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Background
Traffic Flow Data

Many spatiotemporal tra ¢ time series data are in the form of matrix.
Portland highway traffic datal
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Traffic volume/speed shows strong spatial /temporal dependencies
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Background
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Urban Movement Data

High-dimensional & sparse

Uber (hourly) movement speed data

@, 8 \ |
/ 7~ ’ \\ f
\ \« \
\ \‘
1l =
” 2R (e
N 7 ' |
NYC movement Seattle movement

froad segment, time slot (hour), average speedg

Computing hourly speed: Road segments have 54 unique trips.

Issue: Insufficient sampling of ridesharing vehicles on the road network!
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Background
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Urban Movement Data

High-dimensional & sparse

NYC movement speed data (2019)
98,210 road segments & 8,760 time steps (hours)
Overall missing rate: 64.43%
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Seattle movement speed data (2019)
63,490 road segments & 8,760 time steps (hours)
Overall missing rate: 84.95%
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Background
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Spatiotemporal Tra ¢ Data

Sparse

High-dimensional

N sensors

o

Multidimensional 1 time steps

Noises & outliers

Nonstationary

6/55



Background
0000800
Problem Formulation

Objective A : Impute missing values in the data matriy¥ 2 RN T (or tensor
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Modeling process:
How to make use of spatiotemporal tra ¢ patterns?
How to make use of tra c time series dynamics?
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Background
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Problem Formulation

Objective B: Given a partially observed dat& 2 RN T consisting of time

seriesy,;:::;y; 2 RV, forecast data pointsy,, ; 2 N*.
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Sparse time series -step ahead forecasts

Modeling process:

How to characterize time series dynamics in high-dimensional and sparse tra c
data?
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Background
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Tasks

We are working on spatiotemporal traffic data imputation and forecasting.

Task A: Univari-
ate traffic time

series imputation

Partially observed
trafficdataY 2RN T

Task B: Spatiotemporal Task C: Large-scale
traffic data imputation traffic imputation

Task D: Extreme missing Task E: Sparse urban
traffic data imputation traffic state forecasting
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Literature Review
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Imputation & Forecasting

Time series autoregression
(Schafer'97, Chen & Shao'00)

Principal component analysis
(Qu et al.'09, Li et al.'13)

Matrix factorization
(Asif et al.'13, Asif et al.'16)

Tensor factorization
(Tan et al.'13, Chen et al.'19)

Low-rank tensor completion
(Ran et al.'16, Chen et al.'20)

Temporal matrix/tensor
factorization
(Chen & Sun'22)

Autoregression predictor
(Anava et al.'15)

Prediction on the imputed
data
(e.g., Che et al.'18)

Dynamic tensor completion
(Tan et al.'16)

Temporal matrix factorization
(Yu et al.'16, Chen & Sun'22)

Online matrix factorization
(Gultekin & Paisley'18)
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