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Abstract—Accurate and scalable
representation of urban environments is essential
for urban planning, energy modeling, and
geospatial analysis. This study presents a data-
driven method for generating simplified 3D
building models using building footprints from a
shapefile (SHP), digital elevation models (DEM),
and filtered LiDAR point clouds. Building heights
are estimated by combining DEM-derived ground
elevation with maximum LiDAR surface returns
within each footprint, and the resulting height
difference is used to extrude each footprint into a
rectangular 3D building box. The workflow is
implemented in Python and includes data
preprocessing, height estimation, and 3D
geometry generation. Unlike detailed mesh
reconstruction methods, the approach prioritizes
scalability and computational efficiency for large
urban areas, while effectively integrating LiDAR
and DEM data to produce lightweight 3D building
representations suitable for urban analysis and
related applications.
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I.  INTRODUCTION

In recent years, numerous global and regional 3D
building datasets have become available for GIS and
urban analysis applications. These datasets include
open-source building footprint layers such as
OpenStreetMap (OSM), as well as commercial and
visualization-oriented platforms such as Google Earth
3D Tiles. In addition, several research-driven products
and CityGML-based models provide Level of Detail
(LOD1-LOD3) building representations for selected
regions [1]. However, despite their broad availability,
these datasets often suffer from important limitations.
Building footprints may be outdated or inconsistent
with current urban development and cadastral data,
while building height attributes are frequently missing
or estimated using indirect methods, leading to
significant inaccuracies in practical applications [2,3].

Studies have shown that OpenStreetMap-based 3D
building models typically rely on extruded footprints
with either missing or approximated height values,

which limits their reliability for quantitative analysis
such as energy modeling or urban simulation [4,5].
Similarly, global fusion-based datasets and raster-
derived height products often provide only coarse
height ranges rather than precise building-level
measurements, reducing their suitability for detailed
urban studies [6]. As a result, there is a growing need
for more accurate and scalable methods that derive
building heights directly from primary geospatial
observations.

One of the most effective data sources for this
purpose is LIDAR (Light Detection and Ranging),
which is now widely available through national
mapping agencies and open geospatial data portals in
many countries. LIDAR provides dense 3D point cloud
information that enables direct estimation of surface
and terrain elevations, making it particularly suitable
for precise building height extraction [7]. Previous
studies have demonstrated that combining LIDAR data
with building footprints enables reliable Level of Detail
1 (LOD1) building reconstruction through prismatic
models with flat roofs, which are widely used in urban-
scale simulations and spatial analysis applications
[6,8].

Beyond height estimation, extensive research has
explored more advanced 3D building reconstruction
techniques, including roof shape modeling and
semantic geometry extraction from LiDAR and multi-
source data fusion [9,10]. For example, machine
learning and procedural modeling approaches have
been proposed to improve building geometry detail
and classification accuracy in urban environments [11].
However, despite these advances, such methods
remain computationally expensive and are still
primarily in the research stage. Although GIS platforms
such as ArcGIS Pro and QGIS support 3D
visualization and basic extrusion workflows, they do
not yet provide fully efficient and automated large-
scale pipelines for accurate LiDAR-based building
reconstruction.

Therefore, there remains a clear need for efficient,
scalable, and reproducible methods that combine
building footprint data with LiDAR-derived elevation
information and digital elevation models (DEM) to
generate accurate and computationally lightweight 3D
building representations suitable for large-area urban
analysis.
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Il. LITERATURE REVIEW

Three-dimensional (3D) urban reconstruction has
become popular topic in Geographic Information
Systems (GIS), remote sensing, and urban analytics
due to its importance in planning, energy modeling,
and smart city applications [12]. In particular, Level of
Detail 1 (LOD1) building models, which represent
buildings as simple extruded blocks, are widely used
because they provide a computationally -efficient
abstraction of urban environments while preserving
essential geometric information [13]. LOD1 models are
typically generated by combining building footprints
with height information derived from external data
sources such as digital elevation models (DEM) or
LiDAR point clouds [14].

