, in the point cloud occupancy map stage,
the overall footprints of the building only appears as a vague density footprints. Affected by noise and
point cloud sparsity, some boundaries have fractures or gaps. After line segment detection based on
the learning network, the main structural lines of the building are well extracted, but incompleteness
still exists at corners, small footprints, and complex geometric shapes. Subsequently, through the
line segment optimization and completion process, the structural chain connection and directional
extension mechanism are used to effectively repair footprints fractures and eliminate redundant line
segments, making the footprints more coherent and complete. Finally, in the regularization stage, the
building footprints further gain geometric consistency and stability, realizing the evolution from the
initial vague footprints to a clear and complete building footprints.

In the experiments on typical regions, the proposed method shows good performance in four
types of representative building scenarios. For a regular rectangular single building (Region 1), the
method can fully depict the rectangular outer footprints and maintain high geometric accuracy at the
corners. In the case of regular adjacent buildings (Region 2), it effectively distinguishes the shared
boundaries of adjacent buildings and avoids footprints adhesion and misjudgment. For buildings
with hollowed areas (Region 3), the method not only maintains the integrity of the outer footprints but
also accurately retains the hollow area of the atrium, avoiding common filling errors. In the case of
polygonal buildings with irregular shapes (Region 4), the method also shows stable performance at
complex polylines and acute angles, and the overall shape is highly consistent with the ground truth,
highlighting its robustness under complex geometric conditions.

Furthermore, to further verify the applicability of the method in large-scale scenarios, a vectoriza-
tion reconstruction experiment is conducted on the data of two complete campus areas (see Figure 10,
Figure 11). The results show that the proposed method can not only maintain footprints continuity
and geometric accuracy in local areas but also keep stable performance in large-scale scenarios. The
building vectorization results of the two campuses show that the method still has a high degree
of automation and robustness when processing hundreds of buildings, avoiding problems such as
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fragmentation, footprints adhesion, and unstable vectorization that are common in traditional methods
during large-scale data processing.

Ground truth Occupancy map Detection result Optimization result

Region 1

Region 2

Region 3

Region 4

Figure 9. Comparison diagram of results at various stages of building footprints extraction. The left column shows
the manually annotated real footprints, the second column presents the occupancy map generated based on MLAP,
the third column displays the line segment detection results, and the fourth column exhibits the optimization and
regularization results integrating structural features.

Table 2 presents the quantitative indicators of the proposed method in different building types
and typical regions, including Precision, Recall, F1-score, and IoU. The results show that the pro-
posed method performs best in regular rectangular and adjacent multi-story buildings, with F1-scores
reaching 94.8% and 93.6%, respectively; in irregular polygonal buildings and buildings with hol-
lows/atriums, despite complex factors such as sparse point clouds and occlusions, the method still
achieves F1-scores of 91.2% and 89.7%, with IoU remaining above 85%. Overall, the average Precision,
Recall, F1-score, and IoU of the proposed method on 112 buildings are 93.7%, 92.5%, 93.1%, and 89.6%,
respectively, which fully proves the robustness and generalization ability of the method in diverse
scenarios.
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Figure 10. The vectorization result of the complete Jiangning campus.

Figure 11. The vectorization result of the complete Jintan campus.
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Table 2. This table presents the statistical results of the quantitative performance indicators of the proposed
method in the building footprints extraction task.Rect.(38) represents 38 regular rectangular buildings, Adj.(26)
represents 26 adjacent and joined buildings, Irreg.(31) represents 31 irregular polygonal buildings, Courtyard(17)
represents 17 hollowed-out/atrium buildings, and Overall(112) represents the quantitative index of the overall
average.

Dataset Precision(%) Recall(%) F1-score(%) IoU(%)

Rect. (38) 95.6 94.1 94.8 91.3
Adj.(26) 94.2 93.0 93.6 90.1

Irreg.(31) 92.3 90.1 91.2 87.0
Courtyard(17) 90.7 88.9 89.7 85.4
Overall(112) 93.7 92.5 93.1 89.6

4.6. Ablation Study

To verify the core roles of MLAP, the deep learning network, and the structural optimization strat-
egy in our method, we conducted experiments by removing each module: scheme 1 (without MLAP),
scheme 2 (without deep learning network), and scheme 3 (without optimization and regularization),
and compared their performance with the complete method across four regions. The results are shown
in the Table 3, and the specific analysis is as follows:

Table 3. Table of performance indicators for each scheme of the ablation experiment in four regions. Scheme 1 is
the experiment without the cumulative occupancy map, Scheme 2 is the experiment without the deep learning
network, and Scheme 3 is the experiment without structural optimization.

