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Abstract -

The digital transformation of existing building stock
through Building Information Modelling (BIM) remains a
significant goal and challenge in the Architecture, Engineer-
ing, and Construction (AEC) industry. This paper presents
an automated Scan-to-BIM framework specifically designed
for generating IF C-compliant roof model of buildings within
a large urban environment from Unmanned Aerial Vehicle
(UAV) photogrammetry data. The proposed method lever-
ages geospatial building footprint data as semantic priors to
intelligently filter the input large-scale 3D mesh and model
the roofs of all individual buildings. A robust segmenta-
tion pipeline combining Taubin smoothing, region-growing
algorithms, and adaptive height filtering successfully ex-
tracts planar roof surfaces. The extracted geometries are
reconstructed into Industry Foundation Classes (IFC) com-
pliant BIM objects using alpha-shape boundary regularisa-
tion, which preserves non-convex features such as conical
spires and L-shaped roofs. Experimental validation is first
conducted on a large building with a complex roof struc-
ture composed of 431 extracted roof patches, for which a
patch-level correctness precision of 98.8% was achieved. The
framework is subsequently demonstrated at the scale of a
university campus to assess scalability and robustness.

Keywords -

Scan-to-BIM, Semantic Segmentation, Industry Founda-
tion Classes (IFC), Digital Twin, Automated Roof Extraction,
Geospatial Data Fusion.

1 Introduction
1.1 Background

A substantial proportion of the existing building stock
lacks accurate and up-to-date digital representations.
While new construction projects increasingly benefit from
born-digital Building Information Models (BIM), many
existing buildings—particularly those constructed prior to
the widespread adoption of BIM—remain poorly docu-
mented in structured digital formats. This digital deficit
limits the effectiveness of facility management, mainte-
nance, retrofitting, and long-term asset monitoring.

Roofs constitute critical building elements that require
regular inspection due to their continuous exposure to en-
vironmental stressors. Conventional inspection methods
are labour-intensive, costly, and often pose safety risks. In
recent years, Unmanned Aerial Vehicles (UAVs) equipped

with high-resolution cameras have emerged as a practi-
cal alternative, enabling rapid and safe roof inspection
at scale. Contemporary photogrammetry pipelines can
transform UAV imagery into dense three-dimensional rep-
resentations with centimetre-level geometric accuracy.

Despite these advances, a persistent semantic gap
remains between raw geometric reconstructions—such
as images, point clouds, and meshes—and structured,
semantically-rich building models suitable for BIM-based
workflows. Photogrammetric outputs are inherently un-
structured and lack explicit semantic information, mak-
ing it difficult to distinguish architectural elements such
as roofs from surrounding terrain, vegetation, or urban
clutter. As a result, manual interpretation and modelling
remain common practice, leading to significant time and
cost overheads.

Although extensive research has addressed large-scale
processing and semantic labelling of aerial LiDAR and
photogrammetric data, many Scan-to-BIM workflows still
focus on individual processing stages, such as surface re-
construction or classification, rather than enabling end-
to-end automated generation of IFC-compliant building
components. In particular, approaches capable of robustly
extracting roof geometry from dense photogrammetric
meshes and directly translating it into interoperable BIM
representations at scale remain limited. These challenges
are further amplified by the size and geometric complex-
ity of high-resolution UAV-derived datasets, underscoring
the need for scalable and fully automated methods that
bridge the gap between unstructured 3D data and struc-
tured digital building models. Importantly, the limitation
is not the absence of individual algorithms, but the lack of
an integrated and scalable framework that can bridge un-
structured 3D data and structured smenatically-rich (BIM)
representations in a fully automated manner.

2 Related Work

2.1 UAV Photogrammetry for Building Reconstruc-
tion

Unmanned Aerial Vehicle (UAV) technology is revolu-
tionising building surveying and 3D reconstruction work-
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flows. Besides, Structure-from-Motion (SfM) and Multi-
View Stereo (MVS) algorithms first enabled fully auto-
mated 3D reconstruction pipelines from UAV imagery.
Recently, depth-supervised neural radiation fields have
also been growing rapidly to produce navigable 3D re-
constructions from images [1]. Despite these advances,
the resulting reconstructions—whether expressed as dense
polygonal meshes, point-based representations, or implicit
radiance fields—remain largely unstructured and lack ex-
plicit semantic information, limiting their direct integra-
tion into BIM-oriented workflows.