A common approach in literature is the fusion of
building footprint datasets with elevation information
extracted from multi-source remote sensing data [15].
Some examples demonstrate that LOD1 models can
be generated by integrating OpenStreetMap (OSM)
building footprints with height information derived from
remote sensing datasets such as DEMs and SAR-
based products, highlighting the general workflow of
footprint extrusion based on external height attributes
[16]. Similarly, large-scale automated pipelines have
been developed to reconstruct millions of buildings
using LiDAR-derived point clouds combined with 2D
building polygons [17], showing that scalable LOD1
reconstruction is feasible at national scale when
reliable elevation data is available.

LiDAR (Light Detection and Ranging) data has
been widely recognized as one of the most accurate
sources for deriving building heights due to its ability to
capture high-resolution 3D surface information [18].
Recent studies show that building height estimation
can be effectively performed using statistical measures
of LIDAR point distributions within building footprints,
such as maximum, median, or percentile-based values
[15]. However, the quality of resulting 3D models
strongly depends on preprocessing steps such as
point classification, filtering of ground and non-ground
returns, and accurate footprint segmentation [19].

In addition to height estimation, more advanced
research has focused on reconstructing detailed
building geometries, including roof structures and
semantic building components [20,21]. Deep learning-
based methods applied to LIDAR point clouds and
aerial imagery have demonstrated significant
improvements in  footprint extraction and 3D
reconstruction accuracy [22]. However, these
approaches often require high computational
resources and carefully trained models, limiting their
applicability for large-scale or real-time processing.

Despite  advances in both  LiDAR-based
reconstruction and machine learning methods,
practical GIS tools still offer limited automation for
large-scale, fully integrated 3D reconstruction
workflows. While software such as ArcGIS Pro and
QGIS provide functionalities for visualization and
partial 3D extrusion, they do not yet offer fully
optimized pipelines that seamlessly integrate LiDAR-
derived height extraction, DEM correction, and building
footprint processing in an automated manner.

Therefore, existing literature consistently highlights
a trade-off between model complexity and scalability.
While highly detailed reconstruction methods improve
geometric realism, they remain computationally
expensive and not suitable for large-scale applications.
Conversely, LOD1 approaches offer scalability but
depend heavily on the quality and consistency of input
datasets. This gap motivates the development of
efficient, data-driven methods that combine LIiDAR,
DEM, and vector building footprints to produce
accurate yet computationally lightweight 3D urban
models.

I1l. PROBLEM FORMULATION

Despite the increasing availability of geospatial
datasets, accurate and scalable reconstruction of 3D
urban building models remains a challenging task.
Existing global and regional 3D building datasets
typically rely on generalized building footprints and
incomplete or estimated height attributes, which often
do not reflect real-world urban conditions. As a result,
these datasets are insufficient for applications
requiring precise building geometry, such as energy
modeling, urban microclimate simulation, or detailed
spatial analysis.

The core problem addressed in this study is the
reliable estimation of building heights and the
generation of consistent 3D building representations
using heterogeneous geospatial data sources.
Specifically, the challenge lies in integrating building
footprint polygons (SHP), digital elevation models
(DEM), and LiDAR point cloud data into a unified
workflow that produces accurate and computationally
efficient 3D building models.

A key difficulty arises from inconsistencies between
datasets. Building footprints may be outdated or
misaligned with actual urban structures, DEM data
represents generalized ground elevation rather than
localized terrain variations, and LIiDAR point clouds
require filtering and spatial association to correctly
isolate building returns. Therefore, a robust method is
required to ensure spatial alignment and consistent
extraction of ground and roof elevations within each
building footprint.

This study formulates the problem as a per-building
height estimation task, where the objective is to
compute the vertical extent of each building by
combining ground elevation derived from DEM with
maximum surface elevation extracted from LiDAR
data. The resulting height values are then used to
generate simplified 3D building geometries through
footprint extrusion.

Formally, given a set of building footprints F =
{fi,f2»---,fn}, @ DEM surface D(x,y), and a LiDAR
point cloud L(x,y,z), the goal is to compute for each
footprint f;:

e ground elevation g; from DEM within the
footprint area

e roof elevation r; from filtered LIDAR points
within the same footprint

e building height h; =1, — g;
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The final objective is to transform each footprint
fiinto a 3D rectangular solid with height h;, producing a
scalable LOD1 representation suitable for large-area
urban analysis.

This formulation emphasizes both accuracy and
computational efficiency, enabling processing of large
urban datasets while maintaining a balance between
geometric simplicity and real-world representativeness.

