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Project Overview

The theory: Approximate The application: Madison
computing Square Park data set
* Likelihood-free method of making statistical ® Given entrant and exit data, we look to
estimates utilize approximate computing methods to
make inferences on pedestrian traffic over

® Likelihood-> probabilities associated with _ _ _ _ _
parameters of a set of observed data given time perlods in Madison Square Park

® Likelihood-free-> allows for creation of statistical
models with complex data (e.g. population
genetics, traffic flow)

¢ Approximate Bayesian Computing (ABC),
Approximate Confidence Distribution Computing

(ACCQ)
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How to estimate number
of daily visitors to all g
locations in total?

® Initial method

® Take means of daily visitors at each location over a
previous time period

® Sum all locations to produce estimate
® Better methods

¢ ABC, ACC




Challenges in the Data

Missing data to 7 of g locations on a given day

2 “transition days” each week where mobile counter
location is not constant and not recorded

One-day events, weather, etc. skew data and introduce
confounding variables

18 potential parameters (g locations, total in/out) with
limited number of data points

® Can we make assumptions to limit the number of
parameters?

® Can we model/simulate traffic flow to find patterns in
pedestrian activity?
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Research Process

Data set Determine
cleanup and potential
investigation models

Improve models
and rerun
simulations

Run simulations,
compare results



Early Progress

Working in Excel and R to clean/
examine the data set

Looking for relationships
® Overtime

® By location

Determining proper summary
statistics

Researching potential traffic flow
models

Row Labels ~ Average of Total Average of Channel 1IN Average of Channel 2 OUT Average of IN-OUT
23rd/Madison 3909 2137 1772 365
24th/5th 7537 4061 3476 585
24th/Madison 9000 4574 4426 147
25th/5th 6816 3902 2913 989
25th/Madison 10696 6127 4569 1558
26th/5th 5540 3365 2175 1191
26th/Madison 6420 3116 3304 -188
Seward West 9088 4868 4376 492
Transition 9165 4980 4185 794
(blank) 7087 4319 2768 1550
Grand Total 7670 4214 3467 748
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