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ABSTRACT

Keywords: Urban wind simulations require CFD-ready building geometries, yet real-world GIS datasets often contain geo-
Urban CFD ) metric inconsistencies that hinder automated preprocessing and mesh generation. This study presents an auto-
Geomef'}’ preprocessing mated geometry generation pipeline that converts heterogeneous GIS building data into watertight LOD1 models
g‘:‘;’;‘iht geometry suitable for urban CFD applications. The workflow combines topology-neutral surface sampling, footprint

Discretization-based reconstruction

Wind environment

reconstruction, geometry simplification, and automated regularization within a single preprocessing framework.

A district-scale case study of approximately 15,000 buildings in Seoul was used to evaluate geometry quality,
fidelity, and computational efficiency. The generated models achieved 100% watertightness while preserving
building-scale geometric characteristics with median volume fidelity and footprint IoU values of 0.994 and
0.992, respectively. Compared with manual preprocessing workflows, the proposed approach reduced processing
time from several days to approximately 190s. The framework provides a practical foundation for scalable
generation of CFD-ready urban geometries, supporting future large-scale airflow simulations and data-driven

modeling.
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phologies (Baitureyeva et al., 2025; Blocken et al., 2013, 2016). CFD can
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numerically simulate flow phenomena over large-scale domains where
direct field experimentation is practically infeasible, with the advantage
of resolving physical quantities such as velocity, pressure, and turbu-
lence in spatial detail. Moreover, CFD is more cost- and time-efficient
than wind tunnel experiments for equivalent domains and facilitates
repetitive analyses under diverse geometric and meteorological condi-
tions, establishing it as a standard tool for urban wind environment
assessment (Blocken et al., 2015; He et al., 2021; Linda et al., 2022).
However, to obtain such highly reliable urban CFD analysis results, the
construction of a high-quality 3D computational domain that accurately
reflects the actual urban geometry must necessarily precede (Franke
et al., 2011; Tominaga et al., 2008; Abu-Zidan et al., 2021). Typically,
this involves a series of pre-processing tasks, including collecting various
types of raw geographic information system (GIS) data, repairing geo-
metric defects, and converting them into the watertight and manifold
geometry required by CFD solvers. The problem is that real-world GIS
data inherently contains several topological defects, such as gaps,
overlaps, and non-manifold edges, which occur during data collection or
format conversion processes (Van Den Brink et al., 2013; Ledoux and
Meijers, 2011; Liu et al., 2017; Sanyal, 2023). Geometry containing
such topological defects causes numerical errors such as negative vol-
umes and inverted elements during the mesh generation stage, making
the flow analysis physically impossible. Consequently, this
pre-processing workflow has largely relied on manual and iterative
modifications by skilled engineers, and it is common for the construction
of even a single urban block-scale model to require hours to days of
corrective work (Ali et al., 2019). As a result, this manual-based pre--
processing bottleneck not only fundamentally limits the application
scope of large-scale urban CFD analysis but also acts as a major barrier
completely blocking access by non-experts to the field.

Meanwhile, major commercial CFD software packages (e.g., ANSYS
Fluent, Siemens Star-CCM+) provide a certain level of geometry
correction functionality at the mesh generation stage (e.g., fault-tolerant
meshing, shrink-wrap); however, these are fundamentally insufficient
for systematically resolving the complex topological defects inherent in
urban-scale GIS data. This stems from the structural characteristic that
commercial CFD tools must support a wide range of physical
phenomena—such as turbomachinery, external aerodynamics, and
urban airflow—whose physical scales and geometric features differ
substantially. Due to this demand for universality, commercial solvers
adopt a design philosophy that delegates the judgment of which ge-
ometry details to preserve or simplify for each analysis target to the
engineer's empirical-based decision-making, rather than automating it
at the software level (ANSYS, 2020; ANSYS, 2017). As a result, this
structure poses limitations in different ways for both experts and
non-experts in urban CFD analysis. First, for skilled engineers, the
diagnosis and repair of geometric defects must be performed iteratively
on a building-by-building basis, which requires high time costs and
effort for the pre-processing of urban-scale computational domains. On
the other hand, for non-experts lacking the empirical know-how of ge-
ometry simplification tailored to urban wind environment analysis (e.g.,
which building details do not affect main flow characteristics and can be
removed), this pre-processing step itself acts as a barrier to entry for
conducting analyses. In turn, there is a need to develop a robust
pre-processing methodology that can automatically generate a 3D urban
model optimized for CFD analysis from raw GIS data of various formats
and quality levels, without expert intervention.

1.2. Related works

Against this background, attempts to automatically construct or
reconstruct 3D geometries of urban environments have been made in
various research fields. First, in the field of urban CFD, sensitivity analyses
investigating the influence of building geometry's level of detail (LOD) on
flow simulation results have constituted the primary research stream. For
example, Paden et al. (2022) systematically compared the effects of LOD
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1.2 and LOD 2.2 building representations on pedestrian-level and urban
canopy-level flow fields through 1,440 simulations. Also, Karkoulias et al.
(2020) quantitatively analyzed the impact of balconies and overhangs on
the building envelope on the pedestrian-level wind environment. These
studies provided empirical guidelines on the extent to which building ge-
ometry can be simplified while maintaining prediction accuracy; however,
the pre-processing process for constructing those simplified models still
relied on manual work by experts or manual operation of commercial
software. Furthermore, although geometry pre-processing is an essential
task in all urban CFD studies, its specific procedures or techniques are
omitted from descriptions in most studies, perpetuating a structure that
relies on individual researchers' tacit experience without accumulating
systematic methodologies or technical know-how for pre-processing. Thus,
researchers without sufficient technical knowledge or proficiency end up
performing analyses on low-quality computational domains where geo-
metric defects are not sufficiently resolved, which can negatively affect the
spatial resolution and prediction accuracy of the analysis results (Blocken,
2015).

Second, the GIS and geoinformatics fields have focused on developing
tools and workflows that combine 2D GIS data with point clouds to
generate 3D urban models. The 3dfier tool developed by Ledoux et al.
(2021) automatically generates 3D city models including LOD1 buildings
and terrain by extruding 2D topographic polygons based on point cloud
elevations, and Peters et al. (2022) extended this approach to automatically
reconstruct LOD1/LOD2 models for approximately 10 million buildings
across the Netherlands. Meanwhile, Deininger et al. (2020) proposed a
semi-automated workflow that applies geometric optimization to
CityGML-based 3D city models for use as CFD simulation inputs, and Paden
et al., 2022, 2024 further developed City4CFD, which automatically re-
constructs buildings at various detail levels from LOD1.2 to LOD2.2 and
integrates them with terrain. City4CFD and 3dfier have demonstrated that
automated reconstruction of LOD1/LOD2 city models is feasible. The
reconstructed geometries of City4CFD have been directly coupled with
CFD mesh generation without additional geometry modification (Paden
et al., 2022, 2024). These tools, however, assume relatively clean input
geometry (i.e., well-formed building polygons and point clouds) and rely
on the topological consistency of that input during reconstruction. Their
extension to heterogeneous, defective GIS datasets—where mesh connec-
tivity itself is compromised—has not been systematically addressed.
Furthermore, quality-oriented cleanup of input data— such as the removal
of objects that are irrelevant or impractical to simulate — is in practice still
performed manually in existing CFD preparation workflows, rather than
being integrated into the automated reconstruction pipelines (Paden et al.,
2024).

Third, in the fields of computer vision (CV) and remote sensing,
research on automatically reconstructing large-scale urban geometries (3D
reconstruction) from point clouds or multi-view images has been actively
conducted. For example, Musialski et al. (2013) comprehensively reviewed
various urban reconstruction techniques such as structure-from-motion
and multi-view stereo, and methodologies for automatically extracting
building geometries from airborne LiDAR point clouds have also been
widely studied. Recently, 3D reconstruction studies on an urban scale
utilizing neural implicit representations have also emerged (Zhang et al.,
2024, 2025; Shi et al., 2024). However, the main goal of related research
is visual fidelity, meaning the reconstruction of geometries that appear
similar to reality based on human vision. Therefore, even if the recon-
structed geometry looks visually complete, many critical topological de-
fects such as non-manifold edges, open surfaces, and self-intersections
remain in numerical terms (Park et al., 2020). In other words, such ge-
ometry reconstruction is suitable for rendering or visualization but fails to
guarantee the numerical robustness (i.e., watertightness and manifoldness)
required by CFD solvers.

Synthesizing these existing research streams, the following research
gaps exist in the field of automated geometry pre-processing for urban
CFD. First, an end-to-end automated pipeline capable of consistently
processing from raw GIS data input to solver-ready geometry output
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without engineer intervention has not been systematically proposed.
Existing GIS/geoinformatics tools have automated 3D model generation
but lack CFD-specific quality assurance, while pre-processing in existing
CFD research remains at the level of manual work through commercial
CAD software or ad-hoc scripts limited to specific data formats, leaving a
lack of systematic methodologies for handling urban GIS data with
varied formats and quality levels. Second, because existing mesh repair
or Boolean operation-based approaches fundamentally rely on the to-
pological features of the input data, processing frequently fails under the
various defect conditions inherent in real-world GIS data. This suggests
the need for a geometry reconstruction strategy that is less dependent on
the topological consistency of the input data. Third, in CFD analysis, not
only the geometric fidelity of the building shape but also mesh
efficiency—which minimizes computational costs by suppressing un-
necessary face counts—must be simultaneously considered. Actual
urban buildings feature many complex geometries, such as L-shaped, U-
shaped, and courtyard forms, and accurately reflecting these irregular
shapes while generating lightweight geometry is a task that has not been
adequately addressed in previous studies.

