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A B S T R A C T

SWAN (ShadoW ANalysis for Cities) is an open-source, platform-independent Python tool designed for high- 
fidelity 3D shadow analysis using CityJSON-format 3D city models. Unlike proprietary or limited tools, SWAN 
performs tessellation of building surfaces and applies ray-tracing via Open3D to compute shadow durations with 
fine spatial and temporal granularity. The software integrates results into PostGIS, enabling advanced spatial 
queries for urban planning, solar energy optimization, and microclimate studies. With modular architecture, 
reproducibility, and MIT licensing, SWAN provides a reusable and extensible solution for researchers, planners, 
and architects, advancing urban sustainability and supporting data-driven decisions in smart city applications.

Metadata
Nr Code metadata description Metadata
C1 Current code version v1.0
C2 Permanent link to code/repository 

used for this code version
https://github.com/ZiyaUsta/SWAN

C3 Permanent link to reproducible 
capsule

NA

C4 Legal code license MIT License.
C5 Code versioning system used git,
C6 Software code languages, tools and 

services used
Python

C7 Compilation requirements, 
operating environments and 
dependencies

Python 3.10, astral 3.2, Numpy 2.0.1, 
open3d 0.19.0, psycopg2 2.9.10, 
pyproj 3.7.1, shapely 2.1.1, tqdm 
4.67.1

C8 If available, link to developer 
documentation/manual

https://github.com/ZiyaUsta/SWAN/ 
blob/main/README.md

C9 Support email for questions ​

1. Motivation and significance

The estimation of shadows cast by buildings is a common topic in 
geoinformation science, and it is important for a number of application 
domains, such as thermal comfort [1] and solar energy [2]. According to 
Herbert and Chen [3], understanding shadows is a critical aspect of 
urban planning, as it enables the assessment of how new developments 
affect surrounding buildings and Xu et al. [4] states that 3D City Models 
are provide a structured dataset crucial for calculating the shadowing 
effect. By anticipating the shadow effect caused by nearby buildings, 

planners, architects, and engineers can make data-driven decisions to 
enhance urban liveability and optimize solar energy systems. Shadow 
analysis serves multiple purposes in geoinformation science. While 3D 
city models are used to simulate shadows for comfort and energy studies, 
the reverse approach is also common in remote sensing. Several studies 
have utilized shadow lengths from satellite or aerial imagery to estimate 
the height of [5–7] and vegetation [8]. Furthermore, the application of 
shadow-based height estimation extends beyond buildings to diverse 
urban and rural features. For instance, high-precision measurements of 
height differences have been conducted using shadows in non-stereo 
imagery [9]. Similar methodologies have been applied to estimate the 
heights of vegetation, such as olive trees in GIS-based agricultural 
studies [10], and to measure infrastructure components like power py
lons using high-resolution satellite data [11]. Unlike these 
reconstruction-focused methods, SWAN leverages existing semantic 3D 
city models (CityJSON) to perform high-precision forward shadow 
simulation for urban planning.

Shadow estimation in an urban environment represents a funda
mental component of 3D GIS and is employed in diverse domains [12]; 
however, 3D shadow analysis tools are quite limited. While shadow 
analysis tools are not new, the proprietary, closed-source nature of 
existing solutions has constrained their accessibility for wider use by 
decision makers. Furthermore, some software components only work in 
specific environments. Yue et al. [13] and Xu et al. [14] use Rhino3D 
parametric modelling software along with extensions of the Grasshopper 
and Ladybug simulation tools for the evaluation of solar radiation on 
building surfaces. In this software chain, Rhino3D is commercial, and 
Grasshopper does not work on Mac OS. Machete et al. [15] use Ecotect 
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for 3D Solar Analysis, which is no longer available. A widely used 
alternative open-source solution is the 'r.sun' solar radiation analysis 
module of the GRASS, open-source GIS software [16]. However, the 
majority of GIS software employs 2.5D surface models and has limited 
capabilities. In such models, data is represented as continuous surface 
and loss semantic information hence, vertical surfaces cannot be iden
tified, and therefore, building facades can not be analysed. To address 
this limitation, the v.sun module has been developed by Hofierka and 
Zlocha [17]. Although it is claimed to be open-source and a module of 
GRASS, the source code of the v.sun module has not been made publicly 
available, and the module is not included in GRASS releases. Therefore, 
it cannot be considered an open-source and reusable solution.