Scheme Precision(%) Recall(%) F1-score(%) IoU(%)

Ours

96.2 94.4 95.3 90.9
95.4 93.7 94.5 89.1
92.8 89.4 91.1 88.5
94.1 91.2 92.6 85.9

Scheme 1

91.5 88.5 90.1 85.2
90.2 87.3 88.6 83.4
86.3 81.5 83.8 78.9
88.7 84.5 86.6 79.6

Scheme 2

89.3 86.5 87.9 83.9
88.6 85.1 86.8 82.0
84.7 79.2 81.9 78.2
86.5 82.3 84.3 77.5

Scheme 3

93.8 90.2 92.0 87.5
92.5 89.8 91.1 85.8
89.6 85.3 87.4 83.2
91.3 87.6 89.4 82.4

Without MLAP, the occupancy map is directly exposed to single-point noise and locally sparse
point clouds, causing the average Precision and Recall of line segment detection to decrease by 4%–6%.
In scenarios with hollow areas and occlusions, single-layer projection fails to distinguish stable walls
from noisy points, leading to the most significant drop in Recall (7.9%) and a simultaneous 8.9%
decrease in IoU. This indicates that MLAP, through pixel-level aggregation, strengthens the spatial
continuity of building structures and serves as a core module for resisting noise and sparse point
cloud interference. This clearly indicates that MLAP alleviates the problem of point cloud sparsity by
aggregating information from multiple height layers and suppresses isolated noise responses that only
appear in single slices, thereby strengthening spatial continuity and robustness of building structures.

When the deep learning feature field prediction is replaced by the traditional LSD algorithm,
line segment breakage and false detections increase significantly in complex scenes, such as occluded
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boundaries and sharp corners. Precision decreases by 6%–8% on average, Recall drops by 5%–7%, and
for irregular polygonal contours, the network’s precise angle field prediction constrains directional
deviation, whereas LSD alone cannot adapt to high-frequency angle changes, resulting in an 8.3%
decrease in F1-score. This validates that feature field prediction can compensate for the generalization
shortcomings of traditional algorithms.

Without line segment optimization and regularization, the original segments are fragmented
and discontinuous. In narrow gaps between adjacent buildings or occluded regions, the absence
of the completion mechanism leads to a 3%–5% drop in Recall and an average 3%–4% reduction
in F1-score; incomplete contours also cause a 3%–5% decrease in IoU. This demonstrates that the
structural optimization strategy, through topological constraints, repairs broken boundaries and is
a key factor in ensuring contour integrity and improving modeling accuracy in complex scenarios.
This demonstrates that the structural optimization strategy not only repairs fragmented boundaries
caused by sparse sampling but also filters out spurious line segments generated by noise points. By
enforcing topological and orthogonal constraints, the optimization module ensures contour integrity
and significantly improves modeling accuracy in complex urban scenarios.

4.7. Limitations

It should be noted that the proposed method still has certain limitations for curved or circular
buildings: line segment detection tends to approximate curved boundaries as a large number of short
line segments, thereby reducing the overall geometric smoothness, see Figure 12. Future research will
consider introducing a hybrid modeling strategy combining straight lines and circular arcs to further
improve the geometric expression capability for circular or curved buildings.

Figure 12. Limitations of surface boundaries.

5. Conclusions
We propose a method that integrates multi-layer accumulated projection occupancy maps, deep

learning-based line segment detection, and feature-driven regularization. Through a three-stage
process, this method achieves stable extraction of building footprints from complex backpack MLS: (1)
Generating a point cloud occupancy map using MLAP to enhance the geometric expression capability
of point clouds in the 2D plane; (2) Realizing line segment detection based on a learning-based network
to effectively obtain high-confidence building footprints candidates; (3) Implementing a line segment
optimization and regularization strategy that integrates building geometric features to ensure the
continuity and integrity of footprints.

In the experimental section, the proposed method demonstrate high accuracy and robustness
across typical building regions with varying scales, morphologies, and environmental conditions.
Particularly for buildings with regular outer footprints, it could accurately restore footprints geometric
features; for buildings with hollowed structures and complex configurations, it also maintain local
details well. Compared with multiple comparative methods, the proposed method achieves advantages
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in metrics including Precision, Recall, F1-score, and IoU, verifying its effectiveness in mobile-mapped
point cloud scenarios.