2.2 Roof Extraction from Aerial 3D Data

When processing aerial 3D data (3D LiDAR or
photogrammetrically-reconstruction point clouds and/or
meshes) of built environments, region growing is a com-
monly adopted strategy for roof plane extraction, where
planar surfaces are incrementally expanded from initial
seed regions according to geometric similarity criteria. To
overcome the sensitivity of traditional region-growing ap-
proaches to seed selection and boundary leakage, Li et al.
[2]] introduced a hierarchical roof segmentation framework
for airborne LiDAR data that combines clustering-based
initialisation with boundary relabelling. Their method
refines roof plane boundaries through multi-level segmen-
tation, improving robustness in separating adjacent roof
facets and handling complex roof structures.

Chen et al. [3] proposed a contour extraction method
for UAV-derived point clouds that combines multi-level
region-growing plane segmentation and plane fusion, fol-
lowed by neighbourhood geometric feature analysis on the
fused planes to robustly extract both roof and facade (wall)
contours, including sparse structural boundaries.

Overall, existing plane segmentation strategies primar-
ily rely on iterative grouping mechanisms—such as region
growing, RANSAC-based fitting, or clustering—to aggre-
gate coplanar points based on local geometric similarity.
While these approaches are effective for extracting domi-
nant planar structures, their performance is often sensitive
to parameter selection, point density variations, and sur-
face completeness, which can lead to boundary leakage or
over-segmentation in complex roof and facade geometries.

2.3 Geospatial Data Fusion and Building Footprint
Utilisation

The integration of geospatial building footprint data
with 3D point clouds provides an effective means for
spatial filtering and semantic guidance in large-scale ur-
ban reconstruction tasks. While numerous studies fo-
cus on extracting building footprints from remote sens-
ing data, many practical applications—particularly in ur-
ban environments—benefit from the availability of pre-
existing footprint datasets derived from cadastral maps

or open geospatial repositories. Previous studies have
demonstrated that integrating aerial imagery with LiDAR-
derived elevation information can significantly improve
building footprint delineation in dense urban environments
[4l15].

In contrast to these extraction-oriented approaches, the
present work aims to leverage readily-available accurate
geospatial footprint data directly as semantic priors to
process new aerial 3D data (UAV photogrammetry). By
using footprints to constrain spatial queries and filter large-
scale UAV-derived meshes, the proposed framework effi-
ciently isolates each individual building and correspond-
ing roof regions, providing a reliable foundation for subse-
quent segmentation and IFC-compliant BIM reconstruc-
tion. The benefits are: (1) reduced computational demand
(building-by-building processing reduces computational
overload and removes the need for merging processes in
tiling-based processing strategies); (2) enhanced quality
where roofs are not searched in areas outside building
footprints, reducing the risk of false positives.

2.4 Scan-to-BIM Methodologies

Automated Scan-to-BIM pipelines have been widely
investigated, particularly for converting terrestrial laser
scanning or indoor point cloud data into IFC-compliant
BIM models. For example, Cloud2BIM [6] introduced a
fully automated pipeline for reconstructing building ele-
ments from large-scale point clouds, while BridgeTwin [7]]
proposed a semi-automated workflow tailored to bridge in-
frastructure. They are predominantly designed for ground-
based acquisition scenarios and structured geometries, re-
lying on interior layouts, predefined templates, or signifi-
cant user interaction. As such, they are not directly appli-
cable to UAV-derived photogrammetric meshes.

2.5 Research Gap and Contribution

While significant progress has been made in individual
elements of the Scan-to-BIM pipeline, several critical gaps
remain:

1. Geometric Complexity: Many existing roof mod-
elling and Scan-to-BIM approaches operate on sparse
or abstracted representations, such as planar segments
derived from aerial LiDAR or simplified point clouds.
As a result, these methods typically favour simpli-
fied parametric roof models (e.g., gable or hip roofs),
limiting their ability to represent complex roof mor-
phologies, including conical spires, L-shaped roofs,
and non-convex boundaries. Leveraging dense UAV-
derived photogrammetric meshes offers the potential
to capture roof geometry at a higher level of detail, but
scalable methods capable of exploiting this richness
while remaining fully automated remain limited.
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2. BIM-compliant Output: Few automated pipelines
generate [FC-compliant models preserving non-
convex geometries suitable for downstream digital
twin applications, with most focusing on simple prim-
itives.