Xu et al. [18] developed a method for 3D shadowing calculation 
using 3D city models and the Ray-Tracing algorithm. They implemented 
their solution in C++ along with well-known algorithms for optimiza
tion, such as Bounding Volume Hierarchies [19] and Nightside Filtering 
[20]. Although the implementation is clearly described, it has not been 
published in any accessible form, thereby making the shadow calcula
tion methodology non-reproducible and non-reusable. Shadow Analysis 
software by DeltaCodes [21] is another shadow analysis tool which is 
developed as a commercial plug-in for SketchUp modeling software. 
Shadowmap [22] and ShadeMap [23] are both web applications that 
visualize real-time shadows for a specific location. Additionally, Shad
owmap has also analysis capabilities. The major drawback of these two 
tools is that they use Open Street Map (OSM) generated 3D models 
which are not correct if the height information is missing in the OSM. 
Waqas et al. [24] calculates solar radiation includes shadow calculation 
using ESRI ArcGIS Pro 3.2 commercial software. SolarQGIS, introduced 
by Ilba [25], is an open-source QGIS plugin that calculates solar radia
tion on arbitrary 3D geometry. The main limitation is that SolarQGIS 
does not tessellate the 3D polygon surfaces into smaller surfaces and 
performs the analysis across each surface as a whole. However, while 
one part of a surface may receive greater exposure to sunlight, another 
part may be more affected by shading. Consequently, solar radiation is 
not distributed uniformly across polygonal surfaces. In particular, 
considering that the average size of solar panels is approximately 2 m ×
2 m, surfaces larger than these dimensions need to be subdivided into 
smaller units to allow for a fine-grained analysis.

In general, an examination of the existing software components for 
3D shadow analysis reveals that many are not open source, operate only 
on specific platforms, do not support 3D city model formats such as 
CityGML or CityJSON, hindering the widely use of 3D shadow analysis 
in decision-making processes. Additionally most of the existing software 
generate a rendered image (URL-1) or visualize results. Thus, results can 
be seen but cannot be queried. To bridge this gap, SWAN, an open- 
source 3D shadow analysis tool, has been developed.

SWAN (Shadow Analysis for Cities) addresses these gaps by 
providing an open-source, platform-independent Python tool that sup
ports CityJSON-format 3D city models. It performs high-resolution 
shadow analysis by tessellating building surfaces and computing 
shadow durations using ray-tracing, leveraging the Open3D library. 
SWAN’s accessibility and reproducibility make it a valuable tool for 
urban planners, architects, and researchers seeking data-driven de
cisions without reliance on costly or platform-specific software. 
Furthermore, SWAN imports results into a PostGIS table along with the 
3D city model with the surface type information. Therefore, complex 
queries can be performed to for urban analysis purposes after the 
shadow analysis such as how much of the roof surfaces remain in 
shadow or what percentage of the building facades are shaded.

2. Software description

SWAN is a general-purpose Python tool designed to compute shadow 
durations on 3D building surfaces within CityJSON-format 3D city 
models. It processes building geometries, tessellates surfaces into a grid 
of points (e.g., 2 m spacing), and calculates shadow durations over user- 

specified time periods using solar position data and ray-tracing. SWAN is 
platform-independent, running on Windows, Linux, and macOS, and is 
released under the MIT License to ensure accessibility and reusability.

