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Abstract

This study presents a system dynamics framework that integrates transport and land use components internally,
explicitly capturing their interrelations and model their evolution over time. The model operates at a discrete
zonal scale with sub-annual time steps, enabling the representation of temporal lags at differing process speeds.
A case study at a cross-national scale demonstrates the model’s ability to capture interregional dynamics, in-
cluding commuting flows that span administrative borders —essential in regions where labour markets and
infrastructure extend beyond a single country. The framework incorporates endogenous feedbacks that drives
the system behaviour, while remaining computationally efficient, thus enabling planners and policymakers to
assess the aggregate effects of short- to long-term urban and transport strategies in a timely manner. Applied to
the Greater Region of Luxembourg, the model reproduces observed dynamics and explores policy scenarios.
Results show that infrastructure investments in isolation provide only temporary relief, emphasising the need
for integrated, forward-looking housing and transport strategies.

Keywords: Decision Support tool; Dynamic modelling; System thinking; Housing location; Transport eco-
nomics and policy.
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1 Introduction

1.1 Motivation
Think of a territory where people are living in, whether urban or rural. Within such a context, a range of choices
exists across (i) different time horizons such as short-term, mid-term, and long-term, and (ii) different levels
of authority, from household and individual decisions to those of public authorities. Thus, there are various
decisions made at different temporal, spatial, and hierarchical levels. Figure 1 presents example choices and
decisions at different temporal and hierarchical levels together with their interactions.

Figure 1: Choices and decisions in urban/rural context

Territories face challenges stemming from the interplay of transport and land use developments such as con-
gestion, accessibility issues, increasing housing prices, housing shortage, relocation of residents, and migration.
Transport and land use planning are highly interdependent, involving complex two-way causality; households
and firms adapt their location decisions to the transport opportunities and accessibility -the ease of reaching
jobs and services via the transport network- while those collective location patterns in turn reshape travel de-
mand and network performance over time. For example transport investments change accessibility, accessibility
changes location attractiveness, which alters land use, and this new land use pattern feeds back into transport
demand and performance. Thus, for a structured urban decision-making process, we need a comprehensive
model accounting for these spatial and temporal interrelations over time, enabling decision-makers to imple-
ment effective strategies towards defined goals.

The interactions between transport and land use are not effectively captured in conventional transport plan-
ning models, as land use is typically assumed to be constant and treated exogenously. Coordinating transport
and land use planning is essential for informed and structured decision-making (Kaufmann and Jemelin, 2003).
One approach to combine transport and land use sub-models is Land-Use Transport Interaction (LUTI) models
(Wegener, 2021; Acheampong and Silva, 2015; Black, 2018; Bierlaire et al., 2015; Waddell, 2014). These mod-
els capture the connection between land use and transport by linking a location choice model for households or
firms with a transport model of travel demand and network performance. They are used to assess the impact of
given transport and land use policies, such as infrastructure expansion, new housing developments, or changes
in public transport services and fares. They also serve to analyse broader socio-demographic trends (e.g., pop-
ulation growth, migration) and economic scenarios (e.g., economic growth/decline).
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Land use and transport are parts of a dynamic system, evolving at different time scales: travel behaviour can
adjust within days to months in response to congestion or cost changes, whereas land use evolves more slowly
due to their considerable inertia, as they are tied to physical structures. This mismatch dynamic creates tem-
poral asynchronies, with some urban processes responding sooner and others with a lag. Moreover, transport
policies can have lasting long-term impacts on urban dynamics. For example, road pricing or transit expansions
may affect congestion in short run, but also shift the spatial distribution of housing and employment in long term.

In static LUTI models, the link between the future projections and current conditions is neglected, as the
trajectory toward future states is unspeci�ed. Conventional LUTI models, similar to traditional transport mod-
elling, follow the notion of equilibrium, assuming that urban systems are always in a state of stationary equi-
librium. However, this assumption is unrealistic, as urban systems may never reach a long-term stationary
equilibrium (Simmonds et al., 2013). The appeal of equilibrium lies in its analytical elegance, allowing for
straightforward comparisons. However, it overlooks the inherent inertia of urban systems, which tend to evolve
only gradually over many years. Instead, their co-evolution should be captured, moving beyond stationary equi-
libria to transitory equilibrium to re�ect behavioural dynamics, market �uctuations, and policy responsiveness.
The time horizon of urban planning extends into the long term, making it essential to explicitly recognise that
urban systems are continuously evolving. The supply and demand are in constant motion, adjusting gradu-
ally over time. For example, increasing travel demand without corresponding infrastructure expansion leads
to congestion and shifts in demand, while uneven residential demand drives rental price shifts and residential
relocation. These changes often occur with time delays, re�ecting the feedback-driven nature of urban systems,
which rarely function in stationary equilibrium.

Moreover, aggregate system behaviour, critical for strategic decision-making, is often overlooked. To eval-
uate the long-term effects of multiple competing strategies, understanding the macroscopic dynamics of the
urban system is essential. For strategic planning, factors such as data availability, low implementation cost, and
short run times are often more valuable than highly detailed disaggregate precision. Acheampong and Silva
(2015) argues that, in addition to the considerable demand for high-quality data, a key challenge of disaggre-
gation is the long execution time required to run disaggregate models, which makes it dif�cult to evaluate the
large number of scenarios needed for developing integrated strategies or policy packages. Current studies pre-
dominantly focus only on city-wide or nation-wide cases, overlooking cross-national spatial dimensions such as
cross-border commuting and immigration. This is important especially for small countries with high economic
growth and wages, where the cross-border commuters from neighbouring countries represent a substantial share
of the workforce and daily commutes. Most existing strategic models use yearly timesteps, which fail to cap-
ture the shorter time lags of processes operating on monthly or daily scales. As a general guideline, Forrester
(1970) recommends that the timestep should not exceed half the duration of the shortest time lag in the system.
Furthermore, many models couple transport and land use components externally, rather than integrating them
endogenously within a uni�ed framework, which creates the additional challenge of ensuring consistent infor-
mation exchange between sub-models.

Addressing these issues involves several challenges: (i) Explicitly modelling the dynamics between land use
and transport systems is complex, as changes occur at different speeds—ranging from fast (e.g., transport users),
to medium (e.g., residential location choices), to slow (e.g., infrastructure and land use developments). (ii) Each
urban process has its own reaction speed, making it essential to account for their speci�c time lags. (iii) Striking
a balance between suf�cient accuracy to support data-driven planning, and computational ef�ciency presents an
additional challenge (Kii et al., 2019). These limitations and challenges highlight an opportunity to advance the
state of practice by endogenously integrating residential location and transportation within a single model, at a
cross-national spatial scale, and using sub-annual timesteps to effectively capture processes with varying reac-
tion speeds. Addressing this gap allows for the development of an ef�cient decision-support tool for evaluating
potential policy interventions at a cross-national level with zonal spatial resolution.
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1.2 Goals and objectives

In this manuscript, we develop a computationally quick dynamic model for transportation and land use over a
time horizon of multiple years. The model's timestep is days so the time delays and reaction speeds of different
processes can be effectively captured. We integrate transport and land use models within a unique frame-
work, modelling the pathway of the transport and land use systems over time, explicitly accounting for their
interactions. On the land use side, this study focuses on residential location choices and treats workplace as
exogenously given in the model. The framework is developed at a cross-national spatial dimension, with spatial
granularity of discrete zonal level to capture the transport and land use dynamics between different zones of a
region through time. Our approach is based on the principles of System Dynamics (Sterman, 2000; Forrester,
1961), as a well-suited approach for complex systems that changes over time, due to their ability to model feed-
back, delays, and dynamic adaptation.

The focus of our study is the case of Luxembourg; a small country with exceptionally high levels of cross-
border commuting. As of 2014, approximately 40% of Luxembourg's labour force consisted of cross-border
workers residing in neighbouring countries (France, Belgium, and Germany) (Walczak and Mathae, 2018).
This unique context requires any LUTI model to account for interactions that extend beyond national borders,
as both housing markets and transport networks span multiple jurisdictions. Most existing models focus on a
single metropolitan area, overlooking �ows and interactions across administrative borders. Our model explic-
itly represents Luxembourg's internal cantons along with adjacent cross-border regions, capturing the dynamic
feedback between domestic development and the external commuting hinterland. For instance, increasing hous-
ing demand within Luxembourg, combined with limited housing supply, may lead more households to settle in
neighbouring regions —thereby intensifying cross-border traf�c. This extended application addresses a limita-
tion in typical LUTI cases, which rarely consider multi-country systems or the policy coordination issues they
entail.

The remainder of this manuscript is structured as follows. We give a review of the literature in Section 2.
The contributions of this work are summarised next in Section 3. The integrated framework is explained in
Section 4. An illustrative example for the case of Luxembourg is presented in Section 5 to showcase the capa-
bilities of the proposed framework. The concluding remarks and opportunities for future research are discussed
in Section 6.

