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Abstract

Urban freight transport is a critical yet complex component of city logistics, shaped not
only by transport networks but also by the morphological structure of urban areas. Tradi-
tional forecasting models often neglect this spatial heterogeneity, relying primarily on traffic
counts or infrastructure topology. This thesis proposes and evaluates ST-SimNet, a Spatio-
Temporal Simulation Network designed to enhance freight flow prediction by integrating
static urban morphology descriptors with dynamic freight data in a graph neural network
framework. Focusing on the city of Amsterdam, the study explores the extent to which
detailed urban morphology, including building features, land use, and spatial layout, can
improve short-term freight flow forecasts at the road network level. Results demonstrate that
incorporating static features significantly reduces error variance, improves peak hour predic-
tion, and enhances node-level stability compared to dynamic-only baselines. Furthermore,
analysis reveals that nodes with richer morphology information benefit most, while areas
with sparse or noisy static features experience challenges that highlight opportunities for
future refinement. The findings offer practical insights for integrating machine learning into
digital twin platforms for urban mobility, providing a data-driven, spatially aware layer for
freight forecasting in operational city planning systems. Limitations and future directions,
including adaptive fusion mechanisms and cross-city generalisation, are discussed. Overall,
ST-SimNet advances the integration of urban morphology into spatio-temporal predictive
models and demonstrates its practical relevance for modern freight planning in complex
urban environments.
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1. Introduction

The Netherlands, with its dense urban centres and intricate logistical networks, presents
a compelling case study for examining the potential of advanced computational methods
in optimising freight transportation. Freight transport remains a vital enabler of economic
activity, with road freight continuing to dominate modal share despite broader shifts in the
logistics sector. According to the TNO report Decamod: Toolbox voor rekenen aan CO2-reductie
in transport en logistiek(2020) [TNO, 2020], road transport is projected to carry a slightly re-
duced share of total freight—from 75% in 2014 to 73% by 2030. Yet its environmental impact
remains disproportionately high: road freight is expected to account for approximately 81%
of CO2 emissions from freight transport by 2030, due to its lower energy ef�ciency com-
pared to rail and inland shipping and the dominance of short-haul, high-frequency trips
within urban areas.

To systematically model and interpret freight �ows at the urban scale, this study leverages
the classi�cation schema embedded within the Multi-Agent Simulation System for Goods
Transport (MASS-GT) simulation tool. These structured classi�cations form the operational
backbone of MASS-GT and are essential for de�ning vehicle characteristics, freight pro�les,
logistic modalities, and �ow structures. MASS-GT serves as the simulation engine generat-
ing the spatio-temporal freight �ows that form the dynamic input to the ST-SimNet model.
These simulation outputs are aligned to the road network topology, with node-level freight
intensities. The following appendices provide more insight into the modal and structural
mechanisms of MASS-GT:

• Appendix C.1 describes the ten distinct vehicle categories used in the model, ranging
from small trucks and vans to articulated lorries and specialised freight carriers. This
classi�cation is crucial for estimating load capacities, network compatibility, and spa-
tial reach, all of which in�uence routing logic, congestion dynamics, and accessibility
constraints.

• Appendix C.2 outlines the NSTR (NST 2007) goods taxonomy, distinguishing between
sectors such as agricultural products, machinery, building materials, and chemicals.
These commodity classes are key to modelling differentiated freight demand, with
each type exhibiting distinct temporal pro�les, routing behaviours, and sensitivity to
urban form.

• Appendix C.3 further segments the logistics domain based on operational modality,
e.g. temperature-controlled logistics, facility services, construction �ows, parcel deliv-
eries, and waste collection. These segments not only inform routing constraints and
delivery schedules but also correlate with distinct urban morphology features such as
zoning type, building density, and land-use intensity.

• Finally, Appendix C.4 details the transport �ow typology used to de�ne directional
relationships between producers, Distribution Centres ( DCs), Transhipment Terminals
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1. Introduction

(TTs), and end consumers. This classi�cation separates internal urban �ows from in-
terregional and external movements and provides essential structure for interpreting
freight assignment patterns and link-level �ow directions.

By embedding these structured categories into both the simulation and prediction frame-
work, this study ensures consistency between the behavioural assumptions of MASS-GT and
the learning architecture of ST-SimNet. These de�nitions provide not only domain realism and
reproducibility but also serve as interpretable anchors for the integration of spatial features
such as building function, land use, and socio-demographic context. Together, they allow
the model to learn freight movement as a function of both infrastructure and morphology.

Given that 73% of road freight in the Netherlands is con�ned to domestic transport, where
modal shifts to rail or water are often infeasible, these structured segmentations provide the
granularity needed to model nuanced policy interventions. Even marginal improvements in
route ef�ciency or load balancing, when aggregated across segments and vehicle types, can
yield signi�cant environmental and operational gains [TNO, 2020].

Many complex relationships can be effectively represented through knowledge graphs, which
serve as powerful structures for modifying, enhancing, and generating new graphs [Martin
and Reichmann, 2024]. Their versatility has been increasingly leveraged in solving real-
world problems, particularly within scienti�c and industrial domains. For instance, NVIDIA
has harnessed the potential of Graph Neural Network ( GNN )s to optimise physical struc-
tures for additive manufacturing, leading to signi�cant advancements in lattice structure
simulation and predictive modelling [Jain et al., 2024]. This approach has demonstrated
how graph-based models can streamline design processes, improve material ef�ciency, and
reduce computational costs in complex engineering tasks.

Similarly, researchers from institutions including Google DeepMind developed the Graph
Networks for Materials Exploration ( GNoME ) framework, which utilises GNN to evaluate
material stability based on structural and compositional properties. By scaling the training
of these networks, the GNoME framework has achieved remarkable generalisation capabil-
ities, enabling the discovery of over 2.2 million stable crystal structures and signi�cantly
enhancing the ef�ciency of materials discovery [Merchant et al., 2023]. These examples un-
derscore the transformative potential of graph-based models in diverse applications, from
optimising manufacturing processes to accelerating scienti�c discoveries.

Although not directly connected to my graduation topic, those novelties present the poten-
tial of GNN . My graduation research explores the use GNN with an additional temporal
dimension, in combination with the TNO's Digital Twin platform to visualise the results
and enhance our understanding of the relationship between city morphology and trans-
portation networks. This study aims to model the impact of certain elements of urban tissue
morphology on road freight transportation �ow patterns.

