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Abstract. Representing dynamic patterns of people’s movement is crucial for modelling high-resolution urban systems with 

feedback to emissions (e.g., anthropogenic heat, pollutants) and exposure of individuals to environmental stressors. We have 

developed the transport model MATSDA (Movement And Transport Simulations using Dijkstra’s Algorithm) consists of 

MATSDA-roads and MATSDA-metro that iteratively computes optimised routes through a simplified nodal representation of 

urban transport networks. The approach can be used for different transport modes with routes being represented as a sequence 10 

of journeys between linked nodes. MATSDA-roads v2.0’s input network has a hierarchy of road types (motorway to local 

roads, UK) connected by junctions and intersections. MATSDA-roads v2.0 is assessed in London (UK) with data collected in 

real-time from the Google Maps Directions API over several weeks to capture day of week, time of day, route direction 

(outbound v. inbound) and route alternatives (total of >87,000 reference routes). A high level of road network detail, notably 

carriageway types (e.g., dual carriageways, slip roads), is critical to obtain travel times accurately to within 5-10 minutes 15 

during daytime, particularly for longer journeys. Model parameter choices are shown to impact model performance, with 

effective length of local roads and junction delay penalties increasing the modelled travel time. MATSDA-roads v2.0 captures 

the diurnal variability of urban traffic through its input data, including morning and evening rush hours but travel times are 

systematically underestimated late at night (between 22 h and 4 h). The model exhibits high skill at identifying major travel 

corridors (Fractions Skill Score ~0.7 at 500 m grid resolution), indicating its route choices are spatially realistic. This work 20 

provides a valuable tool for transport research, urban climate modelling and environmental exposure assessment that require 

dynamic human movement patterns. 

1. Introduction 

With more than 45% of the world’s population (approximately 3.7 billion people) living in urban areas (UNPD 2025), the 

reliance on vast and complex transportation systems is greater than ever. The efficiency of these systems directly governs 25 

travel times, which in turn influences critical aspects of urban life, including sustainable development and economic vitality 

(Louf and Barthelemy 2014). However, urban transport systems are also a major source of environmental pressure (Afshari et 

al. 2018). They are significant contributors to greenhouse gas emissions and energy consumption (Blunn et al. 2024), and their 

environmental impacts are both direct and indirect. In addition to air pollutant emissions, there are anthropogenic heat 

emissions from urban transport systems which modify the urban microclimate. Vehicles with combustion engines directly 30 
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warm the air by releasing waste heat. The amount of heat released depends on vehicle type, fuel source and speed (e.g., 

Grimmond 1992, Iamarino et al. 2012; Sailor and Lu 2004). It varies with neighbourhood road network density, road types 

(e.g., affecting speed limits), time of day (e.g., rush hour), day types (weekday/weekend; e.g., Qian et al. 2024), and seasonal 

variations in fuels (Grimmond 1992). Indirectly, transport infrastructure (e.g., paved surfaces) absorb and store incoming solar 

radiation and emit it as heat (Ivanchev and Fonseca 2020). Furthermore, transport dynamics influence other sources of 35 

anthropogenic heat (Capel-Timms et al. 2020; Hertwig et al. 2025b). For example, transport behaviour (e.g., driven by 

preferences, policies, short-term traffic disruptions, reductions/increase of remote work) can impact daytime building energy 

demand (Liu et al. 2022). Traffic congestion can alter commute times (Thabet and Zengin 2024), thereby shifting building 

occupancy patterns and affecting indoor heat gains from energy consumption and associated heat emissions from buildings. 

Transport also impacts human exposure to urban environmental stressors like air pollution and heat through duration of stay 40 

in different transport environments (e.g., subway, train, car) and in different locations of the city with higher/lower exposure 

(e.g., Yang et al. 2009, Smith et al. 2016). 

The need to understand these complex interactions is amplified by advancements in environmental modelling. As numerical 

weather prediction (NWP) and climate models increase their resolution (O(100 m)) over urban areas (Lean et al. 2024; Hall et 

al. 2024), the dynamic behaviour of the urban population becomes a critically important factor. Urban environments are distinct 45 

from rural areas in their surface properties, energy exchange patterns and anthropogenic activities (Oke et al. 2017). At sub-

kilometre scale, human activities like commuting and leisure travel are no longer sub-grid phenomena but can become 

resolvable processes that can significantly impact local energy fluxes and therefore other atmospheric variables (e.g. stability, 

wind speed, temperature) and pollutant dispersion. 

Here, we introduce the urban transport model MATSDA (Movement And Transport Simulations using Dijkstra’s Algorithm, 50 

Sect. 2) for the dynamic modelling of travel routes through a city’s transport network. The framework (Fig. M1.21 in the User 

Manual: Ma et al. 2025a) has two distinct components: MATSDA-roads, designed for road-based movement (driving, cycling, 

walking), and MATSDA-metro, designed for public transport networks (e.g., bus, rail, waterways). While established routing 

platforms like Google Maps or Apple Maps provide highly accurate navigation for individuals based on real-time or historical 

data, they are not optimized for the specific requirements of integrated urban climate research. Commercial platforms often 55 

function as ‘black boxes’ with proprietary algorithms, that are computationally and financially prohibitive to query at the scale 

required for city-wide flux calculations. Whereas, MATSDA can support urban climate modelling activities such as the 

derivation of anthropogenic heat emissions from traffic sources but also provides valuable spatio-temporal data for exposure 

assessments. We demonstrate MATSDA-roads v2.0 applied to the UK’s largest metropolitan area, Greater London (~2,300 

km2, Fig. 1a). The detailed road network (Sect. 3.1) for the model domain includes the M25 orbital motorway. The choice and 60 

analysis of independent reference data, as well as the set-up for seven configurations are evaluated (Sect. 3.2). The performance 

 
1 Cross-referenced Sections, Tables or Figures with their relevant numbers in this paper have no prefix used, whilst for the Supplementary 

material a S or the Manual a M prefix is used. 
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of MATSDA-roads’ route-finding algorithm for road traffic by vehicles is evaluated in time and space (Sect. 4). Specifically, 

we address the following research questions: 

• What level of detail is needed to represent the road network for realistic travel route modelling (assessed using 

independent data, e.g., Google Maps)?  65 

• What are the drivers of model uncertainty and controls on bias (e.g., path or travel duration)? 

• Given MATSDA-roads’ v2.0 input data and road-network representation, what degree of variability is captured in the 

modelled transport routes and travel durations (e.g., differences by day type (weekday, weekend), time of day (e.g., rush-

hour) and road types)? 

 70 

Figure 1: Aspects of the MATSDA-roads v2.0 model domain shown at different scales: (a) full extent of the Greater London model domain 

(inset: UK) out to the M25 motorway (pink border) with 500-m grid length neighbourhoods shown, (b) schematic of a MATSDA-roads v2.0 

route with its sequence of varying road types (nodes) connected by journeys that are grid-boundary (black) aware, and (c) all major traffic 

arteries within the model domain plus the independent reference data route coverage (grid-cell level) used to evaluate the model (Section 3). 

2. MATSDA-roads model description 75 

MATSDA-roads is an urban transport model that derives optimal travel routes (e.g., to minimise travel duration, travel cost or 

air pollution exposure) between origin–destination (O-D) pairs in space (Fig. 1b) for different transport modes such as driving 

by car, bicycling or walking. The model is applicable across scales from local neighbourhoods to large metropolitan areas and 

can respond to accessibility changes or choices (e.g., road closures, avoidance of low emission or congestion charge zones). 

MATSDA-roads/-metro travel routes are usable by the agent-based modelling system DAVE (Dynamic Anthropogenic 80 

actiVities and feedback to Emissions; Hertwig et al. 2025b) to allow people to move between (and within) city neighbourhoods. 
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MATSDA uses Dijkstra’s (1959) pathfinding algorithm, a method widely applied for determining the optimal shortest-path 

for many network types, including roads (Casey et al. 2014, Bing and Lai 2022), communication (Kaur et al. 2020), and social 

media (Mensah et al. 2020). While effective, this approach is computationally intensive (Cormen et al. 2009), as algorithm run 

time and memory requirements grow with network size and level of detail used to capture the system of interest (Ahuja et al. 85 

1993). Therefore, to model large road networks of mega-cities, MATSDA implements a balance between accuracy of network 

representation and computational costs (details in Sect. 3.1.1). 

