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2. Passenger Quantity Estimation of Unrecorded Area
2.1. Problem Definition and Goals
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2.1.1. Experimental Goal
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2.3. Gaussian Process Regression (GPR) Model
2.3.1. GPR for Spatial Prediction
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2.3.2. GPR for Temporal Prediction ¥ 29 #uh ol ¥ 19 A¥y wpEsAE 127 9o
B =R AE Unrecorded Aread AADT FHL 94 dgte] LOOCVE A-&et A=A, Spatial Analysis®t
Gaussian ProcessE §3F d&& 4379 dlolHE &85 ALde wet wustd AAHoR A7 AMAERHE
ThA] ol dig Ex 2 Yehldoh o714 e x o gt FAEUTS & F Adrh =g 2 HAPA = Diffusion
Gaussian Process Model®] RegressionZte A #= gk Kernel¥®} TrajectoryZE ©]-&3F Zdlo] AA| %l AaFS o=
ad W ¥ty wlaste] AAAHQD Rde] Ae FA 4% Wkgsk= Polynomial Kernels Tlste] ofghe] As
ARE-ETE ZAGE Aol digk A= oS 4 2o S AT 7 AT
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3 1. Regularized passenger quantity estimation by spatial

analysis
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1) RBF kernel

2) Regularized Laplacian kernel (Graph kernel)

3) Diffusion kernel (Graph kernel)

4) Diffusion kernel with trajectory pattern (Graph kernel)

5) Diffusion + polynomial (d=5) kernel with trajectory pattern

3.2. Adding Temporal Analysis
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3.3. AADT Estimation
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Seoul Open Data Plaza, http://data.seoul.go.kr/

Seoul Statistics, http://stat.seoul.go.kr/
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