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I’m Dr. Christy Willoughby, a data scientist at StreetLight Data. StreetLight Data is the  first company that provides transportation experts with the best Big Data resources for understanding travel patterns AND the processing software that makes big data useful.  Our platform, called StreetLight InSight, offers everything you need to use Big Data for transportation in one place, and it’s simple and easy to use.  We have many use cases and many Metrics inside StreetLight InSight. But Today, I’m going to be talking about one particular Metric – AADT. In this presentation I’ll go over our motivation to Make a digital, one click AADT Metric. I’ll talk about how we define success in making this Metric. I’ll review the data sources we used, and share our key findings. Finally, I’ll talk about our next steps and take any questions.


StreetLight Volume: 2017 AADT - What Is It?

Average Annual Daily Traffic Counts
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First off – let’s set the stage. Today, we’re talking about our StreetLight Volume: 2017 AADT Metrics– that’s average annualized daily traffic counts, or estimates of the number of cars that used a road segment per day in 2017. We’ve come up with a new way to estimate these values WITHOUT installing sensors in the field. Instead of placing your own wire our loop count, you can use our cloud-based StreetLight InSight platform to measure AADT – and get comparable or better results than standard two-day field counts. 


Motivation
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The point of our tool is to build an online digitial estimator so oyu don’t have to go out in the street and collcet data. 



Four Key Reasons for Us to Start Estimating
Traffic Counts from Our Big Data Resources
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As stan(others) have covered, 
AADT is a standard measurement and the whole industry would benefit from improved modeling 


In addition, they're a precursor to VMT
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Also – it’s a pre-cursor for VMT – or vehicle miles travelled estimation. This is important for Greenhouse gas emissions estimation AND if you’re in California there’s a law requiring you measure VMT.
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Last year, we built a successful 2016 AADT beta feature into our product. As you see, all you have to do is draw a digital gate, create an AADT project, and you get back a volume estimate in moments! (and watch video). And we just released a 2017 version, which I’ll discuss today.





How We Set Our Target Outcomes
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Check capitalizations


Our methods reflect our goals

1. Works better than 48-hour expansion
2. Productized for rural, arterial roads to maximize benefits.
3. Build an algorithm that is extensible:

 To hourly, seasonal, truck v. car volume estimates

 To be part of full, balanced origin, destination, routing
Metrics

(NB - Real Time volume is not currently a goal)
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Just read
Say on #3 – our goal to be extensible affects our chosen methods. I’ll tell you more about that in the conclusions


These Are the Results of Our Validation Work

StreetLight 2017 AADT for Test Data compared to Permanent Counter AADT. R2 is 0.96. No outliers were removed.
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On this slide you can see our validation results with no outliers removed – we’re proud and excited about what we’ve achieved with these analytics. 
The first thing I’ll detail is the data sources used to achieve this outcome



Data Sources
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We Use Six Unique Data Sources for Our
StreetLight Volume: 2017 AADT Estimates

e Big Data Input #1 A

Full Year of 2017 Location-Based
Services Data
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e Big Data Input #2 A

Full Year of 2017 Navigation-GPS
Data
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Weather Data
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US Census Data for Normalization
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Our 2017 AADT Estimates bring together 6 different unique data sources. They are:
Full year of 2017 Location-based services data
Full year of 2017 navigation-gps data. �We have found we need both types of data sources to get the best model possible.��We then combine with other data to provide more context 
US Census population data for normalization
Open Street maps data for road network information
Weather data 
Data from thousands of counters for calibration 

In each of the slides that follow, I’ll go into more detail on these data sources and explain why they’re so important for these metrics 




Presenter
Presentation Notes
Here is a video of raw data in San Bernardino. Purple is data from smart phone apps that are pinging in the background. We call that LBS or location based services data and it measure personal travel. Orange is data from commercial truck GPS devices. We are showing you a subset for a day – other the whole map would just be purple. 

We used two types of geospatial Big Data for our AADT estimates. For those that are familiar with our first StreetLight Volume product, 2016 AADT, the big different here is that we used LBS data that was processed in a different way. Instead of using all of the points in our data set, we used data was already cleaned and processed into trips. These are the key attributes of these data sources….






Our Big Data Resources: Location-Based
Services and Navigation-GPS Data

~5 meters - 25 meters

Variable; usually triggered

Navigation-GPS Data: Created by Location-Based Services (LBS) Data:
Connected Trucks & Cars Created by Smart Phone Apps
Spatial Precision ~5 meters Spatial Precision
Ffequency of Data Regularly: every 1 sec - 1 min Ffequency of Data
Pings Pings

Differentiates personal and

Type of Trip commercial trips - ideal for _
truck studies Type of Trip

Penetration rate varies by

region - but much smaller than ]
LBS. ~1% - 4% for personal, Sample Size
12% trucks.

