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Urban analysis often relies on separate geospatial mapping, street-level image analysis, point-cloud analysis and
3D urban modeling workflows, which can lead to semantic and spatial inconsistencies when structural, visual
and volumetric results are interpreted together. This paper develops an SPC-guided Smart 3D Gaussian Splatting
(S3DGS) analytical framework to address this fragmentation. Using the Aula-library block in Delft as a case
study, we construct a CityGML-inspired Smart Point Cloud from laser-scanning data, generate street-level and
aerial 3DGS components from multi-view imagery, align and fuse them into a common coordinate frame, and
propagate SPC-derived semantics to Gaussian primitives. The resulting S3DGS base supports projection-based
semantic composition, observer-centered visual exposure, volumetric spatial-presence aggregation and layered
scene typing within the same reference. Cross-layer interpretation links volumetric and visual-exposure types in
the same spatial units, revealing conditions such as physically present but visually recessive building mass. This
layered reading allows surface composition, visual experience and three-dimensional spatial presence to be
traced within the same urban unit. Evaluation results indicate a stable workflow, with an alignment RMSE of
0.0439 m and a kNN label consistency of 92.24%. By turning Gaussian scenes into semantically traceable and
spatially co-referenced analytical bases, S3DGS offers a practical pathway from isolated urban measurements
toward integrated, viewpoint-aware and three-dimensional interpretation of the built environment.

1. Introduction analysis, whereas viewpoint-based approaches are more effective for

measuring visual exposure and observer-centered experience (Kolbe,

The assessment and management of the urban built environment
increasingly depend on digital representations that can support spatial
computation, urban monitoring, and evidence-based decision-making
(Engin et al., 2020; He & Chen, 2024; Mazzetto, 2024). Many planning,
governance, and environmental assessment tasks require a representa-
tion of both what the city is, in terms of geometry, spatial structure, and
semantic composition, and how the city is experienced from
human-relevant viewpoints, including visibility, occlusion, and expo-
sure to different urban elements (Geneletti et al., 2007; Peng et al.,
2026). In practice, these varied dimensions are often addressed
through separate analytical traditions. Structural-semantic representa-
tions are well suited to object-level, surface-level, and geometry-based

* Corresponding author.

2009; Liu & Nijhuis, 2020). As a result, urban indicators are
frequently derived through fragmented workflows that rely on different
data structures, semantic assumptions, and spatial references, reducing
comparability, interpretability, and methodological consistency across
analyses (Billen et al., 2015; Virtanen et al., 2021).

Recent developments in 3D Gaussian Splatting (3DGS) and Smart
Point Clouds (SPCs) provide a route for connecting viewpoint-based
observation with structural-semantic urban analysis (Chen et al.,
2026; Poux et al.,, 2016; Yu et al.,, 2025; Yu et al., 2025). 3DGS
(Fig. 1) represents a scene through optimizable Gaussian primitives that
encode spatial position, spatial extent, opacity and appearance attri-
butes (Fei et al.,, 2025; Mallick et al., 2024). These primitives are
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Fig. 1. Rendering principle of 3DGS in contrast to NeRF: NeRF synthesizes
views by sampling an implicit neural radiance field along camera rays, whereas
3DGS represents the scene with explicit anisotropic Gaussian primitives car-
rying position, spatial extent, opacity and appearance attributes. During
rendering, these Gaussians are projected and alpha-composited to generate
view-consistent images. This explicit primitive-based representation makes
3DGS suitable for subsequent semantic enrichment, because SPC-derived labels
can be attached to Gaussian primitives to construct the S3DGS analytical base
(Kerbl et al., 2023).

optimized from calibrated multi-view images and can be rendered from
arbitrary viewpoints, making 3DGS well suited to visual analyses
involving visibility, occlusion, facade exposure and streetscape obser-
vation (Kerbl et al., 2023; M. Tancik et al., 2022). Recent large-scene
Gaussian-splatting studies further show the potential of 3DGS-like rep-
resentations for scalable outdoor and urban scene rendering, while also
highlighting the need for partitioning, level-of-detail strategies and
efficient scene management (Lin et al., 2024; Liu et al., 2024; Matthew
Tancik et al., 2022). However, standard 3DGS does not normally provide
explicit semantic structure: Gaussian primitives may reproduce the vi-
sual appearance of an urban scene, but they are not inherently linked to
object classes, surface types or interpretable urban elements. This limi-
tation is also reflected in recent semantic 3DGS work, which explicitly
extends Gaussian Splatting with object-level, semantic or
language-aware scene understanding (Qin et al., 2024; Ye et al., 2025).

SPCs provide a complementary structural-semantic layer. They
organize point-cloud data into semantically meaningful computational
units, such as patches, surfaces or object-related components, which can
be linked to attributes such as semantic class, structural role and ma-
terial information (Beil et al., 2021; Groger & Pliimer, 2012; Peng et al.,
2022; Poux, 2019; Poux et al., 2016). This makes SPCs suitable for
interpretable spatial analysis and aggregation, but they do not provide
the view-consistent appearance and flexible virtual observation sup-
ported by 3DGS. The integration of SPCs and 3DGS therefore enables the
construction of Smart 3DGS (S3DGS): a semantically enriched Gaussian
scene in which Gaussian primitives inherit SPC-derived semantic in-
formation. In this study, S3DGS functions as the shared semantic-visual
analytical base for deriving and combining urban indicators within a
consistent spatial and semantic logic.

Therefore, this paper aims to develop an integrated SPC-3DGS
analytical framework for urban analysis. The framework is designed to
construct a shared semantic, spatial and visual base that preserves high-
fidelity, view-consistent scene visualization while supporting the deri-
vation, comparison and synthesis of different families of urban in-
dicators. Rather than treating 3DGS as a visualization technique alone,
the study positions the coupling of SPCs and 3DGS as a basis for urban
analytical modeling, linking structural-semantic information with
viewpoint-based observation. To this end, the study addresses three
research questions:

RQ1: How can the complementary strengths of semantically struc-
tured point clouds and 3DGS be integrated into a coherent semantic-
visual analytical framework for urban scenes?

RQ2: Which families of urban analytical tasks can be operationalized
from such a shared S3DGS base, and how can they be organized as a
coordinated framework rather than as separate workflows?
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RQ3: What analytical value, reliability, and practical limitations are
revealed when the framework is implemented in a real-world case
study?

The framework is demonstrated through a real-world urban block
case study in Delft, the Netherlands. By coupling the semantic and
structural interpretability of SPCs with the view-consistent rendering
capacity of 3DGS, and by propagating semantic information to Gaussian
primitives, the study constructs a S3DGS analytical base for integrated
urban assessment. This paper contributes an S3DGS-based analytical
framework that addresses a persistent fragmentation in urban analysis:
the separation between structural-semantic representations of urban
form and viewpoint-dependent representations of urban experience. By
using S3DGS as a shared semantic-visual analytical base, the framework
enables different families of urban indicators to be derived, compared
and synthesized within a consistent spatial and semantic reference.

2. Urban analytical traditions and the need for an S3DGS
analytical base

Urban assessment has developed through several analytical tradi-
tions that rely on different representations of the built environment. Two
directions are particularly relevant to this study: One uses spatial rep-
resentations, and the other uses viewpoint-based and visual-perceptual
representations. This section reviews these directions in terms of the
urban analyses they support and the requirements they create for inte-
grated interpretation.

2.1. Spatial-representation-based methods for geometric and semantic
urban assessment

Spatial-representation-based methods provide an important basis for
measuring the physical structure of the built environment. They include
digital elevation and surface models, mesh models, point clouds, point-
cloud-to-mesh reconstructions, 3D city models, City Information Models
(CIM), urban digital twins and semantically enriched point-based
datasets derived from surveying and mapping technologies
(Cardenas-Ledn et al., 2024; Peng & Nijhuis, 2021; Xia et al., 2022).
These representations differ in their balance between geometric fidelity
and semantic richness. Point clouds, meshes and photogrammetric re-
constructions may capture detailed geometry with limited semantic
organization, while City Geography Markup Language (CityGML), CIM
and digital twin objects may provide explicit semantic classes and object
hierarchies with more abstracted geometry, texture or fine-scale
appearance (Ledoux et al., 2019; Lei, Janssen, et al., 2023; Weil et al.,
2023).