1.3. Research aim and contributions

To address these limitations, this study proposes an automated ge-
ometry preprocessing pipeline for urban CFD simulations based on
computational geometry. The objective of this study is to establish an
automated workflow that consistently produces CFD-ready watertight
urban geometries from heterogeneous GIS datasets rather than to
introduce a new geometry repair algorithm. Accordingly, the contribu-
tions of this study are threefold: (i) an automated workflow for gener-
ating CFD-ready watertight urban geometries from heterogeneous GIS
inputs, including defective pre-existing meshes; (ii) the integration of
connectivity-discarding geometry reconstruction and CFD-oriented
filtering within a single preprocessing pipeline; and (iii) a demonstra-
tion of district-scale geometry generation suitable for downstream CFD
mesh generation and large-scale simulation studies. To clarify the
positioning of the proposed pipeline, Table 1 compares it against two
representative open-source workflows for automated urban 3D geome-
try generation (i.e., City4CFD and 3dfier). The comparison covers input
assumptions, topological dependency, watertightness handling, simpli-
fication strategy, physics-aware filtering, and demonstrated application
(refer to Table 1). The detailed methodology of the proposed pipeline is
described in the following sections, and the generated model is applied
as geometric input for CFD simulation targeting an actual urban case
study to validate modeling efficiency and analysis suitability. In addi-
tion, the developed pipeline is further evaluated through a comparative
experiment using the openly published datasets of City4CFD, an open-
source workflow developed for urban flow simulations, to verify its
practical applicability. The resulting framework is intended to reduce
manual preprocessing effort and provide a reproducible pathway for
generating CFD-ready urban geometries from heterogeneous GIS data-
sets, supporting subsequent urban wind environment analyses and
applications.

2. Method and materials
2.1. Overview of the automated modeling pipeline

This study proposes a discretization-based reconstruction pipeline
that receives heterogeneous GIS data containing numerous geometric
defects as input and automatically generates preprocessed watertight
geometry optimized for urban-level CFD flow prediction. Unlike con-
ventional mesh repair approaches that depend on the topological fea-
tures of input data, the proposed method discretizes geometry into point
clouds, thereby discarding the input topology in which such defects
reside, and then reconstructs the geometry. Furthermore, physics-aware
filtering—domain-specific judgments such as the exclusion of small-
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Table 1
Qualitative comparison of the proposed pipeline with representative open-
source workflows for automated urban 3D geometry generation.

Aspect City4CFD (Paden 3dfier (Ledoux Proposed pipeline
et al., 2022, 2024) et al., 2021;
Peters et al.,
2022)
Input Valid, non- 2D topographic ~ Heterogeneous GIS
assumptions overlapping 2D polygons inputs, including

combined with
a classified
point cloud

building footprints
(IS0, 19107) with
height attributes, or
footprints combined
with classified,

defective pre-
existing meshes
with compromised
connectivity

properly aligned
point clouds
Dependence on Reconstruction Extrusion- Input connectivity
input defined on input based; relieson  discarded after
connectivity footprint polygons; the consistency ~ component
output quality of input identification;
depends on input polygons reconstruction
validity from sampled point
distributions
Watertightness Watertight outputs Watertight Component-level
handling reported; validity LoD1 solids by watertightness
inspection and polygon verification with
automatic validity extrusion success-rate

repair in the accounting
extended version
Simplification RDP-based footprint Not integrated Footprint
simplification; graph- simplification with
cut 3D simplification; micro-face
isotropic remeshing suppression
Physics-aware Not reported Not reported Rule-based
object filtering by
filtering pedestrian-wind
relevance
thresholds (e.g.,
minimum building
height and
footprint area)
Demonstrated Campus-scale urban National-scale District-scale urban
application CFD mesh generation 3D city CFD geometry
(snappyHexMesh) modeling preprocessing

scale structures and determination of geometry simplification levels,
which were previously performed as separate tasks from geometry
repair in existing manual workflows—is internalized as rule-based pa-
rameters within the pipeline, enabling geometry reconstruction and
analysis-condition filtering to be performed integrally within a single
process. This enables the automatic generation of analysis-ready
computational domains without relying on engineers' empirical know-
how.

The final output of the proposed pipeline corresponds to the LOD1
model as defined in the City Geography Markup Language (CityGML)
standard (Kolbe et al., 2005; Biljecki et al., 2016a). LOD1 represents
buildings as prismatic blocks with flat roofs by vertically extruding
building footprints, excluding roof geometry and detailed building en-
velope elements (e.g., balconies, windows, protrusions) (Ledoux and
Meijers, 2011; Chajaei and Bagheri, 2025; Biljecki et al., 2014). LOD1
models are widely adopted in urban-scale CFD and environmental
simulations including urban wind environment, pollutant dispersion,
and solar irradiance analyses, based on existing research findings that
the macroscopic characteristics of the flow field in pedestrian-level wind
environment analysis are dominated by the overall volume (blockage)
and arrangement of buildings, while the influence of building envelope
details on flow structures at pedestrian height is relatively limited (Van
Den Brink et al., 2013; Biljecki et al., 2016b; Becker, 2009). Accordingly,
this study designed the pipeline under the premise that LOD1-level ge-
ometry representation constitutes the optimal simplification level for
urban wind environment analysis. To this end, the proposed automated
pipeline comprises the following four steps: (i) individual building
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identification; (ii) surface sampling and normalization; (iii) footprint
extraction using concave hull algorithm; and (iv) geometry simplifica-
tion, extrusion, and regularization (refer to Fig. 1).

2.2. Individual building identification

Urban-scale GIS data is provided in a format where information on
numerous buildings is included in a single file, so separating this into
individual building units is an essential prerequisite for geometry
reconstruction. However, GIS data takes various formats depending on
the collection and distribution methods, and the types and presence of
information defining boundaries between buildings differ according to
the input data format. Therefore, the pipeline is designed to automati-
cally determine the geometry input format and select an appropriate
building identification path before performing pre-processing tasks.

First, if the input geometry is mesh-based data such as CityGML,
Shapefile extrusion (.shp), Stereolithography (.stl) or object (.obj), this
mesh inherently contains the connectivity of faces and edges. Based on
this connectivity information, the mesh can be represented as a dual
graph G = (F, E) (AbuBaker et al., 2007). Here, F is the set of faces, and E
is the adjacency relation between faces, which can be defined as adja-
cent when two faces f; and f; share one or more edges (refer to Eq. (1)).
Also, taking the transitive closure of this adjacency relation, a connected
component Ci can be defined as a set of mutually reachable faces
through a chain of shared edges (Dillencourt et al., 1992). Specifically,
this means that for any two faces f; and f; belonging to Cy, there exists a
finite adjacency path from f; to f; (refer to Eq. (2)). The search for these
connected components is performed using a breadth-first search
(BFS)-based flood-fill traversal (Fishkin et al., 1985). In detail, this al-
gorithm selects one unvisited face as a seed, adds adjacent faces sharing
edges with that face to a queue, and repeats this process until the queue

Heterogenous geometry data type

v
Point cloud-based raw input
(LiDAR, Photogrammetry)

Mesh-based raw input
(CityGML, Shapefile, STL)

Step 1. Individual building identification

v

Primary path Fallback path
(mesh-based) (point cloud-based)
Flood fill algorithm DBSCAN

e

Step 2. Surface sampling and normalization

v
Already
discretized geometry

Convert 3D surface to
point cloud format

}

Non-watertight / Non-manifold topology discarded }
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is exhausted to complete one connected component. Then, a new seed is
selected from the remaining unvisited faces to explore the next
component, and this is repeated until all faces are visited. Since each
face and edge is processed exactly once, the time complexity of the
entire process is O(|F|+|E|), linearly proportional to the number of faces
and edges, ensuring high computational efficiency even in large-scale
urban data. Physically separated buildings do not share edges, so they
can be automatically identified as individual components. As the ma-
jority of urban GIS data is provided in mesh-based formats, this identi-
fication process corresponds to the primary path most frequently applied
in practice.

A(fi,fj> :{1 if Je € Epesy 5.t eeaﬁﬁaﬁ;Ootherwise} )

Vfi. f; € Ci, 3( i =80,81,"",&n :f,-) s.t. A(g, gur1y) =1,9t € {0,--,n -1}
(2)

Where A(f;, f;) stands for the adjacency function between faces f; and f;,
Eesh for the set of edges in the mesh, df for the set of edges bounding face
£, 8o, &1 ---, & stands for a finite sequence of faces forming an adjacency
path from f; to f; within Cy.

Meanwhile, if the geometry input is point cloud-based (e.g., LiDAR
raw scan, photogrammetry), there is no connectivity between faces or
edges, so the aforementioned connectivity-based separation cannot be
applied. In this case, building identification is based on the spatial
density of points, for which this study applied the DBSCAN (Density-
Based Spatial Clustering of Applications with Noise) algorithm
(Schubert et al., 2017; Campello et al., 2013). DBSCAN forms clusters
based on data density and is suitable for processing large-scale urban
data where the number of buildings cannot be known in advance.