2.1. Software architecture

SWAN’s architecture is modular, with distinct components for data 
input, processing, and visualization. The software is structured into six 
modular classes, each handling a distinct aspect of the shadow analysis 
pipeline, designed with the Single Responsibility Principle in mind 
(Fig. 1). Six classes distinctly separate the logical components of the 
code. Each class is independently testable and reusable:

CityJSONLoader: Reads CityJSON files, extracting building geome
tries and semantic surfaces such as “RoofSurface” and “WallSurface”. 
The CityJSONLoader class is responsible for loading CityJSON files into 
memory and extracting geographical metadata, ensuring robust input 
validation. It computes the midpoint coordinates from the “geo
graphicalExtent” and retrieves the coordinate reference system (CRS), 
which are critical for accurate solar calculations. The extraction of the 
CRS is a critical step in the SWAN workflow to bridge the gap between 
local 3D city model geometries and global astronomical calculations. 
While georeferenced CityJSON files typically use local projected Car
tesian coordinate systems for metric accuracy such as RD New for Rot
terdam, solar position algorithms—such as those implemented in the 
astral library—require geographic coordinates Latitude/Longitude in 
WGS84 as input. SWAN uses the CRS metadata to perform two essential 
transformations: first, it converts the local center coordinates of the 
model into WGS84 to compute precise solar azimuth and altitude angles 
for the specific location; and second, it ensures that the resulting 3D 
solar vectors are correctly aligned with the orientation of the building 
geometries for the ray-tracing process. This synchronization prevents 
spatial discrepancies between the sun’s calculated position and the static 
3D model, ensuring the accuracy of the shadow duration results. 
Without this step, solar vectors would be inaccurate for models in non- 
geographic CRS.

GeometryProcessor: Converts 3D surfaces to 2D planes, tessellates 
them into a grid, and maps points back to 3D space. The Geo
metryProcessor class handles geometric computations, including plane 
equation derivation, 2D projection, and 3D surface point generation. It 
processes building surfaces from CityJSON data, preparing point clouds 
for shadow analysis.

SunDirectionCalculator: Uses the Astral library to compute hourly 
solar directions based on location and date range. The SunDir
ectionCalculator class computes hourly solar direction vectors for a 
given date range, using the astral library for precise astronomical cal
culations. It integrates coordinate transformations to ensure location- 
specific accuracy.

ShadowAnalyzer: Employs Open3D’s ray-tracing to detect in
tersections between solar rays and building geometries, excluding self- 
intersections. The ShadowAnalyzer class performs ray-tracing using 
Open3D to detect shadow intersections on building surfaces. It computes 
the daily average shadow duration by aggregating intersection results 
over the specified date range.

Visualizer: Saves results as JSON files and visualizes buildings and 
shadow points using Open3D, with color002Dcoded shadow durations. 
The Visualizer class generates a JSON output of shadow analysis results 
and visualizes building surfaces and shadow points using Open3D. A 
color gradient (green to red) represents the daily average shadow 
duration, enhancing human interpretability.

PostGISExporter: The PostGISExporter class is a pivotal component 
of the software, enabling integration of CityJSON data and shadow 
analysis results into a PostGIS database for efficient storage, querying, 
and spatial analysis. Designed to handle geospatial data with high 
flexibility, it supports two primary tables: cityobjects and surface_points
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2.2. Software functionalities

The software first parses the CityJSON file and loads it into memory. 
It reads the extent of the city model from a file and calculates the centre 
coordinates of the city model for the calculation of solar azimuth and 
altitude angles. Additionally, it extracts the coordinate reference system 
(CRS) of the city model for correct coordinate transformation. The user 
can define a grid in meters, and based on the user input in the main.py,

SWAN generates an equally spaced regular point grid on 3D surfaces 
(Fig. 2). While generating points on surfaces, ground surfaces are filtered 
and not taken into account in shadow analysis. This also reduces the 
number of points to be generated and, consequently, the number of 
intersection tests to be performed for the points.