This research is centred on the city of Amsterdam and investigates how static UMD can in-
form short-term freight �ow prediction. The study focuses on understanding whether and
under what conditions, morphological features such as building dimensions, facade orienta-
tion, and land use categories improve model accuracy at the local scale. Rather than treating
static data as a default input, the work critically evaluates its contribution relative to dy-
namic time series alone, revealing when such features help, and when they introduce noise.
In doing so, this thesis offers insights into the role of urban form in shaping transport dy-
namics, with implications for more spatially aware prediction models and their integration
into operational digital twins.
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1.1. Aim of the Research

Within the context of the MSc Geomatics program at TU Delft, the study embraces skills in
spatial data analysis, geospatial datasets, and the application of machine learning techniques
in geographical contexts directly corresponds with several core courses in the program. No-
tably, the course Machine Learning for the Built Environment(GEO5017) explores the founda-
tions of machine learning methodologies, Python Programming for Geomatics(GEO1005) de-
velops pro�ciency in programming skills essential for geospatial data processing and anal-
ysis. Additionally, Sensing Technologies(GEO1001) provides foundational knowledge in data
acquisition methods, which is crucial for understanding and implementing various sensing
techniques in geospatial research. Geo Database Management Systems (GEO1006) provided
insights in data storing and handling, which will be crucial for managing big datasets for
this project.

These courses collectively equiped me with the skills necessary to manage, analyse, and
interpret complex spatial data, which are essential for the successful execution of this re-
search.

1.1. Aim of the Research

The aim of this research is to extend and evaluate an existing STGCN architecture developed
by Yu et al. [2018] for the task of short-term urban freight �ow forecasting at high spatial
resolution. While the original STGCN effectively captures spatio-temporal patterns from
dynamic traf�c data, it does not incorporate static urban morphology or contextual features.
This work introduces a novel fusion block into the architecture, enabling the integration
of static descriptors such as building function, land use, and socio-demographic indicators
directly into the node representation.

To this end, the study leverages dynamic freight data from TNO's Digital Twin ( DT) frame-
work, including outputs from MASS-GT and Verkeersmodel Amsterdam ( VMA ) simulations,
alongside static features provided by Amin Jalilzadeh and postcode-level statistics Centraal
Bureau voor de Statistiek (Statistics Netherlands) (CBS). These data are fused at the node
level within the newly designed ST-SimNet model, allowing the network to account for both
temporal variation and spatial heterogeneity in the built environment. The ambition is three-
fold: (i) to improve predictive accuracy by contextualising freight �ow dynamics with urban
form, (ii) to enhance model interpretability and transferability across urban contexts, (iii)
to enable integration into digital twin frameworks by reducing computational overhead for
traf�c predictions. The proposed fusion mechanism constitutes the core architectural con-
tribution of this thesis, demonstrating how spatial context can be systematically embedded
within Spatio-Temporal Graph Neural Network ( ST-GNN)s for freight forecasting.

1.2. Hypothesis and Rationale

Freight transportation models predominantly rely on road network structures and traf�c
data to predict �ows. However, urban morphology and socio-demographic factors play a
fundamental role in shaping transportation patterns. This research hypothesises that inte-
grating building attributes and socio-demographic data into Graph Neural Network training
will enhance the predictive accuracy of freight transportation �ow models. By capturing the
underlying urban and socio-demographic dynamics that in�uence freight movements, this
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approach has the potential to provide more comprehensive and adaptive predictions to sup-
port urban transportation planning and optimization efforts.

Rationale Buildings exert a signi�cant in�uence on freight movement patterns through
their diverse functions, densities, and spatial distributions within the urban landscape. For
instance, commercial zones typically experience higher levels of freight activity compared
to predominantly residential areas, as commercial enterprises often generate speci�c freight
demands and logistical requirements [Cruz-Daravi ña and Suesćun, 2021]. Similarly, large
industrial facilities can be major hubs of freight generation, creating unique demand patterns
that shape the overall freight distribution within the city. These effects are important because
they are an indirect measure of the amount of freight a building receives or sends.

On the other hand, residential and low-density areas, which generally exhibit lower levels of
economic activity, are often less appealing for targeted road infrastructure planning and lo-
gistics optimisation efforts. As a result, these regions may experience reduced freight trans-
port intensity, leading to spatial disparities in freight accessibility and connectivity across
the urban fabric. By incorporating comprehensive data on building attributes, land use
patterns, and socio-demographic factors into the training of Graph Neural Networks, re-
searchers can uncover hidden relationships and patterns within the freight distribution sys-
tem, particularly in areas where infrastructure development and transport accessibility may
be constrained or uneven. This holistic approach can provide valuable insights to support
more informed and adaptive urban transportation planning and optimization strategies.

Traditional transportation forecasting models often struggle in data-scarce environments,
requiring extensive calibration and domain-speci�c knowledge. By incorporating addi-
tional urban features, this study aims to bridge these gaps and provide a more adapt-
able, data-driven approach. Graph-based models, particularly Temporal Graph Neural Net-
work ( TGNN ), are well-suited to capturing dynamic relationships between spatial entities,
making them a promising choice for this task.

1.3. Knowledge Gap

Despite signi�cant advancements in urban freight transportation modelling, a critical gap
persists in the integration of urban morphology - speci�cally, the spatial con�guration and
land use patterns of urban areas into these models. Traditional freight transport models
often emphasize sensor data, infrastructure capacity, and policy impacts, yet they frequently
overlook how the physical layout of a city in�uences freight movement and demand [Gonza-
lez and Smith, 2023]. This oversight is particularly pronounced in data-scarce environments,
where limited access to detailed transportation and logistics data hampers the development
of accurate and responsive models.

Urban morphology plays a pivotal role in shaping transportation dynamics. The arrange-
ment of roads, the distribution of commercial and residential zones, and the density of urban
development directly affect freight routes, delivery ef�ciency, and overall logistics planning.
For instance, the phenomenon of logistics sprawl, characterised by the relocation of logistics
facilities from inner urban areas to suburban zones, has been observed to increase truck
travel distances and associated emissions [Aljohani and Thompson, 2016]. Understanding
these spatial nuances is essential for creating models that accurately re�ect real-world freight
movements.
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1.4. Research Questions

In parallel, the emergence of machine learning techniques, particularly ST-GNN, offers promis-
ing avenues for modelling complex spatiotemporal relationships in transportation systems.
ST-GNNs are adept at capturing both the spatial dependencies inherent in transportation
networks and the temporal dynamics of traf�c �ows [Jiang et al., 2023]. Their application
has shown potential in traf�c prediction tasks, leveraging the topological structure of road
networks to forecast traf�c conditions accurately.

Despite these technological advancements, there remains a paucity of research focused on
the application of ST-GNNs to model the in�uence of urban morphology on freight trans-
portation. The proposed research aims to bridge this gap by developing an ST-GNN-based
framework that incorporates urban form characteristics into freight transport models.