2 Relevant literature

In classical transport modelling practice, land use inputs -such as population and employment distributions- are
typically treated exogenously. Most conventional travel demand models assume a predetermined land use sce-
nario that does not change in response to transportation improvements (Johansen et al., 2015). In fact, transport
project evaluations often hold land use constant between the base case and project case, meaning any shifts in
where people live or work are ignored when forecasting. This simplifying assumption makes modelling more
straightforward, but it fails to capture the two-way feedback between transport and land developments. As a re-
sult, analyses based on exogenous land use can misestimate long-term impacts, since they exclude the potential
land use changes spurred by improved accessibility (Le et al., 2023).

LUTI models formalise the linkage between where people live (land use) and how they travel (transport),
by combining a land use component (often a model of household or �rm location choice) with a transport com-
ponent (modelling travel demand and network performance). The �rst operational model to implement a land
use transport feedback cycle was based on analogies to physics, Lowry's Model of Metropolis (Lowry, 1964), a
spatial interaction model, allocating population and employment across zones based on accessibility in a grav-
ity model. Though static in nature, the Lowry's model provided a template for how transport accessibility can
drive land use patterns in an aggregate model. This work inspired a wave of increasingly complex models in
the 1970s and 1980s (Putman, 1983; Mackett, 1983; Goldner, 1971; Echeñique et al., 1969). These pioneering
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efforts established the foundation for treating land use and transport as a uni�ed, interacting system rather than
as isolated components.

Multiple approaches exist to model transport within land use models. LUTI models can be broadly clas-
si�ed along two key dimensions: (i) the treatment of time, and (ii) the level of aggregation. In terms of time
dynamics, models are either (i) static; focusing on a single time point without explicitly considering how the
system evolves, or (ii) dynamic; capturing the development path over time and allow for feedback effects and
temporal adjustments. In terms of aggregation, models range from (i) aggregates; working with zonal averages
or market-level quantities, to (ii) disaggregate; simulating individual agents such as households or �rms. Recent
reviews emphasise this classi�cation (Moeckel et al., 2018; Sivakumar, 2007; Timmermans, 2006). We high-
light foundational and recent literature for major categories of LUTI modelling approaches.

Discrete choice models based on random utility theory originating from micro-economics (Haque et al.,
2019; Yang et al., 2013; Lee and Waddell, 2010; Vega and Reynolds-Feighan, 2009; Mokhtarian and Cao, 2008;
Martínez and Henríquez, 2007; Bhat and Guo, 2007; Ben-Akiva and Bowman, 1998; Lerman, 1976; Domen-
cich and McFadden, 1975; McFadden, 1974) and mathematical programming models (Bravo et al., 2010; Pinjari
et al., 2009; Alonso, 1964; White, 1988) represent a class of disaggregate static models. These models maximise
household utility while describing the interaction between transportation and activity location. By incorporating
detailed location characteristics and individual decision-making behaviour through a wide range of indicators,
random utility models provide valuable insights but remain too simplistic to fully capture the complex interplay
between transportation and land use; in particular, they do not explicitly model the feedback loop between ur-
ban transport and residential location choices. There are also examples of other modelling approaches, such as
the application of bi-level optimisation to capture the relationship between traf�c cost impedance and location
attractiveness (Chang and Mackett, 2006). However, �nding an optimal solution to a bi-level programming
problem is often challenging in practice. Although disaggregate static models capture heterogeneity, they do
not account for temporal evolution and are therefore more suitable for assessing immediate impacts.

In contrast to disaggregate models that focus on individual agents and their choices, aggregate models
analyse the behaviour of groups or zones as a whole. They seek to represent the equilibrium of markets (hous-
ing, labour, transport) at a macroscopic level. Spatial computable general equilibrium (SCGE) models are a
prime example of aggregate static frameworks, borrowing methods from economic general equilibrium theory
(Tscharaktschiew and Hirte, 2012; Anas and Liu, 2007; Anas, 1994). These models typically solve for a si-
multaneous equilibrium in land use and transport given supply/demand relationships, but often for a single time
period, which can then be updated exogenously or in steps. SCGE models are example aggregate static models,
bridging between spatial economics and transport modelling by emphasising market-level outcomes rather than
individual behaviour. Earlier aggregate models, such as MEPLAN (Echenique et al., 1990; Echeñique et al.,
1969) and TRANSUS (de la Barra, 1989) , while not full computational general equilibrium in the modern
sense, used spatial input-output and equilibrium concepts to integrate land use and transport. They paved the
way for later SCGE models by showing that one can link economic activities, land use, and transport in an
equilibrium-consistent manner.

Aggregate static models are powerful for economic appraisal and theoretical insight, though ignore dynamic
and temporal co-evolution of urban land use and transport networks. The common feature of these models is
their lack of memory; they allocate activities afresh in each period without reference to past states. Spatial inter-
action models do not account for time and often con�ate processes with different temporal dynamics —linking
slow, inert location changes with fast, �exible travel behaviour without considering the lagged effect of ac-
cessibility in location choice. Static equilibrium models assume that interdependent variables -such as prices,
supply, and demand— adjust instantaneously to reach equilibrium, without accounting for the sequence of
events or path dependence. These models abstract away from time and do not represent temporal dynamics or
chronological progression. By forecasting static outcomes, they often omit slow processes and inertia effects.
As a result, they risk mis-estimating responses to change, with no assurance that over- and under-statements
will balance out.
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Microsimulation models extend disaggregate approaches into the dynamic domain. UrbanSim (Waddell,
2002) coupled with a transport model such as MATSIM (Axhausen et al., 2016), ILUTE (Salvini and Miller,
2005), and ILUMASS (Moeckel et al., 2007) demonstrate how microsimulation can incorporate both random
utility models and rule-based processes to capture urban markets (housing, labour, transport) in a uni�ed way,
are example microsimulation models. de Palma et al. (2005) develop a modelling framework that couples Ur-
banSim with a dynamic traf�c assignment model, explicitly capturing two forms of endogeneity in residential
location choices: the interdependence between residential location and rent prices, and the interdependence
between residential location and commute times. Microsimulation approaches capture individual heterogeneity
and path-dependence over time, building on the theoretical foundations of random utility models and extending
them into a time-evolution simulation context. However, disaggregate dynamic models are often complex, com-
putationally demanding -posing challenges for calibration, model updates, and scenario analysis- and data in-
tensive. Large-scale implementations can be slow to run or complex to calibrate, especially when incorporating
daily activity-travel simulations. This can hinder policy exploration, as testing many scenarios or running long-
term (multi-decade) forecasts becomes time-consuming. Simmonds (2016) emphasise the �exibility of micro
models for research but recommended simpler macroscopic models for practitioners to reduce run times. An-
other challenge is transparency as highly complex agent-based systems can appear opaque to decision-makers,
making it hard to trace policy effects, whereas simpler models may more clearly convey causal mechanisms.

Cellular Automata (CA) models represent another dynamic approach, operating at spatially �ne-grained ge-
ography scale and capable of simulating map-based urban growth patterns while incorporating high-resolution
GIS data (Gerber et al., 2018; Lau and Kam, 2005; Von Neumann, 1968). CA use transition probabilities to
update land use over time. These models typically include accessibility as a key factor in their transition rules.
However, accessibility is often measured using simple proxies, such as the distance to the nearest road or transit
line, which ignores the actual performance of the transport system, such as network travel times, congestion,
and capacity constraints. As a result, traditional CA models do not simulate transport �ows or travel demand
explicitly, instead assuming static infrastructure in�uence. This limits their ability to capture critical feedback
loops, such as how new development may generate congestion that in turn affects the desirability of that area.
The absence of an explicit transportation component has constrained the policy relevance of early CA models
(Xie and Batty, 2004). Recent research has therefore advanced the integration of transport models with CA by
running transport simulations in tandem with the land use model (Pinto et al., 2021; Aljou�e et al., 2013; Zhao
and Peng, 2012). By explicitly modelling accessibility as an endogenous variable, affected by infrastructure
capacity and travel demand, these models better capture the two-way interaction of land development and trans-
portation. While these models might replicate various features of the dynamic and complex land use system,
they typically lack behavioural foundations to explain the processes driving it.

Dynamic aggregate approaches adopt a top-down perspective, focusing on stocks and �ows at a macro level
and the feedback loops among them (Forrester, 1970). Dynamic models make the representation of movement
through time explicit. Rather than assuming that each period re�ects an equilibrium state, these models sim-
ulate �ows or transitions - such as changes in population, employment, or land development - year by year
(Batty, 1971). Key streams of work in this category include dynamic spatial equilibrium models (Lennox,
2023), system dynamics models (Pfaffenbichler et al., 2008; Swanson and Gleave, 2008), spatial interaction
models (Lopane et al., 2023), and �ow-based model such as Delta (Feldman and Simmonds, 2005; Simmonds,
1999). DELTA is a rule-based dynamic model that moves beyond static equilibrium by simulating processes
of change through a series of interconnected sub-models updated each year. This approach re�ects a dynamic
equilibrium perspective; rather than assuming the system instantly reaches equilibrium, it allows changes to
unfold incrementally. Aggregate dynamic models provide holistic view of the system, remaining particularly
relevant for system-level feedback and strategic appraisal, especially when data or computational constraints
limit the feasibility of microsimulation.