These spatial representations support a wide range of structural
urban analyses. They are used to quantify urban form, morphology,
building massing, height, surface configuration, vegetation visibility,
and other geometry-based indicators (Labetski et al., 2023; Qi et al.,
2024). When semantic attributes are available, they also support
object-level or patch-level aggregation across parcels, blocks, infra-
structure elements and functional zones (Peng, Li, et al., 2026). Recent
work on urban digital twins and multi-scale digital modeling has further
extended this tradition by linking GIS, BIM, semantic models, dash-
boards, sensors and decision-support workflows for sustainable urban
design and management (Geneletti et al., 2007; Yu et al., 2026; C. Zhang
et al., 2025).

Despite these advances, spatial-representation-based methods pro-
vide a less direct basis for interpreting how urban form is visually
experienced from human-relevant viewpoints. Their analytical capacity
depends on the balance between geometric fidelity, semantic richness
and visual realism. Eye-level visibility, occlusion, facade detail, vege-
tation structure, street furniture, glazing, water surfaces and pedestrian
perspective are often simplified, incomplete or indirectly represented in
conventional spatial models (Ewing et al., 2006; Peng et al., 2026). This
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becomes important when structural or semantic indicators need to be
interpreted together with visual exposure, streetscape composition or
human-scale environmental experience (Benedikt, 1979; Ewing et al.,
2006; Lei et al., 2024).

2.2. Viewpoint-based visual methods for observer-centered urban
assessment

Viewpoint-based visual methods examine the urban environment
through images or rendered views acquired from human-relevant posi-
tions, routes or viewing conditions. They include street-view imagery
(SVI), ground-level/ Unmanned Aerial Vehicle (UAV)-based photo-
graphs, panoramic images, oblique imagery and image-based semantic
segmentation (Sanchez & Labib, 2024). These methods quantify what is
visible from particular locations or paths, including streetscape
composition, greenery exposure, building visibility, sky openness,
facade presence and other visual indicators related to pedestrian-scale
urban experience (Sanchez & Labib, 2024; Wu et al., 2023; Zhou
et al., 2019).

SVI-based panoramic observation is important because they measure
the city at the scale at which people encounter it (Biljecki & Ito, 2021; Ito
et al., 2024). They have been widely used to estimate green view index,
building exposure, sky openness, visual enclosure and related
exposure-oriented indicators. These visual measurements also support
perception-oriented studies on walkability, perceived safety, visual
comfort, environmental quality and preference (Rundle et al., 2011). In
addition, computer vision has increasingly been framed as a
planning-relevant analytical tool, supporting data collection, issue
identification, design evaluation, implementation monitoring and
post-occupancy assessment (Marasinghe et al., 2024). Simulated views
and virtual environments further extend this direction by allowing
viewpoints, viewing paths, environmental conditions and design alter-
natives to be controlled, thereby supporting controlled assessment of
urban form and visual perception (Shushan et al., 2016). More recently,
neural rendering methods have added the possibility of high-fidelity
visual reconstruction and flexible virtual observation from arbitrary
viewpoints. Large-scene neural rendering studies have shown how
urban-scale visual environments can be decomposed and rendered
beyond discrete street-view samples, while 3D Gaussian Splatting
further provides an explicit primitive-based representation for real-time,
view-consistent rendering (Kerbl et al., 2023; M. Tancik et al., 2022).

These methods provide strong support for visual exposure and
perception-oriented analysis, but their outputs often require geometric
anchoring and semantic alignment when related to structural, volu-
metric or planning-oriented measures. Street-view and image-based
workflows are constrained by camera availability, road-based sam-
pling, seasonality, illumination, transient occlusions, coverage bias and
segmentation uncertainty (Fan et al., 2025; Ito et al., 2024; Kim et al.,
2021). Simulated environments provide greater control over view-
points and scenarios, but their consistency with measured geometry and
semantic datasets depends on how the scene is modeled. Neural
rendering reduces some spatial sampling constraints through flexible
virtual viewpoints, while standard 3DGS still provides limited semantic
traceability and object-level interpretability because Gaussian primi-
tives are optimized primarily for view-consistent rendering rather than
explicit urban semantics (Kerbl et al., 2023). As a result,
viewpoint-based indicators can be difficult to connect directly with the
semantic units, spatial references and aggregation logic used in
spatial-representation-based urban assessment (Biljecki & Ito, 2021; Lei
et al., 2024).

2.3. From fragmented analytical needs to the S3DGS analytical base
The two traditions reviewed above have advanced urban assessment

in complementary ways. Spatial-representation-based methods provide
geometry, spatial reference and, in some cases, semantic organization.
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Viewpoint-based and visual-perceptual methods capture visibility,
exposure and human-scale experience. The remaining challenge con-
cerns analytical co-reference: structural, visual and volumetric in-
dicators are often produced from different datasets, semantic classes,
spatial units and sampling assumptions. This can make cross-indicator
comparison and integrated interpretation less transparent (Billen
et al., 2015; Jeddoub et al., 2023; Weil et al., 2023).

This situation creates a need for an analysis-ready base that supports
three linked conditions. First, it should preserve semantic consistency
across different indicator families. Second, it should connect flexible
viewpoint-based observation with three-dimensional urban structure.
Third, it should provide a shared spatial reference through which
projection-based, observer-centered and volumetric indicators can be
derived and synthesized within the same scene.

The proposed SPC-3DGS integration addresses these conditions by
constructing a S3DGS analytical base. In this integration, the SPC pro-
vides the structural-semantic layer by organizing point-cloud data into
meaningful patches and attaching CityGML-inspired semantic attributes
(Beil et al., 2021; Poux, 2019; Poux et al., 2016). The 3DGS components
provide the view-consistent appearance layer, enabling high-fidelity
rendering and flexible virtual observation (Kerbl et al., 2023; Tancik
et al., 2022). Through geometric alignment, model fusion and seman-
tic propagation, SPC-derived labels are transferred to Gaussian primi-
tives, so that the resulting S3DGS scene becomes both visually coherent
and semantically structured.

The remainder of the paper develops this framework in two steps
with a Dutch case. Section 3 describes how the S3DGS analytical base is
constructed, including SPC construction, generation of street-level and
aerial 3DGS components, geometric alignment, model fusion and se-
mantic propagation. Section 4 explains how this base is operationalized
for urban analysis through three indicator-generation modules and one
synthesis module: projection-based semantic composition, observer-
centered visual exposure, volumetric spatial-presence aggregation and
layered scene typing.

3. Constructing the S3DGS analytical base

To demonstrate the proposed framework, we use the Aula-library
block in Delft, the Netherlands, as a real-world urban case study (Fig. 3).
The block contains the Aula, a post-war modernist building completed in
1966 and listed as a national monument, together with the main library,
plazas, tree-lined streets, open spaces and adjacent campus buildings.
This setting provides a suitable test case because it combines heritage
architecture, pedestrian-scale public spaces, vegetation, roof structures
and open courtyards within a compact urban block.

This section describes the construction of the S3DGS analytical base
used in the subsequent analysis (Fig. 2). The workflow consists of four
stages: (i) data collection and preprocessing; (ii) construction of a SPC
with structured urban semantics; (iii) generation of street-level and
aerial 3DGS components; and (iv) geometric alignment, model fusion
and semantic propagation from the SPC to the fused 3DGS scene. The
main software environments, algorithms and key parameter settings are
summarized in Table 1.