Projection to xy-plane
Concave hull algorithm (alpha shape)

Step 4. Geometry simplification/extrusion/regularization

Geometry simplification
(exclusion of jagged edges)
Douglas-peucker algorithm

l

Geometry extrusion
(2.5D footprint extrusion)
Percentile-based height estimation

l

Geometry regularization
(watertight validation)
Vertex merge, normal fix, degenerate face removal

Geometry discretization

Geometry reconstruction

Fig. 1. Framework of the urban geometry reconstruction pipeline.
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Additionally, it can automatically remove points that do not meet the
density criteria by classifying them as noise, making it effective for
filtering sporadic outlier points included in LiDAR data (e.g., trees, ve-
hicles, ground reflections). For an arbitrary point p to be defined as a
core point in the DBSCAN algorithm, the condition is that at least MinPts
points exist within the e-neighborhood of radius ¢ (refer to Egs. (3) and

(4).
N.(p) ={q € P|dist(p,q) <&} 3
[N (p)| = MinPts 4

Where N,(p) stands for the set of points within the e-neighborhood of
point p, dist (p, q) for the Euclidean distance between points p and g, ¢ for
the maximum radius of the neighborhood, and MinPts for the minimum
number of points required to form a dense region.

2.3. Surface sampling and normalization

Typical GIS data contains numerous numerically unstable topologi-
cal defects such as gaps, overlaps, and non-manifold edges due to geo-
metric errors arising from 3D modeling or format conversion processes,
and these inherent defects constitute the primary factor causing con-
ventional Boolean operations and automated healing algorithms to fail.
Such correction failures occur because conventional approaches rely on
the topological connectivity of the input geometry to locally correct
defects, and when the connectivity itself is compromised, no reference
point for correction can be established. To address the fundamental
limitations of topology-dependent approaches, this study performed a
normalization process that discretizes the surface into a point cloud for
each mesh component identified as an individual building. This process
corresponds to geometry discretization, converting a continuous vector-
based surface into a finite set of points. The process of defining the
surface S of a geometry as a discretized point set P is mathematically
expressed as follows (refer to Egs. (5) and (6)).

P:{Pi€R3|piliESOTlS,i:l,27...,N} (5)
N~ Apuiding X p (6)

Where P stands for the set of sampled points, p; for the i-th point with
coordinates (x, y, 2), R for the set of real numbers, S for the surface of the
individual building component, N for the total number of sampled
points, Apuyiiding for the surface area of the building, and p for the sam-
pling density (points/m?).

Through this process, geometric information of the shape is pre-
served, while the complete topological representation of the input
mesh—including any gaps, overlaps, and non-manifold edges it
contains—is intentionally discarded via surface sampling and is there-
fore not carried over to the subsequent stages. For point cloud-based
inputs such as LiDAR scan data, the input data is already in point
cloud format, so the clustered point set is directly used as input for
subsequent stages without separate surface sampling. All subsequent
reconstruction processes are performed based solely on the spatial dis-
tribution of points rather than existing topological information, thereby
producing consistent results across the heterogeneous GIS and point-
cloud inputs investigated in this study.

2.4. Footprint extraction using concave hull algorithm

The process of extracting 2D footprints, which form the basis of
LOD1 models, from the constructed individual building clusters was
performed. First, the set of points in each cluster was projected onto the
xy-plane to generate a 2D point set, from which a hull algorithm was
applied to extract the building's footprint boundary.

The convex hull algorithm widely used in previous studies for foot-
print boundary extraction is a method that generates the smallest convex
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polygon containing the point cloud (Barber et al., 1996). While this
approach is computationally efficient, it generates overly simplified
footprints for buildings with re-entrant corners such as L-shaped,
U-shaped, and courtyard buildings by encompassing concave regions.
Such over-simplification results in the loss of key geometric features that
directly influence wind flow patterns within street canyons, constituting
an unacceptable geometric distortion in the context of urban wind
environment analysis.

Therefore, to overcome this, an alpha shape-based concave hull al-
gorithm was applied in this study (Asaeedi et al., 2017). The alpha shape
refers to the boundary line formed when an open ball B(b, a) with radius
a moves along the boundary surface without penetrating the interior of
the point set (refer to Eq. (7)). Here, « is the key hyperparameter con-
trolling the complexity of the extracted boundary; as @ — oo, the result
converges to a convex hull, and concave features are lost; as a — 0, the
boundary penetrates into fine gaps between individual points, gener-
ating a discontinuous shape. Meanwhile, for small buildings where the
projected 2D point set contains fewer than 6 points even after surface
sampling, convex hull was applied instead of concave hull, as the
mathematical definition of alpha shapes can lead to numerically un-
stable boundary extraction or degenerate polygon generation when the
number of points is extremely small.

0S, ={x€R*|3(b,a)s.t.x€ 0B(b,a) and B(b,a)N\P= 3 } @)

Where 0S, stands for the boundary of the alpha shape, B(b,a) for the
open ball with center b and radius «, and P for the set of projected 2D
points.

2.5. Geometry simplification, extrusion, and regularization

The extracted raw concave hull boundaries may contain unneces-
sarily complex jagged edges due to the influence of sampling noise.
These fine irregularities cause extremely small grid elements (micro-
elements) during the CFD mesh generation process, significantly
degrading computational efficiency (Piepereit et al., 2018). In partic-
ular, if micro-faces with areas significantly smaller than the grid reso-
lution remain on the building surface, an imbalance in the size ratio with
adjacent grids and an increase in skewness occur during the mesh gen-
eration process. To overcome this, this study applied the
Douglas-Peucker (DP) algorithm to the extracted footprint for each
building to remove unnecessary vertices within a tolerance range while
maintaining the characteristic topology of the building geometry
(Douglas and Peucker, 1973; Shi and Cheung, 2006). In detail, the DP
algorithm calculates the perpendicular distance d; of each intermediate
point from the line segment connecting the start and end points, and
recursively removes points whose distance falls below the tolerance ¢g,
(refer to Eq. (8)). This process fundamentally suppresses the occurrence
of micro-faces by straightening jagged edges, thereby securing the sta-
bility of downstream mesh generation.
4= |(y2 = y1)xi — (X2 — X1)yi + Xoy1 — yaXi| <ep ®)

\/0’2 =y1)* + (6 —x)?

Where d; stands for the perpendicular distance of point p; from the line
segment defined by p; and p», and &gy for the user-defined tolerance.
Next, footprint extrusion was performed to convert the simplified 2D
footprint into an LOD1 3D solid model. The height H of each building
cluster was calculated utilizing the percentiles for the z-coordinates of
the points within the cluster (refer to Eq. (9)). The use of the 99th upper
percentile and 5th lower percentile is to stably estimate the actual height
of the building while suppressing the influence of extreme outlier points
(e.g., outliers caused by rooftop structures, ground reflection errors) that
may be included in the LiDAR data. For mesh-based inputs, the sampled
surface points include the facades, and the percentile-based height
definition of Eq. (9) is applied directly. For point-cloud inputs derived



J. Choi et al.

from classified airborne LiDAR, where wall returns are largely absent
and the building points are dominated by roof returns, the lower
percentile of a cluster corresponds to the eave level rather than the
ground. In this case, the base elevation of each cluster is instead esti-
mated as the median elevation of the accompanying ground points in the
immediate vicinity of the cluster (i.e., implemented as the cluster
bounding box expanded by the ground buffer of 5m), and the pipeline
accepts the ground point cloud as an optional input for this regime.

H =299y, — Zso, (C))

Where H stands for the height of the building, and Zggy, and Zsy, for the
99th and 5th percentiles of the z-coordinates within the cluster,
respectively.

Finally, automated regularization was performed on the 3D geometry
generated through extrusion. This process utilized the Python Trimesh li-
brary to (i) merge duplicate vertices, (ii) consistently unify the directions of
face normals, (iii) remove degenerate faces, and (iv) automatically verify
that the watertight condition is maintained after removal, thereby securing
a watertight closed manifold. A watertight condition allows the generated
model to be transferred to the CFD solver's mesh generation stage through
the standard workflow without relying on mesher-side repair, and the
pipeline includes a quality control procedure that automatically verifies
watertightness for each building and excludes buildings that do not satisfy
the condition from the final output. Accordingly, Fig. 2 visualizes the in-
dividual stages of this procedure for a U-shaped building: the sampled point
set, its Xy projection, the alpha-shape footprint, the Douglas-Peucker
simplification, the regularized footprint, and the extruded watertight
LOD1 block. The concave-hull ratio a and the simplification tolerance &
govern the balance between geometric fidelity and footprint compactness.
Overly small a values follow the sampling noise of the point distribution,
whereas large values approach the convex hull and lose concave footprint
features; small € values retain boundary detail, whereas large values pro-
duce compact footprints at the cost of cutting concave corners. The default
configuration (a=0.2, e =0.5m) preserves the concave outline of the
footprint while suppressing sampling-induced boundary noise.