In summary, the proposed method not only exhibits significant advantages in building footprints
extraction from mobile point clouds but also provides reliable technical support for subsequent large-
scale urban modeling, 3D reconstruction, and digital twin applications. . In particular, through MLAP,
deep line detection, and structural regularization, the method effectively alleviates the negative impact
of point cloud sparsity and random noise, ensuring that the extracted footprints remain continuous,
geometrically consistent, and robust in complex urban scenarios.

References
1. Rottensteiner, F.; Trinder, J.; Clode, S.; Kubik, K. Building detection by fusion of airborne laser scanner data

and multi-spectral images: Performance evaluation and sensitivity analysis. ISPRS Journal of Photogrammetry
and Remote Sensing 2007, 62, 135–149.

2. Cheng, L.; Gong, J.; Chen, X.; Han, P. Building boundary extraction from high resolution imagery and
lidar data. International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences 2008,
37, 693–698.

3. Aixia, D.; Zongjin, M.; Shusong, H.; Xiaoqing, W. Building damage extraction from post-earthquake airborne
LiDAR data. Acta Geologica Sinica-English Edition 2016, 90, 1481–1489.

4. Che, Y.; Li, X.; Liu, X.; Wang, Y.; Liao, W.; Zheng, X.; Zhang, X.; Xu, X.; Shi, Q.; Zhu, J.; et al. 3D-GloBFP:
The first global three-dimensional building footprint dataset. Earth System Science Data Discussions 2024,
2024, 1–28.

5. Zhou, Q.Y.; Neumann, U. Complete residential urban area reconstruction from dense aerial LiDAR point
clouds. Graphical Models 2013, 75, 118–125.

6. Li, Q.; Mou, L.; Sun, Y.; Hua, Y.; Shi, Y.; Zhu, X.X. A review of building extraction from remote sensing
imagery: Geometrical structures and semantic attributes. IEEE Transactions on Geoscience and Remote Sensing
2024, 62, 1–15.

7. Tomljenovic, I.; Höfle, B.; Tiede, D.; Blaschke, T. Building extraction from airborne laser scanning data: An
analysis of the state of the art. Remote Sensing 2015, 7, 3826–3862.

8. Goodchild, M.F. Citizens as sensors: the world of volunteered geography. GeoJournal 2007, 69, 211–221.
9. Blaschke, T. Object based image analysis for remote sensing. ISPRS journal of photogrammetry and remote

sensing 2010, 65, 2–16.
10. Ok, A.O. Automated detection of buildings from single VHR multispectral images using shadow information

and graph cuts. ISPRS journal of photogrammetry and remote sensing 2013, 86, 21–40.
11. Ronneberger, O.; Fischer, P.; Brox, T. U-net: Convolutional networks for biomedical image segmenta-

tion. In Proceedings of the International Conference on Medical image computing and computer-assisted
intervention. Springer, 2015, pp. 234–241.

12. Zhao, K.; Kang, J.; Jung, J.; Sohn, G. Building extraction from satellite images using mask R-CNN with
building boundary regularization. In Proceedings of the Proceedings of the IEEE conference on computer
vision and pattern recognition workshops, 2018, pp. 247–251.

13. Marmanis, D.; Wegner, J.D.; Galliani, S.; Schindler, K.; Datcu, M.; Stilla, U. Semantic segmentation of aerial
images with an ensemble of CNNs. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information
Sciences 2016, 3, 473–480.

14. Vosselman, G. Automated planimetric quality control in high accuracy airborne laser scanning surveys.
ISPRS Journal of photogrammetry and remote sensing 2012, 74, 90–100.

15. Sampath, A.; Shan, J. Segmentation and reconstruction of polyhedral building roofs from aerial lidar point
clouds. IEEE Transactions on geoscience and remote sensing 2009, 48, 1554–1567.

16. Dai, H.; Xu, J.; Hu, X.; Shu, Z.; Ma, W.; Zhao, Z. Deep projective prediction of building facade footprints
from ALS point cloud. International Journal of Applied Earth Observation and Geoinformation 2025, 139, 104448.

17. Dai, C.; Zhang, Z.; Lin, D. An object-based bidirectional method for integrated building extraction and
change detection between multimodal point clouds. Remote sensing 2020, 12, 1680.