There are examples of applying System Dynamics (SD) approach to represent urban systems as dynamic
entities. Fabolude et al. (2025) reviews recent SD papers with an applications in urban studies. Zhang and
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Li (2022); Yu et al. (2018) develop multi-scale models to simulate urban expansion scenarios by embedding
multi-scale spatial interactions into the transition rule system of CA, although transport is not incorporated in
their modelling framework. Chen et al. (2021); Khosravi et al. (2020); Fontoura et al. (2019) use SD to analyse
the in�uence of policy scenarios on urban transport, focusing on system vulnerability as well as environmental,
economic, and traf�c variables, while not considering the land use component. urban mobility, thought not
considering the land use component.

The MARS model is an example of a LUTI model that employs the SD approach (Pfaffenbichler, 2003).
The MARS model has been later coupled with a vehicle �eet model to study the co-evolution of land use trans-
port policies and technological change (e.g., adoption of electric cars) (Ummah, 2019). The work of Haghani
et al. (2003b,a) represents an early attempt to apply the SD approach to simultaneous treatment of complex land
use and transportation interactions, using a case study of Montgomery County, USA, to evaluate the effects of
highway capacity expansion and the resulting changes in land use, which subsequently in�uence demand and
the performance of the transport network. Subsequent studies suggest expansion to multi-modal transport, ex-
ploring more sophisticated equations and estimation techniques, and addressing data-related challenges. (Shen
et al., 2009) build a high-level SD model to compare high- and low-density land use policies for Hong Kong,
concluding that only long-term planning and integrated transit investment could achieve sustainable outcomes.
These studies highlight that often, short-term �xes (e.g., building more roads) lead to longer-term unintended
consequences (e.g., induced traf�c and sprawl), which SD models effectively capture through feedback delays.

SD models build on the tradition of urban dynamics (Forrester, 1970) and systems thinking (Sterman, 2000),
emphasising feedback structure -reinforcing or balancing loops- in complex urban systems. There has been still
limited application of SD applied in transportation (Pfaffenbichler et al., 2024; Shepherd, 2014). By operating
at the zonal level and avoiding individual-level simulation, they run extremely fast, enabling rapid scenario
testing and sensitivity analysis that would be prohibitively slow with agent-based models. Their computational
ef�ciency also makes them highly scalable, allowing simulation at national or multi-regional levels without the
state-space explosion typical of microsimulation. A further advantage is transparency; SD models explicitly
represent feedback loops, often through causal loop diagrams, helping planners and stakeholders qualitatively
grasp system dynamics before engaging with quantitative results. Although the limitations of SD models stem
from their aggregate nature, the choice of approach depends on the study goals. For example strategic planning
and rapid scenario testing often favor SD, while detailed operational forecasting might favor Activity-based
models (ABMs) or hybrid approaches. In summary, ABMs and SD offer a trade-off: ABMs provides granular-
ity and behavioural richness at high computational cost, whereas SD offers speed and clarity at the expense of
detail.

While the aforementioned studies offer valuable insights into transport and land use interactions, there re-
mains a gap for an agile cross-national decision-support tool that is understandable to policymakers, operates
at short daily timesteps to account for processes with varying reaction speeds — from daily travel behaviour
changes to long-term infrastructure expansion — and remains computationally ef�cient. Another challenge lies
in the calibration of these models, particularly aggregate ones, which often lack detailed behavioural represen-
tation. The application of rigorous estimation methods can enhance the behavioural dimension of the model and
improve calibration ef�ciency.

3 Contributions

Our framework contributes to the state of practice in LUTI modelling by: (i) incorporating cross-national spa-
tial granularity at the zonal level, (ii) dynamic modelling to capture system evolution over time for strategic
decision-making, (iii) effectively accounting for time lags between different processes by modelling system
states at daily times steps, (iv) eliciting the underlying structure driving system behaviour, and (v) remaining
computationally quick. This deliberately designed strategic aggregate model connects long- and short-term
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urban choices. The developed framework serves as a decision-support tool to understand system behaviour,
anticipate future developments, and evaluate the impacts of policy interventions —accounting for the interre-
lated dynamics of transport, congestion, accessibility, housing markets, land constraints, and population change.

In our study, we estimate certain sub-models using maximum likelihood estimation with the available data,
while employing heuristics to calibrate the remaining parameters. A key challenge in SD models is calibration,
which is often carried out through trial-and-error procedures, literature-derived elasticities, or expert judgment.
Incorporating estimation techniques can enhance behavioural realism and increase the ef�ciency of parameter
calibration. In short, the current study retains the computational ef�ciency and transparency of the SD approach
while extending its scope to a multi-regional scale and grounding its assumptions in localised data. This enables
the development of an aggregate model that supports rapid policy evaluation across a wide range of scenarios,
remains interpretable to policy makers, and offers scalability for future extensions.

4 Methodology

We develop a system-level framework to jointly model the transport and land use dynamics over a time horizon
of multiple years. These modules interact in a time-lagged and bidirectional manner, re�ecting the dynamic
nature of urban systems. The transport module feeds into the land use module through accessibility, which rep-
resents the potential for residents to reach workplaces, services, and other essential opportunities. Accessibility
is a key determinant of where people choose to live and work, in�uencing patterns of urban growth and de-
velopment. In turn, the land use module is linked back to the transport module through spatial distribution and
location choice. These choices, in�uenced by factors such as housing availability, rent prices, and infrastructure,
shape the demand for transport services and the con�guration of transportation networks. This bidirectional and
time-lagged interaction between transport and land use modules captures how changes in one system (e.g., new
transport infrastructure) impact the other, creating a dynamic and interdependent model of urban development.
Figure 2 presents the general structure of inter-relationships between these modules.

Figure 2: General structure of the integrated framework

This framework builds on the principles of system thinking and system dynamics (Sterman, 2000; For-
rester, 1961) and utilises transport manuals, econometric, and behavioural models for quanti�cation. System
dynamics is an established discipline developed at MIT, that focuses on understanding and modelling complex,
feedback-driven systems over time. The system dynamics approach connects structure and behaviour by explic-
itly modelling causalities, feedback relationships, and time lags between processes, using dynamic modelling
to determine the state of the systems and capture the underlying feedback loop structure of causes and effects.
The primary goal of system dynamics models is to understand the underlying structure driving the dynamic
behaviour of the system, and to evaluate different policies, which are long-term, macro-level decision rules.
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Some speci�cations of our framework are as follows: (i) The temporal timesteps are set to days. This
choice is motivated by the need to capture delays across different urban processes, including short delays such
as transport mode choice decisions that may occur within a few days. (ii) The spatial boundaries of the model
extend across national borders and are analysed at the level of discrete zones corresponding to existing func-
tional regional divisions such as cantons, cities, or municipalities. (iii) The attractiveness of the region under
study and migration patterns are assumed to be exogenously determined. The dynamics of economic prosperity
of the region is considered outside the scope of the model. (iv) Travel times and costs for private modes are
updated endogenously within the model, whereas those for public transport are treated as exogenous. Public
transport fares are typically �xed by regulation, and travel times are assumed externally given. This assump-
tion is justi�ed as part of public transport is rail-based, where travel times remain �xed regardless of demand,
while the bus-based component may operate in either mixed traf�c or on separated lanes. Since detailed data
on this classi�cation are not available and the combined effect on travel times is non-trivial and out of scope
of this study, public transport travel times are treated as exogenous. (v) Renting is considered the sole means
of satisfying housing demand. (vi) Rent prices are determined endogenously based on the balance of demand
and supply at each timestep. (vii) The distribution of workplaces across zones is exogenously given. (viii) The
dynamics of land prices fall outside the scope of this study. (ix) The state of the urban system is directly derived
through dynamic modelling.

In the remainder of this section, we �rst present a high-level causal loop diagram to qualitatively illustrate
the key feedbacks between transport and residential location choice (Section 4.1). Next, we de�ne the model
boundaries and introduce the key model variables in Section 4.2. The quanti�cation of the transport module and
the land use module is then detailed in Sections 4.3 and 4.4, respectively.