Sample Size

by location change

Personal

~23% of US and CA adult
population (~65M devices
in our database)
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The navigation-GPS data we use are created by connected personal and commercial vehicles. Our data set is tagged by vehicle type: personal vehicle, heavy-duty commercial vehicle, or medium-duty commercial vehicle. We included counts of both personal and commercial vehicles in both our 2016 and 2017 AADT. Since roads vary heavily in the share of commercial trucks (and in the share of medium vs. heavy duty trucks) having both is critical. We use a full 12 months of data (365 days), which means our AADT Metrics capture seasonal variation.

For both LBS and all navigation-GPS trips, we also analyzed the ratio of trips between different day parts and day types.
Location-based services (LBS) data are created by smartphone applications that provide a service that depends upon on a device’s geographic location in the physical world; for example, shopping apps, weather apps, or dating apps. We used these data points for our 2016 AADT. Since then, we developed new algorithmic processing techniques to link those data points into trips. We put our new and improved LBS trips to good use in our 2017 AADT. As with GPS, a full 12 months of LBS trips data (365 days) went into our 2017 AADT, which means that they capture seasonal variation.



We Used Two Different Contextual Data Sources to
Account for Roadway and Environmental Factors

A Look into Open Street Maps:
Salt Lake City, UT & Surroundings

A Look into Weather Data:

Precipitation & Temperature in Salt Lake City, UT
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We included features commonly extractable from Open Street Maps (OSM) such as road geography, speed limits, number of lanes, availability of parking, road classification, and other factors. We know all OSM features are not always available for every road. Our algorithm is factored to adjust to a different set of coefficients if no OSM feature data is available. We also use the OSM to “lock” a trip to a route by connecting pings along the most viable network path a vehicle can take.

We included data on precipitation and temperature to account for areas that have extreme precipitation events (like snow storms) on a regular basis and might experience different travel patterns as a result. 



US Census Data - Our Third Contextual Resource
- Was Used for Normalization of LBS Trips
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For LBS data, we perform a population-level normalization for each month of data. For each census block, StreetLight measures the number of devices in that sample that appear to live there, and makes a ratio to the total population that are reported to live there. A device from a census block that has 1,000 residents and 200 StreetLight devices will be scaled differently everywhere in comparison to a device from a census block that has 1,000 residents and 500 StreetLight devices. 




Our Data Resources from 2,000+ Permanent Count
Locations Were Critical to Algorithm Development

Locations and AADT Distribution of the 2,605 Permanent Counters
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We researched extensively to find well-cleaned permanent counter data. We wanted our data to be spread across the US, between small and large roads, urban and rural. The biggest challenge was finding permanent counter data for small rural roads. The map and charts show the locations of the 2,604 counter data points we used to develop our algorithm. Of the 2,605 counters, we used 2,441 to train the algorithm and 164 to test it.



Testing and Validation
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Our First Phase of Test Runs:
Random Assighment of Training and Test Set Data

AADT Range # of Segments Target RMSE as % of StreetLight Algorithm’s Delta to Target
Average AADT RMSE as % Average AADT (positive means “better than target”)
50,000+ 795 20% 13.7% 6%
25,000- 49,999 386 25% 19.9% 5%
10,000 - 24,999 509 28% 31% -3%
5,000- 9,999 350 39% 26.9% 12%
2500 - 4,999 270 44% 35.4% 8%
0-2,499 294 68% 58.30% 10%
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After we made the algorithm and feature choices for our model, we performed several types of cross validation. First, we ran the model several times, each time randomly designating different zones as “training set” and “test set.” If the model output is very similar for each of these runs (or “folds”), you know you have a good model. 



Our Second Phase of Test Runs:
State-Specific Data

Delta to Target

(positive means “better than
target”)

Target RMSE as % of StreetLight Algorithm’s

AADT Range # of Segments
Average AADT RMSE as % Average AADT

50,000+ 795 20% 15.80% 4%
25,000- 49,999 386 25% 20.80% 4%
10,000 - 24,999 509 28% 31.40% -3%
5,000- 9,999 350 39% 31.50% 7%
2500 - 4,999 270 44% 36.10% 8%
0-2499 294 68% 58.80% 9%
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Next, we did another set of folds where we pulled out each state in turn as the “test” set. This was meant to mimic a new clients’ experience because we trained our model on a set of data from a group of states. We wanted to know whether our model would perform well if someone ran AADTs in a new location. The answer again is yes, we showed strong match of our results with permanent counter data. 
We did find that the state-based folds had more variation than the random folds. This means that we may be able to further improve results by tweaking the algorithm for an individual state or region. We are look forward to collaborating on this approach with clients who want to use our AADT Metric at large scale



Data-Derived AADT Estimates Are Better than

No staff in harm’s way
Cost-effective

Available in minutes

365 days of real-world data

As accurate to more accurate
than temporary/modeled counts
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And that brings us to the end of our presentation. To bring things full circle, we’re excited about our new AADT estimates and believe we achieved our goal of developing a better alternative to temporary counts and modeled counts. 