3.1. Data collection and preprocessing

The case study combines geometry and imagery from multiple
sources. UAV-based photography is used to capture roofs, upper build-
ing volumes and courtyard areas that are difficult to observe from street
level. At pedestrian level, the XGRIDS/K1 system records street-level
imagery, trajectory information and a spatially extensive point cloud
along accessible routes. A GeoSLAM Horizon R1 scanner provides dense
terrestrial laser scanning data for facades, ground surfaces and vegeta-
tion, while Actueel Hoogtebestand Nederland (AHN) airborne laser
scanning data are used as a georeferenced spatial reference for cross-
sensor registration.


https://xgrids.com/intl/lixelk1?gad_source=1&tnqh_x0026;gad_campaignid=22052647086&tnqh_x0026;gbraid=0AAAAAq3MVF9KOaIrRCMWYMGhRmGFUPH5h
https://www.faro.com/en/Products/Hardware/GeoSLAM-ZEB-Horizon-RT
https://www.ahn.nl/
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Fig. 2. End-to-End S3DGS Workflow.
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Fig. 3. Case site and origin AHN point cloud data.

The point-cloud datasets are cleaned, aligned and merged before SPC
construction. The GeoSLAM data provide the primary dense geometric
reference, while the XGRIDS/K1 data extend coverage into adjacent
streets and open spaces. Corresponding points are manually selected to
estimate an initial transformation from the mobile/terrestrial laser
scanning datasets to the AHN reference, and the registration quality is
checked using Root-mean-square error (RMSE). Ground points are
separated in CloudCompare using the Cloth Simulation Filter (CSF), and
major planar surfaces are extracted using CloudCompare’s RANSAC-
based primitive detection. The imagery from the UAV and XGRIDS/K1
system is retained for the separate aerial and street-level 3DGS recon-
struction branches.

3.2. Construction of Smart Point Cloud (SPC)

The registered point cloud is converted into a SPC through seg-
mentation and semantic enrichment. Each point stores 3D coordinates,
RGB color, estimated surface normals and a semantic patch identifier.
Initial segmentation is generated using geometric and radiometric cues,
including spatial proximity, planar structure and color similarity. This
first-pass segmentation is then refined through rule-based manual in-
spection to correct misclassified regions and adjust patch boundaries
where necessary. The refinement step is limited to correcting the auto-
matic grouping and defining meaningful urban patches, rather than
manually redrawing the scene from scratch.

Each patch is assigned a unique patch_id, which links point-level
geometry to an external semantic schema (Poux, 2019). Semantic in-
formation is stored in a structured JSON file indexed by patch_id. At the

patch level, the schema records classes and roles such as building facade,
roof, pavement, tree canopy, shrub, lawn, water surface and street
furniture, together with structural attributes such as ground, vertical
surface or canopy. The schema follows CityGML as a conceptual refer-
ence (Groger & Pliimer, 2012), allowing the SPC to serve as a semanti-
cally structured urban model and as the source of labels for the
subsequent S3DGS construction. The refinement followed fixed seman-
tic classes and patch-level rules, which improves procedural consistency,
although inter-operator variability remains a limitation for larger-scale
deployment.

3.3. Generation of street-level and aerial 3DGS components

Two 3DGS components are generated separately from the street-level
and aerial data streams. The street-level branch is produced from the
XGRIDS/K1 data inl.CC Studio v1.9.0. This scanner-native reconstruc-
tion provides calibrated imagery, trajectory information and spatial
reference for pedestrian-scale elements such as facades, pavements,
plazas, vegetation and street furniture (Sevenich et al., 2025).

The aerial branch is produced from UAV imagery. The UAV images
are first processed in COLMAP v3.12.6, where structure-from-motion
(SfM) estimates camera intrinsics and extrinsics and multi-view stereo
(MVS) generates an auxiliary dense reconstruction. This branch provides
image-consistent camera geometry and spatial initialization for roofs,
upper building volumes, courtyard areas and surfaces that are weakly
observed from street level (Berra & Peppa, 2020; Meinen & Robinson,
2020). The resulting camera poses and reconstruction are then used in
Postshot v1.0 to train the aerial 3DGS component.


https://www.cloudcompare.org/
https://www.xgrids.com/intl/support/download?page=LCCStudio
https://colmap.github.io/legacy/3.12/install.html
https://www.jawset.com/docs/d/Postshot+User+Guide/Release+Notes/v1.0
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Table 1
Summary of software, key operations and parameters used in the SPC-S3DGS
workflow.

Workflow stage Software / Key operation and Output
environment settings
Point-cloud CloudCompare CSF ground filtering: Cleaned and
preprocessing v2.13.2; Python cloth resolution = 2, semantically
and SPC max iterations = 500,  structured SPC.
construction classification
threshold = 0.5;
RANSAC plane
detection; semi-
automatic

segmentation with

rule-based manual

refinement; JSON

semantic schema

linked by patch_id.

XGRIDS/K1 scanner- Street-level
native reconstruction 3DGS

using calibrated component.
imagery and

trajectory

information.

COLMAP SfM-MVS UAV-derived
for UAV camera 3DGS

poses and auxiliary component.
dense reconstruction;

Postshot training for

aerial / roof-level

3DGS.

Control-point Unified S3DGS
similarity with semantic
transformation with labels.

RMSE validation;
model-level fusion of
transformed
Gaussian primitives;
k-nearest-neighbor
(kNN) majority-vote
propagation, k = 3;
voxel IoU at 0.25 m.
Intel Core Ultra 7
155H CPU; 3DGS
processing ~ 2 h;
semantic
propagation and
indicator derivation
~1-2 h.

Street-level 3DGS LCC Studio
component v1.9.0

UAV 3DGS
component

COLMAP
v3.12.6;
Postshot v1.0

Alignment, fusion
and semantic
propagation

Custom Python;
SciPy cKDTree

Indicative
block-scale

Dell Precision
mobile

Implementation
profile

workstation runtime.

This two-branch strategy reflects the different acquisition geometries
of the XGRIDS/K1 scanner and the UAV image block. The SPC provides
an accurate semantic and geometric reference, but it does not contain
the image-consistent camera pose relationships required for optimizing
Gaussian primitives from UAV imagery. SfM-MVS is therefore used for
the UAV branch, while the street-level branch relies on the scanner-
native reconstruction provided by LCC Studio. Both branches produce
anisotropic Gaussian primitives with spatial, opacity and appearance
attributes, which are exported for alignment, fusion and semantic
propagation.

3.4. Geometric alignment, model fusion and semantic propagation

To construct S3DGS, the independently generated street-level and
aerial 3DGS components are first transformed into a common world
coordinate frame and fused into a unified non-semantic 3DGS scene. The
SPC is anchored to the georeferenced point-cloud reference using AHN
and ground-based laser scanning data. For each 3DGS component, cor-
responding control points are selected between the component model
and the SPC/AHN reference, and a similarity transformation including
scale, rotation and translation is estimated and refined through least-
squares adjustment. For the final alignment and validation of the
fused scene, six manually selected corresponding control points are used
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between the fused 3DGS scene and the SPC/AHN reference (Fig. 4). The
key settings for alignment, fusion and semantic propagation are sum-
marized in Table 1.

After transformation, the XGRIDS/K1-derived and UAV-derived
Gaussian primitives are represented in the same coordinate system
and merged into a single 3DGS scene. Overlapping regions are inspected
to identify duplicated or locally misaligned areas while preserving the
complementary coverage of the two components: the street-level branch
contributes pedestrian-scale surfaces, whereas the UAV branch com-
plements roofs, upper facades and courtyard spaces.

Semantic propagation is then performed from the SPC to the fused
Gaussian scene. For each Gaussian center, neighboring SPC points are
queried using a KD-tree, and the semantic label is assigned through k-
nearest-neighbor majority voting with k = 3 (Cover & Hart, 1967).
Through patch_id, each Gaussian inherits the semantic attributes stored
in the SPC JSON schema, such as building facade, roof, pavement, tree
canopy, shrub, lawn, water surface or street furniture. Gaussians
without sufficient neighboring SPC support are marked as unassigned.
The resulting S3DGS representation retains the photometric properties
of the fused 3DGS scene while adding SPC-derived semantic structure.

