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m [est database: Eugene Springfield, OR
m Baseyear data available for 1980.

m  \We have observed the number of households in each zone in 1994,
Y1, - Y (K = 295).

m Prediction for 2000, ¥q,..., V.
m start: 1980, present: 1994, future: 2000.
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(y|©® =0;) = i + a+ €, where €; ug N(O0, 03)

Estimation of ju;, 03, 07, and a done by approximate maximum
likelihood.
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m  mobility rates r:

AL — 7)
n

N(7,( )*) truncated at zero

m control totals:

N(¢,20V (¢)), V is estimated variance per year
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Simulation -

m  Run the model for 100 different outputs, 2 x with different seed
= I =100, J = 2 (results confirmed with I = 1000, J = 3)

m  Variances o3 and o7 stabilized by applying the sqrt transform.
m  From the results ®;;; we estimated a, 6%, and 67

m  Weights:

1| 64 13 12 76 68 88 23 | 33(min)

w;| 0.8f58 0.0383 0.0370 0.0217 0.0122 0.0116 0.0068 |4-]0
R =0.93 R =0.84
m propagation factors b, and b, set to 20/14 (20100
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- Summary -

m  Goal is to assess uncertainty in the output from urban simulation
models.

2nd Int. Workshop DAR, T¥est, Dec 9-12, 2006 — 18 / 18



Summary '

m  Goal is to assess uncertainty in the output from urban simulation
models.

m Bayesian melding extended for application to a stochastic simulation
model.

2nd Int. Workshop DAR, T¥est, Dec 9-12, 2006 — 18 / 18



Summary '

m  Goal is to assess uncertainty in the output from urban simulation
models.

m Bayesian melding extended for application to a stochastic simulation
model.

m  Experiment on Eugene, OR, 1980-2000:

2nd Int. Workshop DAR, T¥est, Dec 9-12, 2006 — 18 / 18



Summary '

m  Goal is to assess uncertainty in the output from urban simulation
models.

m Bayesian melding extended for application to a stochastic simulation
model.

m  Experiment on Eugene, OR, 1980-2000:

0 Simple multiple runs underestimated uncertainty.

2nd Int. Workshop DAR, T¥est, Dec 9-12, 2006 — 18 / 18



Summary '

m  Goal is to assess uncertainty in the output from urban simulation
models.

m Bayesian melding extended for application to a stochastic simulation
model.

m  Experiment on Eugene, OR, 1980-2000:

0 Simple multiple runs underestimated uncertainty.

[0 Bayesian melding provided well calibrated results.

2nd Int. Workshop DAR, T¥est, Dec 9-12, 2006 — 18 / 18



	red Outline
	red Motivation
	red Open Platform for Urban Simulation
	red UrbanSim
	red Population change in Puget Sound area (30 years prediction)
	red Bayesian Melding notation
	red Bayesian Melding
	red Computing the Posterior Distribution
	red Application to UrbanSim
	red Likelihood and posterior distribution
	red Likelihood and posterior distribution (cont.)
	red Prior on inputs
	red Simulation
	red Results
	red Verification rank histogram
	red Simulation size
	red Summary