4.1 Causal loop diagrams

The urban system is composed of various sub-systems including the population, housing, and transport. Our
mental models often fail to include the critical feedbacks driving the dynamics of the system. To represent a
visual narrative of feedback mechanisms within the system of interest, causal loop diagram consisting of vari-
ables connected by arrows denoting the causal in�uences among the variables are developed using the Vensim
PLE software (Ventana Systems, 2025), with the output shown in Figures 3 and 4. In a causal loop diagram, the
variable from which the arrow originates represents the cause, while the variable at the arrow's destination is
the affected variable. The effect is either positive, where an increase in one variable leads to an increase in the
affected variable, indicated by a “+" on the arrow, or negative, where increasing one variable leads to a decrease
in another, indicated by a “-" on the arrow. A reinforcing loop (R) ampli�es change in the system; a change in
one variable leads to further change in the same direction, causing differences to become magni�ed over time.
A balancing loop (B), by contrast, counteracts change; when a variable shifts, corrective actions push it back
toward equilibrium, stabilising the system. In causal loop diagrams, delays are indicated by short double slashes
“ // " on the causal arrows.

Consider a region with two residential zonesi and j . In the transport module (Figure 3), an increase in
the commute time for residents of zonei reduces their accessibility to workplace, which subsequently lowers
the relative attractiveness of zonei . As the relative appeal of zonei declines, the relative attractiveness of
residential zonej increases (loop R1). This shift in attractiveness motivates a rise in the relocation of residents
from zonei to zonej . However, the relocation of population responds gradually to changes, as such moves
involve substantial transaction costs, and typically take several months to complete due to factors such as house
hunting, negotiations, and settling into new homes. Additionally, there is an information delay; it takes time
for residents to perceive the reduced accessibility, and their decision to relocate is in�uenced by the gradual
realisation of these changes in accessibility. As more population move to zonej , the number of daily commutes
from zonej also increases, leading to heightened traf�c congestion, longer travel times, and overcrowding of
public transport system for residents of zonej . This increase in travel times reduces the accessibility of zonej
and decreases its relative attractiveness as a place to live (loop B1), controlling the relocation in�ow to zonej .
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The reduced accessibility can be further moderated by two mechanisms. The �rst balancing mechanism
involves changes in transport mode choices, where residents, facing increased travel time or overcrowding, may
switch to alternative transport modes that offer faster or more ef�cient travel options (loop B2 and B4). The
second balancing mechanism considers the expansion of transport infrastructure, which aims to reduce con-
gestion by increasing the capacity of roads, public transport, or other relevant infrastructure (loop B3 and B5).
However, the effects of these balancing loops are subject to different time lags. The perception of increased
travel time by residents is delayed, as it may take months for them to perceive the change in congestion levels.
Even after perceiving the change, it can take several more days for residents to adjust their mode choice accord-
ingly. Additionally, infrastructure expansion involves a signi�cant delay; planning and obtaining the necessary
licenses for new infrastructure can take several months to a couple of years, and the construction itself often
spans multiple years. The time lags between the initiation of these interventions and their observable impacts
on the system vary, adding an additional layer of complexity to the dynamics of the region's transport system.

In the residential relocation module (Figure 4), an increase in the population of zonei raises the demand for
housing. In addition to relocation from other zones, population growth in a zone is driven by net immigration
to the region and the net birth rate. The latter contributes to a reinforcing loop, as a higher birth rate increases
the population, which in turn fuels further population growth (loops R3 and R4). This change in population
and thus housing demand is re�ected in the dwelling market, speci�cally in the rental prices and ultimately in
the dwelling stock. In particular, dwelling price effects are driven by the interaction between housing demand
and supply. When a zone experiences a surge in housing demand while supply remains constant, the average
housing surface per person decreases, tightening the market and driving rental prices upward. The effect of
population growth on rental prices is not immediate. There is a time lag in how quickly the market adjusts. It
may take several months for the rent prices to re�ect the increased demand, as the market gradually responds
to changing conditions. Once rent prices increase, it may take additional months for residents to perceive the
higher costs. This reduces the attractiveness of the zone, prompting some to relocate, which in turn decreases
both the population of zonei and its housing demand, ultimately stabilising rent prices (loop B15).

This increase in rental prices, in turn, boosts the attractiveness of housing development in the area. If there
is room for new development, an increase in housing demand can lead to an expansion of the housing stock.
Rising rents incentivise developers to invest in new residential projects, which over time increases housing sup-
ply and moderates rental prices (loop B11). In addition to price incentives, greater market tightness and demand
also stimulate further construction (loop B14). However, the housing development process is controlled by
land availability (loop B12), and rising land prices (loop B13), both of which play critical roles in initiating
housing construction. The expansion of housing supply helps to alleviate the excess demand for housing, but
this process is subject to signi�cant time delays, known as construction time lags. These delays mean that the
impact of new housing on the market is not immediate. As new homes become available, the excess housing
demand in zonei is gradually reduced, leading to stabilisation of residential rent prices (loop B11 and B14).
Lower rent prices then increase the relative attractiveness of residential zonei , making it more appealing to
potential residents. This, in turn, drives the relocation of individuals to zonei , further in�uencing the dynamics
of competing residential zones.

The dynamics of residential relocation are interdependent, as changes in the attractiveness of one zone, such
as zonei , in�uence the relative appeal of other zones (loop R6). For instance, as more residents move to zonei
due to its improved housing availability, the demand for housing in neighbouring zones may decrease, affecting
the dynamics in those areas. Consequently, the housing development process in zonei not only impacts its own
residential market but also alters the population distribution and competitive balance across other zones.

A number of factors contribute to the complexity of these interactions: on one hand, land development
regulations and the decision-making processes of land developers, which shape housing supply and, in turn,
in�uence housing prices; on the other hand, the location choice behaviour of individuals and �rms, which deter-
mines the spatial distribution of socio-economic activities within the study area. The population movement and
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relative attractiveness of the residential zones are the common variables between the transport and residential
location module, joining these two modules and affecting their inter-related dynamics.
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Figure 3: Causal loops in transport
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Figure 4: Causal loops in residential relocation
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4.2 Model boundary

To clarify the scope of the system dynamics framework, we de�ne the model boundary. Considering this bound-
ary, the variables are classi�ed into three main categories -endogenous, exogenous, and excluded variables- as
summarised in Table 1. Endogenous variables can in�uence the behaviour of the system and are in�uenced by
it. Exogenous variables can in�uence the behaviour of the system but are not be in�uenced by it. Excluded
variables are omitted from the model either because their in�uence is assumed negligible or because they lie
outside the scope of this study. For clarity, only key variables are listed in the table. It is important to note that
the excluded variables presented in the table are merely examples. Many other factors are also not represented
in the model, such as taxes and transfers, �rms' land demand, goods consumption, and proximity to sellers.

Table 1: Model boundary: Key model variables by types.

Variable
Type

Variable Name Notation Description Unit

Endogenous
Residents zonei N R

i (t ) Number of residents in zone
i .

Person

Employed population zonei N Empl
i (t ) Number of employed resi-

dents in zonei .
Person

Residents move-in rate zonei mvin
i (t ) Number of residents moving

into zonei at each timestep.
Person/Year1

Residents move-out rate zonei mvout
i (t ) Number of potential resi-

dents leaving zonei at each
timestep.

Person/Year1

Total potential movers Nmv
T (t ) Total number of individuals

who may change residence
within the study area, com-
posed of net births, migra-
tion �ows, and out-movers
from all zones at each
timestep.

Person/Year1

Rent price in zonei Ri (t ) Monthly rent per square me-
ter in zonei .

Euro/m2 /Month

Residential surface zonei Si (t ) Total residential �oor area in
zonei .

m2

Housing surface per resident zonei Sper
i (t ) Living space available per

resident in zonei .
m2 /Person

Available land to construct zonei L i (t ) Maximum buildable �oor
space given current land
constraints in zonei .

m2

Accessibility zonei Acci (t ) A relative measure of a ac-
cessibility to workplace for
residents of zonei .

-

Travel time by modem from zonesi
to j

TTm
ij (t ) Travel time by modem from

zonei to j at morning peak
hour.

Min

Travel cost by car from zonesi to j TCPC
ij (t ) Total travel cost by car from

zonei to j at morning peak
hour.

Euro

Continued on next page
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(Continued from previous page)

Type Name Notation Description Unit

Fuel cost for commute by car from
zonei to j

cfuel
ij (t ) Cost of fuel for travel by car

from zonei to j .
Euro

Endogenous
Operating cost for commute by car
from zonei to j

cmaint
ij (t ) Vehicle's maintenance and

operating cost for travel by
car from zonei to j .

Euro

Toll cost for commute by car from
zonei to j

ctoll
ij (t ) Cost of toll fees for travel by

car from zonei to j .
Euro

Number of commuters from zonei Ti (t ) Total number of individuals
commuting from zonei dur-
ing morning peak hour on a
workday.

Person/hr

Number of car commutes from zone
i to j

CPC
ij (t ) Number of cars commuting

from zonei to j at morning
peak hour on a workday.