The reliability of this construction is assessed using three metrics.
Alignment RMSE is computed from the residuals of the control-point
transformation. k-nearest-neighbor (kNN) label consistency compares
each propagated Gaussian label with the majority label of its three
nearest SPC neighbors. Voxel-based intersection-over-union (IoU) is
computed by separately voxelizing SPC and 3DGS subsets at a voxel size
of 0.25 m and comparing occupied voxel sets for corresponding semantic
patches (Mescheder et al., 2019; Peng et al., 2022). Together, these
metrics provide quality checks for geometric alignment, semantic
transfer and spatial correspondence between the SPC and the fused
S3DGS scene.

4. Using the S3DGS analytical base for multi-dimensional urban
analysis

The previous section established the S3DGS analytical base. This
section shows how it supports multi-dimensional urban analysis within a
shared semantic, spatial and visual reference (Table 2). The framework
includes three indicator-generation modules and one synthesis module.
The indicator-generation modules correspond to projection-based se-
mantic composition, observer-centered visual exposure and volumetric
spatial-presence aggregation. These were selected because they repre-
sent three important and widely used analytical modes in urban
assessment, namely surface composition, human-view exposure and
three-dimensional spatial presence (Bonczak & Kontokosta, 2019;
Labetski et al., 2023; G. Zhang et al., 2025). Together, they show how
these usually separated perspectives can be analyzed and interpreted
within the same S3DGS reference.

4.1. Projection-based semantic composition analysis

The first indicator-generation module demonstrates the projection-
based analytical capacity of S3DGS. It derives semantic composition
indicators through orthographic projections of the labeled S3DGS scene.
This module represents a common family of urban analyses that quantify
the semantic composition of surfaces, envelopes, and near-ground
spatial conditions (Li et al., 2019; Murtiyoso et al., 2021).

In this study, facade-oriented semantic projections and height-
specific horizontal semantic slices are selected as representative imple-
mentations. For selected facades, orthographic views are rendered from
S3DGS, and each pixel is assigned the semantic label of the dominant
underlying Gaussian primitive. In parallel, horizontal semantic slices are
generated at selected heights above ground. In the present demonstra-
tion, 1 m and 3 m slices are used to capture different layers of the
pedestrian environment. The 1 m slice is used to identify low-level
vertical elements that may constrain, guide or partially obstruct
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Fig. 4. Core workflow from SPC to S3DGS.

Table 2
Representative analytical modules implemented from the S3DGS analytical base.

Framework layer Analytical module

Representative implementation in this study

Main output

Indicator Projection-based Facade and ground-plane semantic projections
generation semantic composition

Indicator Observer-centered 360° panoramic renderings at pedestrian eye-level and visual-
generation visual exposure exposure clustering

Indicator Volumetric spatial- Column-based aggregation of labeled Gaussians and volumetric
generation presence aggregation clustering

Synthesis and Layered scene typing Grid-cell-level stacking of projection-based composition, visual-
interpretation exposure and volumetric spatial-presence layers within the S3DGS

reference

Class shares of facades, ground surfaces, vegetation,
pavement and water; projection-based composition
layer

Green view index, building exposure, sky openness;
visual-exposure types

Green, building and hard-surface spatial-presence
ratios; volumetric spatial-presence types
Co-referenced layered scene profiles and spatial
patterns

pedestrian movement, such as tree trunks, structural columns, walls and
street furniture, thereby providing a human-scale indication of near-
ground accessibility and open movement space (Shao et al., 2022).
The 3 m slice is interpreted together with the 1 m layer to reveal over-
head enclosure created by roof overhangs, building canopies, or tree
crowns (Li et al., 2019; Pretzsch et al., 2015). This makes it possible to
identify sheltered grey spaces and tree-shaded spaces within the same
semantic scene.

From these projections and slices, planar class shares are calculated
for green infrastructure, including tree canopy, shrubs, and lawns, as
well as buildings, pavement, water, and other relevant urban elements.
These outputs form a projection-based composition layer. Depending on
the analytical purpose, each spatial unit can be interpreted through
continuous class shares or summarized into a simple composition type,
such as hardscape-dominated surface, green-surface-dominated area,
facade-adjacent surface, or mixed surface composition.

4.2. Observer-centered visual exposure analysis

The second indicator-generation module demonstrates the observer-
centered analytical capacity of S3DGS. It derives visual exposure in-
dicators from pedestrian-level virtual viewpoints and is related to street-
view-based measurements such as green view index, building exposure,
facade visibility and sky openness (Peng et al., 2026; Peng et al., 2026;
Sanchez & Labib, 2024).

In this study, virtual viewpoints are placed on a 5 x 5 m grid within
ground-level accessible areas of the block (Labib et al., 2021), including
pedestrian routes, plazas, courtyards and internal campus paths. At each
viewpoint, a full 360° panorama is rendered from S3DGS at an eye
height of 1.6 m, with each pixel carrying a semantic label inherited from
the SPC. Class shares are then computed for vegetation, buildings, sky,
pavement and other categories. These shares are used to derive in-
dicators such as green view index, building visual exposure and sky
openness.

These outputs form a visual-exposure layer. In the present demon-
stration, vegetation share, building share and sky share are used as a
reduced visual-exposure signature because they represent three com-
mon dimensions of pedestrian-scale experience: greenery, built enclo-
sure and openness. To summarize recurrent visual conditions, the
feature vectors are standardized and k-means clustering is applied with k
= 5, with the number of clusters selected based on elbow analysis. This
layer provides the human-view component for the later layered scene
typing.

4.3. Volumetric spatial-presence aggregation and layer typing

The third indicator-generation module demonstrates the capacity of
S3DGS to support three-dimensional spatial aggregation. It aggregates
semantic Gaussians within vertical spatial units to describe how urban
elements are distributed above each grid cell. This type of analysis is
related to voxel-based point-cloud analysis and 3D city-model metrics,
but in the S3DGS framework it is derived from the same semantic
Gaussian scene that also supports the projection and panoramic layers
(Labetski et al., 2023; Ren et al., 2020).

In this study, the block is partitioned into vertical columns aligned
with the same 5 x 5 m spatial grid used for the observer-centered visual-
exposure analysis, so that the resulting volumetric layer can be directly
overlaid with the visual layer in the subsequent layered scene-typing
analysis. Within each column, the semantic point cloud is voxelized
and aggregated according to its labels, including vegetation, buildings,
ground, road surface, street furniture and unassigned elements. Specif-
ically, the 3D space of each column is discretized into regular voxels
with a voxel size of 0.25 m. Each occupied voxel is assigned the domi-
nant semantic label of the SPC points falling within it, and class pro-
portions are then calculated as the share of occupied voxels belonging to
each semantic category. The resulting proportions describe how
different semantic elements occupy the vertical space of each grid cell
(Peng et al.,, 2024). Since the aggregation is based on voxelized
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point-cloud occupancy, it provides a more spatially explicit volumetric
estimate than simple point-count statistics. However, the values should
still be interpreted as voxel-based volumetric composition indicators
rather than exact solid-volume measurements, because they depend on
voxel resolution, point-cloud completeness, segmentation quality and
scene coverage.

For layer typing, each grid cell is represented by a reduced volu-
metric signature composed of four semantic proportions: ground share,
vegetation share, building share and road-surface share. Before clus-
tering, the features are standardized. The number of clusters is selected
using elbow analysis, and k-means clustering is then applied with k = 5
to identify recurrent volumetric spatial-presence types across the study
area. Based on the mean semantic composition of each cluster, the
resulting types are interpreted as building-dominated, low-coverage /
unassigned-mixed, ground-dominated, vegetation-dominated and road-
surface-dominated columns. This volumetric layer can then be stacked
with the visual-exposure layer in the scene-typing analysis.

