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Nice to Meet
You!
« Alabama native (Fort Payne)

 UAB undergrad in Civil
Engineering

« Clemson University master’s
in City and Regional Planning

 Georgia Tech PhD in
Transportation Systems
Engineering

« Incoming assistant
professor

4 Lee |. Styslinger Jr.

College of Engineering




Nice to Meet
You!

« What will my team do
at UA?
« Operationalizing the Safe
Systems approach

« Support practice with
research

« Safe Systems planning

« Focus on vulnerable
modes (biking, walking,
motorcycles)

« Let’'s connect!

Lee |. Styslinger Jr.

College of Engineering




Travel monitoring
(i.e., counting) is essential for
effective safety planning.
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THOUGHT EXPERIMENT: V1

Signalized, similar

m AADT, crash profiles, m

Urban Arterial land uses, etc... .
"High crash locations” Urban Arterial
10 crashes per 5 years
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THOUGHT EXPERIMENT: V1

Signalized, similar

m AADT, crash profiles, m

land uses, etc...
"High crash locations” Urban Arterial

8 crashes per 5 years
|

Urban Arterial
10 crashes per 5 years
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| 10 crashes 8 crashes
, A 1.8 million & 180,000
1,000 peds per day I 100 peds per day a1

| 5.5 crashes/mil -m 44 crashes/mi™



THOUGHT EXPERIMENT: V2

Urban Arterial
10 crashes per 5 years

Urban Arterial
8 crashes per 5 years
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THOUGHT EXPERIMENT: V2

Urban Arterial
10 crashes per 5 years

 Before: 10 crashes per 5
years

« After: 12 crashes per 5 years
Did safety get worse ??
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- Before: 10 crashes per 5
++++++++ o years w/ 1,000 crossings per
day

« 5.5 crashes/million

- After: 12 crashes per 5 years
w/ 2,000 crossings per day

3.2 crashes/million

Safety Countermeasures

Project
vt




THOUGHT EXPERIMENT: V2

Urban Arterial
10 crashes per 5 years
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Volumes - countermeasure
effectiveness



THOUGHT EXPERIMENT: v3

« Pedestrian safety in darkness is a
national challenge
Urban Arterial

« Get averaged/ annualized count
12 crashes per 5 years (ADP or AADP)

4 . If we had 2,000 crossings per day
++++++ 3 — and...

« Daylight: 1,500 crossings per
************ day = 2.7mil over 5 years
« 1.8 crashes/million

 Darkness: 500 crossings per
day = 921.5k over 5 years

« 7.7 crashes/million

7 Crashes Under Low-
Lighting Conditions



THOUGHT EXPERIMENT: v3

Urban Arterial
12 crashes per 5 years
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7 Crashes Under Low-
Lighting Conditions



THOUGHT EXPERIMENT: v3

Urban Arterial
12 crashes per 5 years

Volumes - varying risk
over time
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7 Crashes Under Low-
Lighting Conditions




MONITORING IS
ESSENTIAL TO
SAFETY

« Traffic volumes are crucial effective
safety planning to prevent future
harm. We need to know:

« Where people are traveling

« Travel trends over days of week,
seasons, years

« Responses to investments in
infrastructure

« Prioritize limited dollars
towards a safety and mobility

4.B- ACTIVE Plan
Executive Summary
=Greater Birmingham

REGIONAL PLANNING COMMISSION
OF GREATER BIRMINGHAM




MONITORING IS
ESSENTIAL TO
SAFETY

« Traffic volumes are crucial effective
safety planning to prevent future
harm. We need to know:

« Where people are traveling

« Travel trends over days of week,
seasons, years

« Responses to investments in
infrastructure

« Prioritize limited dollars
towards a safety and mobility

« Lack of volume data precludes
safety understanding and
decision-making

« Ideally, counts would come from
count programs, but are rare

e So0... what else can we do?

B- ACTIVE Plan
Executive Summary
Greater Birmingham

REGIONAL PLANNING COMMISSION
OF GREATER BIRMINGHAM

‘
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May 2019




VOLUMES FROM PROXIES

» Estimation based on “proxy” data
(aka, signals of the real thing):

« App data, traffic signal data, land
use, data companies, etc.

 Pros: High-resolution (spatially &
temporally)

« Cons: Biased data; prediction
issues when many zeros are in e~

data; limited signal = hard to /;
predict signal |

Moreland A\)e SE

——— |
Low High
—7 © Manhox © OnenStreetMan’ Imnrove this mai

Image Sourced from


https://metro.strava.com/

VOLUMES FROM PROXIES

Videos from traffic
cameras

Manual counts

motorized counters

K4

Land use, context
variables, roadway
characteristics

Existing non-

8

ATSPM data
pedestrian activity

Third-party data
(Strava, Streetlight)

ook

Observed bicycle and
pedestrian activity

Calibrate +
Validate Models

—

Models of bicycle and
pedestrian activity




VOLUMES FROM PROXIES: CHALLENGES

Videos from traffic
cameras

\. \

Manual counts

| motorized counters

e §

Land use, context ATSPM data

variables, roadway  edestrian activity
characteristics

Existing non-

N\

Third-party data
(Strava, Streetlig ht)

L)

Highly variable
Often not
strategically
located

Few true
measurements

|

/f

ook

Observed bicycle and
pedestrian activity

/ J \_ \
Calibrate +

Validate Models

—

Models of bicycle and
pedestrian activity

Noisy/unclear
signal

» Data quality issues

« Excess zeros

* Lots of imperfect
signhals




WHAT DO WE NEED FROM COUNTS & ESTIMATES?