18. Kong, G.; Fan, H.; Lobaccaro, G. Automatic building outline extraction from ALS point cloud data using
generative adversarial network. Geocarto International 2022, 37, 15964–15981.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1175.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1175.v1
http://creativecommons.org/licenses/by/4.0/


21 of 22

19. Yi, Z.; Wang, H.; Duan, G.; Wang, Z. An airborne LiDAR building-extraction method based on the naive
Bayes–RANSAC method for proportional segmentation of quantitative features. Journal of the Indian Society
of Remote Sensing 2021, 49, 393–404.

20. Ji, Y.; Wu, W.; Wan, G.; Zhao, Y.; Wang, W.; Yin, H.; Tian, Z.; Liu, S. Segment Anything Model-Based
Building Footprint Extraction for Residential Complex Spatial Assessment Using LiDAR Data and Very
High-Resolution Imagery. Remote Sensing 2024, 16.

21. Wang, Y.; Chen, Q.; Zhu, Q.; Liu, L.; Li, C.; Zheng, D. A survey of mobile laser scanning applications and
key techniques over urban areas. Remote Sensing 2019, 11, 1540.

22. Lakshmanan, L.; Nagarajan, S. Integrating LiDAR Point Cloud Classification and Building Footprints
for Enhanced 3D LOD Building Modeling: A Deep Learning Approach. The International Archives of the
Photogrammetry, Remote Sensing and Spatial Information Sciences 2025, 48, 95–100.

23. Sarker, S.; Sarker, P.; Stone, G.; Gorman, R.; Tavakkoli, A.; Bebis, G.; Sattarvand, J. A comprehensive overview
of deep learning techniques for 3D point cloud classification and semantic segmentation. Machine Vision and
Applications 2024, 35, 67.

24. Hyyppä, E.; Yu, X.; Kaartinen, H.; Hakala, T.; Kukko, A.; Vastaranta, M.; Hyyppä, J. Comparison of backpack,
handheld, under-canopy UAV, and above-canopy UAV laser scanning for field reference data collection in
boreal forests. Remote Sensing 2020, 12, 3327.

25. Zlot, R.; Bosse, M. Efficient large-scale 3D mobile mapping and surface reconstruction of an underground
mine. In Proceedings of the Field and service robotics: Results of the 8th international conference. Springer,
2013, pp. 479–493.

26. Moravec, H.; Elfes, A. High resolution maps from wide angle sonar. In Proceedings of the Proceedings. 1985
IEEE international conference on robotics and automation. IEEE, 1985, Vol. 2, pp. 116–121.

27. Elfes, A. Using occupancy grids for mobile robot perception and navigation. Computer 2002, 22, 46–57.
28. Mahphood, A.; Arefi, H. Grid-based building outline extraction from ready-made building points. Automa-

tion in construction 2022, 139, 104321.
29. Sun, Y.; Zhang, X.; Zhao, X.; Xin, Q. Extracting building boundaries from high resolution optical images and

LiDAR data by integrating the convolutional neural network and the active contour model. Remote Sensing
2018, 10, 1459.

30. Marcos, D.; Tuia, D.; Kellenberger, B.; Zhang, L.; Bai, M.; Liao, R.; Urtasun, R. Learning deep structured
active contours end-to-end. In Proceedings of the Proceedings of the IEEE conference on computer vision
and pattern recognition, 2018, pp. 8877–8885.

31. Zhao, H.; Jiang, L.; Jia, J.; Torr, P.H.; Koltun, V. Point transformer. In Proceedings of the Proceedings of the
IEEE/CVF international conference on computer vision, 2021, pp. 16259–16268.

32. Zhu, Q.; Li, Z.; Song, T.; Yao, L.; Guan, Q.; Zhang, L. Unrestricted region and scale: Deep self-supervised
building mapping framework across different cities from five continents. ISPRS Journal of Photogrammetry
and Remote Sensing 2024, 209, 344–367.

33. Von Gioi, R.G.; Jakubowicz, J.; Morel, J.M.; Randall, G. LSD: A fast line segment detector with a false
detection control. IEEE transactions on pattern analysis and machine intelligence 2008, 32, 722–732.

34. Akinlar, C.; Topal, C. Edlines: Real-time line segment detection by edge drawing (ed). In Proceedings of the
2011 18th IEEE International Conference on Image Processing. IEEE, 2011, pp. 2837–2840.

35. Elder, J.H.; Almazan, E.J.; Qian, Y.; Tal, R. MCMLSD: A probabilistic algorithm and evaluation framework
for line segment detection. arXiv preprint arXiv:2001.01788 2020.

