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A brief overview –

Methodologies and applications



Urban 
morphology

Grid, circular, loops/lollipops 

Fine-, coarse-grained

Planned vs self-organised

.

Boeing, G., 2021. Spatial information and the legibility of urban form: Big data in urban morphology. Int. J. of Information Management, 56, 102013



Evolution of spatial analysis in urban mobility

Murayama, Y. and Thapa, R.B., 2011. Spatial analysis: Evolution, methods, and applications. In Spatial analysis and modeling in geographical transformation process: GIS-based 

applications (pp. 1-26). Dordrecht: Springer Netherlands.
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Traditional techniques

• Manually collected data

• Travel diary

• Questionnaire

• Travel survey

• …

Axhausen, et al , 2002. Observing the rhythms of daily life: A six-week travel diary. Transportation, 29(2), pp.95-124.

von Behren, et al , 2018, January. Bringing travel behavior and attitudes together: An integrated survey approach for clustering urban mobility types. In TRB 97th Annual Meeting 

Compendium of Papers, Washington, DC.

Fairnie et al 2016. Active travel in London: the role of travel survey data in describing population physical activity. Journal of Transport & Health, 3(2), pp.161-172.

Expensive, Static, Small-sample



Traditional techniques

• Descriptive Statistics

• Basic statistical measures (mean, 

median, mode)

• Visual representation of data (graphs, 

charts)

• Applications in summarising travel 

behaviours

Figure 1 The temporal changes of the urban spatial structure in 

four regions of China

Tung, C.L., He, S., Mei, L. and Zhang, H., 2024. Exploring the influence of transportation on urban spatial structure using the spatial Durbin model: evidence from 265 prefecture-

level cities in China. Computational Urban Science, 4(1), pp.1-12.



Emerging techniques

Big data sources

• Sensor, passive data

• Integration of technology in 

data collection and analysis



Emerging techniques

• Geographic Information Systems 

(GIS)

• Integrating spatial and non-spatial data

• Visualising spatial patterns of mobility

3D visualization of hourly phone-call flow patterns across cells 

in a day

Gao, S., 2015. Spatio-temporal analytics for exploring human mobility patterns and urban dynamics in the mobile age. Spatial Cognition & Computation, 15(2), pp.86-114.



Emerging techniques

• Advanced Network Theory

• Understanding the complex interactions 

and dependencies within urban 

transport systems

• Designing transit systems that serve 

different neighbourhoods effectively, 

ensuring balanced accessibility
Dockless bike travel flows and graph structure of “before period” 

in (a) spatial layout; (b) Fruchterman Reingold layout, with detail 

in (c) to (f) as described in the text.

Yang, Y., Heppenstall, A., Turner, A. and Comber, A., 2019. A spatiotemporal and graph-based analysis of dockless bike sharing patterns to understand urban flows over the last 

mile. Computers, Environment and Urban Systems, 77, p.101361.



Emerging techniques

• AI Technique

• Modelling complex patterns and 

relationships

• Embedding techniques for spatio-

temporal data

(a) Travel demand; and MAPE of different models on New 

York dataset with the use of graph structural information

Yang, Y., Heppenstall, A., Turner, A. and Comber, A., 2020. Using graph structural information about flows to enhance short-term demand prediction in bike-sharing systems. 

Computers, Environment and Urban Systems, 83, p.101521.



Applications Overview
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Bus infrastructure network

• Utilisation of complex networks in statistical physics to investigate bus

systems.

• Construction of weighted bus line network and weighted bus station

network for the city of Hohhot.

• Discovery of dense networks and linear distributions.

• Observation of a large average degree indicating densely distributed bus

stops.

• Large clustering coefficient suggesting frequent overlap of bus routes.

• Small average shortest path length, indicating efficient routes with fewer

transfers for citizens.
Bus-line-network

Bus-station-network

Wang, L.N., Wang, K. and Shen, J.L., 2020. Weighted complex networks in urban public transportation: Modeling and testing. Physica A: Statistical Mechanics and its 

Applications, 545, p.123498.



Road network resilience 

• Road networks include motorways, dual carriageways, 

national, conventional and local roads

• The resilience analysis includes:

• The definition of the sequence of section elimination

• The generation of scenarios throughout the cumulative 

elimination of sections

• The calculation of loss-of-accessibility

• The capacity of different road networks to withstand, 

self-organise and react to severe conditions

• Detecting key thresholds corresponding to irreversible 

collapses, and as a support system for designing and 

planning transport policy

Martín, B., Ortega, E., Cuevas-Wizner, R., Ledda, A. and De Montis, A., 2021. Assessing road network resilience: An accessibility comparative analysis. Transportation Research 

Part D: Transport and Environment, 95, p.102851.

Spatial analysis of the most critical road sections (in the highest 

decile of associated loss of accessibility) by ET in Valencia (left) 

and Sardinia (right).



Traffic congestion

• Velocities of more than 1,000 roads with 5-min 

segments records measured in a road network in a 

central area of Beijing

• Percolation theory approach: a threshold for road 

connection

• A giant cluster of local flows disintegrates as critical 

bottlenecks become congested

• Bottlenecks that affect global traffic evolve 

throughout the day based on traffic dynamics

Li, D., Fu, B., Wang, Y., Lu, G., Berezin, Y., Stanley, H.E. and Havlin, S., 2015. Percolation transition in dynamical traffic network with evolving critical bottlenecks. Proceedings of 

the National Academy of Sciences, 112(3), pp.669-672.