2.6. Physics-aware hyperparameter setting

Geometry simplification and object filtering applied in this pipeline
are justified by domain-specific rules based on the physical character-
istics of urban wind environment analysis. These rules correspond to
internalizing decision-making (e.g., which structures to include, to what
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extent to simplify specific geometric elements) that relied on engineers'
empirical judgments in existing manual workflows into quantitative
parameters. Through this, the pipeline performs geometry reconstruc-
tion and physics-aware filtering within a single process without separate
manual work. This section comprehensively describes the parameter
setting values and physical bases of each of these processes.

First, regarding the appropriateness of LOD1 expression, this pipe-
line represents buildings as prismatic blocks with flat roofs. In
pedestrian-level wind environment analysis, the primary region of in-
terest is the flow field at 1.5-2.0 m above ground, and the flow char-
acteristics of this region are dominated by the blockage effect of the
overall volume and arrangement of buildings (Blocken et al., 2015,
2016). According to existing research, the influence of detailed roof
geometry differences on pedestrian-level wind speeds is reported to be
minor relative to building height, and LOD1 models have accordingly
been adopted as standard in numerous urban CFD studies (Chajaei and
Bagheri, 2025; Biljecki et al., 2016b). However, for cases where roof
geometry directly influences analysis results, such as flow field analysis
around building rooftops or wind pressure distribution analysis, LOD2
or higher representation may be required, which is separately discussed
in the Discussions section as a limitation on the pipeline's scope of
application.

Second, the surface sampling density p = 10 pt/m? was set to ensure
sufficient point density for concave hull boundary extraction. For
building footprint boundaries to be faithfully extracted, a sufficient
number of points must be distributed near the boundary, and 10 pt/m2
stably satisfies this condition by generating 100-2,000 points per
building relative to the surface area of typical urban buildings (Haala
and Kada, 2010).

Third, regarding DBSCAN parameters, ¢ = 2.5 m is based on the fact
that the minimum separation distance between adjacent buildings in
urban environments is typically regulated to be more than 2m by
building codes and right-to-light standards (MOLIT, 2018). By setting ¢
below this separation distance, errors where physically separated
buildings are merged into the same cluster can be prevented. Also,
MinPts =30 was set considering the typical point density of LiDAR
sensors (4-20 points/m?), at a level where the minimum target building
for expression based on LOD1 (6 m? of footprint area) is recognized as a
valid cluster (Peters et al., 2022).

Fourth, the o ratio = 0.2 for the concave hull was set as a balance
point that preserves the main concave features of buildings while pre-
venting discontinuities caused by noise. The typical re-entrant depth of

Reconstruction stages (default parameters)

(a) Sampled point set (b) xy projection (c) a-shape (a = 0.2)

L T

Effect of « (concave-hull ratio, a-shape)

(2) «=0.05

(h) & = 0.2 (default) (a=1.0

(d) DP simplification

(£=0.5m) (f) Extrusion (LOD1)

(e) Regularization

R

Effect of € (DP tolerance, final footprint)

()e=01m (k) € = 0.5 m (default) MHe=20m

- < - < . .

Fig. 2. Reconstruction of a U-shaped building by the proposed pipeline and effects of parameters.
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urban buildings (e.g., concave depth of L-shaped buildings) is distrib-
uted in the 3-10m range, and geometric features in this range are
directly involved in flow patterns within street canyons (e.g., vortex
formation, channeling effect) (Vardoulakis et al., 2003; Zhong et al.,
2017; Ding et al., 2019). The set « ratio of 0.2 corresponds to a range
where concave features of this scale are faithfully extracted while false
concavities due to fine gaps between points do not occur.

Fifth, the DP tolerance &4 =0.5m is justified by the following
compound rationale. First, the grid resolution for pedestrian-level wind
analysis is typically set at the 1-2 m level according to COST 732 and ALJ
guidelines, and &g, of 0.5 m corresponds to a sub-grid scale displacement
of 25-50% of this grid resolution, so its influence on analysis results
remains within grid discretization error (Franke et al., 2011; Tominaga
et al., 2008). Also, the positional accuracy requirement of the CityGML
LOD1 standard is 5m or less, and a geometric displacement of 0.5m
achieves a conservative tolerance at the 10% level (Kolbe et al., 2005).
Moreover, the distance threshold for geometry simplification to ensure
CFD mesh quality (non-orthogonality, skewness) has been estimated in
the range of 0.01-0.1 times the characteristic length, and the &g, of this
study represents the median of the allowable range at 0.05 times the
average characteristic length of the target buildings (Park et al., 2020).
In turn, structural features of buildings that directly influence the flow
field, such as re-entrant corners and setback geometry, typically have
scales of several meters or more, so the preservation of these features is
guaranteed at the 0.5 m tolerance.

Sixth, the proposed pipeline excludes structures with a height of Hyin <
2.0 m and objects with a calculated footprint area of Ag,min < 8 m? from
geometry reconstruction as physics-aware filtering. The height of interest
for pedestrian-level wind environment analysis is 1.5-2.0 m above ground,
and the blockage effect on the flow field of structures at or below this height
is negligible compared to adjacent buildings (Tominaga et al., 2008;
ANSYS, 2017). Also, GIS data includes fences, retaining walls, street fa-
cilities, and garden structures as independent polygons in addition to
buildings, and many of these are non-building objects with a height of 2 m
or more that cannot be excluded by height-based filtering alone. Recent
urban CFD preprocessing studies, including City4CFD, have also reported
that excluding very small-scale polygons through footprint simplification
contributes to improving the stability of the meshing process (Paden et al.,
2022). The 8 m? applied in this study is a conservative value compared to
the CityGML standard, set to effectively exclude non-building objects while
preserving independent structures of the minimum scale that can be
considered actual buildings (e.g., small guardhouses, electrical rooms).
However, the set thresholds are designed as user-defined parameters
adjustable according to analysis purposes, and can be adjusted for analyses
where the influence of small-scale structures is important (e.g., micro flow
analysis around road accessories). The rationale for the above parameter
settings is summarized in Table 2. The entire pipeline is implemented in
Python 3. Mesh loading, surface sampling, connected-component decom-
position, and STL export are performed using the Trimesh library;
density-based clustering using the DBSCAN implementation of scikit-learn;
concave hull extraction and Douglas—Peucker footprint simplification
using Shapely; and height statistics using NumPy. The complete source
code, the exact configuration used in this study, the baseline, reference, and
modeled geometries of the case study area, and scripts for reproducing the
geometric quality metrics reported in Table 4 are publicly available in a
versioned repository at https://github.com/jinwoo818/Discretization-ba
sed-reconstruction-of-raw-GIS-to-watertight-geometry.

2.7. Geometric quality and fidelity metrics

To quantitatively evaluate the output quality of the proposed pipe-
line and systematically compare it with the original data and manual
cleanup results, two categories of metrics—geometric quality metrics
and geometric fidelity metrics—were defined. Geometric quality metrics
evaluate the extent to which topological defects inherent in input data
are resolved through each processing stage; they are applied identically
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Table 2

Summary of the hyperparameters and their physical justification.
Step Parameter Value Physical justification Reference
Sampling p 10pt/  Sufficient density for Haala and Kada

m? concave hull

boundary extraction

(2010)

Clustering € 2.5m Minimum building MOLIT (2018)
separation distance
according to building
code and setback
regulation

MinPts 30 Minimum detectable Kolbe et al.

building footprint at (2005)
typical LiDAR density
(~6 m? LOD1
threshold)

Footprint a ratio 0.2 Preservation of Edelsbrunner

extraction concave features (re- et al. (1983)

entrant depth
3-10 m) without
boundary
discontinuity

Simplification &g, 0.5m Sub-grid scale (Franke et al.,
relative to pedestrian- ~ 2011;
level CFD resolution Tominaga et al.,
(1-2m); 2008; Park
0.05xcharacteristic et al., 2020;
length Piepereit et al.,

2018)
Height Percentile Zso- Outlier suppression (Dorninger and

estimation range Zoov, while retaining Pfeifer, 2008;
effective building Rottensteiner,
height 2003; Biljecki

et al., 2017)
Filtering Hpin 2.0m Below pedestrian- (Blocken, 2015;
level interest height Ali Smail et al.,
(2.0 m); excludes 2024)
non-building
structures (walls,
fences)
Afp,min 8m? Conservative to (Kolbe et al.,
CityGML LOD1 2005; Biljecki
minimum et al., 2015;
Beil and Kolbe,
2017)

to three datasets—(i) raw GIS geometry (baseline data); (ii) manually
cleaned geometry (reference data); and (iii) pipeline output (modeled
data)—to compare the absolute numerical stability of each geometry.
Geometric fidelity metrics evaluate how faithfully the pipeline's geom-
etry reconstruction preserves the geometric characteristics of the orig-
inal buildings, computed based on building-by-building correspondence
between input and output buildings. The individual indicators in each
category are defined below.