Questions?

Thank You!

Christy Willoughby
christy.willoughby@streetlightdata.com
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Spread of Counters by Estimated Road Type

(Open Streets Maps and Census)

Motorway Motorway
Trunk 207 Trunk 103
Primary 433 Primary 221
Secondary 174 Secondary 84
Tertiary 47 Tertiary 34
Residential 23 Residential 25
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Urban/Rural Validation:
In Arizona, All Rural were tagged as Rural (96/96)
17% of Urban were misclassified as Rural – so 23 zones out of 136 Urban total.

Illinois: All classified well. 7 Rural total.

Georgia: All Rural classified as Rural
10% of Urban misclassified as Rural. 11/106 Urban misclassified as Rural.   

Arizona, I had 96 strictly Rural counters. Georgia I only had 5. 



Spread of Counters by Estimated Road Type

(Open Streets Maps and Census)

““

Motorway Motorway
(1) Interstate, (2) Freeway and Expressway (1) Interstate, (2) Freeway and Expressway
Trunk 207 Trunk 103
(3) Other Principal Arterial (3) Other Principal Arterial
Primary 433 Primary 221
(3), (4) Minor Arterial, (5) Major Collector (3), (4) Minor Arterial, (5) Major Collector
Secondary 174 Secondary 84
(4), (3) (4), (5)
Tertiary 47 Tertiary 34
(4), (5) (4), (5)
Residential 23 Residential 25
(4), (5), (6) (4), (3), (6)
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Urban/Rural Validation:
In Arizona, All Rural were tagged as Rural (96/96)
17% of Urban were misclassified as Rural – so 23 zones out of 136 Urban total.

In Minnesota, 
1/48 Rural misclassified as Urban (2%)
3/27 Urban Misclassified as Rural. (11%)
47 Rural zones, 37 Urban Zones Total. 

Illinois: All classified well. 7 Rural total.

Georgia: All Rural classified as Rural
11/106 Urban misclassified as Rural. (10%)

Arizona, I had 96 strictly Rural counters. Georgia I only had 5. 



Spread of Counters by Road Type: Arizona

(1) Interstate (1) Interstate
(2) Freeway and Expressway 69 (2) Freeway and Expressway 1
(3) Other Principal Arterial 21 (3) Other Principal Arterial 29
(4) Minor Arterial 5 (4) Minor Arterial 18
(5) Major Collector 3 (5) Major Collector 21
(6) Minor Collector o (6) Minor Collector 1
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Arizona: 96 Rural 
Georgia: 4 Rural 


Spread of Counters by Road Type: Minnesota

Principal Arterial - Interstate Principal Arterial - Interstate
Principal Arterial - Other 16 Principal Arterial - Other 25
Minor Arterial 6 Minor Arterial 10
Collector 2 Major Collector 8
Urban Local 1 Collector 0
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Arizona: 96 Rural 
Georgia: 4 Rural 


Goal #2: Develop Estimates that Are Better Than
Counts Derived from Expansion Models

Acceptable Model Validation AADT Errors
(RMSE as % of AADT) by AADT Range

100%
90%
80%
70%
60%
50%

40%

30%

20%

1
0%

O0to 1,000 1,000to 2,500to 5,000to 10,000 to 25,000 to 50,000+
2,500 5,000 10,000 25,000 50,000

X X X

®m Ohio DOT FDOT mOregon DOT

100 =

Equation for Root Mean Square Error
(RMSE) as a Percent of AADT

RMSE as % =

\/ (%) « (Traditional AADT — Big Data AADT)?

(% * ). (Traditional AADT)

Source - Figure 9.8 in Travel Model Improvement Program, “Travel Model
Validation and Reasonableness Checking Manual Second Edition.” September 24,
2010.
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We also wanted our estimates to be as accurate as an AADT estimated from a model. The most common standard is to sources evaluate error in terms of Root Mean Square Error (RMSE) as a percent of AADT. As you can see in Figure 1, below, many DOTs generally agree on the acceptable RMSE. We took the average of acceptable RMSEs for each AADT range as the target for our results (we merged the 0-1,000 and 1,000-2,500 ranges due to low availability of permanent counters). The targets for RMSE as % of AADT range from 20% for high AADT to 68% for lower AADT bins. Note -just because the RMSE values are higher than the MAPE does not mean the RMSE-conveyed results are “worse” – they are simply a different calculation.
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