Addressing this knowledge gap is crucial for several reasons. Firstly, integrating urban mor-
phology into freight models can lead to more sustainable and ef�cient logistics operations
by aligning transportation planning with the physical realities of urban environments. Sec-
ondly, in data-scarce settings, leveraging the structural information of urban form can serve
as a proxy for missing data, thereby improving model robustness and applicability. Ulti-
mately, this research endeavours to contribute to the development of holistic urban freight
transport models that are both data-ef�cient and sensitive to the spatial intricacies of urban
landscapes.

1.4. Research Questions

While some recent models have begun to incorporate both road network structure and urban
morphology, many remain limited to either dynamic traf�c data or static built-environment
features. This fragmentation highlights a persistent gap: infrastructure-based models may
effectively describe how freight moves across a city, yet often overlook the spatial drivers
- such as land use patterns or logistical demand generators, that underpin those �ows.
Conversely, morphology-driven models account for land use but often neglect the struc-
tural constraints and affordances of the transport network. A prevalent strategy in urban
�ow modelling involves discretising the city into uniform grid cells, each treated as a node
in a spatio-temporal graph [Wang et al., 2024]. While computationally convenient, such
grid-based representations often misalign with actual road geometries, junctions, or admin-
istrative zones, thereby masking spatial heterogeneity and connectivity nuances. In most
spatio-temporal graph neural networks, the graph structure is de�ned solely by adjacency
or distance, leaving out contextual heterogeneity between urban areas. Recent studies sug-
gest that embedding additional context - such as land use, built environment features, or
socio-economic indicators, can improve generalisability and predictive performance [Rah-
mani et al., 2023]. To bridge this methodological divide, this work introduces and evaluates
ST-SimNet: a spatio-temporal graph neural network architecture designed to fuse dynamic
freight data with static urban morphology data. By aligning graph-based temporal fore-
casting with morphological context, ST-SimNet aims to better capture the interplay between
urban structure and movement patterns in complex metropolitan environments.

In the ST-SimNet framework, the urban environment is modelled as a spatio-temporal graph,
where each node represents a �ne-grained spatial unit in the city and is enriched with both
dynamic and static information. Nodes correspond to locations along the road network and
are associated with feature vectors that encode local urban morphology and demographic
context. These static features are derived from building-level and block-level datasets, such
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as those from the CBS, and aggregated to the PC6 postcode level. Each node's feature vec-
tor may include attributes such as the number of dwellings, total residential population,
commercial �oor area, or industrial building volume - proxies for freight generation and
attraction. In effect, the feature vector serves as a morphological �ngerprint for each urban
area. The edges of the graph are de�ned by the underlying transportation infrastructure,
linking nodes that are physically connected through the road network. This spatial struc-
ture preserves actual routing pathways rather than relying on mere spatial proximity or
grid-based simpli�cations. Built on this graph, ST-SimNet incorporates temporal learning
modules to capture how freight activity evolves at each node and how changes propagate
through the network over time. This enables the model to learn both local temporal dynam-
ics and broader spatial interactions - such as peak-hour congestion, delivery clustering, or
spillover effects due to upstream bottlenecks.

1.5. Main Research Question

The main question guiding this thesis is:

To what extent can insights into urban morphology, modeled with Spatio-Temporal Graph
Neural Networks, enhance the accuracy and adaptability of freight transportation predic-
tions in the Netherlands?

This question encapsulates the core aim of the research: to develop a forecasting approach
that bridges the gap between infrastructure-based modeling and the rich context of urban
form. It emphasizes the need to combine two types of data (network connectivity and
morphology) in a single predictive model and asks how this can be achieved through a
suitable deep learning architecture.

1.6. Research Sub-Questions

To address the main research question in a structured way, the following sub-questions are
formulated. Each sub-question corresponds to a speci�c aspect of the methodology and
is intended to guide the investigation into how to effectively build and use the ST-SimNet
model:

1. Architecture Suitability: What are the key components and mechanisms of theST-SimNet
architecture required to capture both the spatial dependencies and temporal dynamics of urban
freight �ows? This sub-question prompts an examination of the model design (e.g.
graph convolution layers, temporal sequence layers, etc.) and seeks to verify that the
chosen architecture (or any modi�cations thereof) is capable of learning the complex
patterns in the data. It also implies a comparison or baseline check to ensure that the
added complexity of a ST-GNN is justi�ed by improved performance or insight, thus
testing the architecture's merit against simpler alternatives.

2. Graph Structure Design: How should the graph representing the urban freight system be
constructed using the available data (road network and spatial units), and what is the impact of
different graph design choices on forecasting performance?Here I investigate how to de�ne
the nodes and edges of the graph. For example, should each node correspond exactly
to each junction, a Six-digit Dutch postcode (postcode 6) (PC6) area, or are there reasons
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1.7. Relevance and Signi�cance of the Research Questions

to cluster or subdivide areas? How are edges de�ned - only between adjacent areas
sharing a border, or between areas that are connected by a major road within a certain
distance threshold?

3. Feature Integration Strategies: What is the most effective way to integrate urban morpho-
logical features (e.g. building usage, density, and otherCBS-derived statistics) into theST-SimNet
model, and how do different feature aggregation or encoding techniques in�uence the accuracy
of freight �ow forecasts?This question focuses on the input features assigned to nodes
(and potentially edges). I explore how building-level or zone-level data should be
processed and included in the model. The goal is to determine which features and
integration methods provide the most predictive power. This could involve experi-
ments where certain features are included or excluded, or different normalisation and
embedding techniques are applied, to see their effect on the model's performance. By
answering this, it can be ensured that the rich urban morphology data is leveraged in
the best possible way within the GNN s framework.

These sub-questions together break down the overarching problem into manageable research
tasks: choosing/designing the model architecture, constructing the spatial graph, and incor-
porating features. Addressing them collectively answers the main research question, as each
is a crucial piece of the puzzle in building an effective ST-GNN for freight forecasting.

1.7. Relevance and Signi�cance of the Research Questions

Formulating the research questions in the above manner underscores their relevance to both
academic literature and practical applications.

1.7.1. Academic Contribution

From an academic perspective, this research addresses a key limitation in current trans-
portation modelling literature. While spatio-temporal graph neural networks have become
powerful tools for mobility and traf�c forecasting, they have largely relied on network topol-
ogy and historical �ow data as inputs [Rahmani et al., 2023]. In doing so, they often neglect
the �ner-grained aspects of urban morphology - such as land use patterns, the spatial dis-
tribution of economic activity, and built environment characteristics, which are known to
in�uence freight �ows.