Fig. 2 illustrates the fundamental mechanism of the shadow analysis 
process within the SWAN framework. It displays a segment of a 3D 
building facade where the surface has been discretized into a grid of 
sensor points, represented by red dots, through the tessellation process. 
From each sensor point, a solar vector, indicated by the blue lines, is 
projected toward the sun’s calculated position for a specific time step. 
The ray-tracing engine then evaluates these vectors to determine if they 
intersect with any surrounding geometry, such as adjacent buildings or 

other parts of the same structure. A clear path for a vector indicates that 
the sensor point is in direct sunlight, while an intersection signifies that 
the point is in shadow for that particular moment. This visualization 
clarifies how the software transitions from static 3D geometry to dy
namic, point-based shadow duration calculations.

Using centre coordinates and CRS, SWAN calculates solar azimuth 
and altitude angles for a given time. Using azimuth and altitude angle, it 
calculates the direction vector towards to sun and, using the direction 
vector, it implements ray-tracing using Open3D to determine whether 
the vector intersects with any other surfaces. Based on this intersection 
test, the shadow is determined if there is an intersection. Thus, for each 
time step between the sunrise and sunset hours intersection test is 
repeated and shadow values are recorded. Hours from sunset until 
sunrise of the next day are excluded because there is no sun in the sky at 
those times. This is required for the accuracy of the analysis. For 
example, the shadow analysis software (URL-1) leaves the selection of 
the time interval to the user, and if the user enters incorrect sunrise and 
sunset times, the results will also be incorrect. Additionally, excluding 
the times that the sun is not in the sky also reduces the number of 
intersection tests and improves performance. SWAN does this filtering 
automatically using the Astral Python library. This eliminates the need 

Fig. 1. Components of the SWAN.
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for the user to know the sunrise and sunset times for the relevant days 
and ensures the correct time steps for the analysis. The general workflow 
of SWAN can be found in Fig. 3 and pseudo-code for SWAN in Annex 1.

Once the daily average shadow hours are determined, the results are 
visualized using the Open3D library by the SWAN (Fig. 4). Finally, for 
each point, SWAN saves the results into a JSON file and exports the 
results along with the 3d city model to a PostgreSQL database with 
PostGIS extension. Thus, users can integrate results with a database and 
perform advanced queries on the results. SWAN also stores the surface 
type, such as “WallSurface” or “RoofSurface”, along with points, and the 
user can analyse this information as well. For the database connection 
user must change “db_params” accordingly in the main.py file.

3. Illustrative examples

To ensure a reproducible environment, SWAN manages its de
pendencies using Conda, an open-source package and environment 
management system that simplifies the installation of complex spatial 
libraries across different operating systems. By using Conda, a dedicated 
virtual environment can be created to isolate the specific versions of 
Python and libraries required for SWAN, preventing conflicts with other 
system-wide installations.

Using conda, a new environment can be created and dependencies 
can be installed easily using a requirements.txt file as following 

expression “conda install –file requirements.txt”. After installing de
pendencies, in main.py file users can set the parameters and run the 
software (Listing 1). After importing required classes, users can set input 
3D city model file, spacing for point grid generation, output file, start 
date, end date, hour step and database connection parameters. Note that 
database connection is optional and without it SWAN also work and 
visualize results and store shadow values in output file. If database 
connection provided, SWAN also generate two spatial tables in Post
greSQL database for further advanced queries (Fig. 5).

Fig. 2. Point grid on building surfaces and sun rays for a given time step. The 
red points represent the tessellated sensor grid on the building facade, while the 
blue lines indicate the solar vectors projected towards the sun's position for 
intersection testing.

Fig. 3. Workflow diagram of the SWAN.
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Fig. 4. Shadow analysis results for Rotteram model (left) and Den Haag model (right).

Fig. 5. SWAN generates “cityobjects” and “surface_points” spatial tables.
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Listing 1. Usage of the SWAN software.

4. Validation and performance evaluation

To assess the reliability and accuracy of SWAN's shadow estimation 
algorithm, a cross-validation study was conducted using Ladybug Tools 
(for Rhino/Grasshopper), which is widely recognized as an industry- 
standard engine for environmental analysis in architecture and urban 
design.