Veh/hr

Number of bus commutes from zone
i to j

Cbus
ij (t ) Number of bus-based pub-

lic transport commutes from
zonei to j at morning peak
hour on a workday.

Veh/hr

Number of commuters from zonei to
j

Tij (t ) Number of commuters from
zonei to j at morning peak
hour on a workday.

Person/hr

Number of commuters from zonei to
j by modem

Tm
ij (t ) Number of commuters from

zone i to j by mode m
at morning peak hour on a
workday.

Person/hr

Road infrastructure capacity from
zonei to j

CapPC
ij (t ) Relative road corridor ca-

pacity between zonesi and
j , scaled to 1 at baseline (t =
0), representing available in-
frastructure capacity.

-

PT capacity between zonei andj CapPT
ij (t ) Maximum hourly capacity

of public transport services
between i and j without
overcrowding.

Person/hr

Car speed between zonei andj vPC
ij (t ) Trip-speci�c speed for travel

from zonei to j by car at
morning peak hour.

km/hr

Exogenous
Initial Conditions - Condition or value of

component classes (e.g.,
residents, housing surface,
transport infrastructure)
at the beginning of the
dynamic model (t = 0).

-

Residents in the study area NR
T (t ) Total number of residents in

the study area of interest.
Person

Net birth rate NB(t ) Annual net population
change from births and
deaths in the study area.

Person/Year1

Continued on next page
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(Continued from previous page)

Type Name Notation Description Unit

Exogenous
Migration rate MigT (t ) Annual number of individ-

uals migrating to the study
area.

Person/Year1

Employment rate zonei � Empl
i (t ) The proportion of employed

residents relative to the
working age residents in
zonei based on census data.

-

Share of working-age residents in
zonei

� WorkAge
i (t ) The proportion of working-

age residents relative to the
resident population in zonei
based on census data.

-

Morning peak hour commute rate � peak
trip Proportion of total daily

commute trips that occur
during the morning peak pe-
riod.

1/hr

Travel cost by public transport from
zonei to j

TCPT
ij (t ) Total travel cost by public

transport from zonei to j at
morning peak hour.

Euro

Distance zonei to j d ij Total travel distance by car
from i to j .

km

Fuel price pfuel(t ) Price of fuel per liter in the
study area.

Euro/liter

Fuel consumption � f (t ) Fuel consumption of vehicle
per 100 kilometers travelled.

liter/100km

Maintenance cost per kilometer � maint(t ) Monetary cost per kilometer
to run a vehicle covering ex-
penses such as maintenance,
insurance, and depreciation.

Euro/km

Toll fees ptoll(t ) Monetary charges for us-
ing speci�c roads infrastruc-
tures.

Euro

Car occupancy OccPC(t ) Average number of individ-
uals travelling in a car per
trip.

Person/Veh

Bus occupancy Occbus(t ) Average number of individ-
uals per bus.

Person/Veh

Attraction of zonej for commuters A j (t ) Relative attractiveness of
zone j as a workplace
destination, proxied by the
number of jobs in the zone.

-

Proportion of bus-based commutes � Proportion of public trans-
port commutes that use bus.

-

Free-�ow speed vFFS
ij Free-�ow speed of car for

travel from zonei to j in
uncongested conditions with
no traf�c interference.

km/hr

Continued on next page
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(Continued from previous page)

Type Name Notation Description Unit

Threshold car speed between zonei
andj

v�; PC
ij Minimum acceptable car

speed from zonei to j at
morning peak hour; speeds
below this threshold trigger
infrastructure expansion.

km/hr

Exogenous
Threshold variables � PC, � PT Threshold variables denote

policy or operational trigger
points beyond which infras-
tructure investment is initi-
ated.

-

Normative housing surface per per-
son zonei

Aper,norm
i Normative or target residen-

tial surface area per person
based on planning guide-
lines or historical standards.

m2 /Person

Average time living in zonei � mv
i Average time living in zone

i before moving to another
zone.

Year

Average building lifetime � life
Res Average lifetime of a resi-

dential building.
Year

Residential construction duration � Cnst
Res Time lag between the start of

construction and the avail-
ability of housing.

Year

Road infrastructure construction du-
ration

� Cnst
PC Time lag between project

initiation and the availability
of new road infrastructure.

Year

Public transport infrastructure con-
struction duration

� Cnst
PT Time lag between project

initiation and the availability
of new public transport in-
frastructure.

Year

Physical and information time delays - Time delays for information
perception and physical con-
struction.

-

Model parameters - Parameters used for model
calibration and in utility for-
mulations.

-

Excluded
Relative attractiveness of the greater
region

- The relative attractiveness of
the study area that affects its
annual net external migra-
tion rate.

-

Workplace location - The workplace relocation
and workplace infrastruc-
ture developments dynamics
within zones of the study
area.

-

1Although the model operates with a daily timestep, demographic rates are de�ned in persons per year for interpretability. Internally,
they are converted to daily rates.
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4.3 Transport module

The transport module builds on the causal loops presented in Figure 3, situating its formulation within that
broader feedback structure. It captures the effects of population growth and the resulting decline in accessibility
due to longer travel times (loops B1 and B6 in Figure 3), the long-term balancing role of infrastructure expan-
sion in meeting increased commuting demand (loops B3, B5, B8, and B10 in Figure 3), and the mode choice
behaviour of the population that helps to alleviate congestion and capacity insuf�ciency (loops B2, B4, B7, and
B9 in Figure 3). Through these mechanisms, changes in transport demand and supply are linked to changes
in accessibility, which in turn in�uence land use patterns, particularly the spatial distribution of population and
economic activities.

The transport module models the travel behaviour of the population and has two models; (i) a travel demand
model, and (ii) a travel infrastructure model (supply). The travel demand model captures passenger travels,
comprising 4 sub-models (i) trip generation, (ii) trip distribution, (iii) mode choice, and (iv) trip assignment.
The travel infrastructure model represents the state and capacity of the transport supply system, including both
public transport and road infrastructure. It provides information on available infrastructure and is updated to
re�ect capacity changes driven by demand. The interaction between the demand and infrastructure models en-
ables the system to account for network conditions, congestion, and accessibility. Figure 5 presents a general
scheme of the sub-models and outputs of transport module.

Figure 5: Transport module

4.3.1 Travel demand model

In this framework, travel demand is represented by trip generation volume, expressed as the average number
of daily commuters during the morning peak hour. Morning peak is chosen because traf�c-related problems
are most pronounced at peak times, especially in the morning, which accounts for 45% of daily work trips
(Department for transport, directorate for mobility planning, 2018). The trip generation step estimates the
number of commuters originating from each zone. Commuting trips are driven by the employed population,
with only morning peak-period trips being considered. A trip rate method is applied, in which the number of
employed residents in each zone is multiplied by a �xed commute trip rate at morning peak per person on a
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typical workday. These trip rates are assumed to remain constant per capita and per workday across zones.

Ti (t ) = NEmpl
i (t ) � peak

trip (1)

whereTi (t ) is the number of morning peak-period commuters originating from zonei at timestept . � peak
trip is the

average commute trip rate per employed individual during the morning peak hour.NEmpl
i (t ) is the number of

employed residents in zonei at timet . It is calculated as the product of the resident population in zonei , the
employment rate in zonei , and the share of the working-age population in zonei :

NEmpl
i (t ) = NR

i (t ) � WorkAge
i (t ) � Empl

i (t ) (2)

whereNR
i (t ) is the number of residents in zonei at timet , � WorkAge

i (t ) is the ratio of working-age population
(15-64 years) in zonei , and� Empl

i (t ) is the employment rate among working age population in zonei , obtained
from census data.

In trip distribution, the trips generated in the trip generation step are allocated to destination zones, deter-
mining the spatial pattern of commuting �ows. The trip distribution sub-model calculates the proportion of
commute trips to each chosen destination from a given origin. This step is central to four-step travel demand
models, as it links trip origins with plausible destinations based on opportunities and travel impedance. This
allocation is performed using a gravity model (Ortuzar and Willumsen, 2011), a widely used spatial interaction
model in transportation planning to estimate how trips are distributed from origins to destinations. It assumes
that the number of trips between two zones is directly proportional to the attractiveness of the destination and
inversely proportional to the generalised travel cost between them. Given the total number of trip productions
Ti (t ) from each origin zonei , the raw attractiveness valuesA j (t ) for each destination zonej (e.g., number of
jobs in zonej ), and the generalised travel cost GCij (t ), the production-constrained (singly constrained) gravity
model is expressed as folows:

Tij (t ) = Ti (t )
A j (t ) FF(GCij (t ))

P
k Ak (t ) FF(GCik (t ))

(3)

whereTi (t ) is the number of commuters from zonei at morning peak.Tij (t ) denotes the number of morning
peak hour commuters from origin zonei to destination zonej . The function FF(GCij (t )) represents a deterrence
function, which is a monotonically decreasing function of perceived generalised cost. It captures the diminish-
ing likelihood of choosing more distant or expensive destinations. The denominator

P
k Ak (t ) FF(GCik (t ))

serves as a normalisation term, ensuring that the total number of trips from each origin zonei are proportionally
distributed across all destinations based on their relative weighted attractiveness. Since this model is singly
constrained, only origin totals are preserved. Destination totals emerge endogenously as destinations compete
for trips based on their attractiveness adjusted by travel impedance.