Fundamentals of the MATSDA-roads approach and terminology used (Table 1) are introduced in Sect. 2.1, followed by 

general model input requirements (Sect. 2.2) and features of the pathfinding implementation (Sect. 2.3). Information on this 

specific MATSDA-roads v2.0 application is given in Sect. 3.1.  90 

2.1 Approach and terminology 

MATSDA-roads takes the road network as input across a model domain of neighbourhood areas (O(~100 m) horizontal extent) 

containing intra- and inter-neighbourhood connected transport nodes (Fig. 1, Table 1). Thus, the spatial discretisation 

requirements for urban climate modelling (e.g., use of grid-cells) are addressed. With MATSDA-roads v2.0, a high-resolution 

representation of the sub-grid scale street network, needed for realistic traffic routing, is introduced (Sect. 2.2). 95 

Fundamental to both of MATSDA’s modelling components (road, metro) is a graph-structured travel database (Table 1; 

Sect. 2.2) with the intra- and inter-neighbourhood transport network represented as nodes. Different node types exist, such as 

for roads (MATSDA-roads) or public transport lines via bus, tram, subway, train and etc. (MATSDA-metro). Nodes connect 

(journeys) to other nodes via junctions within a neighbourhood and can connect to other nodes at the neighbourhood border 

(Fig. 1b; road leading from one neighbourhood to another). Each journey from one node to another directly accessible node 100 

has one or more weight attributes that characterise the connection (e.g., travel time, travel cost). Journey weights can vary by 

transport mode, node type used (e.g., motorway cf. local road), day type, time of day (time period applicable; Table 1), service 

schedule (public transport timetables) and node length. The generation of the complete nodal network, referred to as 

MATSDA’s travel database, is done with MATSDA’s Node Creator (Ma et al. 2025a, Fig. M1.2). In a second modelling step, 

the travel database is used to compute the complete travel route with MATSDA’s Pathfinder (Ma et al. 2025a, Fig. M1.2) as 105 

the optimal sequence of journeys (minimising the weight total) between nodes from origin to destination using Dijkstra’s 

(1959) method. 

Table 1: Terminology used in MATSDA modelling and its specific application as part of MATSDA-roads v2.0 in this study, with 

Dijkstra’s (1959) paper terms (*). 

Terminology General description This study (MATSDA-roads v2.0) 

Neighbourhood Area where travel begins/ends/passes through 

(order ~ 1 ha) 

500 m x 500 m grid-cells covering Greater 

London (Fig. 1) 

Travel database 

(graph*) 

Transport network (e.g., roads) with nodes 

(neighbourhood-node-type pairs) connected by 

journeys 

Greater London travel database (Sect. 2.2) 
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Node Sub-neighbourhood scale transport network 

component with information on possible 

connections (journeys) to other nodes 

Uniquely identifiable based on neighbourhood 

number and road number/name (Fig. 2a) 

Node type Category influencing traffic speed, capacities and 

connectivity (e.g., road type, public transport 

lines/services) 

UK road types (DfT 2012) (1) major: motorway, 

A Road, B Road; (2) minor: local 

Junction Point where nodes intersect, enabling transitions 

(journeys) between, e.g., road types, transport 

modes 

Major road junctions, roundabouts, connections 

between adjacent neighbourhoods (Fig. 1b) 

Journey (edge*) Connection between two nodes with information 

on travel time, travel cost, etc. 

Connections of road types and neighbourhoods 

(Fig. 1b) 

Journey weight A non-negative attribute (e.g., travel time, distance, 

cost) characterising each journey 

Travel time 

Time period 

applicable 

Journey weights can vary by time of day and day 

of week (e.g., traffic rush-hour, public transport 

schedules) 

Traffic flow speeds for different day types and 

time intervals: Weekday (h): 4-7, 7-9, 9-12, 12-

14, 14-16, 16-19, 19-22, 22-4; Weekend (h): 4-7, 

7-10, 10-14, 14-19, 19-22, 22-4 (Sect 2.2, Fig. 

2a; Table S8) 

Travel route 

(shortest path*) 

Complete sequence of journeys between nodes 

from origin to destination obtained by optimisation 

considering journey weights (Dijkstra 1959) 

Travel time minimised 

2.2 MATSDA-roads v2.0 travel database 110 

The MATSDA-roads v2.0 Road-Node Creator 2.0 tool generates a travel database for road transport based on user-processed  

geospatial road network input data (Sect. M3.1, M3.2 in Ma et al. 2025a). To construct the travel database, three general steps 

are required: 

1. Geospatial analysis to define road-nodes in each neighbourhood 

2. Aggregation of neighbourhood road lengths and derivation of travel times 115 

3. Extraction of journeys available between nodes within and across neighbourhoods 

For step 1, geospatial road network data are needed to derive road lengths, road type and/or number/name. Road segments 

within each neighbourhood are extracted and aggregated by a common identifier (road_ID) based on road names, numbers 

and/or carriageway types. Combined with a neighbourhood identifier (nhood_ID), this creates unique identifiers for all nodes 

in a neighbourhood (<nhood_ID>_<road_ID>; example in Fig. 2a).  120 

Each node has a list of journeys to other nodes and associated travel times (weights; Fig. 2a). To derive these travel times 

(step 2), local (e.g., road-type dependent) traffic flow speeds are needed (e.g., based on observations or speed limits) together 

with road lengths (step 1). Two transition cases exist (Fig. 1b): i. node-type transition: junction between different road-node 

types within the same neighbourhood (split circle, Fig. 2b), and ii. neighbourhood transition: roads connect to an adjacent 

neighbourhood. These are derived from geospatial road junction locations and from mapping intersections between roads and 125 

neighbourhood boundaries (square, Fig. 2b). For the inter-node transition, the model allows specification of a time penalty to 

characterise the anticipated time loss from changing roads. The impact of this is discussed in Section 4.1. The derivation of 
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the MATSDA-roads v2.0 travel database within the Greater London modelling domain (Fig. 1c), used in this study, is given 

in Section 3.1. 

 130 

Figure 2: Example MATSDA-roads v2.0 node information for a case with a major road (A406, CDC: collapsed dual carriage way) connected 

to two other nodes (journey destinations): (a) data structure and attributes, and (b) map of nodes and junctions (connection symbols as in 

Fig. 1b). Journey 1: connects to a different road type (SR: slip road) within the same neighbourhood through a junction; Journey 2: connects 

to the same road but in a different neighbourhood). Travel time (min) is for a specific time interval or period (Saturday/Sunday (SS), 4:00-

7:00). Additional journeys during other time periods exist. 135 

2.3 MATSDA Pathfinder 2.0 

The MATSDA Pathfinder 2.0 (Fig. 3) is designed to determine an optimal path (based on journey weights, Table 1) from 

a start node (origin) to all other nodes in the road network (Table 1), and uses the same generic approach shown in Fig. 3 for 

both road and metro model components. To describe the Pathfinder logic, we use a road transport example, with travel time 

as the journey weight. Other weights (e.g., travel cost, air quality concentration) are possible, including combining weights. A 140 

critical optimization in the MATSDA’s pathfinding framework is the calculation of the complete shortest-path tree for each 

origin node in a single execution, rather than computing routes for individual origin-destination (O-D) pairs at runtime (Sect. 

M3.3 in Ma et al. 2025a). 

MATSDA-roads v2.0 travel routes use network connections (Fig. 2) to provide intra- and inter-neighbourhoods movement. 

To ensure realistic behaviour, we require travel routes to originate and terminate on local roads, based on three assumptions. 145 

First, most real-world travel patterns begin and end at home or workplaces that are frequently situated on smaller, local roads 

rather than directly on major roads (e.g., motorway, A/B road; Hertwig et al. 2024). Second, major roads (e.g. motorways or 

A roads) have limited and controlled access points (junctions; Fig. S1 in Supplementary Information). Starting on a local road 

requires the Pathfinder to first find a suitable junction to access these faster routes, avoiding logical inconsistencies of starting 

a journey on a major road (e.g., a motorway) in a neighbourhood where no direct access is possible. Third, having only one 150 

local origin node per neighbourhood enhances computational feasibility for a large-scale network. For origin and/or destination 

neighbourhoods with no local roads, we designate the nearest neighbouring grid-cell with the longest total local road length as 
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a parking node. A fixed 5-min walking time is added to the trip to account for the transition between the intended 

origin/destination and this parking node, ensuring network connectivity between all neighbourhoods in the domain. 

 155 

Figure 3: MATSDA Pathfinder v2.0 computational logic with arrows showing processing directions. 

The Pathfinder iteratively processes MATSDA’s travel database by continuously updating the ‘shortest travel time’ 

parameter from a given start node to all other network nodes (Fig. 3). Once a connection to a node has been analysed, the node 

is marked as ‘visited.’ All possible journeys from each start node are evaluated for each time period applicable (Table 1), as 

travel times across the network can be subject to temporal variations, e.g., reflecting typical diurnal changes of traffic flow 160 

speeds. The ‘fastest route’ from the start node to every end node is stored with the associated ‘fastest time’ giving the optimal 

route solution. Solutions are stored for analysis and can be used as input data to different urban modelling systems, such as 

agent-based models like DAVE (Hertwig et al. 2025b). Details for MATSDA-roads v2.0 Pathfinder v2.0 output are presented 

in Sect. S2.2. 
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3. MATSDA-roads v2.0 setup and evaluation cases for Greater London 165 

Here, setup and evaluation of MATSDA-roads v2.0 is optimised for road (driving) travel-time in Greater London (Fig. 1a,c). 

However, the general methodology is applicable to elsewhere (i.e., independent of city or country) and also for other transport 

types (e.g., MATSDA-metro), although data processing differences may exist (Sect. 3.1) depending on local differences in 

road-type classifications. Note that hereafter, ‘MATSDA’ refers specifically to MATSDA-roads v2.0 unless otherwise stated. 

We evaluate both modelled travel duration and spatial routing using reference data extracted through the Google Maps 170 

Directions API (Google 2025, Sect. 3.2). All notation used in this section can be found in Appendix A. 