36. Xue, N.; Bai, S.; Wang, F.D.; Xia, G.S.; Wu, T.; Zhang, L.; Torr, P.H. Learning regional attraction for line
segment detection. IEEE transactions on pattern analysis and machine intelligence 2019, 43, 1998–2013.

37. Xue, N.; Wu, T.; Bai, S.; Wang, F.; Xia, G.S.; Zhang, L.; Torr, P.H. Holistically-attracted wireframe parsing. In
Proceedings of the Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2020, pp. 2788–2797.

38. Suárez, I.; Buenaposada, J.M.; Baumela, L. ELSED: Enhanced line segment drawing. Pattern Recognition
2022, 127, 108619.

39. Pautrat, R.; Barath, D.; Larsson, V.; Oswald, M.R.; Pollefeys, M. Deeplsd: Line segment detection and
refinement with deep image gradients. In Proceedings of the Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2023, pp. 17327–17336.

40. Awrangjeb, M.; Zhang, C.; Fraser, C.S. Automatic extraction of building roofs using LIDAR data and
multispectral imagery. ISPRS journal of photogrammetry and remote sensing 2013, 83, 1–18.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1175.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1175.v1
http://creativecommons.org/licenses/by/4.0/


22 of 22

41. Wu, Y.; Wang, L.; Hu, C.; Cheng, L. Extraction of building contours from airborne LiDAR point cloud using
variable radius Alpha Shapes method. J. Image Graph 2021, 26, 910–923.

42. Widyaningrum, E.; Gorte, B.; Lindenbergh, R. Automatic building outline extraction from ALS point clouds
by ordered points aided hough transform. Remote Sensing 2019, 11, 1727.

43. Li, X.; Qiu, F.; Shi, F.; Tang, Y. A recursive hull and signal-based building footprint generation from airborne
LiDAR data. Remote Sensing 2022, 14, 5892.

44. Karsli, B.; Yilmazturk, F.; Bahadir, M.; Karsli, F.; Ozdemir, E. Automatic building footprint extraction from
photogrammetric and LiDAR point clouds using a novel improved-Octree approach. Journal of Building
Engineering 2024, 82, 108281.

45. Qi, C.R.; Su, H.; Mo, K.; Guibas, L.J. Pointnet: Deep learning on point sets for 3d classification and
segmentation. In Proceedings of the Proceedings of the IEEE conference on computer vision and pattern
recognition, 2017, pp. 652–660.

46. Qi, C.R.; Yi, L.; Su, H.; Guibas, L.J. Pointnet++: Deep hierarchical feature learning on point sets in a metric
space. Advances in neural information processing systems 2017, 30.

47. Thomas, H.; Qi, C.R.; Deschaud, J.E.; Marcotegui, B.; Goulette, F.; Guibas, L.J. Kpconv: Flexible and
deformable convolution for point clouds. In Proceedings of the Proceedings of the IEEE/CVF international
conference on computer vision, 2019, pp. 6411–6420.

48. Hu, Q.; Yang, B.; Xie, L.; Rosa, S.; Guo, Y.; Wang, Z.; Trigoni, N.; Markham, A. Randla-net: Efficient semantic
segmentation of large-scale point clouds. In Proceedings of the Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 2020, pp. 11108–11117.

49. Vats, A.; Völgyes, D.; Vermeer, M.; Pedersen, M.; Raja, K.; Fantin, D.S.; Hay, J.A. Terrain-informed self-
supervised learning: Enhancing building footprint extraction from LiDAR data with limited annotations.
IEEE Transactions on Geoscience and Remote Sensing 2024, 62, 1–10.

50. Pan, X.; Yang, T. 3D vision-based bolt loosening assessment using photogrammetry, deep neural networks,
and 3D point-cloud processing. Journal of Building Engineering 2023, 70, 106326.

51. Biswas, H.K.; Sim, T.Y.; Lau, S.L. Impact of building information modelling and advanced technologies
in the AEC industry: a contemporary review and future directions. Journal of Building Engineering 2024,
82, 108165.

52. Sharma, M.; Garg, R. Building footprint extraction from aerial photogrammetric point cloud data using its
geometric features. J Build Eng 76: 107387, 2023.

53. Liu, K.; Ma, H.; Zhang, H.; Gao, L.; Xiang, S.; Chen, D.; Miao, Q. Building outline extraction using
adaptive tracing alpha shapes and contextual topological optimization from airborne LiDAR. Automation in
Construction 2024, 160, 105321.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 October 2025 doi:10.20944/preprints202510.1175.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.1175.v1
http://creativecommons.org/licenses/by/4.0/