4.4. Layered scene typing from co-referenced S3DGS layers

The synthesis module organizes the outputs of the preceding
analytical modules within the same S3DGS spatial reference. The
observer-centered module provides a visual-exposure layer, and the
volumetric module provides a spatial-presence layer. Since these layers
are linked to the same semantic reference and spatial grid, they can be
interpreted as co-referenced descriptions of the same urban locations.

In the present implementation, layered scene typing is performed at
the grid-cell level. For each spatial unit, the visual-exposure type derived
from the panoramic layer and the volumetric spatial-presence type
derived from the column layer are combined into a layered scene profile.
The projection-based composition layer can also be overlaid within the
same spatial framework, providing additional information on facade,
ground and near-ground surface conditions (Peng et al., 2025). In this
paper, the layered scene typing focuses on the visual-exposure and
volumetric spatial-presence layers to keep the synthesis concise, while
the projection-based layer is used as contextual support for interpreta-
tion. More extensive combinations of projection, visual, volumetric and
other indicator layers could support richer scene profiles and additional
analytical questions in future applications. The resulting layered scene
profiles provide a compact way to examine how pedestrian-level visual
exposure, three-dimensional spatial presence and surface composition
relate to one another across the study area. The specific combined types
and their spatial distribution are reported in the Results section.

5. Results

This section first reports the construction and quality of the S3DGS
analytical base, including data products, visualization, semantic prop-
agation and alignment evaluation. The subsequent subsections present
three indicator layers: projection-based semantic composition, observer-
centered visual exposure and volumetric spatial-presence aggregation.
Finally, the layered scene-typing result illustrates how these outputs can
support integrated cross-layer interpretation within the same spatial
grid.

5.1. Data products and SPC construction results

The S3DGS analytical base was constructed from UAV imagery,
XGRIDS/K1 street-level data, GeoSLAM terrestrial laser scanning data,
and AHN airborne laser scanning reference data. Table 3 summarizes the
main data products used in the case study, and Fig. 5 shows the acqui-
sition coverage and preprocessing workflow for the Aula-library block.

After cleaning and registration, the unified point cloud used for SPC
construction contains approximately 43 million points. The semi-
automatic segmentation and refinement process produced 88 patches,
with a median patch size of approximately 0.4 million points. Fig. 6
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Table 3
Overview of data products used in the Aula-library block case study.

Component Source Volume / result

UAV imagery DJI Mini 3 489 images; 1.91 GB

Street-level XGRIDS K1 scanner 219 images; approx. 11
data million points; 2.70 GB

TLS point GeoSLAM Horizon R1 Approx. 153 million points;
cloud 1.37 GB

ALS reference AHNS5 GeoTiles 37EN2.11 Approx. 37 million points;

286 MB

88 semantic patches

Semantic data ~ Semi-automatic segmentation;

CityGML-inspired schema

shows the raw point cloud, patch-level segmentation, and resulting se-
mantic classes, while Table 4 summarizes the correspondence between
SPC patch classes and CityGML-inspired concepts. Together, these re-
sults show that the SPC provides a semantically structured description of
the block at patch level.

The fused 3DGS scene provides a dense and visually coherent rep-
resentation of the study block. Following the two-branch workflow
described in Section 3, the street-level component and the UAV-derived
aerial component were generated separately and then aligned and fused
into a common world coordinate frame. The resulting Gaussian scene
reproduces the main architectural and environmental features of the
block, including facades, roofs, ground surfaces, and major vegetation
elements, with sufficient visual coherence for block-scale analysis
(Fig. 7).

Semantic information was then propagated from the SPC to the fused
3DGS scene. The transferred labels correspond well to the original SPC
segmentation, preserving the main boundaries between roofs, facades,
pavements, and vegetation (Fig. 8). Taken together, the SPC, fused 3DGS
scene, and propagated semantics form the S3DGS analytical base used in
the subsequent indicator analysis.

5.2. Alignment, fusion and semantic-transfer quality

The alignment and semantic-transfer evaluation indicates that the
fused S3DGS scene provides a sufficiently consistent basis for the sub-
sequent projection-based, observer-centered and volumetric analyses.
The quantitative results are summarized in Table 5, using the three
metrics (RMSE, kNN label consistency, and voxel-based IoU).

The geometric alignment between the SPC reference and the fused
S3DGS scene was validated using six manually selected corresponding
control points. The resulting RMSE was 0.0439 m, indicating that the
fused 3DGS scene and the SPC reference are aligned within a 5 cm
tolerance. This level of accuracy is sufficient for detailed visualization,
semantic transfer and block-scale indicator derivation. Importantly, this
RMSE evaluates the final common coordinate frame after the street-level
and UAV-derived 3DGS components had been aligned and fused, rather
than a single-source reconstruction alone.

To assess local semantic-transfer consistency while accounting for
point-density differences, each propagated Gaussian label was
compared with the majority label of its three nearest SPC neighbors. The
resulting label consistency reached 92.24%, showing that most Gaussian
splats received semantic categories consistent with the local SPC
neighborhood. The average distance of mismatched splats was 0.036 m,
suggesting that most inconsistencies occurred near semantic boundaries,
depth transitions or areas with limited spatial overlap between the SPC
and the fused 3DGS scene.

A voxel-based IoU analysis was conducted to quantify spatial overlap
between SPC and 3DGS patches. Using a voxel size of 0.25 m, the mean
IoU across 12 patches was 0.258. This relatively low value reflects the
different sampling principles of the two representations: the SPC is
metrically dense and surface-oriented, whereas 3DGS samples are view-
dependent and optimized for photorealistic rendering rather than
complete geometric occupancy. The voxel IoU should therefore be
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Fig. 5. Details of data collection and preprocessing.
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Fig. 6. Different types of raw point cloud and semantic data: (a) Raw point
cloud, (b) patch-level segmentation, and (c) resulting semantic classes.

Table 4
SPC patch classes and correspondence to CityGML-inspired concepts.
SPC class CityGML concept Description Patch
count
(88)
Building ~ Roof bldg: RoofSurface Roof planes of 3
the aula and
library
Wall bldg: WallSurface Primary 10
vertical facade
surfaces
Floor bldg: FloorSurface Exposed floor 5
/ slab surfaces
Stair bldg: BuildingInstallation Exterior stair 4
(stair) volumes
represented as
surfaces
Railing bldg: BuildingInstallation Railings 6
(railing) attached to
stairs or
balconies
Structural bldg: StructuralElement Exposed 9
column concrete
columns
around the
aula

Road/Paved ground dem: GroundSurface Paved ground 15
surfaces in the

block

Benches, 5
bollards or

other street

Street furniture frn: CityFurniture

furniture
Green land/Unpaved veg: PlantCover Grass, 24
ground planting beds
and low
vegetation
Tree canopy/ veg: Tree crowns 7
Vegetation SolitaryVegetationObject /  and taller
veg: PlantCover vegetation

interpreted as a measure of spatial correspondence rather than as a

direct indicator of physical volumetric accuracy. Despite the modest IoU
value, the high label consistency confirms that semantics are transferred
coherently across the two representations.

Together, these results indicate that the fused S3DGS scene provides
a sufficiently reliable geometric and semantic basis for the multi-
dimensional indicator analyses reported in the following sections.

5.3. Projection-based semantic composition results

The projection-based module produces facade-oriented semantic
projections and height-specific horizontal slices from the S3DGS scene.

Fig. 9a-b illustrate two horizontal semantic slices at 1 m and 3 m
above ground. Rather than functioning as conventional top-down views,
these slices reveal how semantic elements occupy different vertical
levels of the pedestrian environment. The 1 m slice shows that most
ground-level spaces within the block remain open and accessible for
pedestrian movement, with low-level obstacles mainly concentrated
around tree trunks, structural columns, walls and street furniture. When
interpreted together with the 3 m slice, several semi-covered or shaded
spatial conditions become visible. On the eastern side of the library, a
noticeable amount of tree-shaded space is formed by the overlap be-
tween accessible ground and overhead canopy. The northern tree-lined
edge shows larger and more continuous canopy coverage, while the
southern edge contains smaller and more fragmented shaded areas.
Around the Aula, the eastern and western sides form relatively large
grey spaces associated with building overhangs and structural supports.
The library area also appears to involve a sloped ground condition,
which is reflected in the changing relationship between the 1 m and 3 m
slices. These findings show that the multi-height slices can reveal
accessibility, shade and semi-covered spatial conditions that are difficult
to distinguish from a conventional plan view.