This thesis proposes a uni�ed framework, ST-SimNet, that integrates road infrastructure with
detailed urban morphology descriptors by embedding static morphology features into the
graph's node attributes. This enables the model to learn not only how freight �ows prop-
agate through a road network, but also why certain areas generate or attract more freight
activity than others. Through empirical evaluation, it is shown that incorporating urban
morphology signi�cantly improves predictive accuracy, particularly in spatially heteroge-
neous regions.

This work contributes to the theoretical understanding of how freight transportation inter-
acts with the built environment and demonstrates that integrating morphological data into
GNN s can yield more accurate and interpretable models than those based solely on infras-
tructure or time series data. Furthermore, by adapting ST-GNNs, previously applied mainly
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to passenger traf�c or coarse mobility patterns to the freight domain, this research vali-
dates their applicability to sparser and more irregular datasets, extending the relevance of
deep learning in urban freight modelling. These �ndings have implications for both trans-
portation research and the machine learning community, offering a blueprint for future GNN
architectures that incorporate spatial context beyond topology.

1.7.2. Practical Relevance

From a practical standpoint , this research supports the development of more effective freight
planning strategies, particularly in data-rich environments like the Netherlands. Dutch cities
- dense, historic, and increasingly strained by e-commerce - present a complex logistics
challenge. At the same time, they offer �ne-grained, openly available data (e.g. PC6-level
CBS statistics, building registries Basisregistratie Adressen en Gebouwen (BAG), and road
networks) that make them ideal testing grounds for data-driven mobility models.

By combining these datasets in ST-SimNet, this study demonstrates how freight �ow forecast-
ing can move beyond purely network-based approaches. In particular, the results show that
static urban features can enhance predictive performance, especially in spatially heteroge-
neous areas. This has real-world implications: municipalities and logistics providers can
use such models to anticipate where delivery volumes may surge, where bottlenecks could
arise, and how zoning or infrastructure changes may impact urban freight dynamics. For
example, areas with high densities of retail or warehouse activity might require policy ad-
justments such as timed loading zones or local delivery restrictions. Conversely, areas with
weak or noisy predictions may bene�t from targeted data collection or improved feature
attribution, as highlighted by this study's analysis of error patterns linked to sparse or noisy
static inputs.

While the focus here is on the Netherlands, the approach is transferable. As more cities begin
to assemble comparable datasets, the lessons fromST-SimNet can help inform smarter freight
management globally. The model's modular architecture and reliance on widely available
input types make it particularly suited for integration into real-time planning systems, such
as digital twins or urban logistics platforms. In summary, this work not only contributes to
academic modelling approaches but also offers actionable guidance for data-informed urban
freight management providing a bridge between machine learning techniques and practical
city logistics.
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2. Related work

2.1. Spatio-temporal GNNs for Tra�c Prediction

Graph Neural Networks have emerged as powerful tools for modelling relational data in
diverse domains [Wu et al., 2021]. In transportation, spatio-temporal GNN models are used
to capture both the network structure of roads and temporal dynamics of traf�c �ows. Early
studies represented road networks on grid-like structures and applied Convolutional Neu-
ral Network ( CNN )s, but this ignored irregular road topology (see Figure 2.1)[Xiong et al.,
2024].

Subsequent approaches leveraged graph representations built from road sensor networks,
using �xed sensor-de�ned adjacency matrices for graph convolution. However, �xed con-
nectivity fails to re�ect changing traf�c patterns over time [Xiong et al., 2024]. To ad-
dress this, Xiong et al. [2024] proposed the Gated Fusion Adaptive Graph Neural Net-
work ( GFAGNN ), which integrates adaptive graph convolutions and attention mechanisms
to capture dynamically changing spatial dependencies in traf�c �ow. GFAGNN fuses long-
term and short-term features via a gating module, yielding improved accuracy over static-
adjacency baselines. While effective on sensor data (e.g. traf�c speed from loop detectors),
GFAGNN relies on sensor-de�ned graphs and does not incorporate information about the ur-
ban morphology or built environment surrounding those sensors. This limitation motivates
the inclusion of vector-formatted urban context in the predictive model.

Figure 2.1.: Spatial-temporal correlation is dominated by the road network structure. (a)
Traf�c sensors distributed in the road network. (b) Dynamic spatial-temporal dependence
from time t � T to t + T0. Taken from Xiong et al. [2024].
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2.2. Graph Neural Networks for Road Networks

Beyond traf�c time-series forecasting, recent work has focused on the unique characteristics
of road network graphs themselves. Standard GNN architectures often assume network ho-
mophily (neighbours share similar attributes), an assumption that is weak in road networks
which exhibit heterophilic patterns (e.g. a highway connected to local streets) [Jepsen et al.,
2019].

[Jepsen et al., 2019] introduced theRFN to tackle these challenges.RFN is an edge-centricGNN
that aggregates information from multiple sources: node attributes, edge (road segment) at-
tributes, and “between-edge” relations, to more robustly learn road network representations.
This relational approach makes RFN resilient to volatile homophily and sparse connectivity
in road graphs. An overview of the RFN architecture is shown in Figure 2.2. Empirically,
RFN signi�cantly outperforms conventional Graph Convolutional Network ( GCN)s on road-
speci�c tasks like speed limit classi�cation by leveraging the graph's structural features.

However, RFN is primarily a topological learning framework: it considers static graph prop-
erties and does not incorporate temporal dynamics (traf�c variation over time). Moreover,
RFN's use of road network attributes is largely internal to the network (e.g., connectivity and
road-speci�c features); it does not model external urban features such as land use, built-
form, or other morphological context of the road segments.

In contrast, the proposed ST-SimNet extends the relational learning concept by integrating ex-
ternal urban morphology data with spatio-temporal modelling, enabling the GNN to reason
about how the surrounding environment of roads in�uences freight traf�c on them.

2.3. Urban Morphology in Graph-based Urban Analysis

The role of urban morphology and context in network modelling has been highlighted by
studies outside of pure traf�c forecasting. Xue et al. [2021] developed a graph-based method
to quantify the spatial homogeneity of urban road networks. Their approach uses GNN
embeddings to measure how similar sub-graphs of a city's road network are to each other,
�nding that these homogeneity metrics correlate strongly with socioeconomic factors like
GDP and population growth. An overview of their concept is illustrated in Figure 2.3, where
the similarity between a subnetwork and the global network topology captures the spatial
coherence of urban structures. Notably, by transferring their model across 30 different cities,
Xue et al. [2021] revealed structural commonalities in road networks globally (e.g. inter-city
similarities between networks in Europe and the US).