IV. METHODOLOGICAL WORKFLOW

The overall methodology of the proposed approach
is summarized in Fig. 1, which presents the data
processing pipeline for generating 3D building models
from heterogeneous geospatial datasets. The workflow
is structured into three main stages: input data
acquisition, processing steps, and output generation.

” Input Data Processing Steps Output 3D Models
Building -
Footprints (SHP) [T Load & Align Data
P
S !
-
Digital Elevation
Model (DEM) 1 =
K ek
2 3 —| Compute Building Height (Max - Ground) | 3D Building Models
Filtered LIDAR Points | | |
(Buildings) ]
%“ i»g "E [ e Extrude 3D Building Boxes }—

Fig. 1. A flow diagram of proposed building height extraction process
pipeline.

In the first stage, three primary data sources are
used: building footprints from a shapefile (SHP), a
digital elevation model (DEM), and a filtered LIiDAR
point cloud containing only building-related points.
These datasets form the basis for all subsequent
computations and must be spatially consistent in terms
of coordinate reference systems and alignment.

The second stage consists of sequential processing
steps. Initially, all datasets are loaded and spatially
aligned to ensure accurate overlay. Ground elevation
values are then extracted from the DEM within each
building footprint. In parallel, LIDAR points are spatially
filtered per footprint to determine the maximum
elevation corresponding to building roofs. The building
height is computed as the difference between the
LiDAR-derived maximum elevation and the DEM-
derived ground level. Finally, each building footprint is
extruded using the calculated height to generate a
simplified 3D box representation.

The final stage produces the output in the form of
3D building models, where each building is
represented as a prismatic volume (LOD1). This
structured workflow ensures a clear transformation
from raw geospatial data to usable 3D urban models,
while maintaining computational efficiency and
scalability for large-area processing.

The flow diagram highlights the logical sequence of
operations and the interaction between datasets,

providing a transparent and reproducible framework for
implementing the proposed method.

A. Digital Terrain Model (DEM) Generation From Lidar
Data

A critical component of the proposed methodology
is the derivation of an accurate Digital Elevation Model
(DEM), representing the ground surface, from raw
LiDAR point cloud data. Since LiDAR datasets are
typically distributed as tiled .las or .laz files, often
compressed into archives, an efficient preprocessing
workflow is required to convert these data into raster-
based elevation models suitable for further analysis.

The implemented approach automates DEM
generation using the PDAL (Point Data Abstraction
Library) framework in combination with Python
scripting. Initially, LIDAR data are provided as
compressed .zip archives containing multiple tiles.
Each archive is processed sequentially, and individual
LiDAR tiles are extracted into a temporary working
directory to avoid excessive disk usage.

For each extracted tile, a PDAL pipeline is
executed to convert the point cloud data into a raster
DEM (GeoTIFF format). The pipeline typically includes
ground point classification filtering (if not pre-
classified), followed by interpolation of ground points
into a continuous raster surface. Only points classified
as ground (e.g., ASPRS class 2) are used to ensure
that buildings, vegetation, and other above-ground
objects do not influence the terrain model. The
rasterization step is performed using GDAL writers
within PDAL, producing a georeferenced TIFF file for
each tile.

The process is repeated iteratively for all tiles within
each archive, and the resulting DEM tiles are stored in
a structured directory. This tile-based approach
significantly improves computational efficiency and
scalability, allowing large LIDAR datasets to be
processed without requiring full dataset loading into
memary.

4. u

Fig. 2. DEM surface TIFF and building contour geometry SHP.

The resulting DEM represents a high-resolution
approximation of the bare-earth surface and serves as
the reference for ground elevation in subsequent
building height calculations. By deriving the DEM
directly from LIDAR data, consistency between terrain
and building height measurements is ensured,
minimizing vertical discrepancies that may arise when
using external or lower-resolution elevation datasets.
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Overall, this automated pipeline enables efficient
transformation of raw LIiDAR point clouds into analysis-
ready DEM tiles, forming a reliable foundation for
accurate building height estimation and 3D
reconstruction.