COUNTS ESTIMATES
- Spatial coverage - - Context variation -
observation across the estimates for urban, rural,
varying conditions of the suburban contexts
network - Robustness - zeros and
- Temporal variation - highly variable signals

times of day, days of week Uncertaint iption -
; ro e y description
and seasonal patterns knowing how much to trust
 Resolution - hourly each estimate

volumes, not aggregate - Updateability — estimates
that improve as new data
arrives




Can we use proxy data to predict
(hourly) walking/biking at
intersections and segments?



Can we use proxy data to predict
(hourly) walking/biking at
intersections and segments?

Yes — under certain conditions &
with the right tools!



RIGHT TOOL: BAYESIAN "RECIPE"”

Posterior Beliefs

Evidence

Prior Beliefs



WHY USE THE BAYESIAN "RECIPE"”

« Robustness - zeros,
highly variable signals

 Uncertainty -
Evidence knowing how much to
trust each estimate

* Learning - a short
count at one site
informs estimates at a
nearby site with similar
characteristics

- Up dateablhtx
predications that
Improve with new data

Posterior Beliefs

Prior Beliefs




BAYESIAN "RECIPE"”: PEDESTRIANS

hourly ped
counts and intersection
characteristics

Posterior Beliefs

Evidence

* Prior beliefs: “"Guesses”
about walking patterns

Prior Beliefs

- Posterior beliefs:
predictions of hourly
pedestrian volumes per
Intersection




PEDESTRIAN PROXY
IN GEORGIA

Signal 279 PAM 1 Three-Month Weekly Average
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 Automated Traffic Signal
Performance Metrics
(ATSPM):

 Push buttons at intersections
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« Shown to correlate with counts
in many locations (1)

 Pros: Data every second,
data available at many |
locations in Georgia

« Cons: Many zeroes, unclear
signal/noise
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(1) P. Humagain, P. Singleton (2021) Advances in pedestrian travel monitoring: Temporal patterns
and spatial characteristics using pedestrian push-button data from Utah traffic signals, Journal of
Transportation and Land Use
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EVIDENCE: COUNT LOCATIONS

« Data collected
from 44
locations
around ATL and
Georgia

 Including rural
towns
« Short term (40)
« 3days (Th, F, S)
- 6AM - 9PM
 Long term (4)
* 90 days

*ﬁniueé‘ieviue

Count Locations

* Sites

* *W’émer Robins
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14th Street: Proxy v. Observed
== Observed

Count

= Actuations
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Count
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Krog: Proxy v. Observed
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What about bikes?



PRXOY DATA: BIKES

« Strava Metro Data: Crowdsourced
data; self-reported rides per hour
per segment

« Available for all of Fulton County

« Access to ~41,000 roadway
segments, but only 9 segments had
corresponding counts.

« We need more counts!!
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Can we use proxy data to predict
walking/biking at intersections
and segments?

Yes — under certain conditions &
with the right tools!

What are the caveats?



WHERE/WHEN DOES THIS WORK?

CAVEATS SOLUTIONS
* "You can’t make something + Counts and proxies!
from nothing”... (yet ©) . Short counts - 14 days
« Permanent counters - variety
of locations

» Ped predictions in suburban « Suburban counts!
contexts? The jury is still
out.

. Bike estimates were good » Recreational facility counts!
on/near urban recreational

facilities ————



RIGHT TOOL: WHY THE BAYESIAN "RECIPE"”

- Hourly predictions possible

« Uncertainty - knowing how
much to trust each estimate

« Try imperfect data and learn
Evidence when/where it is useful

Posterior Beliefs

Prior Beliefs



RIGHT TOOL: WHY THE BAYESIAN "RECIPE"”

Prior Beliefs

Posterior Beliefs

\ Evidence

* Learning — a short count at
one site informs estimates at
a nearby site with similar
characteristics

 Updateability — estimates
that improve as new data
arrives




WHAT COULD WE DO WITH THIS?

* “Living” count program in Alabama

« Because of the approach used, the predictions get better with
new data

« Overtime, less count data is needed to make predictions
 Every count you collect makes all estimates better!

 To make this a reality in Alabama, we need partners!

* Let’s chat!

« What kind of volume data do you need?
« Which decisions do you need volumes to inform?
« How can we leverage your existing count resources?



Thank you!

Let’'s connect!

Rachael Thompson Panik,
AICP, PhD

rpanik@ua.edu

Lee |. Styslinger Jr.

College of Engineering
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BAYESIAN MONITORING FRAMEWORK

Counts & ATSPM

Locations with

baseline activity Time series at select locations A1 A2
oo clustering = N\ N\ N\
> / N\ / \/ K
Posterior
predictions
by location

Context Random forest Posterior
variables selected variables distribution

Model performance
assessment

.\

'—“<'l T Prior beliefs

N\
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