This underscores the value of incorporating urban topology and external data (such as so-
cioeconomic or land-use indicators) into graph models for understanding cities. However,
the work of Xue et al. [2021] remains analytical rather than predictive - it mines structural
patterns but does not forecast traf�c or freight �ows. It also focuses on time-invariant prop-
erties (road layout, long-term indicators) and thus lacks a temporal component. In contrast,
ST-SimNet builds upon this idea of integrating urban context by not only embedding built en-
vironment features, but also modelling their temporal interactions through a spatio-temporal
GNN.
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2.3. Urban Morphology in Graph-based Urban Analysis

Figure 2.2.: Architecture of the Relational Fusion Network (RFN). RFN fuses node-relational
and edge-relational features across multiple layers to improve learning on heterophilic
road networks. Taken from Jepsen et al. [2019].
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Figure 2.3.: Conceptual overview of spatial homogeneity in urban road networks. Homo-
geneity is de�ned as the similarity of link existence patterns between different parts of the
same city (intra-city) or across cities (inter-city). The metric, derived from GNN-based link
prediction, correlates with socioeconomic indicators such as GDP and population growth,
and reveals urban structural similarities transferable across cities. Taken from Xue et al.
[2021].

2.4. Relational Inductive Biases and Model Generalisability

Across these studies, a common theme is the importance of relational inductive bias —
designing models that respect the relational structure of data (roads, connections) to achieve
better generalisation [Battaglia et al., 2018]. Battaglia et al. [2018] argue that graph-based
architectures inherently encode such inductive biases, enabling combinatorial generalisation
in reasoning about entities and their relations. ST-SimNet is grounded in this principle: by
using the road network graph as the backbone, the model infuses domain knowledge of
connectivity and spatial layout. An advantage of GNN s with strong relational inductive bias
is their potential to transfer across contexts. Jepsen et al. observed that anRFN trained in
one region can be applied to another, thanks to its inductive nature, suggesting the ability to
learn traf�c dynamics that generalise to unseen road networks [Jepsen et al., 2019]. Similarly,
Xue et al. [2021] demonstrated transferring a graph model across cities to compare structural
homogeneity.

ST-SimNet's design was conducted with cross-city generalisability in mind. By incorporating
vectorized morphology data (which is often available universally, e.g. open street maps and
urban Geographic Information System ( GIS) layers) along with traf�c data, ST-SimNet can
learn patterns in a data-rich city and apply them to a data-sparse city. This is particularly
valuable for freight transportation, where detailed sensor data may be limited in smaller
cities. In summary, this approach relies on relational biases (through the graph network)
and shared urban features to ensure the model remains robust when deployed in different
cities or when only limited local training data are available. This addresses a key limitation
of prior spatio-temporal GNN models, which typically require extensive site-speci�c training
data and may not generalise well beyond the original city of training.

2.5. Integration with Digital Twin Frameworks

This work is aligned with the growing need for data-driven components in urban DT plat-
forms such as TNO's Urban Strategy[TNO, 2023]. These systems simulate city dynamics
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to evaluate the impacts of policies and infrastructure changes. In current DT implementa-
tions, freight �ow is often modelled using traditional techniques like the four-step travel
demand model, which rely on assumptions and calibrated parameters rather than learning
directly from historical data. ST-SimNet offers a complementary approach by serving as a
predictive module that learns directly from temporal freight patterns and static urban mor-
phology. Unlike conventional models, it provides �ne-grained, node-level forecasts at high
temporal resolution, enabling dynamic simulation of freight movement based on observed
behaviours.

While this model is not yet integrated into TNO's DT, it demonstrates the potential to en-
hance digital twins with short-term forecasting capabilities grounded in machine learning.
For instance, the model could be used to estimate how new zoning regulations or warehouse
developments affect freight volumes in speci�c urban areas. This would add a predictive
layer that updates continuously as new data becomes available, enabling scenario testing
with more realistic behavioural feedback. In this way, ST-SimNet bridges the gap between
rule-based simulation and adaptive, data-informed urban forecasting.

2.6. Baseline STGCN

STGCN is a deep learning model that integrates graph-based spatial learning with temporal
convolution for traf�c forecasting [Yu et al., 2018]. The core architecture is composed of
stacked ST-ConvBlocks, followed by a fully connected output layer built with a Multi-Layer
Perceptron (MLP). In the original design, Yu et al. [2018] used two ST-ConvBlocks in sequence,
although more can be added for increased model capacity. Each ST-ConvBlock features a
”sandwich” structure: a GCN layer in the middle, �anked by input and output gated tempo-
ral convolutions. The ST-ConvBlock design further employs a bottleneck architecture reducing
the channel dimensionality prior to the GCN and restoring it afterward, thus decreasing the
number of trainable parameters while retaining representational power. Layer normalisation
is also applied within each block to enhance generalisation [Yu et al., 2018].

2.6.1. Training Pipeline and Datasets

Input-output formulation: STGCN is trained in a supervised sequence-to-sequence fashion
on graph-structured time series data. The input to the model is a sliding window of M past
time steps of traf�c measurements (e.g. vehicle speeds) across all sensors in the network.
This input is represented as a tensor Vt � M+ 1:t 2 R N � M , where N is the number of graph
nodes (i.e., traf�c sensors) and M is the number of past time steps.

The model's objective is to forecast the future values V̂t+ 1:t+ H 2 R N � H , representing the
traf�c state over the next H time steps. While H = 1 is often used for single-step forecasting,
the model can be extended to multi-step prediction. In the original work by Yu et al. [2018],
the authors used M = 12 (representing one hour of history using 5-minute intervals) and
predicted up to H = 9 time steps (i.e., 45 minutes into the future), with evaluations reported
at 15, 30, and 45-minute horizons.

After passing through two stacked ST-ConvBlocks, the learned spatio-temporal features are
processed by an additional 1D temporal convolution layer (without gating) to align them

13



2. Related work

Figure 2.4.: Detailed architecture of the Spatio-Temporal Convolutional Block ( ST-ConvBlock)
in the original STGCN model [Yu et al., 2018]. The block uses a ”sandwich” design with two
1D gated temporal convolutions ( GLU-based) on either side of a spatial graph convolution
layer. The �rst temporal convolution reduces feature dimensionality, acting as a bottleneck
to improve computational ef�ciency. The central graph convolution captures spatial de-
pendencies across the graph de�ned by the road network. The �nal temporal convolution
restores the dimensionality, enabling the model to reconstruct time-dependent patterns. A
residual connection links the block's input to its �nal output to facilitate gradient �ow and
model stability during training. This modular design allows the architecture to be stacked
in deeper networks, making it both scalable and interpretable for traf�c prediction tasks.
Figure taken from Yu et al. [2018].
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with the desired forecasting horizon. Finally, a fully connected layer produces the output
traf�c values for each node.