The form of FF(GCij (t )) is typically chosen based on the trip purpose and empirical evidence of travel
behaviour. For commute trips, an exponential decay form is commonly applied as Equation 4.

FF(GCij (t )) = e� GCGCij ( t ) = e� GC

�
� GC

TT TT
( �t perc,transp)

ij ( t )+ � GC
TC TC

( �t perc,transp)

ij ( t )
�

(4)

where� GC is the impedance parameter that re�ects the sensitivity of trip distribution to generalised cost, esti-
mated to �t data using Hyman method (Hyman, 1969). The generalised cost,GCij (t ), is expressed as a money-

metric utility, composed of perceived travel timeTT
( �t perc,transp)
ij (t ) , and perceived travel costTC

( �t perc,transp)
ij (t ).

These quantities are averaged over a perception time window�t perc,transp, capturing the information delay in the
decision-making process, re�ecting how travel time and cost are perceived by commuters over a speci�c time
period rather than instantaneously. The parameter� GC

TT is the parameter the travel time, denoting the willing-
ness to pay, and allows for the conversion of travel time into monetary units.� GC

TC is parameter of travel cost,
normalised to -1 to maintain consistency with the money-metric utility formulation.
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Once the generated trips are distributed across destination zones, the mode choice step determines how these
trips are divided among available transportation modes. The mode choice sub-model calculates the proportion
of total commuters between each origin-destination pair allocated to each mode. The mode choice sub-model
uses a logit speci�cation, to relate the attractiveness of each mode to its perceived characteristics. Each transport
mode is associated with a utility function that captures the perceived travel cost and travel time for that mode.
Importantly, both travel time and cost are perceived through a temporal �lter, averaged over a perception window
, �t perc,transp, that re�ects the delayed adjustment to changes in travel conditions. The resulting number of
commuters by mode is given by:

Tm
ij (t ) = Tij (t )

e�V m
ij ( t )

P
m 0 e�V m 0

ij ( t )
(5)

whereTm
ij (t ) denotes the number of morning peak-period commuters from zonei to j using modem. � is a

scale parameter.Vm
ij (t ) is the systematic utility associated with modem for the same origin-destination pair,

(i ,j ). The utility functionVm
ij (t ) is de�ned as:

Vm
ij (t ) = ASCm + � m

TTTT
( �t perc,transp) ;m
ij (t ) + � m

TCTC
( �t perc,transp) ;m
ij (t ) (6)

whereTT
( �t perc,transp) ;m
ij (t ) is the perceived travel time from origini to destinationj by modem, averaged over

the perception time window�t perc,transp. TC
( �t perc,transp) ;m
ij (t ) is the perceived travel cost between zonesi andj by

modem, smoothed over the same perception time window,�t perc,transp. � m
TT and� m

TC are mode-speci�c utility
parameters re�ecting the disutility of travel time and travel cost, respectively. ASCm is the alternative speci�c
constant, representing the baseline preference for choosing modem beyond accounted travel attributes.

The travel time by car between each origin destination pair at morning peak-hour can be estimated using the
fundamental relationship between speed and distance, as Equation 7.

TTPC
ij (t ) =

d ij

vPC
ij (t )

� 60 (7)

where TTPC
ij (t ) is the travel time by car fromi to j . d ij is the total travel distance by car from zonei to j .

vPC
ij (t ) denotes the trip-speci�c speed for travel from zonei to j by car. A BPR-type speed–�ow relationship

is applied to express speed as a function of demand–capacity ratio, using the standard functional form found in
macroscopic travel demand models (e.g., Ortuzar and Willumsen (2011)). The commute speed by car between
zonesi andj at each timestept is given by:

vPC
ij (t ) =

vFFS
ij (t )

1 + � � (DFPC
ij (t )) �

(8)

wherevFFS
ij (t ) denotes the free-�ow speed by car for travel from zonei to j , representing the speed of vehicles

under low-volume conditions, when drivers are free to travel at their desired speed without being constrained
by other vehicles or downstream traf�c controls. This speed approximates the theoretical condition where both
traf�c density and �ow rate are near zero. In practice, posted speed limits are often used as a proxy for free-�ow
speed. DFPC

ij (t ) is demand factor of corridor fromi to j during the morning peak period at timestept . Parameters
� and� are empirical coef�cients, set to� = 0:15and� = 4 (California Department of Transportation, 2022).
DFPC

ij (t ) is derived based on Equation 9.

DFPC
ij (t ) = DFPC

ij (0)
CapPC

ij (0)

CapPC
ij (t )

�
CPC

ij (t ) + Cbus
ij (t )

CPC
ij (0) + Cbus

ij (0)
(9)

where CapPC
ij (t ) denotes the relative road corridor capacity from zonei to j at timestept . CapPC

ij (t ) is a di-
mensionless, non-negative variable de�ned on a relative scale with respect to the road infrastructure capacity at
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timestep 0, CapPC
ij (t ) 2 (0;1 ). A value of CapPC

ij (t ) = 1 indicates that the road capacity is equal to the base-
line capacity at timestep 0. A value of CapPC

ij (t ) = 0 represents a fully non-functional (closed) corridor. Values
greater than 1 indicate an increased capacity relative to the base case (e.g., due to infrastructure expansion),
while values less than 1 represent a reduced capacity (e.g., due to disruptions or degradation). The capacity may
vary over time, taking values above or below 1 depending on infrastructure development or deterioration of the
network. CPC

ij (t ) is the number of car-based commutes fromi to j at timestept , calculated using the morning
peak origin-destination commuter �ows and car occupancy as Equation 10.

CPC
ij (t ) =

TPC
ij (t )

OccPC(t )
(10)

whereTPC
ij (t ) is the number of morning peak-period commuters from zonei to j using private vehicle, and

OccPC(t ) is the average car occupancy, expressed as the number of people per car.

In Equation 9,Cbus
ij (t ) denotes the number of bus-based public transport commutes fromi to j at timestept .

It is computed based on the total number of public transport commuters during the morning peak,TPT
ij (t ), the

proportion of those using buses with mixed traf�c� , and the average occupancy of buses Occbus(t ) expressed
as average number of people per bus, as follows:

Cbus
ij (t ) =

� T PT
ij (t )

Occbus(t )
(11)

DFPC
ij (0) is the initial demand factor, used to initialise the transport model and calculated as:

DFPC
ij (0) = �

s
vFFS

ij (0) - vPC
ij (0)

� � vPC
ij (0)

(12)

wherevPC
ij (0) is the trip-speci�c speed at morning peak from zonei to j by car at timestep 0. The trip-speci�c

speed can be computed as:

vPC
ij (0) =

d ij

TTPC
ij (0)

� 60 (13)

whered ij is the commute distance from zonei to j . TTPC
ij (0) is the travel time fromi to j by car at timestep 0,

which is estimated based on Google maps data.

The travel cost for private car trips, denoted as TCPC
ij (t ), comprises multiple components, calculated as

Equation 14.

TCPC
ij (t ) = cfuel

ij (t ) + cmaint
ij (t ) + ctoll

ij (t ) (14)

wherecfuel
ij (t ) represents the fuel cost,cmaint

ij (t ) refers to the vehicle's maintenance and operating costs,ctoll
ij (t )

accounts for toll charges and road pricing. The fuel cost component,cfuel
ij (t ), can be estimated as Equation 15.

cfuel
ij (t ) = 100 dij � f (t ) pfuel(t ) (15)

whered ij is the travel distance between zonesi andj in kilometers,� f (t ) is the fuel consumption of vehicle
expressed as liter per hundred kilometers (liter/100km).pfuel(t ) is the fuel price per unit (Euro/liter).

The vehicle operating cost,cmaintenance
ij (t ), covers wear-and-tear expenditures such as maintenance, tires,

insurance, and depreciation, and is estimated as:

cmaint
ij (t ) = d ij � maint(t ) (16)
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where� maint(t ) denotes monetary cost per kilometer to run a vehicle covering expenses such as maintenance,
insurance, and depreciation (Euro/km).

