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Prediction for Bicycle Demand using Spatial-Temporal Graph
Models
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Abstract There is a lot of research on using a combination of graph neural networks and recurrent
neural networks as a way to account for both temporal and spatial dependencies. In particular, graph
neural networks are an emerging area of research. Seoul's bicycle rental service (aka Daereungi) has
rental stations all over the city of Seoul, and the rental information at each station is a time series that
is faithfully recorded. The rental information of each rental station has temporal characteristics that
show periodicity over time, and regional characteristics are also thought to have important effects on
the rental status. Regional correlations can be well understood using graph neural networks. In this
study, we reconstructed the time series data of Seoul's bicycle rental service into a graph and developed
a rental prediction model that combines a graph neural network and a recurrent neural network. We
considered temporal characteristics such as periodicity over time, regional characteristics, and the

degree importance of each rental station.

Key Words : Graph Neural Network; Recurrent Neural Network, Spatial-Temporal Model
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[Fig. 1] Node features of graphs
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(Table 2> MAEs for 6 hour predictions

1h 2h 3h 4h 5h 6h

LST™M 2.15 199 197 201 216 263
LST+GCN 2.69 241 237 246 272 319
LSTM+GAT 2.54 226 220 226 245 293
GCN+LSTM 3.14 298 296 303 322 354

GCN+LSTM+GCN 3.43 321 316 324 340 3.69
GCN+LSTM+GAT 3.50 333 329 335 353 379

GRU 3.34 321 320 325 333 352
GRU+GCN 3.17 3.01 298 304 317 356
GRU+GAT 3.6 350 347 346 351 3.69
GCN+GRU 3.92 389 38 38 392 4.01

GCN+GRU+GCN 3.93 388 382 382 389 4.03
GCN+GRU+GAT 3.94 386 382 381 386 401
RW 6.74 884 105 119 132 143
HA 10.9 118 125 129 133 134

1 hour prediction 2 hour prediction

. e . \ e
e | P

3 ) B E) £ ] ) B E) [

3 hour prediction

— ground tuth

5 ) B E) B ] ) B E) [

5 hour prediction

6 hour prediction

o — s

LSTHIGAT
around truth

— groun

L5
ST

st
dtratn

3 ) B
timethour)

£

] ) o
timethour)

©

[Fig. 3] Predictions for 2 days at given stations
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[Fig. 4] Mean demand prediction for test dataset
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