Fig. 9c-d present facade-oriented semantic projections. In these
views, the building envelope is decomposed into structural walls, col-
umns, roof edges, adjacent ground surfaces, and vegetated strips.
Compared with point-cloud-only slice analysis, S3DGS improves the
visual representation of visually salient but sparsely sampled elements,
especially glass and water surfaces, which are often weakly captured in
laser-scanning data because of transparency, reflection or poor returns.
In this study, this improvement is mainly relevant for projection-based
and exposure-oriented interpretation, while geometric boundaries and
volumetric interpretation of these surfaces should still be treated with
caution.

From these projections and slices, class shares can be computed for
green infrastructure, buildings, pavement, water, and other urban ele-
ments. The results reveal continuous lawn and planting areas around the
library, fragmented greenery along the internal street, and limited green
cover in the central paved plaza between the Aula and the library.
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Fig. 7. 3DGS generation from Postshot and Leestudio software.

S3DGS with different semantic segmentation conveyed by SPC

Mgy

Fig. 8. SPC-guided semantic propagation to the fused S3DGS representation.

Table 5
Quantitative evaluation results for geometric alignment and semantic propa-
gation between SPC and 3DGS.

Metric Description Result Interpretation
RMSE (m) Root-mean-square error 0.0439 Accurate geometric
between manually alignment (< 5 cm)
selected corresponding
points in SPC and 3DGS
kNN label Percentage of propagated 92.24 High local semantic-
consistency Gaussian labels matching % transfer consistency
(%) the local majority label of
the three nearest SPC
neighbors
Mean Average distance between  0.036 Errors confined to
mismatch misclassified Gaussians local boundaries
distance (m) and their nearest SPC
reference
Mean voxel Intersection-over-union 0.258 Low volumetric
IoU between SPC and 3DGS overlap due to
voxel grids (25 cm sampling and density
resolution) differences

5.4. Observer-centered visual exposure results

The observer-centered module generates semantic panoramas from
S3DGS and compares them with segmented SVI panoramas at corre-
sponding accessible viewpoints. Fig. 10 shows representative examples
of the two outputs. Compared with SVI segmentation, the S3DGS ren-
derings show more coherent semantic boundaries. As highlighted by the

red boxes, several SVI results contain broken or noisy semantic patches
caused by the presence of the scanning vehicle, material shadows on the
ground or local image-segmentation errors. Such artefacts often require
image-by-image cleaning before SVI-derived indicators can be used
reliably. In the S3DGS panoramas, these fragmented patches and local
misclassifications are reduced because the semantic view is rendered
from a labeled 3D scene rather than segmented independently from each
image.

The S3DGS-based panoramas also provide a denser and more flexible
observation field. While SVI is limited to existing camera locations,
S3DGS allows virtual viewpoints to be placed across courtyards, internal
campus paths and other locations where SVI coverage is incomplete or
unavailable. As shown in Fig. 11a-f, this enables visual-exposure pat-
terns to be mapped more continuously across the study area. As a result,
this comparison is not intended as a full accuracy benchmark. Rather, it
provides limited evidence that S3DGS can reduce image-specific seg-
mentation artefacts and extend observer-centered analysis beyond
available SVI locations.

The resulting S3DGS-based visual layer reveals clear spatial patterns.
Tree-lined paths show stronger vegetation presence, while the central
paved plaza between the Aula and the library is characterized by higher
building and sky exposure. Around the library entrance, vegetation
becomes more prominent again due to nearby planting beds and trees.
Based on the reduced visual-exposure signature of vegetation, building
and sky shares, the visual layer is further grouped into five recurrent
visual-exposure types, with the number of clusters selected by elbow
analysis. These types provide the observer-centered layer for the later
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Fig. 9. Projection-based semantic composition results from the S3DGS scene, including horizontal semantic slices at 1 m and 3 m and facade-oriented semantic

projections.

(a) Seamentation results from street view imaqery (SVI)

(b) Segmentation results from 3D Gaussian Splatting (3DGS)

Fig. 10. Comparison between SVI semantic segmentation and S3DGS semantic panoramic rendering.

layered scene interpretation.

The clustering result summarizes the spatial variation of pedestrian-
level visual exposure by grouping viewpoints with similar proportions
(E1-E5, Fig. 11g-h). Cluster E1 represents sky-open viewpoints, Cluster
E2 green-open viewpoints, Cluster E3 ground-dominated open view-
points, Cluster E4 building-enclosed viewpoints, and Cluster E5 street-
furniture-affected viewpoints. The fifth type contains few samples and
mainly results from a small number of grid-based viewpoints coinciding
with localized street-furniture elements, so it should be interpreted as a
minor sampling-related category.

5.5. Volumetric green and building exposure in 3D columns

The volumetric module produces column-based semantic composi-
tion results for the 5 x 5 m grid. Fig. 12a shows the spatial distribution
of the five volumetric spatial-presence clusters, while Fig. 12b summa-
rizes the stacked semantic composition of each cluster. Table 6 reports
the overall semantic proportions across the study area. Building has the
largest spatial-presence share, followed by road surface, vegetation and
ground, while water and street furniture account for smaller pro-
portions. These values should be interpreted as spatial-presence in-
dicators rather than exact material volumes.

The five clusters (V1-V5) reveal distinct three-dimensional
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composition patterns (Fig. 13a-b). Cluster V1 is building-dominated,
with building elements occupying almost the entire column composi-
tion. It corresponds mainly to the central built masses of the Aula and
library. Cluster V2 is a mixed hard-surface type, combining road surface,
ground, vegetation and a small building component. Spatially, it appears
around transitional areas where circulation surfaces, open ground and
nearby built or planted elements overlap. Cluster V3 is ground-
dominated, with ground surfaces forming the largest component, and
is associated with open accessible spaces and paved areas. Cluster V4 is
vegetation-dominated and is concentrated along planted edges, tree-
lined surroundings and green areas. Cluster V5 is road-surface-
dominated, with road surface forming the main component, and is
mainly distributed along circulation corridors and hard-surface move-
ment spaces.

Compared with a map that shows only the dominant semantic class,
the stacked composition reveals the internal structure of each volu-
metric type. It shows that some spatial units are compositionally mixed,
especially at transitions between building edges, planted areas and cir-
culation surfaces. These volumetric spatial-presence types provide the
third analytical layer for the later layered scene interpretation.
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Fig. 11. Spatial patterns of observer-centered visual exposure and visual-exposure types derived from SVI and S3DGS panoramas.
Note: The visual-exposure type 5 contains only a small number of samples. This is mainly because the virtual viewpoints were placed according to the regular grid,
and a limited number of viewpoints coincided with street-furniture elements. As a result, this type should be interpreted as a minor grid-sampling artefact rather than

as a dominant visual condition of the site.
5.6. Layered scene-typing results

The final synthesis result is shown in Fig. 14. The map overlays the
volumetric spatial-presence layer and the observer-centered visual-
exposure layer within the same spatial units. In the figure, V1to V5
denote volumetric spatial-presence types, E1 to E5 denote visual-
exposure types, and EU indicates units without a valid exposure
assignment. Each combined code links the three-dimensional composi-
tion of a spatial unit with its pedestrian-level visual condition. This
layered result shows the value of the shared S3DGS reference: volu-
metric and visual information can be read together for the same grid cell.
It identifies areas where spatial presence and visual exposure are
consistent, as well as areas where they diverge.