3. End-to-End Automation: Most workflows require
manual intervention for quality control, parameter
tuning, or geometric editing, preventing deployment
at scale across large building portfolios.

This work explores a fully automated Scan-to-BIM
framework for large-scale reconstruction of building roofs
from UAV photogrammetry. Its main contribution is the
use of geospatial building footprints as semantic priors
to guide instance-level extraction of roof structures from
dense photogrammetric meshes. This footprint-guided
design improves the efficiency and robustness of roof re-
construction in complex urban environments and enables
the automatic generation of IFC-compliant roof models,
including non-convex geometries, without manual inter-
vention.

3 Method

The proposed framework is designed as an end-to-
end automated Scan-to-BIM pipeline that processes dense
UAV-derived photogrammetric meshes together with 2D
geospatial building footprints as semantic priors, in order
to directly generate IFC-compliant roof models without
manual intervention.

By leveraging geospatial footprint data to guide
building-level segmentation, the method enables efficient
and scalable processing of large-scale urban scenes, bridg-
ing the gap between unstructured 3D reconstructions and
structured BIM representations.

The method works in three stages:

1. Building Photogrammetric Data Segmentation,
2. Planar Primitive Segmentation, and
3. Automated IFC Reconstruction.

3.1 Building Photogrammetric Data Segmentation

The proposed framework operates on two heteroge-
neous but spatially consistent data sources: a dense 3D
photogrammetric mesh generated from UAV imagery and
a set of 2D geospatial building footprints. Both datasets
are georeferenced within a common projected coordinate
system, as UAV photogrammetry workflows typically em-
ploy RTK-GNSS positioning and Ground Control Points
(GCPs) to ensure accurate global geolocation.

Given this shared spatial reference, no additional geo-
metric alignment between the photogrammetric mesh and
the footprint data is required. Instead, the building foot-
prints are directly exploited as semantic priors to spatially

filter the mesh, enabling the isolation of roof-level ge-
ometry corresponding to known building extents while
discarding unrelated scene elements such as terrain, vege-
tation, and surrounding infrastructure.

The input photogrammetric mesh is denoted as

M = (V,F),

where V = {vi,vp,...,v,} represents the set of mesh
vertices and F = {t1,12, ..., 5} denotes the set of trian-
gular faces. Each vertex v; € V is defined in a Cartesian
coordinate system consistent with the georeferenced UAV
reconstruction. Each face ¢; € F is associated with a sur-
face normal vector 7; and a local adjacency neighbourhood
N (i) defined by shared edges.

The building footprint dataset consists of a set of polyg-
onal geometries

P ={Pp},

where each polygon P, represents the known footprint of
a building of interest b and is defined in a global geodetic
reference frame, reprojected as necessary to ensure coor-
dinate consistency with the mesh.

For each building b, its corresponding footprint poly-
gon Py, is used to segment the overall UAV-derived mesh
and extract the subset of geometry associated with that
building. A mesh vertex v; € M is retained if and only
if its orthogonal projection onto the horizontal plane lies
within the footprint polygon Py,:

M, = {v; € M | Contains(Pp,,v;”)} .

This footprint-guided cropping step removes non-
building geometry at an early stage, substantially reduc-
ing data volume and computational complexity prior to
subsequent geometric segmentation. By constraining pro-
cessing to semantically relevant regions, the approach im-
proves robustness and scalability when applied to large-
scale UAV photogrammetry datasets.

3.2 Planar Primitive Segmentation

For each building of interest b, individual roof panels
are extracted from the cropped mesh M;, using a multi-
stage segmentation pipeline designed to be robust to noise,
irregular sampling, and complex roof morphologies.

3.2.1 Geometric Smoothing and Decimation

UAV photogrammetric meshes typically contain high-
frequency noise that can adversely affect surface normal
estimation and segmentation stability. To suppress high-
frequency noise in the photogrammetric mesh, Taubin
smoothing [8]], a non-shrinking signal-processing—based
filtering method, is applied (1 = 0.5, u = —0.53, N = 20).
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The selected parameters were chosen to suppress high-
frequency noise while maintaining sharp roof edges and
planar integrity. The smoothing strength (1) controls noise
attenuation, while the negative scaling factor (1) compen-
sates for contraction effects introduced by the Laplacian
operator. Performing N = 20 iterations was empirically
found to provide sufficient noise reduction for stable sur-
face normal estimation without over-smoothing architec-
tural features critical for subsequent planar segmentation.