The cost of toll charges for car travel from zonei to j , denoted asctoll
ij (t ), is calculated by summing the toll

feesptoll associated with all tolled links along the shortest or assigned path between the two zones.

ctoll
ij (t ) =

jX

i

ptoll(t ) (17)

For public transport modes, travel costs are de�ned exogenously, as they are typically regulated. Travel times
are primarily derived exogenously from observed performance data. However, to account for the fact that some
bus-based services operate in mixed traf�c and are thus affected by road congestion, a weighted average is ap-
plied. This average combines the exogenously de�ned travel time with an endogenously calculated travel time
that re�ects current road traf�c conditions. The weight assigned to each component depends on the proportion
of the public transport service that is affected by general traf�c conditions. For instance, corridors with services
operating entirely on dedicated lanes (e.g., trams or buses with exclusive right-of-way) rely on exogenous travel
time data. By contrast, corridors with bus services that share road space with private vehicles are more sensitive
to congestion and therefore incorporate endogenous travel time estimates, weighted by the share of public trans-
port operating in mixed traf�c within the corridor. The travel cost for public transport is de�ned exogenously
and regulated.

Trips are analysed at the corridor level, with one corridor de�ned between each origin–destination pair.
Consequently, the trip assignment stage is simpli�ed, and only a single route is considered between each pair of
zones.

In the travel demand model, at each timestep, the transport �ows at an origin-destination basis by each trans-
port mode, the average travel times and travel costs between each origin-destination pair per transport mode are
modelled.

4.3.2 Travel infrastructure model

In the transport infrastructure development model, the decision to increase the road transport infrastructure
capacity is determined with a set of rules based on the commute speed by car at morning peak and number of
commutes as follows:

If
C

PC;( �t dec,transp)
ij (t )

CPC
ij (0)

� 1 + � PC andvPC;( �t dec,transp)
ij (t ) � v�; PC

ij ; then CapPC*
ij (t ) =

C
PC;( �t dec,transp)
ij (t )

CPC
ij (0)

(18)

whereC
PC;( �t dec,transp)
ij (t ) is the perceived average number of commutes during the morning peak from zonei to

j at timestept , averaged over the decision time window�t dec,transp. This smoothing accounts for the �uctua-
tions in commute patterns over time and provides a more stable estimate for decision-making regarding road
expansion.CPC

ij (0) is number of commutes at morning peak fromi to j at the start of the modelling (t = 0).
� PC is a threshold for road capacity expansion (e.g.,0:25), indicating when the road needs expansion based on
changes in the number of morning peak commutes.vPC;( �t dec,transp)

ij (t ) is the perceived trip-speci�c speed by car
at the morning peak from zonei to j at timestept , averaged over the decision time window�t dec,transp. v�; PC

ij
is the minimum acceptable threshold car commute speed. If the perceived trip-speci�c car speed falls below
this threshold, it suggests that the road is congested and needs to be expanded. CapPC*

ij (t ) is the desired road
capacity from zonei to j at timestept , based on the decision criteria. Once initiated, transport infrastructure
come into operation after a time delay of construction time,� Cnst

PC .
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Public transport infrastructure development follows a similar rule-based approach, driven by demand during
the morning peak and the capacity constraints of existing public transport links between zones. Once initiated,
transport infrastructure come into operation after a time delay of construction time,� Cnst

PT .

In the travel infrastructure model, the state of the transport infrastructure at each timestep is modelled and
updated. Using the outputs from transport module, the accessibility measure is computed, linking the transport
module back to the land use module.

The accessibility measure is derived by integrating outputs from the transport and land use modules. Ac-
cessibility is measured using a Hansen-type indicator (Miller, 2020), which quanti�es the ease of reaching em-
ployment opportunities. This measure is based on the gravity model, which assumes that accessibility depends
on both the number of available jobs at destination and the impedance of travel (Ibeas et al., 2013; Coppola and
Nuzzolo, 2011). The accessibility measure for residents of each zonei , denoted as Acci (t ), is calculated as
shown in Equation 19.

Acci (t ) =
X

j

A j (t ) e� Acc
TT TTij ( t ) (19)

whereA j (t ) is the number of jobs in destination zonej , TTij (t ) is average travel time at morning peak hour
for trip from zonei to j at timestept , and� Acc

TT is a decay parameter re�ecting sensitivity of accessibility mea-
sure to travel time. The exponential decay function captures how accessibility declines with increasing travel
time. Higher values of accessibility indicate greater access to employment opportunities within reasonable travel
times. We focus on accessibility to workplaces for two main reasons. First, access to employment is a key factor
in residential location choice models from a theoretical perspective (Alonso, 1964; Lowry, 1964). It in�uences
individuals' job prospects, supports activity participation, and affects overall quality of life (Niedzielski and
Eric Boschmann, 2014). Second, employment accessibility is strongly correlated with accessibility to shopping
and leisure opportunities (Baraklianos et al., 2020).

4.4 Land use module

The land use module models the dynamics of residential and workplace relocation and development, consisting
of two models; (i) a residential model, and (ii) a workplace model (Figure 6). The residential and workplace
location models determine the placement of population and jobs. These models adjust previous spatial distribu-
tions in response to changing conditions. In the current framework, we focus only on the residential model and
assume the workplace model as given and exogenous. In further operational extensions of the framework, the
workplace model can be endogenised. The residential model has two sub-models; (i) a residential relocation
sub-model (demand), and (ii) a housing development sub-model (supply). Residential location choices are in�u-
enced by factors such as housing supply, accessibility, rental prices, all of which are endogenously determined
within the model. The major factor for housing development is the increase in housing demand due to increase
in population. Housing development is also in�uenced by housing market factors such as housing prices and is
constrained by land available for residential development.

The residential model builds on the causal loops presented in Figure 4, situating its formulations within
that broader feedback structure. It captures the effects of population growth (loops R3 and R4 in Figure 4),
including the resulting surge in housing demand, increased market pressure, and rent dynamics that in�uence
the relative attractiveness of zones for residents (loops B15 and B16 in Figure 4). It also re�ects the long-term
balancing role of housing developments (loops B11, B14, B17, and B20 in Figure 4), as well as constraints from
land availability (loops B12 and B18 in Figure 4). An analysis of land price dynamics lies beyond the scope of
this study (loop 13 and B19 in Figure 4). Through these mechanisms, changes in housing demand and supply
translate into shifts in the number of residents in each zone and commuting demand, which in turn in�uence
transport patterns.
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Figure 6: land use module

4.4.1 Residential relocation sub-model

The residential relocation sub-model identify the the number of residents who will relocate within the current
timestep and assigns them to zones within the study area. The residential relocation is formulated as a rate-based
logit model. Once the potential number of residents to relocate is estimated, the location choice sub-model
assigns them to speci�c destination zones using a multinomial logit speci�cation. The relocation of residents
within the study area is modelled through three steps:

(i) Out-migration of residents: The potential number of residents relocating from each zone is estimated
based on the average duration of residence.

mvout
i (t ) =

NR
i (t )
� mv

i
(20)

where mvout
i (t ) is the move-out rate from zonei , NR

i (t ) is the number of residents in zonei at timestep
t , and� mv

i represents the average length of residence in zonei , estimated from housing survey data.

(ii) Pooling of movers: At each timestep, the total pool of potential movers in the region consists of net births,
net migration into the study area, and out-migration from all zones:

Nmv
T (t ) = NB(t ) + MigT (t ) +

X

i

mvout
i (t ) (21)

whereNmv
T (t ) is the total number of potential movers in the greater region. NB(t ) is the net birth rate,

and MigT (t ) is the net migration rate to the study area, both derived exogenously from population census
data.

(iii) Allocation of movers to zones: Movers are distributed across residential zones using a logit model that
accounts for the characteristics of destination zones, such as perceived accessibility to workplace and rent
prices. Additional proxy for area quality (e.g., distance to the city center, average income of residents,
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etc) may also be included.

mvin
i (t ) = Nmv

T (t )
e�V i ( t )

P
k e�V k (t )

(22)

where� is a scale parameter, and the systematic utility of each zone,Vi (t ), is de�ned as follows:

Vi (t ) = ASCi + � Rent Ri (t )( �t perc,Res) + � Acc Acc
( �t perc,Res)
i (t ) (23)

ASCi is the alternative speci�c constant associated with zonei . Ri (t )( �t perc,Res) denotes the perceived
monthly rent per square meter in zonei at timestept , averaged over the perception delay window,
�t perc,Res. This temporal averaging captures information delays and smooths short-term �uctuations in

rent over the speci�ed period.Acc
( �t perc,Res)
i (t ) represents the perceived accessibility to workplace from

zonei , averaged over the same perception time window,�t perc,Res. This smoothing accounts for temporal
changes in accessibility, again re�ecting the lag in perception. The parameters� Rent and� Acc calibrated
from observed data, capture the sensitivity of residential utility to perceived rent and accessibility, respec-
tively. In the allocation of potential movers, it is assumed that the choice of destination is not in�uenced
by the location of the current domicile of movers.