Evolving bottlenecks in different periods

The traffic networks under the states of high-, medium-, and 

low-velocity thresholds, respectively. For clarity, only the largest 

three clusters are plotted,



Urban mobility analysis

• Analysis of mobility patterns using 

anonymised mobile phone data.

• Measurement of entropy to 

determine predictability in individual 

trajectories.

A:Visualisation of two users' movements between mobile phone towers.

B: Network representation showing the frequency of calls and movements between 

towers for the two users.

C: Time-dependent location data of a user over a week, used for mobility prediction.

Song, C., Qu, Z., Blumm, N. and Barabási, A.L., 2010. Limits of predictability in human mobility. Science, 327(5968), pp.1018-1021.

• 93% potential predictability in user 

mobility across the entire user base.

• Despite varying travel patterns, 

predictability remains remarkably 

consistent.

• Predictability is largely independent 

of the distance users regularly travel.



Interplay between demand and supply 
• Tram network: Stop-level passenger flow and line-stop network

• Some indicators in space-of-infrastructure network match the flow distribution pattern

Luo, D., Cats, O. and van Lint, H., 2020. Can passenger flow distribution be estimated solely based on network properties in public transport systems?. Transportation, 47(6), 

pp.2757-2776.

Visualization of the 

passenger flow 

distribution and the 

employed centrality 

indicators for the 

weekday morning 

peak (7 a.m.–8 a.m.) 

of the tram network of 

Amsterdam



Some of our own analyses



Public transport mobility analysis

• Smart-card data for daily mobility pattern

• Focusing on zone-base Origin-Destination only, 
ignoring line connections

• Studying the spatio-temporal properties of 
networks by clustering, correlation measures, etc.

Bus mobility network Temporal analysis

Spatial patternSpatial analysis



Bus mobility prediction

• Bus routes limit bus mobility, leading to transferring

• Heterogeneous topologies for direct and transfer trip

• Bus-line connectivity: not a real OD

• Fully-connected network: lost boarding and 

alighting behaviours

• Challenging current mainstream methodologies

• Spatio-temporal convolutional networks

• Homogeneous graph (fixed adjacency matrix)

Tang, T., Mao, J., Liu, R., Liu, Z., Wang, Y. and Huang, D., 2024. Origin-destination matrix prediction in public transport networks: Incorporating heterogeneous direct and transfer trips. IEEE Transactions on 

Intelligent Transportation Systems. Early Access.

Bus lines Bus mobility network

Direct trip network Transfer trip network



Bus mobility prediction

• Direct-Transfer Heterogeneous Graph Network

• Capturing spatio-temporal patterns of bus mobility 

(ST-block)

• Embedding topology of bus line network (AE-block)

• Outperforming state-of-the-art models

• Large absolute errors are infrequently distributed

• Direct trips: city centre - positive errors, suburban -

negative errors.

• Transfer trips: minimal for all time slots

Tang, T., Mao, J., Liu, R., Liu, Z., Wang, Y. and Huang, D., 2024. Origin-destination matrix prediction in public transport networks: Incorporating heterogeneous direct and transfer 

trips. IEEE Transactions on Intelligent Transportation Systems. Early Access.

Prediction errors in the morning peak

Model architecture 



Huang, H., Mao, J., Liu, R., Lu, W., Tang, T. and Liu, L., 2024. MTLMetro: A Deep Multi-Task Learning Model for Metro Passenger Demands Prediction. IEEE Transactions on Intelligent Transportation Systems.

Metro mobility prediction

Multiple demand for metro

• Metro demand includes:

• Inbound flow

• Outbound flow

• Inbound OD matrix

• Outbound OD matrix

• Challenges:

• Partial observability problem of the inbound OD 

matrix

• Interactions among four types of demands

Metro mobility



Huang, H., Mao, J., Liu, R., Lu, W., Tang, T. and Liu, L., 2024. MTLMetro: A Deep Multi-Task Learning Model for Metro Passenger Demands Prediction. IEEE Transactions on Intelligent Transportation Systems.

Metro mobility prediction

Ground truth (top) and prediction results (bottom) on the INOD

• Deep multi-task learning model for metro passenger demands prediction

• Deploying the message-passing schemes to capture the inherent relationships among multiple 

demands

• Adapting DWA scheme to balance the training of multiple tasks

Framework of the proposed MTLMetro



Summary

• Advancements in spatial analysis
• The integration of data-driven methodologies has significantly advanced our 

understanding of urban mobility patterns.
• These advancements support efficient and sustainable urban planning and 

infrastructure management.

• Innovative methodologies
• Cutting-edge techniques, such as GIS, network theory, and AI, have transformed 

spatial analysis
• These methodologies provide deeper insights into urban transport systems and 

mobility patterns.

• Case studies in data-driven analysis of urban mobility:
• Individual road vehicle movements => congestion patters
• Bus network studies => route efficiency and service accessibility
• Urban metro infrastructure => passenger flow, station connection, network resilience
• Mobility movements => infrastructure improvements



Challenges and opportunities

• Data quality and accessibility

• Inconsistent data

• Data privacy

• Limited accessibility

• Methodology

• Complexity

• Scalability

• Emerging transport modes

• Multimodal transport

• Autonomous vehicles

• Interdisciplinary approaches

• Theory transfer and 

applications

• New complementary data



Thank you!
(r.liu@its.leeds.ac.uk)
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