Subsequently, mesh simplification is applied using
Quadric Error Metric (QEM) decimation to reduce ge-
ometric complexity while preserving roof morphology.
Rather than enforcing a fixed target triangle count, the
level of decimation is adaptively determined based on the
footprint area of each building. Specifically, the target tri-
angle budget N, for building b is defined proportionally
to its footprint area A;, as

Np =[a-Ap],

where « is a global density parameter controlling the num-
ber of retained triangles per unit area. This adaptive al-
location ensures that larger buildings retain proportion-
ally higher geometric resolution than smaller ones, while
maintaining consistent surface fidelity across the dataset.

QEM decimation proceeds by iteratively collapsing
edges while minimising the squared geometric error be-
tween the original and simplified surfaces, thereby pre-
serving salient geometric features such as planar roof
facets and sharp ridgelines [9]. By reducing mesh den-
sity in a controlled manner, this adaptive simplification
significantly improves computational efficiency in subse-
quent processing stages, particularly during surface nor-
mal estimation and region-growing segmentation, without
compromising the geometric fidelity required for accurate
roof plane extraction.

3.2.2 Region Growing Segmentation

Planar roof segments are identified using a region-
growing algorithm driven by surface normal consistency.
Starting from an initial seed triangle #;, a region is itera-
tively expanded to adjacent triangles {¢t; | j € N (i)} if
the angular deviation between their surface normal vectors
satisfies the following planarity criterion:

arccos(7i; - 11;) < Oy,

where 7i; and 7i ; denote the unit normal vectors of triangles
t; and t;, respectively. The threshold 6y, is set to 10°,
empirically selected to balance robustness to minor surface
undulations against effective separation of adjacent roof
facets with distinct orientations.

This process yields a set of planar roof regions

Rp = {R},R2,...,RE},

where each region R’g consists of one or more connected

triangles representing an individual roof panel of building
b.

3.2.3 Adaptive Semantic Filtering via Height Analysis

To discriminate true roof surfaces from vertical fagades,
ground artifacts and secondary structures such as bal-
conies, an adaptive height-based semantic filtering strat-
egy is employed. Unlike fixed global height thresholds,
which are unsuitable for scenes with varying terrain el-
evation, this approach dynamically adapts to the vertical
extent of each individual building.

For each building b, arelative height threshold is defined
as a fixed proportion of its vertical span:

Z;? — le;lax ~03 (Z[;ax _ Zglin) ,
where z;'** and zg‘in denote the maximum and minimum
elevations of all mesh vertices associated with building b,
respectively.

Each segmented roof region R’g whose centroid ele-
vation z, < zzl is classified as a non-roof element and
discarded. This adaptive criterion ensures that only the

primary roof structure is retained, even in the presence of
multi-level buildings, terraces, or uneven terrain.

3.3 Automated IFC Reconstruction

The final stage converts the validated planar roof seg-
ments into georeferenced, IFC-compliant BIM entities
without manual intervention.

3.3.1 Plane Estimation via Principal Component
Analysis

For each retained roof patch PX, an optimal planar repre-
sentation is estimated using Principal Component Analysis
(PCA). The covariance matrix of the patch vertices is com-
puted, and the eigenvector corresponding to the smallest
eigenvalue is selected as the surface normal 7ig. The patch
vertices are subsequently projected onto the corresponding
local 2D plane to facilitate robust boundary extraction.

3.3.2 Boundary Regularisation Using Alpha Shapes

To reconstruct complex and non-convex roof bound-
aries, such as L-shaped footprints or conical turrets,
boundary regularisation is performed using the Alpha
Shape algorithm. The algorithm operates on the Delau-
nay triangulation of the projected roof points, removing
triangles whose circumradius exceeds a threshold @. This
filtering yields polygonal boundaries that closely follow
the true roof geometry while suppressing noise-induced
artifacts [[10].
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In this work, the parameter « is set to 2.0 m, empirically
selected to balance boundary smoothness and geometric
fidelity. Smaller values preserve fine architectural de-
tails at the cost of boundary fragmentation, whereas larger
values lead to over-smoothing and loss of concave fea-
tures. The chosen value enables robust reconstruction of
irregular roof boundaries while suppressing noise-induced
artifacts, ensuring suitability for IFC-compliant BIM rep-
resentation.