3.1 Greater London travel database 

3.1.1 Domain and road network 

The model domain in this study is the region enclosed by the M25 orbital motorway, encompassing the Greater London 

metropolitan area. The domain is subdivided into 9,416 grid-cells or neighbourhoods (500 m x 500 m resolution, Fig. 1a,c). 175 

Details of MATSDA-roads v2.0 Pathfinders v2.0 output are given in Sect. S2.2. The grid-cell is the fundamental spatial unit 

of the model, but a Cartesian grid is not a model requirement (i.e., neighbourhoods can be represented in other ways, such as 

census or administrative regions). 

A hierarchy is used to capture the road network to balance computational feasibility and modelling accuracy. There are two 

representations for the main traffic arteries (Fig. 1c) of major roads (motorways, A roads, B roads; DfT 2012) used in 180 

MATSDA’s travel database: i. only using the road number (e.g., A406) or ii. adding different carriageway type information 

(e.g., dual carriageway, single carriageway, slip road, roundabout) available from OS Open Roads (2021). The major road 

(numbered) and carriageway type combinations create unique identifiers that are used to define road nodes (Fig. 2). 

Within each neighbourhood, major roads are clipped by the 500-m grid boundaries to precisely calculate the road-node 

length, ℓ𝑛 (m). This length is derived from corresponding road segments, 𝑙𝑠 (m), of the OS Highways (2024) input data. This 185 

level of detail is critical as road type impacts travel speeds and hence routing choices, with motorways often given priority for 

long-distance trips and local roads for intra-neighbourhood movement (DfT 2012). It is computationally unfeasible to apply 

the same level of detail to the complex network of local (minor) roads in the domain. Instead, local roads within each 

neighbourhood are treated as an aggregated entity and represented only by a single node. As local road journeys within a 

neighbourhood typically only use a subset of the available local road network, an effective local road length is derived. We 190 

consider two approaches to calculate this effective length: i. a constant fraction of total local road length per neighbourhood, 

and ii. a parameterisation based on O-D (origin-destination) straight-line distance. These are evaluated in Section 4.1.1. 

The neighbourhood road network complexity is reflected by the number of nodes within the MATSDA travel database. 

Across the model domain there are a total of 20,273 nodes (database size is 21.2 MB in JSON format, Ma et al. 2025b), with 

a maximum of 13 nodes occurring in a single neighbourhood. Computational details of the travel database generation are 195 

presented in Sect. S1.2-S1.3. 
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3.1.2 Traffic flow speed 

To compute travel times for journeys between nodes, travel speeds are derived from average traffic speed data for individual 

roads (Digimap Pilot Collection 2024). The dataset is based on observed (GPS) vehicle speeds over a six-month period, for 

weekdays (Monday–Friday; MF), weekends (Saturday/Sunday; SS) and different times of day (MF (h): 4-7, 7-9, 9-12, 12-14, 200 

14-16, 16-19, 19-22, 22-4; SS (h): 4-7, 7-10, 10-14, 14-19, 19-22, 22-4). Thus, diurnal variations in travel times across day 

types can be modelled in MATSDA (Sect. M3.1 in Ma et al. 2025a; Sect. S1.2.3). 

For bidirectional roads, Digimap Pilot Collection (2024) distinguishes vehicle speeds for both flow directions but without 

information on the geospatial direction (e.g., from or towards the city centre) or road lane. Spatial variability of the 

neighbourhood traffic speeds across the model domain shows clear differences by road type and time (day type, time of day; 205 

Fig. 4). The impact of selecting either minimum or maximum speeds from the two flow directions on the MATSDA route 

outcome is discussed in Sect. 4.2. 

Speed information is evaluated per neighbourhood by mapping the data to OS Highways (2024) road segments and creating 

average speeds by road and carriageway type (Sect. S1.2.3). The ‘aggregated’ local roads are assigned the median of the 

observed local road speeds within each grid-cell neighbourhood. As a single major road object (road number-carriageway type) 210 

may be represented by several line segments in the OS Highways (2024) geospatial data, the average speed (𝑉, m min-1) per 

unique major road-node in a neighbourhood is calculated per time period (𝑡) as the segment length (𝜆𝑠, m) weighted mean of 

all 𝑠 ≥ 1 road segment speeds (𝑉𝑡,𝑠, m min-1): 

𝑉𝑡 =
∑(𝜆𝑠 𝑉𝑡,𝑠)

∑𝜆𝑠
 .            (1) 

Based on the total road-node lengths (ℓ𝑛, Sect. 3.1.1) and traffic speeds (Eq. 1), the journey duration (𝜏𝑛,𝑡, min) per time period 215 

𝑡 is: 

𝜏𝑛,𝑡 =
ℓ𝑛

𝑉𝑡
 .            (2) 
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Figure 4: Variability (median, interquartile range, 5th and 95th percentiles) of all model domain neighbourhoods (Fig. 1c) traffic flow speeds 

(maximum from raw data; minimum shown in Fig. S2; Digimap Pilot Collection 2024) by road type (colour) and time of day for: (a) 220 
weekdays and (b) weekend. 

3.2 Model evaluation 

To assess MATSDA’s performance we use Google Maps routing model data (GM; Google 2025), focusing on ability to 

realistically model route choices and travel times under diverse conditions. The goal of the evaluation is to demonstrate that 

MATSDA can capture traffic patterns in time and space realistically through its simplified approach when compared to the 225 

routing from a more complex and detailed transport model. The evaluation methodology requires: i. selection of representative 

O-D pairs (Sect. 3.2.1), ii. collection and processing of GM data (Sect. 3.2.2), and iii. definition of both evaluation cases (Sect. 

3.2.3) and metrics (Sect. 3.2.4, Sect. 3.2.5).  

3.2.1 Route selection 

To select O-D neighbourhoods a stratified sampling strategy is used considering realistic travel scenarios distributed across 230 

the model domain (Fig. 1a,c) and covering multiple distances. The Greater London (administrative boundary Fig. 1a,c) 

population data (ONS 2011) are used to select the O-D neighbourhoods. 

Origin neighbourhoods are selected based on the local driving population (Fig. S4) which is estimated from the residential 

population and car commuter fraction (ONS 2011). Neighbourhoods are stratified into five car commuters’ frequency classes 

(cf. other modes): 1-10%, 11-25%, 26-45%, 46-70%, >71%. From the five classes, a total of 75 unique origin neighbourhoods 235 
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are randomly selected using a weighting of 5, 10, 15, 20, 25, respectively, ensuring the sample covers a varying reliance on 

private vehicles (Fig. 5b). 

Destination neighbourhoods are selected for each origin using five non-overlapping, straight-line distance categories 

(Short/S: [1.5,5), Short-Medium/SM: [5,12), Medium/M: [12,20), Medium-Long/ML: [20,28) and Long/L: [28,47] km), 

excluding destinations <1.5 km. For the [5,12) km distance there are 60 (rather than 75) origin neighbourhoods. For all distance 240 

bands, we identify the most likely workplace neighbourhood based on data from Hertwig et al. (2024, 2025a) to create 391 

unique O-D pairs, representing realistic residence-workplace pairs across Greater London (Fig. 5). 

 

Figure 5: Spatial distribution of the 391 unique origin-destination (O-D) pairs in Greater London, faceted by five straight-line distance 

categories: (a) S: [1.5-5) km, SM: [5-12) km, M: [12-20) km; (b): ML: [20-28) km; (c): L: [28-47] km). All 75 origin points (60 for SM) are 245 
shown in each panel, coloured by the driving population percentage. The lines connect origins (home grid-cell) to their corresponding 

destinations (workplace grid-cell). 

3.2.2 GM reference data 

For each O-D pair (Sect. 3.2.1) the Google Maps Directions API query uses the O-D neighbourhoods’ centroids to return a 

‘best guess’ (primary) route plus up to two alternatives from GM’s traffic model which synthesizes historical traffic patterns 250 

(based on time of day and day of week) with current live traffic conditions (Google 2025). To capture different traffic 

conditions, queries are undertaken for different day types (weekdays with school: WDS, weekdays during school holidays: 

WDNS, and weekends/public holidays: WE/H) and times (Table S11). To avoid API congestion and capture representative 

traffic, requests are initiated 5 min past the hour (e.g., 08:05) and staggered over 15–20 min. Simultaneously, a second set of 

API calls are made for reverse O-D pairs (i.e. workplace to residence). Data are analysed by time intervals (e.g., 08:05 → 255 

07:00–09:00; Table 1 and Sect. 3.1.2). 

Of the 156,370 (154,697) retrieved GM routes, 44,841 (44,187) are unique home→work (work→home) routes. Each unique 

route is assigned an ID capturing the O-D neighbourhood pair, geospatial routing data, day type and time of day. Non-unique 
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routes, differ only because of day collected (i.e., same ID as all other attributes are identical) or have minor geospatial variations 

(e.g., functionally identical as they traverse the exact same sequence of neighbourhoods). The retrieved GM data includes 260 

geospatial line segments with length and travel time attributes, allowing segment-specific traffic speeds to be derived. To 

enable like-for-like comparisons to MATSDA road-types (Sect. 3.1.1), we assign each segment OS Highways (2024) data 

attributes. Thus, direct comparison of travel times, routing, and road types can occur. All processing steps of the GM data are 

given in Sect. S3.2. 

