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• Analytics of (Big) Location Data (Urban Sensing and Analytics)

• Spatial Cognition in the Mobile Era
ü ABC in spatial context: Map, map service, environment
ü Empirical studies in mobile and real-world context
ü Multi-Modal: behavioral (ET, …), Emotion (GSR, …), brain activities (EEG, …)
ü “Side effect” of mobile navigation systems

• Adaptive Interfaces for LBS/Mobile GeoICT
ü Spatial HCI: mobile maps, augmented reality AR, gaze-based interface, 

Brain–computer interface
ü Context-aware interfaces adapting to users’ needs and mobile context
ü Human factors and ergonomics

Map use context

Brain activities

ü Both physical and social environment
ü Descriptive, diagnostic, predictive, and prescriptive analytics
ü GeoAI, spatial data science 
ü Sustainable mobility, urban planning, well-being, healthy ageing, and social equity

Research Focus (Haosheng Huang and Group) http://cartogis.ugent.be/

Methodology: Combining empirical (e.g., experiments/interviews) with computational methods Images Property of their Respective Owners.

http://cartogis.ugent.be/


Theme 2: 
Analysis of (Big) 
Location Data

Images Property of their Respective Owners.



Geospatial data science

Leading research question: Does geography matter?
- How, and to what extend, can geographic context be incorporated to improve data analytics?

Different levels of data (visual) analytics

Huang, H., Yao, X., Krisp, K., Jiang, B. (2021): Analytics of location-based big data for smart cities: Opportunities, challenges, and future directions. 
Computers, Environment and Urban Systems. doi: 10.1016/j.compenvurbsys.2021.101712.



Balmer, M., Weibel, R., Huang, H*. (2021): 
Value of incorporating geospatial information 
into the prediction of on-street parking 
occupancy – A case study. Geo-spatial 
Information Science, 24(3), 438-457. doi: 
10.1080/10095020.2021.1937337.



Why predictions?
• Parking search traffic is an urban problem
• Potential solution: Provision of parking-related data
• Prediction for near future is an essential part in such systems.

• Off-street parking (garages) vs. on-street parking
• On-street parking prediction is more challenging: the absence of lot entrances; 

significant changes of the occupancy rate



Lack of focus on geospatial information

• External data sources other than geography
• Temporal information
• historical parking occupancy observations
• Weather
• Traffic

• Existing prediction methods ignore the underlying geographic 
context (e.g., land use, location, nearby POIs).



Research Goal
• How, and to what extend, can geospatial information be incorporated 

to improve the prediction of on-street parking occupancy?
– How do results change under different amounts of training data?

– How do results change under different temporal prediction horizons (i.e. how 

far ahead the models predict the future)?

– How do predictions vary spatially?

– How is the predictive performance influenced by the choice of machine 

learning algorithms?



Case study: Parking occupancy in San Francisco

• On-street parking

• 312 parking segments

• Hourly occupancy rates

• 11 weeks of data 
records



Spatial Data

Road Network, Pedestrian Network (OpenStreetMap)

Land use (City and County of SF)
• Residential, Office, Industrial

POIs (City and County of SF, OpenStreetMap, Tripadvisor)

• Business, Public Transport, Touristic



Workflow



Features extracted from spatial data: Centrality
Importance of nodes (parking segments) in the road network
• Closeness centrality: the mean length of shortest paths between 

this node and all other nodes in a network.
• The higher the score of a node, the closer it is to all other nodes and thus 

the more central in the network. 

• Betweenness centrality: the number of times this node lies on the 
shortest path between two other nodes, acting as a “bridge” on 
that shortest path
• High scores thus indicate critical nodes in a network

• Alpha centrality: a node within a network is more important if it is 
linked to adjacent important nodes



Features extracted from spatial data: Land use

• Derive land use area & number of 
POIs (Business) within vicinity of 
parking segments
• Buffering radius of 500m along 

Pedestrian network



Features: Shortest distances to relevant POIs

• Distance between the parking segments 
and the Public transport and Touristic 
POIs



Features extracted from spatial data: summary



Definition of the prediction problem

!: Input

": Output

#: Time for which the prediction is to be made (hour of the day)

$(#): Occupancy rate at time t

': Number of steps (i.e., hours) ahead to be predicted

()!: Geographic feature i

Prediction !(#) is made based on time t, historical occupancy 
data O(t-k), and geospatial features (%&!)



Feature sets



Experimental set-up

• Machine learning: 
• Random Forest 
• Artificial Neural Network

• Amount of training data: 1 – 10 days

• Prediction horizon (i.e. how far ahead the models predict the future): 1 – 10 
steps (hours)

• Assessment: Mean Absolute Error (MAE), Mean Squared Error (MSE), Coefficient 
of determination (R2)



Results: Prediction horizon (i.e. how far ahead the models predict the future)

– How do results change under 
different temporal prediction 
horizons (from 1h ahead to 
10h ahead)?

– Findings: 
– The further ahead to be 

predicted, the less reliable the 
results.

– Feature set 8 (which considers 
all geospatial features) performs 
best.

Figure 3. Performance as a function of the prediction horizon 
(i.e. how far ahead the models predict the future). 



Results: Training dataset size
– How are predictive results 

influenced by the amount of 
training data?

– Findings: 
– Generally, more training data 

does not entail performance 
improvement.

– Feature set 8 (which 
considers all geospatial 
features) performs best. Figure 4. Performance as a function of the training 

dataset size. Prediction horizon of 5 steps/h ahead. 



Results: Contribution of geospatial features
– Findings: 
– The inclusion of 

geospatial information 
leads to model 
improvement.

Feature set MAE Improvement

Short term (1 
hour ahead)

Baseline 0.071 

Centrality 0.069 3.1%
POI 0.068 4.0%

Land use 0.068 3.9%
All geospatial 0.068 4.2%



Results: Contribution of geospatial features
– Findings: 
– The inclusion of 

geospatial information 
leads to model 
improvement

– The further ahead to 
be predicted, the more 
importance of the 
geospatial data.

Feature set MAE Improvement

Long term (10 
hours ahead)

Baseline 0.165 
Centrality 0.138 16.5%

POI 0.131 20.4%
Land use 0.130 21.1%

All geospatial 0.123 25.4%



Results: Feature importance

Figure 5. Random forest feature importance. Feature set 8. 
Mean values across all prediction horizons. 

• Findings: 
• Land use and POI 

data are more 
beneficial than 
road network 
centrality.



Summary

• Prediction of parking occupancy can potentially help to reduce parking search traffic. 

• Existing prediction methods often ignore the underlying geographic context.

• This work: Value of incorporating geospatial information into the prediction of on-street 
parking occupancy
• Geospatial features: network centrality, POI, land use

• Findings: The inclusion of geospatial information leads to model improvement. The further 
ahead to be predict, the more important the geospatial information is. 
• The inclusion of geospatial information leads to a performance improvement of up to 25% 

compared to the baseline.



From
AI/ML for geography 
to
geography for AI/ML

Geography for AI/ML: 
- Improve accuracy

- Reduce the required training set

- Improve model explainability
- Enable geographical transfer learning

(Train the model in city A, and apply it in city B)

Towards Geospatial AI (GeoAI)

Thank you!
Prof. Haosheng Huang (haosheng.huang@ugent.be) http://cartogis.ugent.be/
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