3.3.3 IFC Entity Instantiation and Georeferencing

The regularised 2D roof boundaries are reprojected into
3D space and instantiated as IfcRoof entities. Geome-
try is represented using IfcShellBasedSurfaceModel,
which supports complex and non-manifold roof surfaces
and ensures compatibility with downstream BIM applica-
tions.

Georeferencing information is inherited directly from
the UAV-derived photogrammetric mesh, which is origi-
nally reconstructed in a projected coordinate system based
on onboard GNSS and flight metadata. To preserve nu-
merical precision, model geometry is maintained in a local
Cartesian coordinate system, while global positioning is
encoded explicitly using the IfcMapConversion entity.
The associated IfcProjectedCRS defines the transfor-
mation to the global reference system, enabling consistent
spatial alignment with GIS datasets and ensuring interop-
erability across BIM and geospatial platforms.

4 Experimental Results

The proposed framework is evaluated using UAV-
derived photogrammetric data wit <2 cm GSD acquired
over the University of Edinburgh Central Campus, a dense
urban environment with diverse building typologies and
complex roof geometries (fig.[I). To assess both accuracy
and scalability, a two-stage evaluation strategy is adopted,
consisting of detailed validation on a representative in-
dividual building followed by deployment across the full
campus.

For single-building evaluation, the Edinburgh Futures
Institute (EFI) is selected due to its complex roof topol-
ogy (fig. 2a). The corresponding photogrammetric mesh
comprises 11,772,857 vertices and 23,527,453 triangular
faces, providing a high-resolution geometric representa-
tion suitable for detailed geometric assessment.

Then, to evaluate the performance of our method in large
scale environments, the complete campus dataset (fig.
is processed. This dataset contains approximately 57 mil-
lion vertices and 114 million triangular faces, covering an
area of 0.476 km?. The campus-scale evaluation includes
multiple building types and roof configurations, enabling
a robust assessment of scalability and consistency.
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Figure 1. UAV-derived photogrammetric recon-
struction of the University of Edinburgh Central
Campus.

Table 1. Quantitative results summary.

Metric Value
Roof Segmentation (section|4. 1)
Extracted patches 431

Precision 98.8%

Geometric Alignment (section|4.2. 1

RMSE to BIM surfaces .84 m

Mean deviation 0.68 m

Min deviation 0.002 m

Max deviation ~2.0m

Matched area (7 = 2.0 m) 99.0%
Object C tency(section4.2.2]

Matched entities 270/292

Matching rate 92.5%

Mean consistency 0.66
Scalability(section @

Mesh size ~5IMV, ~114M F

Spatial extent 0.476 km?

4.1 Roof Segmentation Results

The proposed pipeline successfully processed the raw
photogrammetric mesh and extracted individual roof sur-
faces in a fully automated manner. For the EFI building, a
total of 431 unique roof patches were identified across the
study area. Patch-level precision is computed by manually
checking whether each extracted patch corresponds to a
valid roof surface.

Qualitative inspection further indicates that the seg-
mentation achieves a clean separation of complex roof
structures into distinct planar elements. Non-roof com-
ponents, including ground terrain, facades, balconies and
surrounding vegetation, were effectively removed during
the semantic filtering stage, leaving only architecturally
relevant roof surfaces.

As illustrated in fig. [2b] the resulting segmentation pro-
vides a noise-free and topologically coherent representa-
tion of the complex building roof. Individual roof panels
are clearly delineated, which forms a suitable basis for
subsequent geometric regularisation and IFC-based BIM
reconstruction.

4.2 Geometric Accuracy Evaluation

The evaluation in this study is conducted at three com-
plementary levels. First, patch-level precision assesses
whether each extracted roof patch corresponds to a valid
roof surface after segmentation and filtering. Second,
surface-level geometric alignment evaluates the Euclidean
distance between sampled points on the generated IFC
roof surfaces and the nearest reference BIM roof surfaces.
Third, object-level consistency evaluates centroid-based



(a) UAV-derived photogrammetric re-
construction.

(b) Automated roof detection and segmentation re-
sults.

Figure 2. UAV-derived photogrammetric recon-
struction and automated roof detection and segmen-
tation results for the EFI building.

association between extracted roof regions and BIM roof
entities.