3.2.3 Evaluation cases 265 

To evaluate MATSDA with the Greater London and GM database (Sect. 3.1, Sect. 3.2.2), we use: 

• Spatially consistent routes (SCR): the GM retrieved routes (grey grids; Fig. 1c) known to MATSDA’s Pathfinder are 

used to evaluate travel time, with spatial uncertainty removed as similar routing and road-types are used. 

• Full: uses all GM database cases assessing MATSDA’s spatial pathfinding as the full domain road network is available. 

The GM O-D pairs are for two directions (home→work, work→home) to capture asymmetries in travel times and congestion: 270 

work→home GM routes are evaluated during the evening rush hour period (16-19 h), whereas home→work GM routes are 

evaluated for all other periods (morning rush hour and off-peak). This direction-specific filtering uses the GM direction that 

best represents the relevant period, which fits the data collection design (Sect. 3.2.2). 

Within the GM dataset (Section 3.2.2) there are 44,102 home→work and 43,293 work→home routes that cover a wide 

range of neighbourhoods (Fig. 1c) and are fully within the model domain (Fig. 1a). The 739 (home→work) and 894 (work→275 

home) unique routes that use roads outside our model domain are excluded. A further 7,466 (8,782) GM routes are not assessed 

in the SCR case as small geospatial resolution discrepancies exist between the GM routes and MATSDA’s OS Open Roads 

(2021)-based input data prevent MATSDA finding a continuous path through the same neighbourhoods (details given in Sect. 

S3.3). For the SCR assessment there are 36,636 (34,511) GM routes. These are randomly split using a ~6:4 ratio into training 

(used in Sect. 4.1) and evaluation (used in Sect. 4.2 and 4.3) datasets (Table 2), with stratification for day type and time of day. 280 

The full evaluation uses the SCR subset plus the routes removed with small geospatial inconsistencies (Table 2). Table S13 

summarise data availability by day type, time of day, route distance and dominant road type. 

Table 2: Number of routes (N) by travel direction in each GM route dataset. More details given in Table S13. Training dataset is used to 

determine model parameters. 

GM data set use N: home→work N: work→home 

Evaluation (temporal) – spatially consistent routes (SCR)   14,667 13,815 

Evaluation (spatial) – full domain 22,133 22,597 

Training – subset domain 21,969 20,696 

Parameters (Sect. 4.1) are determined using the training dataset (Table 2), prior to use in the independent model evaluations 285 

(Table 2). To investigate the impacts of model input data (e.g., traffic flow speed, road description) and parameters (i.e., 

effective local road length fraction, junction time penalty) seven MATSDA runs are undertaken (Table 3). 
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The effective local road length fraction (ℱ𝐿) is estimated using the local road length per grid-cell (𝜆𝐿; m) from the GM 

training dataset (Table 2): 

ℱ𝐿 =
𝜆𝐿

𝑙𝐿
 ,            (3) 290 

where 𝑙𝐿 (m) is the corresponding local road length of MATSDA’s travel database (Sect. 3.1.1). The road-type (k) usage ratio 

𝑓𝑘,𝐺𝑀  (𝑓𝑘,𝑀𝐴𝑇𝑆𝐷𝐴) is defined using the distance 𝛬𝑘  (ℒ𝑘 ) travelled on a particular road type (in the UK context, i can be 

A/B/Motorway (M)/Local (L)), as part of the entire route from all datasets (Table 2):  

𝑓𝑘,𝐺𝑀(𝑓𝑘,𝑀𝐴𝑇𝑆𝐷𝐴) =
𝛬𝑘 (ℒ𝑘)

𝛬𝑡𝑜𝑡 (ℒ𝑡𝑜𝑡)
∗ 100% ,         (4) 

where 𝛬𝑡𝑜𝑡 (ℒ𝑡𝑜𝑡) is the total GM (MATSDA) route length, so that sum of the road-type usage fractions (Eq. 4) is: 295 

𝑓𝐴 + 𝑓𝐵 + 𝑓𝑀 + 𝑓𝐿 = 1 ,           (5) 

The constant values and parameterizations for ℱ𝐿 (Eq. 3) as well as the junction time penalty (JTP) used in the seven 

MATSDA runs are derived from sensitivity analyses performed on the training dataset detailed in Section 4.1. A range of 

constant values (0.1-0.3) is tested for #3 (Table 3), with ℱ𝐿 =0.16 selected as the optimal choice, as it provides the best overall 

performance across metrics (MAE, MBE, and Hit Rate, Sect. 3.2.4) for typical journeys. A similar sensitivity analysis is 300 

conducted for JTP (#5, Table 3), testing penalties from 0.1 to 3 minutes. A value of 0.25 minutes is chosen as the most suitable 

compromise, as it improves model performance without significantly degrading the accuracy for daytime commuting. Cases 

with varying ℱ𝐿  configurations (#4,5,7, Table 3) use a distance-based choice that selects an appropriate precomputed 

MATSDA travel database for each O-D pair based on its straight-line distance (see Sect. 4.1.1 and Sect. S4.2.2 for details). 

The distance-based selection, rather than a single ℱ𝐿, allows the model to have a local-road weighting depending on route 305 

length. 

Table 3: Seven MATSDA run types (#), with some having multiple cases as parameters are varied. Runs are used to evaluate different 

aspects of the model by using only the spatially consistent routes (SCR) or the full dataset (Table 2). Model configurations use two traffic 

speeds (min: minimum, max: maximum, Sect. 3.1.2), two representations of the roads (RN: road number, CWT: carriageway type, Sect. 

3.1.1), multiple effective local road length fractions (𝓕𝑳, Eq. 3), and multiple junction time penalties (Sect. 2.2).   310 
 

# GM  Speed Major road-nodes 𝓕𝑳 JTP (min) Cases  

1 SCR min RN 0.16 0 1 

2 SCR max RN 0.16 0 1 

3 SCR max RN + CWT 0.1→0.3 0 9 

4 SCR max RN + CWT 
0.16 (0-14 km) 

0.14 (>14 km) 
0 1 

5 SCR max RN + CWT 
0.16 (0-14 km) 

0.14 (>14 km) 
0.1→3 16 

6 full max RN + CWT 0.16 0 1 

7 full max RN + CWT 
0.16 (0-14 km) 

0.14 (>14 km) 
0.25 1 
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3.2.4 Temporal evaluation 

Standard evaluation metrics are used to compare predicted (𝑇𝑖,𝑡,𝑀𝐴𝑇𝑆𝐷𝐴) and observed (𝑇𝑖,𝑡,𝐺𝑀, GM data) travel duration values 

for all 𝑖 = 1, … , 𝑁 routes available in each model run (Table 3) at specific time periods 𝑡, including: 

• Mean Absolute Error (MAE): A lower MAE indicates better overall agreement, with a value of 0 representing a perfect 315 

prediction (Willmott and Matsuura 2005). MAE has units of the variable being evaluated. 

𝑀𝐴𝐸(𝑡) =
1

𝑁
∑ |𝑇𝑖,𝑡,𝑀𝐴𝑇𝑆𝐷𝐴 − 𝑇𝑖,𝑡,𝐺𝑀|

𝑁

𝑖=1
 ,        (6) 

• Mean Bias Error (MBE): A measure of the average systematic error, identifying whether the model tends to 

overestimate (MBE>0) or underestimate (MBE<0). A perfect model has MBE=0, but caution is needed as large positive 

and negative errors can cancel each other (Britter and Schatzmann 2007). MBE has units of the variable being evaluated. 320 

𝑀𝐵𝐸(𝑡) =
1

𝑁
∑ (𝑇𝑖,𝑡,𝑀𝐴𝑇𝑆𝐷𝐴 − 𝑇𝑖,𝑡,𝐺𝑀)

𝑁

𝑖=1
 ,        (7) 

• Hit Rate (HR): Ideally the fraction of predictions that fall within a specified tolerance (𝑊) of the observed values (e.g., 

Schlünzen and Katzfey 2003) would be 100%. The tolerance threshold can be set with an absolute (e.g., within ±X min) 

or as a fraction of the reference data. This provides insight into the proportion of predictions that are ‘acceptably close’ 

to the reference. 325 

𝐻𝑅(𝑡) =
1

𝑁
∑ 𝐼(|𝑇𝑖,𝑡,𝑀𝐴𝑇𝑆𝐷𝐴 − 𝑇𝑖,𝑡,𝐺𝑀| ≤ 𝑊)

𝑁

𝑖=1
∗ 100% ,      (8) 

where 𝐼 is the indicator function (1 if the condition is met, 0 otherwise). In this study, different thresholds 𝑊 are used 

depending on the route length: 5 min (HR5) for short routes (≤14 km), 10 min (HR10) for long routes (>14 km). 

