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AIM

Large-scale empirical traffic flow data are useful in spatial planning, transport

RESULTS

research, and data-driven decision making, but existing data, collected using traffic Eiﬁ:::?vt:ﬂ y
sensors or counts, lack spatio-temporal coverage and granularity. Mobile phone :8:8100031 A\
geolocation data are promising for capturing traffic flows at scale given their size, B00031-000084  J) |
granularity, and coverage, but their potential for such cases remains unexplored. 0,00189-0,00346 - .
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We investigate how traffic flows with high spatial and — 007997 -1
temporal coverage and granularity can be estimated from
vehicle trajectories based on sparse mobile phone S

geolocation data.
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Raw mobile phone GNSS data from the Trajectories Stockholm | Gothemburg }
aggregator company Pickwell, covering Records 85 008.151 45.917 250 A
Sweden whole of 2024.

Stockholm: 1292 million dat te f 30 Avg total length 902,544661 932,78
o devites  HON GAE POTES, TET = Avg total duration  113,645941  110,527622
- Gothenburg: 670 million data points; from 1.4 Avg points 4,387886 4,35075777
million devices. Avg dist. points 241,874996 254,596403

Ground truth from traffic counts in How well do estimates capture the

: round truth?
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How do input trajectories affect these correlations?
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1. Methodology works on sparse mobile phone GNSS data
v
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Sample-point 3. Mobile phone data does not work in tunnels
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