The entire model is trained end-to-end by minimising the L2 loss (Mean Squared Error)
between the predicted outputs and the ground truth values:

L =
1

NH

N

å
i= 1

H

å
j= 1

�
Vi ,t+ j � V̂i ,t+ j

� 2

Optimisation is performed using stochastic gradient descent techniques, such as the Adam
optimiser. Due to its convolutional nature, STGCN avoids sequential computation and can be
parallelised across time steps, resulting in faster training compared to recurrent models.

Datasets (METR-LA and PEMS-BAY): The original STGCN paper evaluated model per-
formance on two real-world benchmark datasets: METR-LA and PEMS-BAY. These datasets
have since become standard references in traf�c forecasting literature.

The METR-LA dataset comprises traf�c speed readings collected from 207 loop detectors
installed on Los Angeles County freeways. The data spans approximately four months,
from March to June 2012, and is recorded at 5-minute intervals. The PEMS-BAY dataset
contains speed measurements from 325 sensors deployed across the San Francisco Bay Area,
covering a six-month period in 2017 (January to June), also with 5-minute resolution.

Each dataset is accompanied by a prede�ned sensor network graph. In this graph:

• Nodes represent traf�c sensors.

• Edges encode spatial relationships based on road proximity. These are weighted using
a Gaussian kernel applied to pairwise distances between sensors, yielding an adjacency
matrix A 2 R N � N where A i j re�ects the strength of spatial interaction between sensor
i and j.

This adjacency matrix is central to the spatial modelling component of STGCN, guiding the
message-passing in graph convolution layers.

The model is trained to predict future traf�c speeds at each node using sliding windows
of historical data. Evaluation is conducted across multiple forecasting horizons (e.g., 15,
30, and 60 minutes ahead), using common regression metrics: Mean Absolute Error (MAE ),
Root Mean Squared Error (RMSE), and Weighted Mean Absolute Percentage Error (WMAPE ).
These benchmarks demonstrate the ability of STGCN to model complex spatio-temporal de-
pendencies in urban road networks.

2.6.2. Performance and Contributions

Accuracy and Generalisation: STGCN demonstrated strong predictive accuracy and gener-
alisation across multiple traf�c forecasting benchmarks, substantially outperforming tradi-
tional and deep learning baselines. On the widely used METR-LA and PEMS-BAY datasets,
STGCN achieved consistently lower prediction errors than classical statistical models such as
ARIMA and Support Vector Regression (SVR), as well as surpassing deep learning alterna-
tives like feedforward neural networks and LSTMs across several forecast horizons.
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In experiments on a Beijing traf�c dataset and a subset of PEMS, Yu et al. [2018] reported that
STGCN reduced the 15-minute Mean Absolute Error (MAE) by approximately 10% compared
to a standard LSTM, and even outperformed the graph-enhanced GRU baseline (GCGRU)
for both short- and medium-term predictions. The performance gains were particularly
notable on larger, more topologically complex networks, such as California's PeMS sensor
system, where the ability to model spatial dependencies via graph convolution enabled more
accurate learning of congestion propagation and traf�c patterns.

Furthermore, STGCN showed enhanced capacity to capture sharp temporal dynamics, such
as the onset and dissipation of rush-hour congestion. The model was able to predict the tim-
ing of peak transitions more effectively than recurrent models, which often lagged due to
their sequential processing limitations. This behaviour underscores STGCN's ability to gen-
eralise to dynamic urban conditions rather than over�tting to historical averages. By jointly
modelling spatial graph structures and temporal convolution, STGCN set a new benchmark
for spatio-temporal traf�c prediction at the time of its introduction, demonstrating robust-
ness across cities, road network topologies, and temporal scenarios.

2.6.3. Relevance as a Baseline:

Since its introduction, the STGCN model by Yu et al. [2018] has become a widely accepted
baseline for spatio-temporal prediction tasks, particularly in traf�c forecasting. Owing to its
strong performance, conceptual clarity, and computational ef�ciency, it is frequently used
as a benchmark against which newer methods are evaluated. The in�uence of STGCN has
extended beyond its original scope, helping to standardise datasets such as metr -la and
pems-bay as canonical testbeds within the community.

Numerous subsequent models have drawn architectural inspiration from STGCN, extending
it with mechanisms such as attention layers, dynamic graph construction, or residual learn-
ing schemes. Nevertheless, the original STGCN retains its value due to the balance it strikes
between predictive accuracy and architectural simplicity. Its modular spatio-temporal block
design and fully convolutional structure make it both interpretable and ef�cient, enabling
rapid experimentation and adaptation to new domains.

2.7. Summary of Contributions of ST-SimNet

ST-SimNet advances the �eld of spatio-temporal graph learning by proposing a novel ex-
tension to the established STGCN architecture, speci�cally tailored for freight forecasting
in morphologically complex urban environments. While STGCN demonstrated that gated
temporal convolutions combined with graph convolutions can effectively model traf�c dy-
namics, it was limited to homogeneous, sensor-rich contexts and lacked integration of static
urban features.

This thesis introduces architectural innovations, contextual enhancements, and generalisabil-
ity improvements to address these limitations. The three key contributions are as follows:

1. Morphological Feature Fusion into STGCN: ST-SimNet systematically extends STGCN
by introducing a learnable fusion block that integrates static urban morphology de-
scriptors with dynamic freight data, adds droprate, weight decay, set of different op-
timisers (eg. adamw, nadamw, lion), and early stopping. Unlike prior GNN -based
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models (e.g., Diffusion Convolutional Recurrent Neural Network ( DCRNN ), GFAGNN )
that rely solely on time-series from traf�c sensors, ST-SimNet incorporates node-level
features such as land use, building footprint, �oor area ratio, and demographic statis-
tics. These features are embedded and fused via a gated mechanism during training,
enabling the model to assign dynamic importance to static inputs. This approach en-
ables interpretable, spatially-aware learning and moves beyond static concatenation or
early fusion methods.

2. Deepened Temporal Context with Con�gurable ST-Conv Blocks: SST-SimNet gener-
alises the sandwich architecture of STGCN by introducing a tunable number of stacked
ST-ConvBlocksand allowing for controlled temporal kernel sizes. This design enables the
model to capture longer-term dependencies across multiple peak periods while main-
taining the spatial topology of the road network. In contrast to recurrent or pooled
architectures, ST-SimNet leverages fully convolutional processing with gated activations
(e.g., GLU, GTU), enhancing scalability, parallelisation, and training stability. By ex-
plicitly controlling the compression depth via Ko, the model can dynamically adjust its
output mechanism to preserve or summarise temporal patterns as required.