First, the following four indicators were defined as geometric quality
metrics. All ratio metrics are computed over the connected components
of the evaluated geometry of each dataset—that is, the geometry as
exported for comparison—after merging coincident vertices, with the
components decomposed under manifold-edge adjacency and residual
fragments with fewer than eight faces included in the count. Since the
pipeline may exclude input objects through its physics-aware filtering
and quality-control procedures, the number of objects excluded at each
stage is reported separately in the case study, so that the quality of the
exported geometry and the reconstruction yield of the workflow can be
evaluated independently.

o Watertightness rate: Watertightness rate is defined as the proportion of
buildings satisfying the watertight condition out of the total number
of building objects. For a mesh to be watertight means that all edges
constituting the mesh are shared by exactly two faces, completely
separating the interior and exterior topologically. Verification of
watertightness is performed by checking the satisfaction of the Euler
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characteristic (i.e., y = vertices — edges + faces = 2), which is a
necessary condition for a closed orientable manifold, along with the
consistency of face normals. Watertightness is a prerequisite for the
standard watertight-geometry meshing workflows of major CFD
solvers. Although commercial solvers provide geometry-correction
functionality at the mesh generation stage, such mesher-side repair
handles only limited defects and its geometric outcomes are not
controlled at the preprocessing stage. Guaranteeing watertightness
at the geometry-preprocessing stage therefore ensures that volume
mesh generation can proceed through the standard workflow in a
predictable and tool-independent manner.

e Non-manifold edge ratio: Non-manifold edge ratio is defined as the
proportion of edges shared by three or more faces relative to the
unique edge count of all meshes. In a normal closed surface (two-
manifold), all edges must be shared by exactly two faces, but non-
manifold edges that do not comply with this can frequently occur
due to overlapping faces in GIS data or incomplete manual cleanup
processes. These non-manifold edges make it impossible to deter-
mine the orientation of the surface during mesh generation, acting as
a major cause of numerical errors such as negative volumes.

e Degenerate face count: Degenerate face count is reported as the number
of triangular faces whose three vertices lie on an identical point or
line, resulting in an actual area of zero. Such degenerate faces cause
the Jacobian determinant for mapping the grid from physical space
to computational space to be 0, making the inverse matrix unob-
tainable, which induces numerical errors in the finite volume method
(FVM)-based CFD solver and makes analysis impossible.

e Micro-face ratio: Micro-face ratio is computed as both the ratio of
buildings containing faces with areas significantly smaller than the
grid resolution and the ratio of such micro-faces to the total number
of faces. In this study, considering the typical grid resolution of
pedestrian-level CFD, 0.25 m? (i.e., 0.5 m x 0.5 m), corresponding to
the sub-grid scale of the surface cell, was set as the micro-face
threshold. Unlike degenerate faces, these micro-faces are mathe-
matically valid; however, during CFD mesh generation, they force
the creation of extremely small surface cells, causing size ratio
imbalance with adjacent grids, increased skewness, and time step
constraints.

Meanwhile, to evaluate how faithfully the pipeline's geometry
reconstruction preserves the geometric characteristics of the original
buildings, three geometric fidelity metrics were additionally defined.
These metrics perform building-level comparison of modeled data
against reference data, with inter-building correspondence established
based on nearest centroid matching on the xy-plane.

e Volume fidelity: Volume fidelity is calculated as the volume ratio of
corresponding building pairs (Vimodeled/Vreference)- The closer this
ratio is to 1.0, the more faithfully the pipeline output reproduces the
3D volume of the building, and the main factor for deviation is the
volume change caused by the LOD1 conversion.

Footprint IoU: Footprint intersection over union (IoU) is defined as
the value obtained by dividing the intersection area by the union
area between the 2D footprint polygons of corresponding building
pairs. IoU is an indicator that simultaneously reflects the positional
accuracy and shape similarity of the geometry, and is particularly
effective in evaluating the degree of preservation of concave features
(e.g., re-entrant corners, setback areas). An IoU of 1.0 means the two
footprints match completely.

Height accuracy: Height accuracy is computed as the absolute error
between the height estimates of corresponding building pairs (|
Hmodeled — Hreference|)- Since the pipeline's height estimation uses the
percentile-based method presented in Eq. (9), this metric serves to
verify whether systematic deviations exist due to differences from
the original data's height representation method.
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3. Case study description

This study selected the Mapo-gu (district) in Seoul, South Korea as the
target area for the practical applicability and validation of the proposed
pipeline. Mapo-gu is a typical high-density mixed-use urban area where
high-rise mixed-use complexes, mid-rise commercial facilities, and low-
rise residential buildings coexist, making it suitable for verifying the
pipeline's versatility due to its inclusion of diverse building forms and
densities. The source data used for validation was the GIS building inte-
grated data provided by the National Geographic Information Institute
(NGII) (Korea Land and Housing Corporation, 2018; MOLIT, 2021). This
data was provided in Shapefile (.shp) format as a 2.5D format containing
building footprint polygons and height attributes. To define the target area,
QGIS was used to set a circular region of 4 km diameter centered on a point
of interest and extract building data within that range, with a default
single-story building height (3 m) applied for buildings with missing height
information. The final extracted target area contained a total of 15,235 GIS
polygons (components), and road and terrain data included in the source
data were removed beforehand as they are not subject to building geometry
reconstruction. From this, each polygon was extruded based on its height
attribute and converted to a uniform STL surface geometry to construct the
raw GIS-based baseline data (refer to Fig. 3).

Next, as reference data for comparatively evaluating the output quality
of the pipeline, manual-based geometry refinement was performed sepa-
rately on the raw GIS data of the same study area. Manual cleanup was a
multi-stage process utilizing Blender and ANSYS SpaceClaim. After manual
identification and removal of non-building objects (e.g., vegetation, road
accessory facilities, sign structures), resolving overlapping faces, filling
open holes, and unifying face normals in Blender, residual topological de-
fects were finally resolved in ANSYS SpaceClaim. This process took several
days of work, which is due to the nature of the task requiring iterative
diagnosis and correction of topological defects on a building-by-building
basis. Meanwhile, the manual cleanup was focused on resolving topologi-
cal defects, and physics-aware filtering such as removing small-scale
structures or adjusting geometry simplification levels according to the
analysis purpose was not applied separately. This reflects the general
practice in existing manual workflows where geometry repair and geometry
adjustment according to analysis conditions are performed as separate
tasks.

Finally, the modeled data—the pipeline-based output—was generated
using the same raw GIS data as the baseline dataset, following the meth-
odology described in Section 2. Since the input data for this case study, the
NGII building integrated data, was identified as mesh format extruded from
Shapefiles, the mesh connectivity-based component separation path was
applied at the building identification stage, followed by sequential execu-
tion of surface sampling, footprint extraction, geometry simplification,
extrusion, and regularization for each building. The hyperparameter set-
tings applied during pipeline execution used the values listed in Table 2.

Ultimately, three types of datasets—baseline, reference, and
modeled—were constructed for the same study area, and a quantitative
comparative analysis between the datasets and an evaluation of the
pipeline's performance were performed by applying the geometric
quality and fidelity metrics (refer to Table 3). In addition to this, to
verify the practicality of the pipeline's output, CFD simulations were
performed using reference data and modeled data respectively as input
geometries under the same flow conditions, and the equivalence of flow
prediction was evaluated through comparison with measured wind
speed data from weather stations within the target region.

4. Results
4.1. Comparative analysis of geometry quality
Table 4 presents the results of a comparative analysis based on

geometric quality metrics for a total of three datasets as baseline,
reference, and modeled data.
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Fig. 3. Raw GIS-based geometry of the case study area.

Table 3
Summary of three comparative geometry datasets.

Table 4
Geometric quality comparison of baseline, reference, and modeled data.

Dataset Source Processing method
Raw GIS NGII building GIS data Height extrusion only (3m default for
(Shapefile) missing value)
Manual Same raw GIS data Blender and SpaceClaim (multi-stage
cleanup repair)
Pipeline Same raw GIS data Proposed automated pipeline (CFD-
output oriented geometry generation)

First, examining the geometric quality of the raw GIS data, the
extrusion of individual buildings generates mathematically complete
prisms, so the majority of buildings satisfied the watertight condition.
However, when combined into a single mesh, watertightness decreased to
98.8% due to shared walls between adjacent buildings, and a total of 568
non-manifold edges were generated. This is attributable to the frequent
occurrence of extremely short separation distances or shared walls be-
tween buildings in urban environments, and such inter-building topo-
logical conflicts constitute a primary cause of mesh generation errors.
Additionally, degenerate faces were observed in 293 buildings in the raw
GIS data, and micro-faces with areas below 0.25m? were detected in
1,905 buildings, representing 12.2% of all buildings. These micro-faces
result from the original GIS data's footprint polygons containing exces-
sively fine boundary lines that are directly transferred without modifi-
cation during the extrusion process, forcing the creation of micro-cells
during mesh generation and causing unnecessary computational cost in-
creases and mesh quality degradation. The component count of the

Data type Baseline (Raw Reference (Manual Modeled (Pipeline
GIS) cleanup) output)

Components 15,659 15,072 15,056
Total faces 365,668 284,223 273,432
Watertightness 98.8% 96.9%* 100%
Non-manifold 568 527* 0

edges
Degenerate face 293 (1.9%) 16 (0.1%) 0 (0%)

bldgs.

1,905 (12.2%)
8,608 (2.4%)

745 (4.9%)
2,920 (1.0%)

188 (1.2%)
394 (0.1%)

Micro-face bldgs.
Total micro-faces

Note: All values are computed with the released measurement script after
merging coincident vertices; components are decomposed under manifold-edge
adjacency, and the watertightness rate and the percentages in parentheses are
calculated over all connected components, including residual fragments with
fewer than 8 faces.