For the validation setup, a representative urban blocks from the 
Rotterdam 3D city model and Den Haag 3D city model were selected to 
test complex shadowing scenarios, including self-shadowing and cast 
shadows from neighboring structures. To ensure a fair comparison, both 
software environments were configured with identical boundary 
conditions: 

• Geometry: The same CityJSON building geometries were imported 
into Rhino as Mesh objects. Surface normals were unified to ensure 
correct ray-intersection directionality.

• Geolocation: Rotterdam with the UTC+1 time zone and Den Haag 
with the UTC+1 time zone

• Temporal Resolution: A simulation period was set between 
15.01.2025–20.01.2025

• Spatial Resolution: A sensor grid spacing of 2.0 m was applied in 
both SWAN (using GeometryProcessor) and Ladybug (using LB 
Generate Point Grid).

Since, Ladybug calculates direct sun hours, The primary metric for 
comparison was "Direct Sun Hours", the inverse of shadow duration. To 
ensure clarity in the analysis results, it is essential to distinguish between 
the two primary metrics used in this study: shadow duration and direct 
sun hours.

Shadow Duration: Defined as the total cumulative time a specific 
sensor point remains in shadow due to obstructions from neighboring 
geometries during the analysis period.

Direct Sun Hours: Represents the total duration for which a sensor 
point is directly exposed to solar radiation.

Mathematically, these two metrics are inverse components of the 
total potential sunshine hours, the period between sunrise and sunset. 
SWAN explicitly calculates shadow duration by detecting ray-geometry 
intersections, and the resulting 'direct sun hours' are derived by sub
tracting the total shadowed intervals from the available daylight period 
to compare with Ladybug. This distinction is critical for applications 
such as solar panel optimization, where direct sun hours are the primary 
interest, versus thermal comfort studies, where shadow duration is the 
key variable. The analysis results from both tools were compared point- 
by-point.

5. Results

The comparison revealed a high degree of correlation between 

SWAN and Ladybug. As shown in Fig. 6. The shadow patterns generated 
by SWAN are visually indistinguishable from those produced by 
Ladybug. The minor discrepancies observed are attributed to the slight 
differences in the solar vector calculation algorithms used by the un
derlying libraries (Astral for Python vs. NOAA vectors in Ladybug) and 
floating-point precision in ray-intersection tests.

This validation confirms that SWAN's open-source, CityJSON-based 
workflow achieves accuracy levels comparable to established pro
prietary solutions, making it a reliable tool for scientific urban studies.

To assess the scalability and resource efficiency of SWAN, perfor
mance tests were conducted using varying dataset sizes from the Rot
terdam 3D city model (100, 500, and 853 buildings) and Den Haag 3D 
city model (100, 500, 844 builddings). The tests were performed on a 
laptop with 32GB Ram and M3 Pro Max CPU, simulating a 5-day period 
(January 15–20) with hourly intervals and a grid spacing of 2.0 m As 
shown in Tables 1, and 2 the software demonstrates efficient memory 
management and rapid processing times. For the Rotterdam dataset of 
853 buildings, the total analysis time was recorded at 27.0 s, with a peak 
memory usage of only 96.2 MB. And, for the Den Haag dataset of 844 
buildings, the total analysis time was recorded at 7.52 s, with a peak 
memory usage of only 43.19 MB. The baseline memory consumption 
remains low, reflecting the minimal overhead of the Python libraries. 
These results indicate that SWAN is highly optimized for desktop envi
ronments, enabling researchers to perform district-scale shadow ana
lyses without the need for high-performance computing infrastructure.

In addition to result consistency, the scalability of SWAN was eval
uated to determine its suitability for large-scale urban applications. The 
performance results presented in Table 1 indicate a sub-linear increase 
in runtime relative to the number of buildings, suggesting that the ray- 
tracing engine integrated with Open3D efficiently handles increasing 
geometric complexity. While the peak memory usage for 873 buildings 
remained below 100 MB, the software’s modular architecture and 
spatial indexing enhance scalability ensuring that SWAN remains a 
robust tool for diverse urban digital twins.