3. Designed for Cross-City Generalisability and Digital Twin Readiness: A key archi-
tectural goal of ST-SimNet is to enable generalisation across cities with heterogeneous
spatial morphology and sparse training data. By incorporating relational inductive
bias and morphology-aware static features, the model is designed to adapt to new
geographies with minimal retraining. Although this thesis focuses on a single urban
context, the modular and lightweight architecture is suitable for real-time inference
and integration into digital twin frameworks such as TNO's Digital Twin. This sets the
foundation for future applications in cross-regional freight forecasting where transfer-
ability is critical.

Together, these contributions address three persistent gaps in the literature: (i) the absence of
morphological and land-use context in adaptive traf�c GNN s; (ii) the lack of structured tem-
poral depth in graph-based freight forecasting models; and (iii) the limited generalisation
capacity of sensor-dependent models trained on single-city datasets. ST-SimNet proposes a
modular, interpretable, and operationally deployable architecture that advances the predic-
tive modelling of urban freight systems and sets the stage for morphology-aware integration
in digital twin ecosystems.
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3.1. Notation and Glossary

For readers' convenience, I attach additional glossary of symbols used in ST-SimNet (see Table
3.1).

Table 3.1.: Glossary of Symbols Used inST-SimNet

Symbol Description

N Number of nodes (road junctions) in the graph
F Number of input features per node (dynamic)
Fs Number of static urban morphology features per node
T Total number of time steps in the dataset
L Length of input history window (e.g. 24 = 2 hours)
H Prediction horizon in time steps (e.g. 12 = 1 hour)
B Batch size (number of training samples per batch)
Kt Temporal convolution kernel size (in number of time steps)
Ks Spatial convolution kernel size (number of hops in GCN)
xt Dynamic freight �ow vector at time t, 2 R N

xi ,t Freight �ow at node i and time t
ŷi ,t Predicted freight �ow at node i and time t
si Static feature vector of node i, 2 RFs

A Adjacency matrix representing road connectivity
Ã Graph Shift Operator (GSO), row-normalised
W Trainable weight matrix in graph convolution layers
h i Intermediate node feature matrix after ST-Conv operations
ŷ Model output vector with predicted �ows
a Learnable parameter controlling fusion of static and dynamic features
z Latent feature representation after temporal aggregation
L Loss function (e.g. Mean Squared Error, MSE)
h Learning rate used for optimiser (e.g. AdamW)
p Dropout rate, regularisation strength
l Weight decay coef�cient (L2 regularisation)
g Learning rate decay factor for scheduler
step size Epoch interval at which to apply learning rate decay
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3.2. Overview

The proposed methodology uses a STGCN approach to model urban freight traf�c, leverag-
ing both spatial dependencies (road network structure) and temporal patterns (time-varying
�ows). Traf�c and freight �ow data are highly nonlinear and complex, exhibiting strong cor-
relations across both time and space [Al Sahili and Awad, 2023]. Traditional time-series mod-
els or CNN /Recurrent Nueral Network ( RNN )-based approaches struggle to capture these
interdependencies on non-Euclidean road networks [Yu et al., 2018]. I therefore formulate
the prediction problem on a graph representation of the city and employ an ST-GNN archi-
tecture to jointly learn spatial and temporal features. In particular, the model ST-SimNet is
inspired by the STGCN framework [Yu et al., 2018], with modi�cations to integrate static ur-
ban morphology data. By using ST-GNN, the model can encode how freight �ows propagate
through the road network over time, and handle the complex, non-stationary dynamics of
urban freight transport [Al Sahili and Awad, 2023]. In summary, this methodology is chosen
to exploit the strengths of graph neural networks for learning patterns in network-structured
data and improve predictive performance for freight �ows.

3.3. Input Data

This research employs three categories of data to achieve its forecasting objectives: (i) dy-
namic freight �ow data derived from DT outputs of Nederlandse Organisatie voor Toegepast
Natuurwetenschappelijk Onderzoek (Dutch Organisation for Applied Scienti�c Research)
(TNO), based on simulations from MASS-GT and VMA , capturing temporal variation in freight
vehicle volumes at road network nodes; (ii) static UMDs , including building attributes and
PC6-level socio-demographic indicators from CBS, providing spatial context; and (iii) a di-
rected road network graph encoding the connectivity of the urban infrastructure. These
inputs are integrated within the ST-SimNet architecture, an extension of the STGCN, to fore-
cast short-term freight intensity at each node, one hour into the future, at 5-minute intervals.
The model aims to minimise predictive error by learning spatio-temporal dependencies in
freight �ow, enriched by morphology-aware node representations derived from static con-
textual features.

3.3.1. Dynamic Freight Flow Data

The dynamic input data consist of time-series measurements of freight traf�c intensity at
the road level, obtained from TNO's Digital Twin simulations. In particular, I use out-
put from the Multi-Agent Simulation System for Goods Transport ( MASS-GT) and the Ver-
keersmodel Amsterdam ( VMA ) model processed by TNO 's DT. MASS-GT is an agent-based
urban freight model that simulates logistic decisions and shipment movements in cities
[de Bok and Tavasszy, 2018], producing detailed truck delivery tours and schedules. VMA is
a small-scale traf�c assignment model for the Amsterdam region, with thousands of zones
and road links, capable of routing vehicular trips through the road network [Spruijtenburg
et al., 2025]. Combined, these two models provide a realistic proxy for urban freight �ows:
MASS-GT generates the freight trips (origins, destinations, timing, vehicle types), and TNO 's
DT assigns these trips to speci�c road paths, yielding traf�c volumes on road segments over
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time. The result is a spatio-temporal dataset of freight vehicle counts on road network links
for each time interval.

For use in ST-SimNet, the model operates directly at the node level, with each node corre-
sponding to a speci�c point in the road network. The dynamic input xi ,t for node i at time
t represents the local freight traf�c intensity at that node - the number of freight vehicles
traversing or stopping near that location within a 5 minutes interval. These values are pre-
processed from simulated truck trips and structured as a time series per node with a time
resolution of 5 minutes. I denote by xt 2 R N the vector of freight intensities across all N
nodes at time t. To stabilise training and handle the strong variability in �ow magnitudes
(e.g. peak vs off-peak hours), the input series are transformed using a log (1 + x) trans-
formation followed by Min-Max normalisation to the [0, 1] range. The resulting temporal
resolution is �xed at Dt = 5 mins, and the full sequence f xtgT

t= 1 forms the dynamic input to
the model during training and evaluation.