3.2.5 Spatial evaluation 

To complement the evaluation of travel duration, an assessment of the spatial accuracy of MATSDA’s route finding is 330 

essential. We use the Fractions Skill Score (FSS; Roberts and Lean 2008) as a neighbourhood-based evaluation approach to 

assesses skill across a range of spatial scales. The FSS is conceptually based on treating the spatial distribution of an event 

(e.g., a neighbourhood being traversed by a GM or MATSDA travel route) within a local area probabilistically rather than 

deterministically. For a given neighbourhood size, a perfect model outcome has the same fractional coverage of the event as 

the observations, regardless of the exact placement of the event within that neighbourhood. The FSS is defined based on the 335 

mean squared error (MSE) of the event fractions within neighbourhoods, normalized by a reference MSE corresponding to the 

case of no spatial correspondence between model and observation. The score is calculated as: 

𝐹𝑆𝑆 = 1 −
𝛴𝑖=1

𝑋 𝛴𝑗=1
𝑌 (𝑃𝑀𝐴𝑇𝑆𝐷𝐴(𝑖,𝑗)−𝑂𝐺𝑀(𝑖,𝑗))

2

𝛴𝑖=1
𝑋 𝛴𝑗=1

𝑌 (𝑃𝑀𝐴𝑇𝑆𝐷𝐴(𝑖,𝑗)2+𝑂𝐺𝑀(𝑖,𝑗)2)
 ,         (9) 

where 𝑃𝑀𝐴𝑇𝑆𝐷𝐴(𝑖, 𝑗)(𝑖, 𝑗) and 𝑂𝐺𝑀(𝑖, 𝑗) are the fractions of grid-cells within a neighbourhood centred at grid point (𝑖, 𝑗) that 

contain the modelled (MATSDA) and observed (GM) events. The domain (𝑋, 𝑌) is the area enclosed by the M25 orbital 340 
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motorway (Fig. 1a,c). The FSS ranges from 0 (complete mismatch) to 1 (perfect match in fractional coverage) at a specific 

scale. 

A neighbourhood is assigned a value of 1 if any segment of the route passes through it and 0 otherwise. This creates two 

binary fields for each O-D pair. The binary ‘event’ for the FSS calculation is defined as the presence of a travel route within a 

given 500 m x 500 m neighbourhood. 345 

In this study, rather than evaluating the FSS over a range of increasing spatial scales (neighbourhood sizes), the analysis 

focuses on the neighbourhood grid-cells (500 m), which is equivalent to a direct, point-wise comparison of the MATSDA and 

GM routes. The analysis is performed iteratively by applying a progressively stricter ‘grid count threshold’. Initially, the FSS 

is calculated for the entire set of routes (a threshold of 1, i.e., as long as a grid has an ‘event’ happen once). The threshold is 

then increased, restricting the analysis to only those grids that appear more frequently in the GM reference dataset. This process 350 

reveals whether the model’s spatial skill is consistent across all journeys or if it performs differently when comparing common 

transport corridors versus less-frequented routes. 

4. Model demonstration and evaluation results 

The partitioned GM dataset (Sect. 3.2.3) is used for training and evaluation (Table 2). First, we use the training dataset to 

explore two key model parameters (Sect. 4.1): i. a spatially uniform effective local road length fraction versus its 355 

parametrization as a function of O-D straight-line distance (Sect. 4.1.1); ii. a time penalty applied when changing road-type 

nodes through junctions (Sect. 4.1.2). Second, MATSDA’s route-finding travel times and temporal variations (Sect. 4.2) are 

evaluated for seven cases (Table 3) using the evaluation datasets (Table 2). Third, the spatial representation of MATSDA’s 

route-finding is evaluated (Sect. 4.3) across the full domain using the best-performing parameter configurations (Table 3). 

4.1 Sensitivity to model parameters 360 

4.1.1 Effective local road length fraction (𝓕𝑳) 

The effective local road length fraction (ℱ𝐿, Eq. 3), determined from the training dataset (Table 2) grid-cell data routes, is <0.3 

for 80% of the grid-cells (Fig. 6). Hence, only a small fraction of the available total local road length is typically used for trips 

traversing a neighbourhood. We assess the impact of assigning a fixed ℱ𝐿 using values in the range 0.1 to 0.3. 

Sensitivity of MATSDA’s travel time cf. GM using a constant ℱ𝐿  is assessed to find the optimal value, using detailed 365 

carriageway information (Sect. 3.1.1, #3 Table 3). The performance of different ℱ𝐿  values is evaluated across three time 

periods (day: 07:00-19:00, night: 19:00-07:00, and full 24 h) and three day types (WDS, WDNS, WE/H; Sect. 3.2.2) with results 

shown in Fig. 7a-c. 

During weekdays (WDS, WDNS) the best daytime hit rate, based on a ±10 min threshold (HR10), occurs when ℱ𝐿=0.14 (0.16 

for WE/H; Fig. 7c). Although at night HR10 continues to improve up to ℱ𝐿=0.26, this does not offset the daytime deterioration 370 
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beyond ℱ𝐿=0.16 for WDS and WDNS. Thus, using ℱ𝐿=0.16 gives the best HR10 across all day types. Using the MAE metric, a 

consistent result is obtained at night, decreasing MAE (cf. HR, Fig. 7c) from ℱ𝐿=0.1 to 0.26. The daytime MAE is minimised 

when ℱ𝐿 is 0.14 during weekdays (WDS WDNS) and is again slightly larger for weekend or holiday trips (ℱ𝐿=0.18). 

For all day types and time periods, the model transitions from under- to over-predicting travel times as ℱ𝐿 increases (Fig. 

7b), with the daytime overprediction occurring at smaller ℱ𝐿 values (cf. night). Again, we see the steady improvement at night 375 

for all day types as ℱ𝐿 increases from 0.1 to 0.3, with the MBE changing from ~-15 min to 0 min, whilst, the daytime MBE is 

near zero when ℱ𝐿=0.14 (WDS, WDNS) and ℱ𝐿=0.2 (WE/H; Fig. 7b). For weekdays, a ℱ𝐿value of 0.16 gives the best overall 

metrics (small MAE, high HR10 and small MBE, Fig. 7a-c).  

Typically, the road-type usage ratio (fk, Eq. 4) has small variations when ℱ𝐿 ≥0.16 (Fig. 8 for WDNS; other results in Fig. 

S8, S9). Good agreement is found both qualitatively (hierarchy of road-types used) and quantitatively with the GM road-type 380 

for typical usage scenarios (25th to 75th percentiles). The extreme (5th and 95th percentile) fk cases are challenging for standalone 

MATSDA as it is time-optimizing, whereas the GM reference data includes routes shaped by real-world constraints impacted 

by complex human behaviours (Sect. 4.3). This analysis confirms that the ℱ𝐿=0.16, selected as the optimal choice based on 

the temporal performance metrics (Fig. 7a-c), also produces realistic road-type fractions for these typical scenarios. Based on 

this combination of results, ℱ𝐿=0.16 is used in subsequent model evaluations (Runs #1-3, and #6, Table 3). 385 

We also explored a potential relationship between ℱ𝐿 and the number of junctions per grid-cell (Fig. S6), investigating if 

ℱ𝐿  could be parameterized based on local road network complexity. However, this analysis did not yield a robust 

parameterization and was not used in the final model configuration (further details available in Sect. S4.2.1). 

Based on the hypothesis that travel behaviour and the relative importance of local roads might vary with route length, an 

alternative parameterization is explored. This approach, used in model runs #4, #5, and #7 (Table 3), assumes a distance-based 390 

variation with values derived from the training data giving a split between ℱ𝐿=0.16 for shorter journeys (O-D straight-line 

distance d≤14 km) and ℱ𝐿=0.14 for longer journeys (d>14 km). Testing of this more complex parameterization to determine 

if it could capture more behavioural nuance, indicates its overall performance (discussed in Sect. S4.2) did not show a 

significant advantage over the simpler, constant ℱ𝐿=0.16. Therefore, the constant ℱ𝐿=0.16 is considered the most robust and 

recommended parameterization for the London case, as the added complexity of the distance-varying approach did not yield 395 

a sufficiently useful improvement. 
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Figure 6: Cumulative frequency distribution of effective local road length fraction (𝓕𝑳, Eq. 3) grouped by total route length (colour; with 

number of samples; 𝑵), with median 𝓕𝑳 indicated by route length. 𝓕𝑳 calculated with the GM training dataset (Table 2, home→work) and 

corresponding MATSDA travel database information (Sect. 3.1). 400 

  

Figure 7: Evaluation of MATSDA travel time (#3, Table 3, Sect. 3.2.3) with effective local road length fraction (𝓕𝑳 0.1→0.3) for different 

(a-c) day types (colour) by time of day (line type; 07:00–19:00 day, 19:00–07:00 night, 24 h all) and (d-f) length of trip (colour; S: 0-15, M: 

15-30, ML: 30-60, L: >60 min) by time of day (lines type; morning rush (07:00–9:00), morning off-peak (9:00-16:00, evening rush (16:00–
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19:00) and night off-peak (19:00-07:00), assessed with (a, d) mean absolute error (MAE, Eq. 6), (b, e) mean bias error (MBE, Eq. 7), and 405 
hit rate with threshold of (c) ±10 min (HR10, Eq. 8) and (f) ±10 min for L and ML and ±5 min (HR5, Eq. 8) for S and M routes. 

 

Figure 8: Road-type usage ratio (𝒇𝒌,𝑴𝑨𝑻𝑺𝑫𝑨 and 𝒇𝒌,𝑮𝑴, Eq. 4) as a function of prescribed effective local road length fraction (𝓕𝑳) for 

different road types (colour; A/B/L/M) from two sources (lines type; GM/MATSDA) for WDNS day type (run#3 Table 3, section 3.2.3) with 

both data sorted to show behaviour at six percentiles of the distribution (subplots p: 5, 15, 15, 50, 75, 95). Other day types are shown in Fig. 410 
S8 and S9. 