To provide a more comprehensive evaluation of SWAN relative to 

Fig. 6. Comparison of results SWAN (left) and Ladybug (right).

Table 1 
Performance evaluation of SWAN with Rotterdam dataset.

Number of Buildings Peak Memory Usage (MB) Runtime (sec)

100 58.5 3.8
500 74.1 14.2
853 96.2 27.0

Table 2 
Performance evaluation of SWAN with Den Haag dataset.

Number of Buildings Peak Memory Usage (MB) Runtime (sec)

100 26.26 1.05
500 33.26 3.95
844 43.19 7.52
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existing tools, we compare its computational efficiency, scalability, and 
suitability for large-scale urban scenarios with several prominent al
ternatives, including Ladybug Tools (used in the validation), the r.sun 
module in GRASS GIS, SolarQGIS, and selected commercial/proprietary 
solutions.

SWAN demonstrates strong performance on desktop hardware, 
completing shadow analysis for 873 buildings over a 5-day period 
(hourly intervals, 2 m grid spacing) in only 27 s with peak memory usage 
of 96.2 MB (Table 1). This efficiency stems from Open3D's optimized 
ray-tracing engine, which benefits from spatial indexing and efficient 
intersection tests, combined with automatic filtering of nighttime hours 
via the Astral library to reduce unnecessary computations. In contrast, 
Ladybug Tools — while achieving comparable accuracy in direct sun 
hours (as shown in Fig. 6) — typically requires conversion of CityJSON 
geometries to Rhino/Grasshopper meshes and operates within a para
metric environment that can introduce overhead for very large models. 
SWAN's native Python implementation and platform independence thus 
offer advantages in workflow simplicity and scalability for district- to 
neighborhood-level analyses without requiring commercial CAD 
software.

Compared to 2.5D raster-based tools such as r.sun in GRASS GIS, 
SWAN provides full 3D semantic support (including vertical facades) at 
the cost of higher per-point computation due to ray-tracing. However, r. 
sun's raster approach is generally faster for large horizontal surfaces but 
loses accuracy on complex urban morphologies with overhangs, self- 
shadowing on walls, or tilted roofs — scenarios where SWAN excels. 
Extensions like Solar3D or v.sun attempt to bridge this gap but remain 
limited in availability or integration. Similarly, SolarQGIS performs well 
on smaller scales but lacks surface tessellation, leading to uniform 
treatment of large polygonal faces and reduced precision for applica
tions like solar panel placement. SWAN scales sub-linearly and remains 
practical for urban district analyses without high-performance 
computing resources.

In summary, SWAN balances accuracy, accessibility, and efficiency 
for semantic 3D city model workflows. It outperforms many open-source 
alternatives in handling full 3D geometry and enabling post-analysis 
spatial querying via PostGIS, while maintaining lower resource de
mands compared to heavy parametric tools like Ladybug.

The current architecture is optimized for high-performance CPU- 
based ray-tracing. During development, explicit application-level multi- 
threading was evaluated; however, it was found that manual threading 
in Python introduced significant overhead due to the Global Interpreter 
Lock (GIL) and context switching, often resulting in longer execution 
times than single-process execution. To overcome this, SWAN is 
designed to process rays in large bulk tensors, allowing it to leverage 
Open3D’s underlying C++ kernels powered by Intel Embree. This 
design allows the software to execute ray-tracing as a native, thread- 
safe, and highly optimized process at the C++ level. By feeding rays 
in large bulk tensors, SWAN achieves high-efficiency parallel execution 
across all available CPU cores, regardless of the operating system or the 
presence of a CUDA-enabled GPU.

This architectural choice ensures that SWAN remains a lightweight 
and robust tool for the majority of urban planning scenarios. For 
instance, the analysis of 873 buildings was completed in just 27.0 s on a 
standard laptop. The current CPU-optimized implementation was 
prioritized to guarantee that high-fidelity 3D shadow analysis remains 
accessible to all researchers without hardware-imposed barriers. Future 
extensions could incorporate GPU support for even ultra-large datasets, 
but the current CPU-optimized approach ensures broad accessibility, 
especially for machines or operating systems that do not have CUDA 
support.