The dataset covers two temporal con�gurations, both with a resolution of Dt = 5 minutes.
The weekday-only scenario is based on one average working day, resulting in 289 time steps
per node (24 hours � 12 intervals/hour + 1 initial step). To create additional weekday data,
this single-day sequence was modulated using small perturbations to generate synthetic
but realistic temporal variability across �ve working days. The weekend dataset is entirely
synthetic, designed to re�ect plausible low-activity patterns and behavioural shifts typical
of Saturday and Sunday logistics, followed by the inclusion of the �rst half of Monday to
capture ramp-up effects. This extended con�guration totals 2,448 time steps per node.

For the full Amsterdam network of N = 10,691 nodes, this yields a dynamic input tensor of
shape [T, N ] = [ 289, 10,691] for the weekday-only model, and [2,448, 10,691] for the mixed
scenario. Each time step records the estimated freight vehicle count at every node, derived
from the MASS-GT and VMA model outputs. This setup enables the evaluation of model
robustness under both consistent weekday conditions and more heterogeneous temporal
scenarios involving weekend variations.

3.3.2. Urban Morphology and Road Networks

This section describes the static urban morphology features and road network graph con-
struction.

The building dataset is characterized by a set of static attributes capturing the urban mor-
phology of each building in every PC6 area. These features are derived from building-level
data and include attributes such as the predominant land-use function, the total building
�oor area (size), and occupancy indicators - precise features included are discussed in sec-
tion 3.3.3. The land-use function feature encodes the type of activities in the zone (for
example, residential, commercial, industrial, or mixed-use), which correlates with freight
demand generation (industrial or retail zones tend to send/receive more goods than purely
residential areas). The building size feature (e.g. total �oor space or number of units) pro-
vides a measure of the capacity or scale of activity in the zone. Occupancy data (such as the
number of businesses or households, or occupancy rates) re�ect the intensity of use of the
buildings. These building-level attributes are aggregated to nearest nodes by summing or
averaging across all buildings in the zone. The result is a feature vector si for each node i
representing the static built environment characteristics of that zone. These urban morphol-
ogy features serve as time-invariant inputs that can inform the model about each location's
freight generation potential and usage context.
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In parallel, the city's road network is used to de�ne the graph structure connecting the
nodes. A directed graph is constructed G = ( V, E) where each node vi 2 V corresponds
to a road junction, and edges ei j 2 E are established between two nodes i and j if there is
a direct road connection between them. In practice, this means that if any road segment
in the underlying street network links node i to node j, then an edge is added ( i , j) in the
graph. The adjacency relationships are determined using the spatial road network data.
This approach yields a graph that mirrors the actual connectivity of the city: nodes that are
adjacent or well-connected by roads become neighbors in the graph. Let A 2 R N � N denote
the adjacency matrix of the graph (with A i j = 1 if nodes i and j are connected, otherwise 0).
The graph construction based on road network topology ensures that spatial information is
explicitly encoded for the GNN. In total, this study area graph consists of N nodes and a set
of edges re�ecting the road network links between those zones. This static graph G is used
throughout training to perform graph convolutions over the freight �ow data.

3.3.3. Data Preprocessing

Data Cropping To reduce processing overhead and limit the analysis to the metropolitan
area of Amsterdam, a bounding box is �rst applied to crop the network. The resulting subset
includes only those nodes and edges that fall within this spatial boundary. For ef�cient stor-
age and integration with GIS tools, the cropped network was saved as GeoPackage (.gpkg )
format.

This spatially �ltered network forms the foundation for all subsequent operations. Figure 3.1
illustrates the result of this cropping step, showing the road network constrained to the
relevant spatial extent (big simulation scenario).

Algorithm 3.1: Crop a road network to a bounding box and save as .gpkg

Input: Road network dataset with spatial coordinates; bounding box coordinates
�le (CSV)

Output: Cropped road network saved as GeoPackage (.gpkg)

1 Load the bounding box coordinates from CSV �le;
2 Extract columns representing X and Y coordinates;
3 Create a polygon from the coordinate pairs to de�ne the bounding box;

4 Convert the polygon into a GeoDataFramewith the appropriate CRS (e.g.
EPSG:28992);

5 Load the original road network as a GeoDataFrame;
6 Perform spatial intersection between the road network and the bounding box

polygon;
7 Store only features within the bounding box;

8 Save the cropped network to disk using the GeoPackage format;

Generation of Adjacency Matrix Following the spatial cropping of the road network, a
directed graph structure was instantiated using the networkx.DiGraph class (see Figure 3.2.
Nodes and edges, as derived from the GeoPackage �les - cropped data, were added to this
graph to re�ect the true topological structure of the urban road network. The directed nature
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of the graph allows the model to account for one-way streets and directional traf�c �ows,
which are common in urban settings.

From the constructed directed graph, a sparse adjacency matrix was generated to encode
node-to-node connectivity. The use of a sparse matrix format is particularly advantageous
in this context due to the inherent sparsity of urban road networks - most nodes are con-
nected to only a limited subset of others, re�ecting the physical layout of streets and inter-
sections. Representing this structure in a dense format would result in substantial memory
inef�ciencies, as the majority of matrix entries would be zero, and would incur unnecessary
computational overhead during graph operations.

Algorithm 3.2: Build a directed graph and generate its sparse adjacency matrix

Input: Cropped node and edge shape�les
Output: Sparse adjacency matrix representing the directed road network

1 Load node shape�le into a GeoDataFrame;
2 Load edge shape�le into a GeoDataFrame;

3 Create an empty directed graph G using networkx.DiGraph() ;
4 Extract a set of valid node IDs from the node data;

5 foreach edge(a, b) in edge datado
6 if a and b are both in the set of valid node IDsthen
7 Add a directed edge from a to b in G;

8 Convert the directed graph G into a sparse adjacency matrix using scipy.sparse ;
9 Save the sparse matrix to disk in compressed .npz format;

A sparse representation, by contrast, stores only the non-zero elements, enabling more ef�-
cient storage and signi�cantly faster linear algebra computations during both model train-
ing and inference. This ef�ciency becomes critical as the network scales to hundreds or
thousands of nodes. The sparsity structure of the adjacency matrix is visually illustrated
in Figure 3.3, where white space denotes the absence of a direct connection between node
pairs. The strong scattered clusters re�ect both local connectivity and the modular structure
of the urban network.
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Figure 3.1.: Cropped road network showing nodes and edges within the Amsterdam study
area EPSG:28992.
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