Note*: The reference geometry retains 527 non-manifold edges, generated at
coincident walls between adjacent buildings, and 465 components that do not
satisfy the watertightness criterion (i.e., pieces of buildings connected by such
shared walls, and residual open shells and fragments left by the manual
workflow).

baseline data was determined as 15,659—approximately 400 more than
the original 15,235 GIS polygons—as some complex geometries con-
taining multipart geometries or interior holes were decomposed into
surface units during the conversion to extrusion and STL surface geometry
representation.
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Second, for the reference building data generated through manual
cleanup, the first-stage cleanup process using Blender—including
manual removal of non-building objects, overlapping face resolution,
open hole filling, and face normal unification—resulted in a substantial
reduction of degenerate-face buildings from 293 to 16, and the micro-
face ratio also improved from 12.2% to 4.9% compared to the base-
line. However, during the repair process in Blender, non-manifold edges
were incidentally generated in some buildings, and a temporary
degradation of watertightness was observed; at this intermediate stage,
611 non-manifold edges and 7,151 open edges remained across the
working geometry. These intermediate-stage defects were substantially
resolved through the geometry repair function of ANSYS SpaceClaim,
which reduced the open edges to 519. Nevertheless, the final exported
geometry still contains 527 non-manifold edges—all of which originate
from the earlier stage and arise at coincident walls between adjacent
buildings—so that the watertightness rate of the reference data is 96.9%.
Such inter-building topological conflicts cannot be resolved by repair
operations that treat each building independently, as they require
modifying the shared boundaries between adjacent buildings them-
selves. The residual defects did not prevent volume mesh generation in
the subsequent CFD analysis, as they were absorbed by the geometry-
correction functionality of the commercial mesher at the mesh genera-
tion stage; however, this implies that the meshing process relies on
mesher-side repair whose geometric outcomes are not controlled at the
preprocessing stage. In addition, due to the structural limitations of
manual cleanup by a human expert, 16 degenerate-face buildings and
2,920 micro-faces across the entire domain remained uncorrected, and
these defects can serve as potential factors for mesh quality degradation
and increased solver computational cost during CFD mesh generation.

Meanwhile, the modeled data based on the proposed pipeline
showed the most favorable results across all geometric quality metrics.
This geometry achieved 100% watertightness along with 0 non-
manifold edges and degenerate faces, and the micro-face ratio was
also the lowest among the three datasets at 1.2%. These results are
attributable to the pipeline adopting a reconstruction approach that
does not depend on the topology of the original geometry but re-
constructs from point clouds, and to the DP algorithm effectively sup-
pressing micro-face generation through boundary straightening.
Furthermore, the pipeline automatically excluded small-scale structures
below 2m in height and non-building objects through physics-aware
filtering, resulting in the component count being determined as
15,056, slightly fewer than the manually cleaned data. Specifically, of
the 15,251 building candidates identified from the input components,
15,056 buildings (98.7%) were successfully reconstructed; 188 candi-
dates were excluded by the physics-aware filtering (1 below the mini-
mum building height and 187 below the minimum footprint area) and 7
failed reconstruction, and all 15,056 reconstructed buildings passed the
watertightness verification. This indicates that analysis condition-
specific object filtering, which would need to be performed as a sepa-
rate task from geometry cleanup, was automatically performed within
the pipeline.

In terms of total face count, both reference data (284,223; 22.3%
reduction) and modeled data (273,432; 25.2% reduction) achieved
reduction compared to the baseline data (365,668), with the modeled
data exhibiting a higher face reduction rate. This is because the pipeline
simplifies fine irregularities of the original polygon during the footprint
reconstruction process, thereby securing mesh efficiency. In terms of
processing time, manual cleanup required approximately 7 days,
whereas the pipeline processed approximately 15,000 buildings across
the same domain in 190 s on a workstation equipped with an Intel Core
i7-12700KF CPU (3.61 GHz) and 32 GB of memory. The reported pro-
cessing time is the total wall-clock time of a single pipeline execution,
including input loading and output export, measured with the Python
time module. It covers the geometry-preprocessing stage of the pipeline
only and does not include the downstream volume meshing, whose wall-
clock time is determined by the selected mesher, meshing settings, and
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hardware. This reduces an effort that requires manual work on the order
of several days to a matter of minutes.

Next, geometric fidelity metrics were calculated based on the
modeled data against the reference data (refer to Table 5). First, the
median value of volume fidelity was 0.994, extremely close to 1.0,
indicating that the pipeline output almost accurately reproduces the 3D
volume of the buildings. In particular, as 99.8% of all buildings showed a
volume ratio within +10%, it was confirmed that the volume change
based on the LOD1 conversion under the flat roof assumption is negli-
gible for most buildings. Next, as the median of footprint IoU was
calculated to be 0.992, it showed that the pipeline's footprint recon-
struction preserved concave features such as re-entrant corners and
setback areas, reproducing the original shape with high accuracy. In
addition, the proportion of buildings with footprint IoU > 0.9 across all
buildings reached 100.0%, so no substantial geometric distortion was
observed according to the selected fidelity metrics. As the median of
height accuracy was calculated to be O m, it was confirmed that the
percentile-based height estimation yielded values substantially identical
to the heights of the manually cleaned data.

4.2. CFD validation for practical flow prediction

To verify the practicality of the pipeline output, CFD simulations
were performed applying the reference data and modeled data respec-
tively as input geometries, and comparisons with measured wind speed
data from weather stations within the target area were conducted. For
the measured data, the Smart Seoul City Data Sensor (S-DoT) environ-
mental information provided by the Seoul Open Data Plaza was used
(Seoul Metropolitan Government, 2023, 2026). S-DoT is an urban
environment sensor network consisting of 1,170 smart sensors installed
throughout Seoul city, providing various environmental information
such as wind speed, wind direction, temperature, humidity, vibration,
and pollutant concentration reported to one decimal place. All sensors (7
in total) located within the case study area were included in the analysis
to prevent bias from selectively including or excluding specific sensors
(refer to Table 6 and Fig. 4). The meteorological conditions for valida-
tion were selected based on two criteria: (i) sections where wind di-
rection fluctuations remained stable to align with the steady-state
assumption of flow analysis; (ii) wind speed levels capable of securing a
sufficient signal-to-noise ratio compared to the sensor resolution
(Blocken et al., 2013). To this end, based on the observation records of
the Korea Meteorological Administration (KMA) automated weather
station (AWS), the Mapo AWS located upstream of the target area, April
9, 2026, 10:00-12:00 KST was selected, and the predominant inflow
wind direction and velocity for that section were defined as southeast
and 3.1 m/s, respectively (KMA, 2020).

Next, the CFD analysis was performed using the commercial solver
ANSYS Fluent 2021R1, and the turbulence model adopted the Reynolds-
averaged Navier-Stokes (RANS)-based realizable k-¢ model, which has a
proven balance between prediction accuracy and computational cost in
urban wind environment analysis (Blocken et al., 2016; Blocken, 2015).
The computational domain was set to 8,858 m(x) x 8,858 m(y) x 987 m
(2) applying a buffer length based on the COST 732 guideline to remove
flow distortions (e.g., backflow, blockage effect) in the interest region
(Franke et al., 2011; Tominaga et al., 2008). In setting boundary con-
ditions, a no-slip condition and wall function were applied to the ground
surface and building walls, a pressure outlet with a static pressure of O Pa
was applied to the outlet, and a symmetry condition was applied to the

Table 5
Geometric fidelity between reference and modeled buildings.

Metric Median Within +£10%
Volume fidelity 0.994 99.8%
Footprint IoU 0.992 100% (>0.9)
Height accuracy Om 100% (<0.5m)




J. Choi et al.

Table 6

Information on the installation locations of the S-DoT sensors in Mapo-gu.
Sensor location Sensor serial number Latitude Longitude
S1 0OC3CL200254 37.55538 126.92137
S2 V02Q1940813 37.55462 126.89596
S3 0OC3CL200244 37.56483 126.90245
S4 0OC3CL200259 37.56231 126.91081
S5 0OC3CL200246 37.54747 126.93325
S6 0OC3CL200234 37.55192 126.93068
S7 0OC3CL200242 37.55589 126.91037

top and sides of the domain. In particular, for the flow conditions of the
inlet boundary, an atmospheric boundary layer (ABL) inlet profile was
configured by applying the aforementioned observed wind speed and
direction of the KMA Mapo AWS as reference values, and applying a
power law exponent a=0.28 and aerodynamic roughness length
Zp=1.0m considering urban morphological characteristics (Richards
and Hoxey, 1993). A SIMPLE algorithm was applied for
pressure-velocity coupling, and a second-order upwind scheme was
applied for spatial discretization. The scope of the proposed pipeline
ends with the generation of watertight surface geometry; the CFD vol-
ume mesh was generated in a separate downstream stage using the
fault-tolerant meshing workflow of ANSYS Fluent, which produces a
polyhedral-hexcore mesh directly from the exported surface geometry.
The total number of grids in the computational domain, determined
through grid convergence analysis, was 12,834,974 cells, essentially the
same for the two geometries under the identical meshing settings. The
above settings were equally applied to both the reference data and
modeled data, and in both analyses, all convergence parameter residuals
<1072 were achieved within 300 iterations.