Rent prices are determined endogenously in the model based on the available surface area per resident in
each zone. At each timestep, a desired rent priceR�

i (t ) is computed as a function of the tightness of the housing
market in zonei , de�ned as the ratio between the current surface area per person and a normative benchmark
for that zone:

R�
i (t ) = Ri (t ) � f R

 
S

per;( �t dec,Res)
i (t )

Sper,norm
i

!

= Ri (t ) � f R

 
S

( �t dec,Res)
i (t )=N

R;( �t dec,Res)
i (t )

(Si =NR
i )norm

!

= Ri (t ) � f R

 
1

Tight
( �t dec,Res)
i (t )

!

(24)

whereRi (t ) is the monthly rent price per square meter in zonei at timestept , Si (t ) is the residential surface

area, andNR
i (t ) is the number of residents in zonei at timestept . S

per;( �t dec,Res)
i (t ) denotes the perceived

residential surface area per person in zonei at timestept over the decision time window�t dec,Res. Sper„norm
i is

the normative or target residential surface area per person in zonei , based on planning guidelines or historical

standards. Sper,norm
i

Sper
i ( t ) represents the tightness of the housing market in zonei , quantifying how tight or loose

the market is —that is, whether housing is scarce or abundant relative to the number of people needing it.
The functionf R expresses how deviations from the target density level in�uence the desired rent price. A
high tightness value indicates overcrowding (low surface area per person), which drives the desired rent price
upward; conversely, low tightness suggests abundance of housing and lowers the desired rent. The functionf R

is a nonlinear lookup function calibrated to replicate historical rent prices across zones. The actual rent price,
Ri (t ), does not adjust instantaneously to the desired level. Instead, it evolves gradually over time, re�ecting the
inertia of real estate markets. The rate of change in the rent price is governed by:

dRi (t )
dt

=
R�

i (t ) - Ri (t )

� adj
Rent

(25)

where� adj
Rent is the time lag associated with rent adjustment. This formulation captures the delayed response of

rent prices to supply–demand imbalances.

25



4.4.2 Residential development sub-model

The housing development sub-model determines the expansion of residential �oor space in each zone, account-
ing for both demand-driven triggers and physical constraints. This process is guided by planning policy inputs
and is in�uenced by rent levels, residential densities, and the availability of land designated for residential
construction. The decision to develop is based on three key factors: (i) housing demand, (ii) rent prices, and
(iii) availability of land for residential construction. Housing surface tightness is de�ned in terms of the ratio
between a desired/normative benchmark and the current surface area per resident. When this ratio goes over one
—indicating overcrowding— the pressure to develop increases. Higher rent prices provide �nancial incentives
for development, while land availability constrains the total amount that can be built. Housing development
takes one or more years to complete. As a result, newly constructed dwellings become available only after a
prede�ned construction time lag. As new housing is added, the overall �oor space increases, raising the surface
area per resident. This reduces development pressure and contributes to stabilising or lowering rent levels.

Figure 7 presents a system dynamics stocks and �ow for residential development mechanism. New hous-
ing developments enter the system through the housing development rate, accumulates in the housing under-
construction stock, and is added to the available housing surface after a construction delay. The available
housing surface gradually ages and depreciates based on the average building lifetime.

Figure 7: Scheme of housing development dynamics in zonei .

The desired housing surface,A �
i (t ) is computed as a function of the existing housing surface in decision

time t , the surface area available per resident relative to a normative benchmark, and rent levels. Speci�cally,
when the housing surface per resident is low or rent prices are high, the desired housing surface increases.
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whereSi (t ) is the housing surface in zonei at decision timet . S
per;( �t dec,Res)
i (t ) is the perceived housing sur-

face per resident over decision time period�t dec,Res. Sper,norm
i is the normative per capita housing surface. The

function f S is a nonlinear lookup function, capturing how development pressure responds to deviations from
the target surface area per person. The functionf S increases as the surface per resident decreases, re�ecting

growing development pressure when space becomes scarce.R
( �t dec,Res)
i (t ) is the perceived rent price smoothed

over the decision time window�t dec,Res. RRef
i is a reference rent, and� denotes the elasticity of housing supply

with respect to rent price. This formulation means that incentive for development increases when living space
is tight and rent prices are high.

This desired surface is compared to the existing stock to determine the rate at which new housing enters
construction. The actual construction in�ow is limited by land availabilityLi (t ), leading to the formulation:

dSin construction
i (t )

dt
= min(max(S�

i (t ) - Si (t ); 0) ; Li (t )) (27)

whereLi (t ) is the maximum buildable �oor space given current land constraints. This equation ensures that
construction only occurs if the desired surface exceeds the current surface (S�

i (t ) > S i (t )) and that it remains
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within the land constraint.

Once initiated, housing remains under construction for a duration of construction time,� Cnst
Res , as shown in

the central stock of the diagram in Figure 7. After this delay, housing is added to the built environment at
a completion rate. This corresponds to the rightward �ow in the diagram from the “Housing surface under
construction" to the “Housing surface" stock.

dSi (t )
dt

=
Sin construction

i (t )
� Cnst

Res
-

Si (t )
� life

Res
(28)

where� Cnst
Res is the average construction time delay. Finally, assuming a constant-rate decay, housing depreciates

over time and exits the stock at a rate proportional to the average building lifetime,� life
Res.

Together, these equations describe the dynamics of residential development: from identifying the need for
new housing, through the constraints and time lags of the construction process, to eventual delivery and depreci-
ation. The output of the land use module at each timestep is the spatial distribution of residential and workplace
locations, which links the land use module back to the transport module.

5 The case of Luxembourg

In this section, we present the application of the model through a case study of Luxembourg. Section 5.1
introduces the main characteristics of the study area and the model setup. The key assumptions and data are
explained in Section 5.2. Section 5.3 discusses the model calibration and parameters. The results and model �t
are presented and analysed in Section 5.4, with example policy scenarios explored in Section 5.5.

5.1 Case study area

The area of study in this application is the Greater Region of Luxembourg. Luxembourg is a small country with
a total area of 2'586 km2, bordered by Germany, Belgium, and France. Its dynamic economy attracts approx-
imately 200'000 cross-border workers everyday from the neighbouring countries, accounting for nearly half
of the national workforce. This substantial volume of daily commuting highlights the strong interconnection
between Luxembourg and its cross-border regions, particularly in terms of both daily and residential mobil-
ity. Accordingly, the study area includes the Grand-Duchy of Luxembourg and the bordering territories of the
neighbouring countries in Germany (Saarland and Rhineland-Palatinate), Belgium (Wallonia), and France (Lor-
raine). The cross-border areas are at border proximity territories de�ned based on the proximity zones identi�ed
in Luxembourg's national spatial planning strategy (PDAT) (Ministère de l'Aménagement du Territoire, 2023).
The cross-border functional area of Luxembourg is illustrated in Figure 8. The Grand Duchy of Luxembourg is
divided into 12 cantons, which serve as its administrative districts, as presented in Figure 9. For the analysis,
each of these 12 internal cantons is taken as a zone. In addition, each bordering cross-border region in France,
Belgium, and Germany is represented as a single aggregated zone, resulting in a total of 15 zones in the model.

Luxembourg has experienced remarkable economic prosperity in recent decades, emerging as one of the
most prosperous countries in Europe. This growth has been accompanied by rapid demographic change. The
population has increased by 54% since 2000 reaching 672'000 person in 2024, driven by both international
migration and strong labour demand. In response to its favourable economic climate, many companies have
relocated to or opened of�ces in Luxembourg, which has led to a substantial rise in job opportunities. The
growth in number of jobs has outpaced population growth in relative terms, with a job per resident ratio of 0.76
in 2023, re�ecting the exceptional weight of the labour market relative to the national population (Observatoire
du développement territorial, 2025). A large share of jobs is �lled by cross-border commuters, whose numbers
rose from approximately 105'000 in 2005 to 166'000 in 2019 —an increase of 37%. Today, cross-border work-
ers represent more than 40% of total employment, a proportion that has steadily grown over the past decade.
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Figure 8: Map of greater region of Luxembourg; Luxembourg's cross-border functional area (Adapted from
Ministère de l'Aménagement du Territoire (2023)).

In 2023, Luxembourg recorded 499'985 jobs, of which only 265'000 were held by residents, meaning 47% of
the workforce lived in neighbouring countries, 43% of whom come from France, and almost equally from Ger-
many and Belgium. This marks a dramatic shift from just 3% in 1961, highlighting the continued and growing
dependence on cross-border labour (Observatoire du développement territorial, 2025). This puts pressure on
transport networks, prompting each state to adjust its services to better meet user needs.

These combined trends re�ect high levels of both residential and daily mobility, contributing to dynamic
labour markets and population concentration in and around the country. A signi�cant share of total employment
is concentrated in Luxembourg City. This concentration of economic activity has placed strong pressure on the
housing market, triggering a sharp rise in real estate prices not only in Luxembourg's urban core but also in its
immediate surroundings. However, the housing supply has remained relatively inelastic, with limited new con-
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