6. Impact

SWAN addresses critical gaps in 3D urban shadow analysis by 
providing an open-source, platform-independent framework for high- 
fidelity simulation and data management. The software’s impact is 
demonstrated through its core functional capabilities:

Unlike traditional 2.5D tools such as r.sun [16], which cannot 
represent vertical surfaces, SWAN preserves semantic information from 
CityJSON models such as "WallSurface" and "RoofSurface". This enables 
precise facade-level shadow assessments, which are critical for solar 
potential evaluations [2] and microclimate studies where vertical 
shading is a dominant factor [4]. The use of fine-grained tessellation (2 
m grids) ensures that shadow variations across large surfaces are accu
rately mapped, avoiding the errors inherent in treating entire polygons 
as uniform units.

The PostGIS integration allows persistent storage of CityJSON ge
ometries (as MULTIPOLYGON Z) and analysis points (as POINT Z), 
facilitating complex spatial queries—e.g., identifying surfaces with high 
shadow exposure during specific hours or periods, calculating the per
centage of shaded roof area across districts, or evaluating solar potential 
variations due to building geometry and orientation. Such queries 
directly support evidence-based decisions in urban planning, such as 
optimizing building placements for improved solar access or informing 
energy-efficient retrofits and microclimate studies.

The software’s performance—processing 873 buildings in 27 s with 
under 100 MB of memory—demonstrates that district-scale 3D analysis 
is achievable on standard desktop hardware. By removing reliance on 
proprietary, platform-restricted software such as Rhino3D/Grasshopper, 
SWAN provides a reproducible and extensible tool for municipalities 
and researchers, supporting data-driven decisions in urban sustainabil
ity and digital twin development.

7. Conclusions

SWAN introduces a fully open-source, reproducible, extensible, and 
platform-independent framework for 3D shadow analysis using 
CityJSON-based 3D city models. By leveraging tessellation, ray-tracing, 
and PostGIS integration, the software addresses long-standing limita
tions of proprietary and platform-restricted tools. Its modular architec
ture ensures flexibility, while database connectivity enables advanced 
spatial queries that support urban planning, solar energy assessment, 
and sustainability research. SWAN serves as a foundation for Urban 
Analytics studies and can be extended in that way in future studies.
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Appendix-1 Pseudo-code of SWAN

Algorithm 1: SWAN Computational Workflow
Input:
C_json: 3D City Model (CityJSON file)
T_start: Start date for analysis
T_end: End date for analysis
d_space: Grid spacing (e.g., 2.0 m)
DB_conf: PostGIS connection parameters (optional)
Output:
P_shadow: 3D Points with shadow duration attributes
DB_tbl: PostGIS tables ('cityobjects', 'surface_points')
Procedure:
1: function MAIN(C_json, T_start, T_end, d_space)
2: model, crs, center ← CityJSONLoader.load(C_json)
3:
4: // Step 1: Calculate Sun Vectors
5: V_sun ← SunDirectionCalculator.get_vectors(T_start, T_end, center)
6: FILTER V_sun where solar_altitude > 0
7:
8: // Step 2: Geometry Processing & Tessellation
9: S_surfaces ← EXTRACT surfaces from model
10: P_grid ← ∅
11: for each surface in S_surfaces do
12: points ← GeometryProcessor.tessellate(surface, d_space)
13: ADD points to P_grid
14: end for
15:
16: // Step 3: Ray Tracing Analysis (Core)
17: for each vector in V_sun do
18: rays ← CONSTRUCT rays from P_grid along vector
19: hits ← ShadowAnalyzer.ray_trace(rays, model.geometries)
20: UPDATE shadow_counters for P_grid based on hits
21: end for
22:
23: // Step 4: Export Results
24: Visualizer.save_and_render(P_grid)
25: if DB_conf is valid then
26: PostGISExporter.export(model, P_grid, crs)
27: end if
28: end function
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