The analysis result based on the reference data was calculated with
an RMSE of 0.059m/s (R%>=0.994) compared to the measured wind
speed, confirming that the turbulence model and boundary condition
settings adopted in this study reasonably reproduce the pedestrian-level
wind environment of the target region (refer to Fig. 5). It should be
noted that the S-DoT data are reported to one decimal place, so each
measured value carries a quantization of +0.05m/s (Joint Committee
for Guides in Metrology (JCGM), 2008). At five of the seven stations,
the predicted wind speeds fell within this quantization interval of the
measured values, indicating that the model predictions are indistin-
guishable from the measurements at the reporting precision of the data.
The absolute error at the individual observation stations ranged from
0.009 m/s (S7) to 0.110m/s (S1), corresponding to relative errors of
4.3-12.2% at the stations with measured wind speeds of 0.2m/s or
higher; at the three stations with a measured wind speed of 0.1 m/s,
relative errors are dominated by the reporting quantization, and the
corresponding absolute errors (0.009-0.033 m/s) are smaller than the

[ (A) Sensor locations on the case study area
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+0.05m/s quantization interval. When evaluated using the hit-rate
criterion of VDI 3783 standard (VDI 3783 Blatt 9, 2017), in which a
predicted value is accepted when its absolute deviation from the mea-
surement does not exceed the allowed absolute deviation W or its
relative deviation does not exceed the allowed value of 25%, all seven
stations were accepted, with W taken as the 0.05 m/s reporting precision
of the data (hit rate of 100% against the required 66%); the hit rate
remained 85.7% even under the relative-deviation criterion alone.
While the absolute error at high-wind-speed stations (S1 to S4) was
distributed in the range of 0.013 to 0.110 m/s, it appeared in the range
of 0.009 to 0.033 m/s at low-wind-speed stations (S5 to S7), confirming
that the flow stagnation characteristics of building-dense areas were also
qualitatively reproduced. Meanwhile, the predicted wind speeds ob-
tained from the reference and modeled geometries, computed as sepa-
rate CFD runs under the same boundary conditions, were identical at all
seven monitoring locations at the reported precision, with differences
below 0.001 m/s, well within the solver convergence tolerance. These
results suggest that the geometric simplifications introduced by the
proposed workflow did not produce observable changes in the simulated
wind field under the investigated CFD configuration, indicating that
replacing the manual geometry-cleanup process with the proposed
pipeline does not degrade the reliability of the analysis results.

4.3. Comparative evaluation on public benchmark datasets

To verify the practical applicability of the proposed pipeline beyond
the heterogeneous GIS data of the case study, a comparative evaluation
was performed on the public datasets associated with City4CFD, an
open-source workflow explicitly addressing CFD-oriented urban geom-
etry generation. City4CFD was selected as the reference tool because it
targets the same application domain and reports validated results on two
public campus datasets (Paden et al., 2022, 2024). Because the exact
building subsets of the published evaluation are not distributed, the
evaluation was designed around the same public data sources and
campus locations: for the TU Delft case, the campus dataset distributed
with the City4CFD repository (AHN-derived building and ground point
clouds); for the Stanford case, the USGS 3DEP point cloud of Santa Clara
County (2020 collection; 23.6 pt/m?, matching the 23.76 pt/m? of the
published evaluation), with a circular domain of 1.6 km? centered on the
Science and Engineering Quad, matching the published area size. The
domain definitions therefore differ from those of the published evalua-
tion, and the building counts reported below are not directly commen-
surate with the published figures; this difference is stated explicitly
rather than concealed.

The evaluation uses the point-cloud input path of the proposed
pipeline (Section 2.2): building identification by DBSCAN clustering of

(B) Computational domain configurations

2,429 m

4,000 m

Fig. 4. Description of the sensor locations and CFD configurations in the case study area.
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(A) Differences between measured and predicted wind speed at the sensor locations
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(B) Velocity contours at the pedestrian height level (z=1.5m)

Reference data

1.2

1.5

Modeled data

2.4

Flow velocity (m/s)

Fig. 5. CFD validation results.

the raw points, footprint extraction from the spatial point distribution,
and height estimation from the point percentiles, all in the default
configuration of Section 2.6 and without manual repair, parameter
tuning, or post-hoc editing. Both the building and the ground point
clouds were consumed: because classified airborne LiDAR building
points are dominated by roof returns, the base elevation of each cluster
was estimated as the median elevation of the ground points in the im-
mediate vicinity of the cluster (Section 2.5), and the building height as
the difference between the 99th-percentile roof elevation and this base
elevation. The TU Delft clouds were used exactly as distributed in the
City4CFD repository. For the Stanford dataset, the USGS 3DEP tiles were
filtered to the building and ground classes (LAS classifications 6 and 2)
and reprojected to metric coordinates—the same separation of building
and ground points that the City4CFD preparation workflow requires.
For the TU Delft dataset, the point-cloud path identified 224 building
clusters, of which 211 were reconstructed as target objects and 13 were
excluded by the predefined analysis filters (13 below the minimum
footprint area of 8 m?, none below the minimum height); no recon-
struction failed, and all 211 reconstructed buildings were watertight
(8,732 faces), with no non-manifold edges and no degenerate faces. For
the Stanford dataset, 184 clusters were identified, of which 181 were
reconstructed and 3 were excluded by the filters (2 below the minimum
height, 1 below the minimum footprint area); no reconstruction failed,
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and all 181 buildings were watertight (11,912 faces), with no non-
manifold edges and no degenerate faces. The results are summarized
in Table 7, and the reconstructed geometries are shown in Fig. 6.
Because the two workflows make different input assumptions, the
following qualifications apply. First, City4CFD consumes cadastral
building footprints (BAG, OpenStreetMap) together with the point
clouds, whereas the proposed pipeline derives footprints from the point
distribution itself; the density-based identification of the proposed
pipeline identifies connected built masses rather than cadastral building
parcels, merging physically attached structures (e.g., terraced row
houses and connected campus wings) into single clusters. This object
definition is suitable for LoD1 blockage representation in pedestrian-
level CFD, but the resulting counts should not be interpreted as cadas-
tral building counts. For the TU Delft dataset, 846 of the 984 distributed
footprints that fall within the point-cloud extent contain at least 30
points, indicating that the smaller number of identified clusters reflects
this merging semantics rather than missing point coverage. Second,
City4CFD's published results report geometric validity against the ISO
19107 standard, with 4 of 76 (TU Delft) and 18 of 167 (Stanford) input
buildings invalid prior to repair and 100% valid buildings after auto-
matic alpha-wrap repair; the watertightness criterion used in this study
(Section 2.7) is a necessary but not sufficient condition for ISO 19107
validity, and the two measures are presented side by side. Third,
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Table 7
Comparative evaluation of the proposed pipeline and City4CFD on public
campus datasets (TU Delft/Stanford).

Metric City4CFD Proposed pipeline

Input Footprints (BAG/OSM) +
building and ground point clouds

76/167 (cadastral)

Building and ground
point clouds only
224/184 (DBSCAN,
density-based)
211/181

Input preparation
Identification and 70/167
input objects
Excluded by
analysis filters
Failed
reconstructions
Geometric validity

Not reported 13/3(H<2.0mor
A<8 mz, Section 2.6)
6/0 0/0
4 of 76 and 18 of 167 invalid
(pre-repair); 100% valid after
alpha-wrap repair

100% watertight (211/
211, 181/181)

Output LoD LoD1.2-2.2 LoD1

Face count Not reported 8,732/11,912

Residual micro- Not reported 12/20 faces
faces

26.75/33.6s
(virtualized server, 2
vCPUs, 2.9 GHz)

Core pipeline
execution

136 5/385 s (Threadripper
3970X, 24 cores)

Manual None None
intervention
Fidelity Not reported Not applicable (no

reference geometry)

City4CFD reconstructs roof shapes up to LoD2.2, whereas the proposed
pipeline produces LoD1 flat-roof geometry for pedestrian-level wind
analysis; face-related metrics are reported as reference values. Fourth,
fidelity metrics are not computed for these datasets, as no manually
cleaned reference geometry exists. Fifth, the processing times are re-
ported as contextual reference values rather than as a strict like-for-like
runtime benchmark, since the exact published building subsets are not
distributed and the LoD targets and object definitions differ. The hard-
ware also differs: the present evaluation was executed on a virtualized
server CPU (2 vCPUs, 2.9 GHz), which is substantially weaker than the
24-core workstation (AMD Threadripper 3970X) used in even under this
setting, the core pipeline execution times of the proposed pipeline
(26.7 s for TU Delft and 33.6 s for Stanford) were well below the cor-
responding runtimes reported for City4CFD (136s and 385s). Cit-
y4CFD's authors separately note that the entire process from known data
sources to final geometry took approximately 4h including data
download, preparation, and configuration, and that no manual modifi-
cation of the reconstructed geometries was performed. The two work-
flows serve partly different simulation regimes: roof-shape detail
(LoD2.2) increases the number of sharp edges and small faces and the
associated mesh resolution requirements, which is practical at campus
scale, whereas district-scale pedestrian-level wind analysis is conven-
tionally performed with LoD1 geometry for computational feasibility, as
demonstrated in the case study. The evaluation therefore verifies that
the proposed pipeline remains reliable and efficient on the clean public
data sources on which City4CFD was validated, while its distinct
contribution—robustness to defective, heterogeneous GIS inputs
without manual preprocessing—is demonstrated in the Mapo-gu case
study (Section 4.1); the comparison characterizes complementary ca-
pabilities of the two workflows rather than the superiority of either.