One example is V1-E3, which appears near the entrance side of the
TU Delft Library. This type indicates a condition in which the volumetric
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layer records a strong building presence, while the visual-exposure layer
is less dominated by the building and is more strongly associated with
greenery or open ground in the field of view. In other words, the
building mass remains present in three-dimensional space, but its visual
exposure from the pedestrian perspective is reduced. This pattern is
consistent with the design reading of the library as a substantial building
volume that visually recedes into the surrounding campus landscape and
maintains a modest relationship with the existing monumental context.

More broadly, the layered scene-typing result allows projection, vi-
sual, and volumetric outputs to be organized within a shared spatial
reference. Each spatial unit can therefore be interpreted through mul-
tiple linked layers, providing a more nuanced description of urban scene
types than a single indicator layer alone.
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Fig. 12. Volumetric spatial-presence aggregation results in 3D columns.

Table 6
Semantic category proportions derived from S3DGS-based volumetric spatial-
presence aggregation.

Semantic category Voxel Voxel Category volume
count volume percentage
street furniture 42256 660.25 0.027622
Green land/ Unpaved 240848 3763.25 0.157437
ground
Vegetation 311365 4865.078 0.203532
Building 526484 8226.313 0.34415
Road/paved ground 326695 5104.609 0.213553
Water 5135 1283.75 0.053706
TOTAL 23903.25

6. Discussions

The preceding sections demonstrated the proposed SPC-S3DGS
workflow through the Aula-library block in Delft. The case shows how a
shared S3DGS analytical base can support projection-based composition
analysis, observer-centered visual exposure analysis, volumetric spatial-
presence aggregation and layered scene typing within one semantic and
spatial reference. The following discussion considers the analytical
value of this shared reference, its possible application pathways, the
uncertainty and transparency of the current workflow, and the limita-
tions that remain for future work.

6.1. Shared analytical reference, layered interpretation and flexible
observation

The added value of the proposed S3DGS framework lies in three
aspects: analytical consistency, layered interpretation and flexible
observer-centered analysis. Established GIS, SVI, point-cloud and 3D
city-model workflows already support many individual indicator fam-
ilies. S3DGS adds a shared semantic, spatial and visual reference
through which these indicator families can be derived and interpreted
together. S3DGS organizes projection-based composition, observer-
centered visual exposure and volumetric spatial presence within the
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same labeled Gaussian scene, allowing them to share semantic labels,
spatial units and visual references.

First, S3DGS improves analytical consistency across indicator fam-
ilies. In separate workflows, projection-based, image-based and volu-
metric indicators are often produced from different data sources,
acquisition times, coordinate assumptions and spatial sampling designs
(Kolbe et al., 2015). Even within SVI-based analysis, repeated images
reported at the same geographic location may still show positional shifts
because of differences in camera trajectory, capture time, platform
metadata or image selection (Fan et al., 2025; Sanchez & Labib, 2024).
These inconsistencies become more pronounced when image-derived
indicators are compared with 3D city models, point clouds or GIS
layers constructed from different acquisition campaigns (Peng et al.,
2026). Differences in projection methods, viewing geometry, temporal
currency and semantic classification can introduce offsets between what
is visible in images and what is represented in spatial models. In the
present workflow, facade projections, horizontal slices, panoramic ren-
derings and column-based volumetric measures are linked to the same
semantic structure and spatial reference (Kutzner et al., 2020). This
shared reference reduces the need for post-hoc reconciliation across
separately produced analytical products and allows differences between
layers to be interpreted as urban conditions rather than as artefacts of
incompatible datasets.

Second, S3DGS supports layered interpretation. The layered scene-
typing result shows how volumetric presence, visual exposure and sur-
face composition can describe different aspects of the same location. Its
significance lies in connecting physical presence, visible experience and
surface condition within the same analytical unit (Peng et al., 2025). For
example, a space may contain strong building mass in the volumetric
layer while showing limited building dominance from the pedestrian
viewpoint; such a condition indicates that built form is physically pre-
sent but visually moderated by landscape, openness or viewing position.
Similarly, shaded hard-surface spaces, vegetation-rich ground areas,
visually green facade edges and mixed transitional zones can be distin-
guished by comparing visual, volumetric and projection-based layers.
These relationships are difficult to identify from a single model or in-
dicator layer, because planar maps, street-level images and volumetric
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Fig. 13. Volumetric spatial-presence aggregation and clustering results: (a) Spatial distribution of the five volumetric column clusters across the 5 x 5 m grid.
(b) Stacked semantic composition of each cluster based on ground, vegetation, building and road-surface proportions.

Note: Street furniture was excluded from the volumetric clustering features. It was retained in the overall semantic aggregation, but its localized small-scale volumes
may dilute the relative shares of ground and road-surface elements. The clustering therefore uses ground, vegetation, building and road-surface shares as the main

volumetric signature.
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Fig. 14. Layered scene-typing result from co-referenced volumetric and visual-exposure layers: V1-V5 denote volumetric spatial-presence types, E1-E5
denote visual-exposure types, and EU indicates units without a valid exposure assignment.

representations each describe only part of the urban condition. The
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layered S3DGS reading therefore supports interpretation of how built
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form, greenery, openness and surface composition interact at human
scale.

Third, S3DGS extends observer-centered analysis beyond the limits
of conventional viewpoint- and image-acquisition-based SVI workflows.
SVI remains valuable for empirical street-level observation, but it is
constrained by available camera positions, image quality, acquisition
timing and segmentation uncertainty (Biljecki & Ito, 2021; Hou &
Biljecki, 2022). In S3DGS, semantic panoramas can be rendered from
controllable virtual viewpoints, including courtyards, internal paths and
different viewing heights. Since the panoramas are rendered from a
labeled 3D scene, vegetation edges, facade boundaries and small spatial
transitions can appear more coherent than in image-segmentation re-
sults affected by fragmented patches or local misclassification. The
SVI-S3DGS comparison therefore demonstrates an observation-design
gain: S3DGS extends SVI-style visual analysis from discrete camera
samples to a denser and more controllable observation field, while
keeping the visual indicators aligned with the underlying 3D semantic
structure. The 5 x 5 m grid used in this study is one operational scale for
linking these layers. Finer spatial units could support detailed site
diagnosis, while coarser units could support broader planning assess-
ment. The analytical resolution can therefore be adjusted according to
the scale and depth of the research question (Lei et al., 2023). Across
these resolutions, the key role of S3DGS is to keep projection-based,
observer-centered and volumetric outputs traceable to the same se-
mantic scene.

Together, these results show that S3DGS adds value across both
point-cloud-based and image-based analysis (Table 7). The image-
driven Gaussian component improves the representation of visually
salient elements that are weakly sampled by laser scanning, such as
water surfaces and glazing (Whelan et al., 2018), while controllable
virtual viewpoints extend SVI-style exposure analysis from fixed camera
locations to a denser human-viewpoint sampling field. Both gains
remain linked to the same semantic reference, allowing projection, vi-
sual and volumetric outputs to be interpreted within one analytical
scene.

volumetric indicators and reduces post-hoc reconciliation

across separate analytical products.
but visually recessive building mass, shaded hard-surface

spaces and mixed transitional zones.
samples to a denser and more controllable observation

Extends SVI-style exposure analysis from discrete image
field aligned with the 3D semantic scene.

Supports consistent comparison of structural, visual and
Enables cross-layer readings such as physically present

Analytical gain

6.2. Implementation requirements and reliability

For practical implementation, the S3DGS workflow requires a min-
imum analytical package. This includes a sufficiently complete semantic
point-cloud reference, a multi-view image set with adequate overlap and
viewpoint diversity, a semantic schema aligned with the intended
analysis, and a registration pathway that brings the point-cloud refer-
ence and Gaussian scene into a shared coordinate frame. A rendering
and analysis pipeline is also needed to generate projections, semantic
panoramas, voxel-based column aggregations and layered scene
profiles.

