Ted Mansfield, RSG

Lightweight Calibration of a Bicycle Travel Demand Mark Bradley, RSG

Josh Reynolds, WFRC

N
Model for the Salt Lake City Region Using Passive Data Bert Granberg, WFRC A QSG@@

Jim Price, MAG the science of insight
Tim Hereth, MAG

SUMMARY 2 CALIBRATION FRAMEWORK 3 RESULTS

* A lightweight framework was developed to calibrate travel The calibration framework comprises two stages: Model performance dramatically improved:
demand models using passively collected OD data 1. Sensitivity analysis: Model coefficients were varied » Trip origin R2 increased from 0.62 to 0.80

- This framework was applied to calibrate the Salt Lake City systematically, and changes in model performance were - Total trip counts within 2% of the OD data
region’s bike model using passively collected OD data for bikes measured relative to OD data. The model underoredicts in two aeoaraphies where StreetLiaht
trips obtained from StreetLight 2. Regression analysis of model residuals: Model residuals from P 9eoJrap J

OD data seem unrealistic: trip to/from the airport (>2,000 daily trips

the stage 1 model were used in a regression model to further in OD data) and trips in downtown (>11,000 daily trips in OD data).
1 THE BIKE MODEL adjust model coefficients.
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» Consists of trip generation, destination choice, and trip
assignment submodels implemented in Python

« Contains 19,214 microzones
» Model coefficients originally estimated using travel survey data
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