5. Discussions

5.1. Repair versus reconstruction for CFD-oriented urban geometry
preprocessing

The main distinction of the proposed approach lies in preprocessing
urban CFD geometry through reconstruction rather than through the
conventional repair of input defects. The repair functions of conven-
tional manual workflows and commercial software fundamentally adopt
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an approach that locally corrects defects while preserving the topolog-
ical connectivity of the input geometry. This approach is effective when
individual defects are clearly and independently identifiable; however,
when defects inherent in GIS data are complex or serially connected,
cascade failure can occur where one correction induces new defects in
adjacent regions. As observed in this study, the phenomenon where non-
manifold edges increased after mesh clean-up application during the
manual repair of the reference data empirically demonstrates the
structural vulnerability of this repair approach. In contrast, the
discretization-based reconstruction approach proposed in this study
intentionally discards the topology of the input geometry and re-
constructs the geometry from scratch based on the spatial distribution of
point clouds. This approach applies the same process across a range of
defect types and severities in the original data, thereby substantially
reducing sensitivity to topological defects contained in the input ge-
ometry. However, this approach entails partial loss of original geometry
information, determined by algorithmic approximation during the
reconstruction process (e.g., a ratio, £4p). The geometric fidelity analysis
(volume fidelity 0.994, footprint IoU 0.992) indicated that this infor-
mation loss appears limited for the investigated pedestrian-level wind
analysis application; however, for micro-level simulations where
detailed building envelope geometry directly influences flow results (e.
g., wind pressure distribution, natural ventilation analysis), this trade-
off needs to be separately evaluated.

Furthermore, the reconstruction method of the proposed pipeline is
fundamentally differentiated from existing geometry cleanup in that it
performs geometry correction and physics-aware filtering simulta-
neously. In manual workflows, identifying and excluding non-building
objects after geometry repair, and determining the geometry simplifi-
cation level according to the analysis purpose, must be performed as
separate manual tasks. In contrast, in this pipeline, such domain-specific
judgments are internalized as physically justified parameters (Hmin, App,
min> €dp), SO geometry reconstruction and physics-aware filtering are in-
tegrated and performed within a single process. The fact that the number
of components in the modeled data (15,056) is slightly fewer than the
reference data (15,072) is the result of small-scale structures that sur-
vived unidentified as non-buildings in manual cleanup being addition-
ally excluded by physics-aware filtering, which suggests that rule-based
parameters can capture non-building objects with a more consistent
standard than manual identification by engineers.

5.2. Implications for downstream mesh generation

Differences in geometry quality directly affect not only the accuracy
of the geometry itself but also the stability and efficiency of subsequent
mesh generation processes. The micro-face ratio defined and computed
in this study quantitatively reflects such downstream effects. The
reduction from 12.2% in baseline data to 1.2% in modeled data goes
beyond simple face count reduction, contributing to overall improve-
ment of mesh quality (skewness, aspect ratio, size ratio) by substantially
reducing the frequency at which extremely small cells are forcibly
generated when the mesh generator discretizes surfaces. Notably, the
micro-face ratio of modeled data is considerably lower than that of
reference data (4.9%), indicating that boundary straightening through
DP simplification provides a level of surface regularity that is difficult to
achieve through commercial software-based manual cleanup.

In practice, during volume mesh generation using the fault-tolerant
meshing workflow of ANSYS Fluent based on the reference data in this
case study, numerous skewed or degenerate cells were generated in
extremely small gap regions between adjacent buildings, requiring
additional manual adjustments. This experience demonstrates the
cascade effect where fine defects at the geometry stage propagate to the
mesh generation stage, degrading the efficiency of the entire workflow.
In contrast, the pipeline output maintains numerically distinct building
geometries with minimized micro-faces, thereby structurally reducing
the frequency of such adverse downstream effects.



J. Choi et al.

(a) TU Delft building point cloud
(5.99M points, as distributed)
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(b) Pipeline output
(211 buildings, 100% watertight)

(c) Stanford building point cloud
(USGS 3DEP, class 6, 6.85M points)

(d) Pipeline output
(181 buildings, 100% watertight)

Fig. 6. LoD1 geometries of the TU Delft (top) and Stanford (bottom) campus datasets.

Furthermore, the output format of the proposed pipeline—watertight
STL mesh—corresponds to a standard format directly accepted as input
by the mesh generation tools of major CFD solvers including ANSYS Fluent,
OpenFOAM, and Star-CCM+. This means that the pipeline output is not
tied to any specific commercial solver and can be immediately connected to
diverse existing practical workflows without additional format conversion.
In particular, end-to-end automation from geometry reconstruction to
mesh generation is achievable through integration with SnappyHexMesh,
the mesh generation module of the open-source CFD software OpenFOAM,
which can serve as the foundation for an expanded pipeline including mesh
generation automation in future research.

5.3. Scope and limitations

The pipeline of this study was designed for the purpose of pedestrian-
level wind environment analysis, and accordingly, the LOD1 level ge-
ometry expression and physics-aware filtering parameters are optimized
for that analysis purpose. These design choices entail the following
limitations on the application scope.

First, the LOD1 expression does not include roof shapes, detailed
elements of the envelope (e.g., balconies, canopies), and connecting
structures between buildings (e.g., skybridges). When these elements
significantly affect the analysis results (e.g., analyzing flow fields on
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building rooftops, calculating wind pressure distribution on the building
envelope, or evaluating natural ventilation performance), geometry
expressions of LOD2 or higher are required. However, the concave hull-
based footprint extraction and extrusion structure of this pipeline are
structurally capable of expanding to LOD2 by adding a roof shape
classification module (e.g., determining roof types from LiDAR point
clouds) to the back end, which is a major expansion direction for future
research.

Second, the hyperparameters applied in this study (e.g., a ratio, &g,
Huin, Afp,min) Were set based on the urban morphological characteristics
of Mapo-gu, Seoul city. In urban environments where the form, density,
and separation distance between buildings differ greatly from the target
site of this study (e.g., ultra-high-density downtowns, low-density sub-
urban areas, historical city centers), parameter readjustment may be
required. These parameters are designed as user-defined variables
within the pipeline, making adjustment itself easy, yet parameter
sensitivity analysis for various urban types needs to be systematically
performed in future research.

Third, the validation of this study was performed for a district-level
region containing approximately 15,000 building components. While the
pipeline's processing time demonstrated high efficiency at this scale, scal-
ability for large-scale batch processing at the macro-urban level involving
hundreds of thousands of buildings or multiple cities has not been
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separately verified. However, since each stage of the pipeline operates
independently on a building-by-building basis, extension through parallel
processing is feasible in principle.

6. Conclusions

In this study, a discretization-based reconstruction pipeline that
automatically generates watertight LOD1 building geometry from raw
GIS data was proposed, and empirical validation was performed on a
dense urban region containing approximately 15,000 buildings.

The proposed pipeline achieved equal or superior results to multi-stage
manual cleanup across all geometric quality metrics. Specifically, it
secured 100% watertightness, 0 non-manifold edges, and 0 degenerate face
buildings, and the proportion of micro-face buildings decreased to 1.2%
compared to 4.9% for manual cleanup. In terms of geometric fidelity, it
achieved a volume fidelity of 0.994, footprint IoU of 0.992, and height
accuracy of 0 m compared to the reference data, confirming that the in-
formation loss accompanying geometry reconstruction is negligible in
pedestrian-level wind analysis. Furthermore, the total processing time
required for geometry preprocessing was 190 s for approximately 15,000
buildings on a single workstation, reducing an effort that requires manual
work on the order of several days to a matter of minutes.

These results carry the following academic and practical implica-
tions. First, by reconstructing geometry from sampled points rather than
repairing input topology directly, the workflow reduces the cascade
failure risk inherent in conventional repair approaches and improves the
robustness of automated preprocessing across defective GIS inputs.
Second, as physics-aware filtering previously dependent on engineers'
empirical judgment was internalized as quantified parameters, repro-
ducibility of preprocessing results was secured. Guaranteeing identical
output for identical input is a characteristic unattainable in manual
workflows, which can in turn enhance the comparability of urban CFD
research. Third, through the integration of geometry reconstruction and
physics-aware filtering into a single process, the preprocessing effort
previously dependent on expert manual work was substantially reduced,
lowering the barrier for a broader range of researchers to access urban
CFD analysis. This can contribute to the expansion of urban wind
environment assessment from the domain of a few specialists to diverse
fields including urban planning, architectural design, and environ-
mental policy formulation for sustainable urban development. In future
research, the scope of the pipeline can be expanded through extension to
LOD2, integration with automated mesh generation, and parameter
applicability verification for various urban types.

Beyond geometry preprocessing, the proposed workflow may sup-
port large-scale generation of CFD-ready urban datasets for emerging
applications such as surrogate modeling, reduced-order modeling, and
machine-learning-assisted urban airflow prediction. In this sense, the
framework provides infrastructure for scalable dataset generation in
addition to geometry preparation.
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