4.2.1 Evaluation of Global Geometric Alignment

To assess the geometric fidelity of the extracted roof sur-
faces, the spatial alignment between the generated IFC roof
geometry and the corresponding roof surfaces in the refer-
ence BIM model was evaluated using a surface-based dis-
tance analysis. Specifically, geometric deviation was mea-
sured as the Euclidean distance between sampled points
on the generated IFC roof surfaces and their nearest points
on the reference BIM roof surfaces.

Minor geometric discrepancies between the reference
BIM and the UAV-derived photogrammetric mesh are ex-
pected, as the two datasets were generated from different
data sources and represent different abstraction levels (as-
designed versus as-built geometry).

Within this context, the global alignment analysis be-
tween the generated IFC roof surfaces and the reference
BIM roof geometry yielded a root mean square error
(RMSE) of 0.84 m and a mean error of 0.68 m, with a
minimum of 0.002 m and a maximum of approximately
2.0 m. It should be noted that a systematic vertical off-
set was observed between GPS-derived UAV elevations
and the local coordinate reference system used in the BIM
model, indicating a datum inconsistency of approximately
0.7 m.

To robustly identify valid extracted roof surface ge-
ometry under these conditions, a detection threshold of

Tmach = 2.0 m was adopted. A sampled point xge, on
a generated IFC roof surface is considered successfully
matched if its distance to the nearest reference BIM roof
surface S satisfies

d(Xgen Set) < 2.0 m.

This threshold accommodates the observed systematic ver-
tical offset, potential horizontal geolocation errors, and
local geometric deviations at roof edges, while avoiding
the exclusion of valid roof surfaces. Under this criterion,
approximately 99.0% of the extracted roof surface area
was successfully matched to roof elements in the reference
BIM model, indicating that the derived roof geometry pre-
dominantly corresponds to genuine roof structures rather
than noise.

4.2.2 Evaluation of Local Surface Fidelity and
Higher-Level Object Consistency

Beyond patch-level precision and surface-based devi-
ation analysis, we further assessed object-level consis-
tency by associating extracted roof regions with refer-
ence BIM roof entities. Because the extracted roof re-
gions are typically more fine-grained than the BIM rep-
resentation, surface-level correspondence does not yield
a one-to-one mapping. We therefore perform centroid-
based association: each extracted roof region is matched
to the nearest BIM roof panel entity within a search ra-
dius of 7search = 5.0 m. The larger tolerance (compared to
the surface-distance threshold) accounts for the observed
global offset and centroid displacement caused by region
fragmentation.

For each matched pair, an object-level geometric con-
sistency score is computed from area and slope agreement:

Sobj = 0.7 - Sarea + 0.3 - Sslopea
where the area similarity term is defined as

|Agen - Agt|

Saea = 1 — ——— 5,
e max(Agen’ Agt)

penalising over-fragmentation, and the slope similarity
term is defined as

|0gen - 9gt|

Sslope =1- 45°

Using this evaluation, 270 out of 292 extracted roof
panel entities were successfully associated with a BIM
roof panel element (92.5%), with an average Sqp; of 0.66.
Slope agreement was consistently high, supporting the
accuracy of PCA-based plane estimation, whereas lower
area agreement mainly reflects differences in modelling
granularity (a BIM roof panel versus multiple extracted
planar regions).
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4.2.3 Scalability and Campus-Scale Deployment

To evaluate scalability, the proposed framework was ap-
plied to the complete UAV-derived photogrammetric re-
construction of the University of Edinburgh Central Cam-
pus. Geospatial building footprints covering the entire
campus were used as semantic priors to guide building-
level mesh filtering and automated roof extraction.

Figure [3] shows (a) the spatial distribution of building
footprints and (b) the corresponding campus-scale roof
extraction results. The framework successfully processed
all buildings in a fully automated manner, handling diverse
architectural typologies without manual intervention or
parameter adjustment.

These results demonstrate that the footprint-guided pro-
cessing strategy enables robust and efficient scaling from
individual buildings to large urban areas, confirming the
feasibility of the proposed workflow for campus- and city-
scale roof modelling applications.
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(b) Automated roof extraction results.

Figure 3. Geospatial building footprints and auto-
mated roof extraction results for the University of
Edinburgh Central Campus.

To provide a concise overview of the quantitative find-
ings reported across Sections 4.1-4.2.3, Table [I] sum-
marises the key performance metrics of the proposed
framework.
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5 Discussion and Future Work

The proposed method demonstrates robust performance
in automated geometric roof reconstruction. Building on
this, several directions for future research can be identified
to further enhance the method’s performance as well as
the semantic richness, generality, and applicability of the
resulting BIM models.