4.1.2 Junction time penalty (JTP) 

A junction-based time penalty parameter (JTP) is introduced to account for delays when road-type changes occur (e.g. 

local→A-road transition) associated with probable slowing down and subsequent acceleration. Assigning a time penalty should 

decrease road type transitions enroute for a Dijkstra algorithm optimising the overall travel time. To assess impact of JTP, a 415 

series of constant values (0.1 to 3 min) are assigned to all road-type transitions (e.g. local↔major, major↔major), so not 

altering the road type mix between simulations (#5, Table 3, Sect. 3.2.3).  

Longer JTP reduces MATSDA’s overall tendency to underestimate travel times (Fig. 9b), with a JTP around 2 min 

minimizing MBE across day types and times of day. However, other metrics suggest the optimal JTP may vary by time of day 

(Fig. 9), with the lowest MAE and highest HR at 0.25 to 0.75-min during the daytime. Increasing the JTP beyond 0.75-min 420 

degrades daytime performance, but improves nighttime accuracy. To capture typical commuting patterns, daytime performance 

is crucial. A non-uniform JTP should consider extra time for busier roads. However, for the uniform case a JTP of 0.25-min 

is selected as the most suitable value. 
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Figure 9: As Fig. 7a-c, but for junction time penalty (JTP; #5 Table 3) with values between 0.1 and 3 min (points), assessed with (a) mean 425 
absolute error (MAE, Eq. 6), (b) mean bias error (MBE, Eq. 7), and (c) hit rate (threshold: ±10 min, HR10; Eq. 8) for different day types 

(colour) and times of day (solid: day (07:00–19:00), dashed: night (19:00–07:00), and dotted: all times). 

4.2 Temporal variability 

An independent evaluation dataset (Table 2) is used to assess car travel times across three scenarios. First, we assess the impact 

of the speed choice (Fig. 10d). This assessment is necessary because the MATSDA input data for London provides only an 430 

average speed for two flow directions, as geographical or lane information is unavailable (Sect. 3.1.2). When the maximum 

speed (#2, Table 3) is used, MATSDA’s large overestimation of travel times is reduced cf. using the minimum speed (#1), 

with smaller MBE and MAE at all times of day (Fig. 11a,b). 

Second, including detailed carriageway information (Sect. 3.1.1) for all major roads in MATSDA’s nodal network 

description further improves accuracy (#3, Fig. 10e) compared to only considering road numbers (#1, #2; Fig. 10d). 435 

MATSDA’s median travel times for #3 (Fig. 10e) are centred around the 1:1 line with the GM reference, partially due to 

compensating errors from overestimating (underestimating) travel times during the daytime (night) rush hours (Fig. 11d). 

However, the daytime overall MBE is very low. 

Third, the impact of effective local road length fraction (ℱ𝐿) on overall travel times are explored, with two ℱ𝐿 choices: (a) 

constant (Eq. 3; #3), and (b) distance-varying (#4). MATSDA’s median travel times for #4 are systematically slower than the 440 

reference times, especially for longer trips (Fig. 10e). As smaller ℱ𝐿 values (Sect. 4.1.1) result in less use of local roads, shorter 

travel times can occur even at the same speed, creating a more evident bias at night, whilst the daytime MBE is centred on 0-

min (Fig. 11d). For #5 the underestimated travel times (i.e., MATSDA is too fast) is partially compensated for using a non-

zero junction time penalty (JTP) when transitioning between road-nodes. This improves the night-time MAE and MBE (Fig. 

11d,e), demonstrating MASTDA’s capacity for more complex physical representations, allowing it to realistically model time 445 

delays for transitions. 

For #6 and #7 (Table 3, Fig. 10f) the full travel database domain is used in MATSDA’s Pathfinder (cf. #3 and #5, 

respectively). When not constrained to the GM paths, MATSDA selects its own optimal routes through neighbourhoods in the 

domain. Despite this freedom, #6 and #7 maintain a reasonable level of accuracy regarding travel durations for both shorter 

and longer trips, but with a clear systematic bias towards faster travelling (travel-time underestimated; Fig. 10f). This is 450 
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particularly evident at night, when MATSDA is up to 25-min faster for longer routes (Figure 13g), whereas daytime is well 

within + 5-min for shorter routes (≤14 km) or around +10 min for longer routes (>14 km). 

MATSDA’s travel time metrics, for all modelling cases considered, have a distinct diurnal pattern (Fig. 11). Compared to 

the GM reference, MATSDA has longer travel times during the morning and evening rush hours and faster travel during off-

peak periods, especially at night, aligning with real-world congestion dynamics that reflect the diurnal traffic speed patterns 455 

of the input data (Fig. 4). GM vehicle speeds (derived from extracted route segment lengths and travel durations) have much 

smaller diurnal variations, notably without distinct differences between off-peak and rush hours (see Fig. S11). This difference 

in the assumed vehicle speeds needs to be considered when interpreting MATSDA and GM comparisons. MATSDA’s MBE 

has positive peaks (slower travel) during the morning (~07:00–09:00) and evening (~16:00-18:00) rush hours (Fig. 11a,d). 

However, for shorter trips (≤14 km) during daytime the MBE magnitude is small (within ± 5 min) for #2-#5 and within ±10 460 

min for the remaining cases. Overnight (~22:00-04:00) MATSDA consistently underestimates travel times (faster travel than 

predicted by GM; MBE < 0-min; Fig. 11a,d,g). This temporal variation in bias directly impacts MATSDA’s hit rate (HR, Fig. 

11c,f,i) which is lowest (i.e., poorest) for all cases at night when the bias is largest (especially for longer trips). 

MATSDA’s time- and neighbourhood dependent input speed data (Digimap Pilot Collection 2024; Fig. 4) distinguishes 

weekday and weekend (WE/H), but not different weekday types (with and without school; WDS and WDNS). Performance 465 

metric differences between WDNS and WDS therefore arise from the GM data, with shorter daytime travel times on WDNS than 

WDS, but relatively small differences at night. The diurnal peaks of MBE for weekends and bank holidays (WE/H) are less 

pronounced, probably linked to less congestion on non-workdays.  

With different periods of data collection (GM route: 12/2024-03/2025 vs vehicle speed: 09/2023-02/2024), results can differ 

within neighbourhoods because of local disruptions, changes and/or activities (e.g., construction, road closures, speed limit 470 

changes; TfL 2023). For the London road network, the GM data (Fig. S11) and the Digimap Pilot Collection (2024) have good 

agreement across all boroughs for speed limits (Fig. S10). Discrepancies are apparent from local policy changes, such as speed 

limit adjustments implemented in 2024 for some TfL A-roads (TfL 2021). These changes exist in the GM data, as do other 

real-time traffic adjustments. 

While systematic biases exist, MATSDA demonstrates a strong capability to model the temporal dynamics of urban traffic 475 

realistically, reflecting the relative changes in travel time throughout different times of day and across different day types. The 

model could reflect more detailed day types when such data are available. 
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Figure 10: Evaluation of MATSDA travel time with GM for #1-#7 (colours; Table 3) shown for 1-min bins of (a-c) varying sample sizes 

(𝑵), indicating median (solid line), interquartile range (shading), full range (dashed) and 1:1 (black) for (d) baseline runs (#1, #2): comparing 480 
input speeds (min vs. max) using the road number (RN) network, (e) parameter sensitivity runs (#3-5): comparing effective local road length 

fraction (𝓕𝑳) and junction time penalty (JTP), all using the detailed carriageway type (RN + CWT) network on spatially consistent routes 

(SCR), (f) full domain runs (#6, #7): Extending from SCR to full, unconstrained domain (cf. #3, #5). 

 

 485 
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Figure 11: Evaluation of MATSDA travel time by time of day for the 7 run types (colours, Table 3) shown for two O-D distances (solid: 

≤14 km; dashed: >14 km): (a, d, g) MBE, (b, e, h) MAE, (c, f, i) 5 min (HR5) for short routes (≤14 km) and 10 min (HR10) for long routes 

(>14 km). Hours with low sample sizes (< 25 % of 𝑵) indicated by grey shading.  

4.3 Spatial variability 490 

The spatial accuracy of MATSDA’s unconstrained pathfinding evaluated using the full dataset (Table 2) is assessed using the 

FSS (Eq. 9) for #6 and #7 (Table 3). 

The FSS analysis begins by including all 500-m grid-cell neighbourhoods traversed by at least one route in the GM full 

dataset (Fig. 13a), which corresponds to a minimum route count per grid of 1 (Sect. 3.2.5). At this least restrictive threshold, 

both configurations demonstrate high spatial skill (Fig. 12). The analysis then proceeds iteratively, increasing this minimum 495 

threshold to focus only on grid-cells that are part of more frequently used routes (i.e., higher counts in the GM full dataset). 