The evaluation results reported in Section 5.2 indicate that the cur-
rent implementation provides a stable basis for block-scale semantic
transfer and indicator derivation, with an alignment RMSE of 0.0439 m,
kNN label consistency of 92.24%, an average mismatch distance of
0.036 m and a mean voxel IoU of 0.258. These results are not intended as
a general benchmark of 3DGS reconstruction accuracy; instead, they
show that the fused SPC-S3DGS reference is sufficiently co-registered
and semantically coherent for the analytical tasks demonstrated in this
study.

For larger-scale deployment, S3DGS is more realistically imple-
mented as a tile-based or block-based analytical layer rather than as a
single city-wide model (Biljecki et al., 2015b). City-scale urban digital
twins may retain coarser CityGML, CIM, GIS or point-cloud layers for
general management and monitoring tasks, while S3DGS can be

Projection-based composition, visual-exposure types and volumetric spatial-presence

achieved an alignment RMSE of 0.0439 m and a kNN label consistency of 92.24%.
types are linked within the same 5 x 5 m grid cells.

Semantic panoramas are rendered from controllable virtual viewpoints in S3DGS,

aggregations are generated from the same labeled S3DGS scene. The workflow
including courtyards, internal paths and different viewing heights.

Facade projections, horizontal slices, semantic panoramas and column-based

S3DGS-based implementation

exposure or three-dimensional spatial presence separately, but may

derived from different datasets, semantic classes, coordinate systems
not show how these dimensions interact at the same location.

Projection-based, image-based and volumetric indicators are often
and spatial units.

Single indicator layers may describe surface composition, visual
SVI-based analysis is constrained by existing camera locations,
accessible routes, image quality and segmentation artefacts.

Challenge in separate workflows

Main analytical contributions of S3DGS compared with separate workflows.

generated selectively for areas requiring high-resolution visual-semantic g 2 é g
interpretation. Such areas may include heritage blocks, public-space E|= 8 B §
redesign sites, campus environments, streetscape intervention zones N '}e: g% 3 g iz g
and climate-adaptation hotspots. This selective strategy helps control % § ;s‘:’ S §~E g C
segmentation effort and data-processing cost, because high semantic &
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and visual detail is applied where it directly supports planning or design
questions (Biljecki et al., 2016; Biljecki et al., 2014). It also supports
differentiated updating: relatively stable elements such as building
massing and ground structure can be updated less frequently, while
vegetation, construction zones, temporary interventions and rapidly
changing public spaces can be refreshed seasonally or project by project.
When applied across larger districts, this tile-based logic allows S3DGS
outputs to be connected through a shared spatial grid, semantic schema
and reference coordinate system (Lei, Stouffs, et al., 2023). Individual
tiles can be generated, updated or replaced independently, while still
contributing to a broader analytical framework. This makes S3DGS more
suitable as a selective high-resolution layer within urban digital twins
than as a fully continuous replacement for existing city-scale models.

6.3. Application pathways of the proposed S3DGS workflow

Building on these implementation requirements and reliability con-
siderations, this section outlines the potential application pathways of
S3DGS in urban analysis, planning assessment and digital twin work-
flows. The S3DGS framework can support urban analysis and design
tasks that require structural, visual and spatial-presence information to
be interpreted together. In public-space assessment, it can relate ground
composition, visual openness and three-dimensional vegetation pres-
ence when evaluating comfort, enclosure or potential resting areas
(Biljecki et al., 2015a). In streetscape evaluation, it can extend SVI-style
visual indicators to internal paths, courtyards and pedestrian areas
where street-view imagery is unavailable. In heritage and campus en-
vironments, it can support the analysis of facade visibility, visual
dominance, shaded spaces and the relationship between new in-
terventions and existing architectural settings (Salimi et al., 2023). In
green-infrastructure planning, it can distinguish visually prominent
greenery from spatially substantial vegetation and support more
nuanced assessment of planting, canopy cover and hard-surface expo-
sure (Casalegno et al., 2017; Peng, Li, et al., 2026).

The same logic can be embedded in broader technical workflows
such as design review, scenario comparison, environmental assessment
and urban digital twins. For example, alternative tree-planting, facade
modification or plaza redesign scenarios could be evaluated through the
same projection, visual-exposure and volumetric layers. In more
advanced computational planning workflows, S3DGS can serve as a
visual-semantic analytical layer linked to object-based models, dash-
boards, simulation tools or digital twin platforms (Dembski et al., 2020;
Peng et al.,, 2026; Yu et al., 2020). Its main role is to provide an
analysis-ready  environment where structural, visual and
spatial-presence information can be interpreted together across different
planning and design tasks.

6.4. Limitations and future work

Several limitations remain. First, the empirical demonstration is
based on a single, relatively well-structured campus block with high-
quality input data, so the robustness of the framework in denser, more
heterogeneous urban areas still needs further testing. Second, S3DGS
quality depends strongly on image coverage, viewpoint diversity, reso-
lution, illumination and occlusion. Dynamic objects such as pedestrians
and vehicles may introduce transient artefacts, while reflective or
transparent surfaces such as water and glass remain difficult to stabilize
geometrically and semantically (Schonberger et al., 2016). Third, SPC
construction currently involves semi-automatic segmentation with
rule-based refinement (Li et al., 2023; Luiten et al., 2024). This supports
interpretability in the present case, but may become costly at larger
scales. In addition, scanner-native tools such as LCC Studio can support
parts of the workflow, but format incompatibility and camera-model
differences may still limit downstream fusion and semantic propaga-
tion. Finally, the volumetric indicators should be interpreted as
voxel-based spatial-presence or volumetric composition indicators
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rather than exact material volumes, because they depend on voxel res-
olution, point-cloud completeness, segmentation quality and scene
coverage (Gehrung et al., 2018; Zigba-Kulawik et al., 2021).

Future work should test the framework across larger and more
diverse urban settings, including denser blocks, irregular street networks
and mixed acquisition conditions. Further research should also compare
different spatial and semantic resolutions to clarify when coarse se-
mantic grouping is sufficient and when finer classification is needed for
site-level diagnosis. At the implementation level, larger scenes will
require tiling, hierarchical processing, Gaussian pruning, quantization
or streaming strategies to reduce computational cost and memory
footprint. Future work should also improve automation in SPC con-
struction and semantic propagation, strengthen interoperability across
open workflows such as RealityCapture, COLMAP and Postshot, and
explore emerging UAV or mobile systems with stronger Gaussian-
splatting-oriented acquisition capabilities. These developments would
make the S3DGS workflow more accessible, scalable and suitable for
operational urban digital twin and planning applications.

7. Conclusion

This paper developed an SPC-guided S3DGS analytical framework
and demonstrated it through the Aula-library block in Delft, using laser-
scanning point clouds and multi-view imagery to construct a shared
semantic, spatial and visual base for urban analysis.

The study makes three main contributions. First, it shows how SPC
semantics can be propagated to fused street-level and aerial 3DGS
components, producing an S3DGS analytical base in which projection-
based, observer-centered and volumetric analyses share the same se-
mantic and spatial reference. This reduces the inconsistency that can
arise when GIS, SVI, point-cloud and 3D-model outputs are combined
after analysis. Second, it demonstrates a layered analytical workflow in
which facade projections, height-specific horizontal slices, semantic
panoramas, volumetric spatial-presence clusters and layered scene types
can be derived and interpreted within the same scene. This enables
linked interpretation of urban conditions that may be difficult to capture
with a single analytical layer, such as visually recessive building mass,
shaded hard-surface areas or mixed transitional spaces. Third, it dem-
onstrates the broader observational flexibility of S3DGS for urban
analysis. The framework supports controllable virtual viewpoints,
different viewing heights, semantic panoramic rendering, facade-
oriented projection and high-fidelity visualization of visually salient
elements such as glass and water surfaces. These capacities provide a
flexible basis for studying urban form, visual experience and spatial
presence together.

Future work should test the framework across larger and more
diverse urban settings, compare different spatial and semantic resolu-
tions, improve automation and model efficiency, and explore emerging
Gaussian-splatting-oriented acquisition workflows. These developments
may further strengthen the use of S3DGS as an analysis-ready base for
integrated urban assessment.
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