V. BUILDING HEIGHT EXTRACTION FROM
LIDAR POINT CLOUDS

The estimation of building heights is performed
directly from LiDAR point cloud data by computing
minimum and maximum elevation values within each
building footprint. This approach enables accurate
height determination without reliance on interpolated
raster surfaces, preserving the original precision of
LiDAR measurements.

A. Data Preparation

The method requires two primary inputs: (1)
building footprint polygons stored in a shapefile, and
(2) a LIiDAR point cloud (.laz) containing points
classified as buildings. The data are loaded using
efficient Python libraries:

las = laspy.read(laz_path)

X = np.array(las.x, dtype=float)
y = np.array(las.y, dtype=float)
z = np.array(las.z, dtype=float)

The LIDAR points are represented as coordinate
arrays, enabling vectorized spatial operations.

B. Spatial Indexing with KD-Tree

To ensure computational efficiency, especially for
large point clouds, a spatial index is constructed using
a k-dimensional tree (KD-tree):

points = np.column_ stack((x, y))
tree = cKDTree (points)

This structure allows rapid querying of nearby
points for each building footprint, avoiding the need to
iterate through the entire dataset.

C. Candidate Point Selection

For each building polygon, a small buffer is applied
to account for minor geometric misalignments between
LiDAR data and footprint boundaries:

buffered = poly.buffer (buffer dist)

A subset of candidate LIDAR points is then
selected using a radius-based query centered on the
polygon’s bounding box:

candidates idx =
tree.query ball point ([ (minx+maxx)/2,
(miny+maxy) /2], r=radius)

This step significantly reduces the number of points
that need to be evaluated in subsequent operations.

D. Point-in-Polygon Filtering

The candidate points are further filtered using a
vectorized point-in-polygon test to retain only those
points that fall within the buffered building footprint;

mask inside = contains xy(buffered,
X sub, y sub)

This ensures that only LIDAR points corresponding
to the actual building are considered.

E. Height Calculation

For each building, the minimum and maximum
elevation values are extracted from the filtered LiDAR
points:

z inside = z_ sub[mask inside]
z min list.append(z_inside.min())
z max_ list.append(z_inside.max())

e Z min typically represents the lowest LIDAR return
associated with the building (e.g., near ground
level or base),

e Z max corresponds to the highest point on the
building (e.g., roof peak).

The building height can then be derived as:
H = Zyax = Zmin

This direct LiDAR-based calculation avoids errors
introduced by raster interpolation and provides a more
accurate representation of vertical building extent.

F. Output Generation

The computed elevation attributes are stored back
into a new shapefile:

props['Z MIN'] = zmin
props['Z MAX'] = zmax

The output dataset preserves original building
geometries while enriching them with height-related
attributes, enabling further 3D reconstruction (e.g.,
extrusion into LOD1 models).

A T T e T T Iy

Fig. 3. The resultant boxes created from extrusion of building contour
according to the LiDAR data.

Overall, this method provides an efficient and
scalable solution for building height extraction by
combining spatial indexing, vectorized geometry
operations, and direct LIDAR analysis. The use of KD-
tree significantly reduces computational complexity,
making the approach suitable for large urban datasets
while maintaining high accuracy.

Additionally, it should be noted that in cases where
buildings have sloped or complex roof structures, the
proposed method captures the full vertical extent by
relying on the maximum LIDAR elevation within the
footprint. As a result, the calculated height represents
the highest point of the roof (e.g., ridge or peak), while
the minimum value may correspond to lower roof
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edges or ground-adjacent points. Consequently, the
derived height may slightly overestimate the average
building height when represented as a simple extruded
box (LOD1), since roof geometry is generalized into a
flat top (see Figure 3). However, this effect is
acceptable within the scope of simplified modeling and
does not significantly impact applications that rely on
overall building volume or maximum height.

VI. MATHEMATICAL FORMULATION OF KD-
TREE-BASED HEIGHT EXTRACTION

The building height estimation problem is
formulated as a spatial query and filtering task over a
LiDAR point cloud. Let the LIDAR dataset be defined
as a set of 3D points:

L={p;=,yu2z)1i=12,..,N}

where (x;y;) are planar coordinates and z; is
elevation.

Let the set of building footprints be:
F={ficR*|j=12,...,M}

where each fjis a polygon representing a building.
A. KD-Tree Spatial Indexing

To accelerate spatial queries, the LiDAR points are
projected onto the horizontal plane and indexed using
a KD-tree:

P ={(x;y)} c R?