Excluding extreme thresholds >1000, the mean FSS is ~0.69 and 0.62 for #6 and #7, respectively. While for thresholds <10, 

FSS is steadily ~0.76 and 0.74 for #6 and #7, respectively, i.e., well above the 0.5 threshold often used to indicate a ‘useful’ 

modelling result (Roberts and Lean 2008). This shows that MATSDA’s pathfinding results in routes that are spatially 
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comparable to the GM reference for a majority of O-D pairs. As the grid count threshold increases (Fig. 12), the evaluation 500 

focuses on areas that are traversed by a larger number of routes, the FSS for both MATSDA cases gradually declines. This 

trend suggests that while MATSDA is skilled at selecting plausible and spatially similar routes overall, it does not always 

show the same routing preferences along certain traffic arteries as evident in GM. However, the FSS for both cases still is >0.6 

at threshold around 100. For a threshold of ~1000, the FSS for #6 increases back to 0.7, which can also be seen as the hot spots 

in the spatial maps shown in Fig. 13. Across almost the entire range of thresholds, #6 consistently has a higher FSS than #7. 505 

This indicates that adding a junction time penalty (#7) results in improved accuracy of travel time predictions (Fig. 10e), but 

is associated with a spatial change in the routing (Fig. 13b,c). The simpler model configuration (i.e., #6) produces routes that 

are, on average, in better spatial agreement with the GM reference data. 

 

Figure 12: Fractional skill scores (FSS; Eq. 9) for MATSDA #6 and #7 (Table 3, Sect. 3.2.3) as a function of the grid count threshold. The 510 
analysis is progressively restricted to routes that appear at least 𝑵 times (Threshold) in the GM evaluation-full reference dataset (Table 2). 

The dotted line at FSS = 0.5 indicates the threshold for ‘useful skill’ (Roberts and Lean 2008). 

Deeper insights into these routing differences can be gained from a visual comparison of the route density maps (Fig. 13). 

First, MATSDA optimizes routes based solely on travel duration. It does not account for policy-driven route preferences, such 

as avoiding London’s Congestion Charge Zone (CCZ) or Ultra Low Emission Zone (ULEZ). In contrast, GM’s travel model 515 

incorporates these cost factors, leading it to route traffic around the city centre more often. This is shown in Fig. 13a-c, where 

MATSDA directs more routes through the central area (Fig. 13b,c) compared to GM (Fig. 13a), which shows a more diffuse 

pattern that avoids the very centre. Second, MATSDA’s pathfinding is based on a static road network and average travel 

speeds, whereas GM’s traffic model has historical data and real-time information on road closures, construction, and accidents. 

Furthermore, MATSDA’s network does not currently capture road directionality (i.e., one-way streets). This simplification 520 

can lead to significant routing differences, particularly in dense urban areas where GM avoids certain routes that MATSDA 

incorrectly assumes are efficient or bidirectional corridors. These differences are also apparent in certain regions. For example, 
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the difference maps (Fig. 13d, e) reveal that MATSDA generates more travel routes in South-West London compared to GM. 

This is likely because MATSDA identifies major A-roads in this area as the theoretically fastest paths, while GM’s model, 

informed by real-world data, accounts for local congestion and other factors that make these routes less optimal in practice. 525 

Finally, the initial choice of MATSDA’s start node (local roads) can have a cascading impact on the entire route. For example, 

the GM model might initiate a route by snapping a start coordinate to the nearest road segment, independent of its type, 

potentially placing a journey onto a major road immediately. MATSDA, by contrast, is constrained to begin on a local road, 

which can lead to different initial pathing decisions and, consequently, a different overall route. 

 530 

Figure 13: (a-c) Counts of routes traversing through each 500 m grid-cell neighbourhood of the Greater London model domain (Fig. 1a, c) 

for (a) GM evaluation-full reference routes (Tabel 2, Sect. 3.2.3), (b) MATSDA #6 (Table 3), (c) MATSDA #7. Note that route counts are 

plotted on a logarithmic scale. (d-e) Count percentage differences calculated as (GM – MATSDA) / 0.5* (GM + MATSDA) for (d) #6 and 

(e) #7. Grid-cells through which none of the routes led are white in (a-c) and hatched in (d, e), with neighbourhoods without any roads 

highlighted in green in (d, e). Colour bar in log scale for (a-c) and in percentage for (d-e). 535 

Figure 14 compares probability distributions for the fraction of distance travelled on each road type (Motorway, A, B, and 

Local) between MATSDA cases (Table 3, Sect. 3.2.3) and the GM reference data. The GM data establishes a baseline for 

typical long-distance car journeys in London (Fig. 14a). It shows that most journeys use a relatively small fraction of local and 

B roads, a dominant fraction of A roads, and a distinct bimodal usage of Motorways (i.e., a route either relies heavily on a 

motorway for most of its length or not at all). The inclusion of carriageway types in #3 marks a critical improvement. This 540 

added detail allows MATSDA to create a more closely aligned usage profile of A- and local roads cf. the GM reference (Fig. 

14d). When MATSDA is allowed to find its own optimal route across the full domain (#6 and #7; Fig. 14g,h), it exhibits a 

stronger preference for B roads, especially for #7 with a corresponding decrease in A-road usage. In addition, #7 also has a 
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higher usage of local roads than the other cases, which indicates that MATSDA’s pure travel-time optimization will select the 

theoretically fastest road class for long journeys. However, #6 is showing a road-usage profile that is well-aligned with the 545 

GM reference, which is consistent with the previous spatial assessments (Figs. 12, 13). 

 

Figure 14: Probability density of road-type usage fractions (𝒇𝒌 with 𝒌=A, B, M, L, Eq. 4) of A (𝒇𝑨, blue), B (𝒇𝑩, green), local (𝒇𝑳, orange) 

roads and motorways (𝒇𝑴, red) derived from: (a) the GM reference data and (b-h) MATSDA #1-7 (Table 3, Sect. 3.2.3) for journeys >14 

km. Line styles distinguish between GM (solid) and MATSDA cases (dashed). For journeys ≤ 14 km see Fig. S5. 550 

5. Conclusions 

To balance realism with computational cost, the MATSDA-roads v2.0 travel database represents the complex road network 

using a nodal system. Major roads within this network are defined not just by their number (e.g., A406) but are further 

distinguished by their specific carriageway type (e.g., dual carriageway, slip road, roundabout). This level of detail is essential 

because it prevents the artificial averaging of speeds from different road designs that may share the same road number, such 555 

as a fast dual carriageway and a slower single carriageway, which could otherwise introduce compensating errors. Furthermore, 

the results demonstrate that the inclusion of distinct carriageway types is crucial for achieving accurate travel time estimations, 

particularly for longer journeys. This is most evident in the performance improvement from #2 (using only road numbers for 

major roads) to #3 (adding carriageway type information, Table 3, Sect. 3.2.3). The latter configuration significantly reduces 

both MAE (Eq. 6) and MBE (Eq. 7). This finding underscores that the computational and data processing costs associated with 560 

implementing detailed road network data are justified by the substantial gains in model fidelity, which can be served as a 

guideline for future model development and data collection works in other metropolitan areas. However, #1 and #2 (less road 
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resolution) are found performing well for short time travel (e.g., below 30 min), which can be a good benchmark for future 

different cities’ transport road network database generation (i.e., it is possible to sacrifice road resolution for short time travel 

if computationally expensive or high-resolution road data not available). 565 

The analysis identified the representation of effective local road lengths and the delays at junctions as two primary factors 

for model uncertainty. The parameterization of these elements not only improved model accuracy but also yield quantitative 

insights into real-world travel behaviours. The empirically derived constant effective local road length fraction (ℱ𝐿) value of 

0.16 suggests that for a typical journey traversing a 500 m neighbourhood, only about 16% of the total available local road 

length constitutes the effective, through-traffic path. This reflects the inherent efficiency of urban travel, where drivers utilize 570 

a small subset of the dense local network to connect to faster arterial roads. With longer journeys, ℱ𝐿 is decreasing. MATSDA 

is further refined by implementing an O-D straight-line distance-based parameterization for ℱ𝐿, which captures the behavioural 

nuance that drivers prioritize high-speed roads more strongly on longer trips, thereby minimizing travel on local roads. 

Spatially, the model demonstrates high skill in identifying major travel corridors. The unconstrained pathfinding cases 

achieve FSS values ~0.7, indicating that MATSDA’s route choices are spatially consistent with the GM reference data. Given 575 

the resolution of the model, minor positional errors of MATSDA are expected but do not negate the practical value of the route 

choice. In addition, performances difference between #6 and #7 reveal that a simplified configuration may produce more 

spatially aligned routes. 

5.1 Limitations and future directions 

1. Local road representation: MATSDA’s aggregation of local roads into a single node in each neighbourhood is introduced 580 

to keep both the generation of the travel database and running of the model computationally feasible when applied to large 

cities with a vast and diverse road network. This greatly reduces the detail with which the local road network is represented 

and requires the introduction of an effective local road length in the simulation to model travel times. In this study, the 

magnitude of the effective road length is derived from analysis of reference data for a single city, but differences between 

cities are likely making case-by-case assessments necessary. Furthermore, if the model were applied to smaller 585 

cities/towns or very suburban neighbourhoods, the prevalence of local roads cf. major roads is much higher compared to 

the London network analysed here. In such cases, treating the local roads as a continuum would be unsuitable and the 

generation of a detailed nodal representation of local roads is advised. Given the smaller overall spatial extent of the road 

network in small cities/towns this should be computationally feasible. 