5.1 Automated Defect Mapping via Texture Projec-
tion

The current framework produces geometrically accurate
but textureless roof representations, effectively generating
‘white-box’ models. A natural extension is the retextur-
ing of those dense meshes and then evaluate and record
the condition of each roof panel. Using state-of-the-art
computer vision methods (e.g., Mask R-CNN or YOLO-
based detectors), the panels could be analysed to identify
sub-components [11], individual slates [12], and their de-
fects. As aresult, defects could be spatially mapped back
to their precise 3D locations and tracked over time (over
multiple inspections), thereby transforming the static ge-
ometric BIM into a dynamic digital twin capable of sup-
porting condition monitoring and predictive maintenance
workflows.

5.2 Integration with Deep Learning-Based Segmen-
tation

The current framework adopts a geometry-driven seg-
mentation strategy based on footprint-guided filtering,
surface-normal consistency, and adaptive height analy-
sis. This design offers several practical advantages for
large-scale Scan-to-BIM deployment. First, it avoids the
need for large annotated training datasets, which remain
scarce for UAV-derived roof meshes with IFC-oriented la-
bels. Second, the method is computationally lightweight
and interpretable, making it easier to deploy across new
urban areas without retraining. Third, the reliance on ex-
plicit geometric constraints is well suited to planar and
piecewise-planar roof typologies, which remain common
in many existing building stocks.

Nevertheless, the present approach also has limitations.
Because it relies on planarity assumptions and empiri-
cally selected thresholds, its performance may degrade
for curved, free-form, or highly irregular roof structures,
as well as in areas affected by noise, incomplete recon-
struction, or weak geometric boundaries. Under these
conditions, the method may produce over-segmentation
of smoothly curved surfaces into multiple planar patches,
incomplete recovery of roof boundaries, or simplified geo-
metric approximations that do not fully preserve the origi-
nal roof form. These limitations are inherent to the current
geometry-driven design and should be interpreted within



the intended application domain of predominantly planar
and piecewise-planar roof reconstruction. In such cases,
deep learning-based approaches may provide complemen-
tary benefits by learning higher-level geometric and con-
textual features directly from data.

Future work will investigate hybrid strategies in which
deep learning is used to support semantic pre-classification
and boundary refinement, while the current geometry-
based reconstruction and IFC generation stages are re-
tained for interpretable and BIM-compliant model gen-
eration. In particular, multimodal learning on textured
photogrammetric meshes could combine 3D geometric
information with radiometric appearance cues, improving
robustness for challenging roof typologies such as domes,
vaults, spires, and curved shells.

6 Conclusion

This paper presented a fully automated Scan-to-BIM
framework for large-scale roof modelling from UAV-based
photogrammetric data. By exploiting readily available
geospatial building footprints as semantic priors, the pro-
posed approach enables efficient isolation of roof geome-
try from dense urban reconstructions and supports robust
processing of complex roof structures.

The framework directly generates georeferenced, IFC4-
compliant roof models attributed to a known set of
buildings from unstructured photogrammetric meshes,
preserving non-convex roof geometries through alpha-
shape—based boundary regularisation and avoiding manual
intervention. This establishes a practical link between real-
ity capture outputs and interoperable BIM representations
suitable for downstream digital twin and GIS applications.

Experimental results on a university campus dataset
demonstrate both accuracy and scalability. For a rep-
resentative complex building, 431 roof panels were cor-
rectly extracted with a precision of 98.8%, while campus-
scale experiments confirmed the feasibility of applying the
workflow to large urban environments.

Overall, the proposed method provides a scalable and
fully automated Scan-to-BIM workflow for reconstruct-
ing planar and complex non-convex roof geometries from
UAV photogrammetric meshes using geospatial building
footprints as semantic priors. The contribution of this
study lies not in replacing learning-based roof under-
standing methods, but in demonstrating that a geometry-
driven and IFC-oriented pipeline can already provide ro-
bust and interpretable performance for large-scale deploy-
ment without training data or manual modelling. At the
same time, the framework is not intended to address all
roof typologies equally well. Curved and free-form struc-
tures remain a clear limitation and motivate future hybrid
approaches that combine learned semantic understanding

with the current geometric reconstruction and BIM gener-
ation stages.
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