A KD-tree structure T is constructed over P ,
enabling efficient range queries:

T = KDTree(P)

This reduces the complexity of spatial search from
O(N)per query to approximately O(log N).

B. Candidate Point Selection

For each building footprint f;, a buffered polygon
fis created to account for spatial misalignment:

fi" = buffer(f;, d)

where dis a small buffer distance (e.g., 0.5 m).

A circular query region is defined using the
bounding box of f;*. Let the center point be:

_ Xmin T Xmax Ymin T Ymax
G = 2 2

and the query radius:

max(x — Xmin» - i
T = ( max m21n Ymax ymm) +d

Candidate points are retrieved using the KD-tree:

C. Point-in-Polygon Filtering

From the candidate set C;, only points located
inside the buffered footprint are retained:

Si={p; €C | (x;,y:) € fi"}

This step ensures geometric correctness by
removing points outside the building boundary.

D. Height Estimation

For each building f;, the minimum and maximum
elevations are computed:

Zmin = MiNy g5, Z;
Zinax = maXp,es; Zi

The building height is then defined as:
Hj = Zmax — Zmin

If no LIDAR points are found within a footprint
(S; = @), the height is treated as undefined.

E. Computational Efficiency

The use of KD-tree indexing significantly reduces
the number of points evaluated per building:

e Naive approach: O(N - M)
o KD-tree approach: 0(MlogN + K)

where Kis the total number of candidate points
processed.

This formulation demonstrates that the proposed
method transforms the building height estimation
problem into an efficient spatial query and filtering
process, combining geometric constraints with
optimized data structures to achieve scalable
performance on large LIDAR datasets.

This workflow ensures efficient handling of large
datasets while maintaining modularity and scalability.

Fig. 4. Building volumes derived from LiDAR point cloud.

A visual example of the proposed methodology is
presented in Fig. 4, which illustrates a representative
urban district with LiDAR point clouds overlaid by the
generated 3D building box models. The figure
demonstrates the spatial correspondence between the
raw LiDAR data and the resulting simplified building
geometries. It can be observed that the extracted
building heights closely follow the upper envelope of
the LIDAR points, while the footprint-based extrusion

produces consistent and coherent volumetric
G={pi €Ll (xpy)) —¢ <7} representations.
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Fig. 5. Building LOD1 representations derived from countour geometry and LiDAR data.

VII.

This study presented a data-driven methodology for
efficient extraction of building heights and generation
of simplified 3D building models using LIDAR point
clouds, building footprint polygons, and derived terrain
data. The proposed approach integrates vector and
point cloud data through spatial indexing and
geometric filtering, enabling accurate estimation of
building vertical extent based on minimum and
maximum LiDAR elevations within each footprint.

CONCLUSIONS

The results demonstrate that direct use of LIDAR
data provides a reliable alternative to existing global
3D datasets, which often suffer from outdated
geometries and generalized or inaccurate height
attributes. By avoiding raster interpolation in the height
calculation stage and instead operating directly on
point clouds, the method preserves the precision of
LiDAR measurements while maintaining computational
efficiency.

A key contribution of this work is the application of
KD-tree—based spatial indexing combined with
vectorized point-in-polygon filtering, which significantly
reduces computational complexity and allows
processing of large urban areas. The use of a small
buffer around building footprints further improves
robustness against spatial misalignment between
datasets.

While more advanced 3D reconstruction methods
exist, including detailed roof modeling and semantic
segmentation, they remain computationally intensive
and are not yet widely applicable for large-scale

automated processing. In contrast, the proposed
method focuses on Level of Detail 1 (LOD1)
representations, providing a practical balance between
accuracy and scalability.

The generated building height data and
corresponding 3D box models are well suited for
applications such as urban density analysis, solar
potential assessment, and large-scale GIS simulations.
Future work may focus on extending the method to
incorporate roof structure detection, improving footprint
accuracy, and integrating machine learning techniques
for enhanced classification and modeling of urban
features.

Overall, the presented approach offers a robust,
scalable, and reproducible solution for LiDAR-based
urban 3D modeling, addressing current limitations in
widely available building datasets.
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