2. Uniform junction time penalty: Time penalties for the change of road-nodes in the current system apply uniformly to all 590 

junction types (e.g., simple T-junctions, multi-lane roundabouts, motorway junctions). In future model versions, a 

junction-type dependent functionality can be implemented to model the impact of time-delays more realistically. This 

could address the observed trade-off between spatial and temporal accuracy (Sect. 4.2, 4.3), allowing the model to make 

more human-like decisions at road network transitions. 
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3. Road directionality: Depending on the nature of the road-network input data, information on whether roads are one-way 595 

or bidirectional may not be available, as is the case in the present application of MATSDA in London. This can contribute 

to routing and travel duration differences. While the current implementation of MATSDA’s nodal network does not 

consider directionality of roads, this aspect can be implemented if input data allow for this. 

4. Path weighting: While in this study MATSDA’s pathfinding algorithm optimises routes based on travel-time weights of 

the nodes in the travel database, other or additional weights can be used. The spatial analysis of the travel-time optimised 600 

MATSDA routes (Sect. 4.3) showed spatial difference of travel corridors in the city centre and some of the outskirts of 

the city when compared to the reference data. This suggests that other factors influence route choice. Incorporating criteria 

such as travel cost (e.g., congestion or low-emission zone charges), fuel consumption, or proxies for route simplicity (e.g., 

a penalty for frequent road transitions or a preference for staying on major roads) can make the modelled routes more 

realistic and better reflect complex human decision-making. 605 

5. Dependence on input data: The nature and detail of the input data (geospatial road and junction data, traffic speed data) 

play a crucial role for the level of realism that can be captured in the MATSDA travel database (Sect. 2.2, 3.1) and hence 

in the Pathfinder results. For data-rich cities like London, reconstructing a realistic representation of the major traffic 

arteries becomes possible, but adjustments to the detail of MATSDA’s nodal network may need to be made in case of less 

data detail. 610 

6. Transport modes: In this study, MATSDA is demonstrated for car travel within London’s road network. Other transport 

modes (e.g., walking, bicycling) can be modelled in the same way and require the generation of additional travel databases 

that reflect different travel speeds and roads available for certain modes (e.g., no walking/cycling allowed on motorways, 

etc.). Similarly, modelling public transport routes with MATSDA-metro (e.g., bus, tube/subway, train) requires the nodal 

model system to reflect the connections of different lines and services between stops/stations on the road and rail network. 615 

MATSDA’s modelled travel routes can be used as input for other types of models, such as agent-based models that represent 

human behaviour and its impact on urban climate variables. In a next step, MATSDA will be linked to the model DAVE 

(Hertwig et al. 2025b) to establish a dynamic, two-way feedback loop. MATSDA provides realistic travel times that influence 

agent decisions on mode choice or departure time within DAVE. In turn, the resulting spatial and temporal distribution of 

citizens in different modes of transport from DAVE can be used to create dynamic traffic flow patterns that modify the travel 620 

time weights within MATSDA’s network. This deeper integration creates a versatile tool for exploring complex scenarios, 

such as assessing the city-wide impact of remote work policies or new transport infrastructure on traffic congestion, energy 

consumption, and urban heat emissions. 

 

 625 
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Appendix A: List of symbols and acronyms 

 Description Sect. Eq./Fig. 

Acronyms 

A A road (UK) 3.1.1 Fig. 1b,c 

B B road (UK) 3.1.1 Fig. 1b,c 

CCZ Congestion Charge Zone 4.3  

CWT Carriageway Type (road network representation) 3.2.3 Table 3 

FSS Fractions Skill Score, a measure of spatial accuracy 3.2.5 Eq. 9, Fig. 12 

GM Google Maps 3.2  

HR Hit Rate, the percentage of predictions within a given tolerance W  3.2.4 Eq. 8, Fig. 7,11,13 

HR5 5 min tolerance for hit rate 3.2.4 Eq. 8 

HR10 10 min tolerance for hit rate 3.2.4 Eq. 8 

I Indicator function (equals 1 if a condition is met, 0 otherwise) 3.2.4 Eq. 8 

JTP Junction time penalty, a fixed delay added when changing between road-nodes 3.2.3 Fig. 9 

L Local road 3.1.1 Fig. 1b 

M Motorway 3.1.1 Fig. 1c 

MAE Mean Absolute Error, a measure of the average magnitude of error  3.2.4 Eq. 6, Fig. 7,11,13 

MATSDA Movement And Transport Simulations using Dijkstra’s Algorithm 2 Fig. 3 

MBE Mean Bias Error, a measure of the average systematic error 3.2.4 Eq. 7, Fig. 7,11,13 

O-D Origin-Destination 2 Fig. 5 

RN Road Number (road network representation) 3.2.3 Table 3 

SCR Spatially Consistent Routes 3.2.3 Table 3 

ULEZ Ultra Low Emission Zone 4.3  

W Tolerance threshold for the Hit Rate calculation 3.2.4 Eq. 8 

Variables 

d Straight-line distance between origin and destination  4.1.1 Fig. 5 

fk,GM Fraction of a route’s total length travelled on a specific road type k (GM) 3.2.3 Eq. 4, Fig. 8,16 

fk,MATSDA Fraction of a route’s total length travelled on a specific road type k (MATSDA) 3.2.3 Eq. 4, Fig. 8,16 

ℱ𝐿 Effective local road length fraction, representing the proportion of local roads used in 
grid-cell / neighbourhoods for a route ℱ𝐿 = 𝜆𝐿 𝑙𝐿⁄  

3.2.3 Eq. 3, Fig. 6,7,10 

i Index for routes (for temporal evaluation) 3.2.4 Eq. 6-8 

(i,j) Indices for grid points (for FSS) 3.2.5 Eq. 9 

k Index for road types, UK, London case: M (motorway), A-, B-, L(local)- roads 3.1.1 Eq. 4,5, Fig. 1b,c 

𝜆𝐿 Total local road length used in a neighbourhood (GM) 𝜆𝐿 = 𝛴𝜆𝐿,𝑠 3.2.3 Eq. 3 

𝜆𝑠 Length of a road segment in a grid-cell / neighbourhood (GM) 3.1.2 Eq. 1 

𝛬𝑘 Total distance travelled on a specific road type k for a given route (GM) 
𝛬𝑘 = 𝛴𝜆𝑘 

3.2.3 Eq. 4 

𝛬𝑡𝑜𝑡 Total length of a complete travel route (GM) 𝛬𝑡𝑜𝑡 = 𝛴𝜆𝑛 3.2.3 Eq. 4 

𝑙𝐿 Total available local road length in a grid-cell / neighbourhood (input data) 𝑙𝐿 = 𝛴𝑙𝐿,𝑠  3.2.3 Eq. 3 

𝑙𝑠 Length of a road segment in a grid-cell / neighbourhood (geospatial input data) 3.1.1  

ℓ𝑛 Length of a MATSDA road-node type within a grid-cell / neighbourhood (except for 
Local road)  ℓ𝑛 = 𝛴𝑙𝑛,𝑠 (ℓ𝐿 = 𝛴𝑙𝐿,𝑠 ∗ ℱ𝐿) 

3.1.1 Eq. 2 

ℒ𝑘 Total distance travelled on a specific road type k for a given route (MATSDA) 
ℒ𝑘 = 𝛴ℓ𝑘 

3.2.3 Eq. 4 

ℒ𝑡𝑜𝑡 Total length of a complete travel route (MATSDA) ℒ𝑡𝑜𝑡 = 𝛴ℓ𝑛 3.2.3 Eq. 4 

n Index for a road-node (e.g., A1_R, B1_CDC, M1_SR, L…) 3.1.1 Eq. 2, Fig. 2 

N Total number of routes in an evaluation or training dataset 3.2.3 Table 2 

s Index for different road segments 3.1.2 Eq. 1 

𝜏𝑛,𝑡 Travel duration of a road-node for a specific time period 3.1.2 Eq. 2 
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Code and data availability 

MATSDA-roads v2.0 model codes and User Manual can be found at https://doi.org/10.5281/zenodo.17736682 (Ma et al. 

2025a). Processing code together with model data (MATSDA-roads v2.0 travel database) used in this study and code for 

processing of the Google Maps (GM) reference routes are available at https://doi.org/10.5281/zenodo.17521112 (Ma et 630 

al. 2025b). Model outputs and corresponding plotting scripts for each figure used in the main paper are at 

https://doi.org/10.5281/zenodo.17736562 (Ma et al. 2025c). Further details are provided in the Supplementary Material (S), 

which includes S1 (MATSDA-roads v2.0 travel database generation), S2 (MATSDA-roads v2.0 pathfinding output), S3 (GM 

reference data processing and dataset split) and S4 (ℱ𝐿 parametrization methodology). 
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t Index for different time periods 3.1.2 Eq. 1,2 

𝑇𝑡 Total travel duration for a route for a specific time period 𝑇𝑡 = 𝛴𝜏𝑛,𝑡 3.2.4 Eq. 6-9 

𝑇𝑖,𝑡,𝐺𝑀 Observed (reference) travel duration for a route at specific time period 𝑡 from Google 
Maps 

3.2.4 Eq. 6-9 

𝑇𝑖,𝑡,𝑀𝐴𝑇𝑆𝐷𝐴 Predicted (modelled) travel duration for a route at specific time period 𝑡 from MATSDA 3.2.4 Eq. 6-9 

Vt,s Speed on a specific road segment for a time period 3.1.2 Eq. 1, Fig. 4 

Vt Average speed for a road-node for a specific time period 3.1.2 Eq. 1,2 
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