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Building and Applying Predictive Models to Traffic
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Aggregate traffic & related 
content from >350 sources

Distribute to customers via 
Connected & Broadcast 

Services

Deliver
Solutions

Largest GPS Probe Network 
in the World

90% of Available Sensors in 
the US and in Europe

Other Traffic Flow Sources

Traffic Incident Data

Other Dynamic Content

Smart Dust Network

Analyze & 
Process

Aggregate 
Content

Enhance data using 
advanced error detection 

advanced algorithms

Fusion Engine

Automotive

Portable Navigation

Web

Mobile

Public Sector

Enterprise

Fleet

Broadcast Media

Connected Services

Traffic Metadata to Enable 
Predictions

Real-Time, 
Historical & 
Predictive Traffic

Traffic-Influenced 
Routing

Search
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What We Do

INRIX Confidential ð 3

INRIX coverage in the Netherlands:

15 min snapshot on Nov 23rd

+ Sensors 

Floating Car Data Real Time Traffic Flow
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ĂPredictions are very difficult, 
especially about the futureñ

Niels Bohr
Danish Physicist
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Challenges of Traffic Predictions

ÅGet it right:
ÅGenerate traffic predictions with high accuracy

ÅDeliver traffic predictions on large scale

ÅUse it right:
ÅHow to make predictions accessible as

information

ÅHow to create consumer benefit out of traffic
predictions
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Get it right
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Predictive Technologies

Phenomenology-based

Å Weather

Å Population

Å Behavioral Models

Statistics-based

Å Stocks, commerce

Å Logistics

Å Behavioral statistics

Micro level

ÅSimulation of the 
interaction of individual 
vehicles under the 
constraints of the local 
road network

ÅEffective for modeling 
impact of adding a lane, 
traffic light timing

ÅComputational complexity 
makes it hard to take into 
account broad spatial 
correlations

Macro level

ÅHard to predict the 
weather using statistical 
models, due to the 
physical laws of nature 

ÅHard to predict highly 
localized traffic with a 
macro model

ÅGood for road networks, 
air traffic control

Traffic conditions exhibit 

network-wide correlation

Traffic Spans the Two Models
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Simple solution: Historical Traffic

Road CoverageAverage Speed 

through the day

Customer Scenarios

Routing for disconnected/standalone devices

Expanded road coverage for routing of connected 
devices

Analysis of traffic patterns for transportation-related 
planning purposes

Features

Average speed of traffic flow by traffic segment, 
based on historical data

Day by day, hour by hour Ą time segments as short 
as 5 minute increments

Replaces óspeed limitô as reference speed for routing 
applications

Nationwide coverage for FRC 1-3: >750k miles of 
coverage

Support for holidays and seasonality

Includes average speed as well as road speed 
reliability
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Speed Shapes: Second Best Approximation

Å Turn historical data into ñtypicalò speed distributions per TMC

Å Build clusters with typical speed shapes

Å Use these to represent historic behavior for all TMCs

Å Represent daily speed profiles in a compact form, cluster road 
network to find the best óspeed shapesô
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How INRIX Predictive Models Work
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From Historical Traffic to Network Profiles

Å Analyze historical data to create 3-dimensional profiles per road 
segment

Å Bayesian analysis of the whole network to detect empirical 
correlations and deduce causality:

Å Network variables (RT speeds, road closures, é.)

Å Non-network variables (Weather, events, etc.)

Å Temporal variables (calendar, holidays etc.)

Snippet of Bayesian Network for San Francisco, showing 

traffic segments influenced by SF Giants game
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The temporal challenge

Impact of variables differs over time horizon

INRIX uses temporal-sensitive methodology

Long 
term

100%

Contribution

Mid termShort 
term

Time

Real Time 

Network 

Variables

Temporal 

Variables

Non-Network

Variables

Accuracy



Å12/22/2009

Å3

INRIX Confidential ð 13

Advantages of Bayesian Analysis

ÁBayesian modeling incorporating contextual ñmetadataò provides 
significantly higher quality/accuracy than simple marginal models 
based upon historical traffic

Historical Averaging 

Traffic is normally leaving Seattle at 

7pm on a Sunday evening

Bayesian Analysis Model 

Due to Rolling Stones Concert at Key 

Arena at 7:30pm we predict heavier than 

normal traffic near the I-5 exits entering 

downtown Seattle at 7pm

INRIX Confidential ð 14

Decision Tree Model

Example path through decision tree for Color 

of traffic segment 1120000011 45 minutes 

ahead

The Decision Tree describes the independent variable relationships which combine to create a 
probabilistic prediction of a given outcome of the variables

Each end leaf of the tree, describes a particular rule that a current traffic situation may follow, and 
a probability distribution over the predicted outcome

ñ45 mins from now we expect traffic segment 1120000011 to have LOS 1 w/ 84.98% probabilityò

Speed Estimate  

vTSP= f(pk, vk, t, Ů)
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Predictive Models Using Support Vector Machine

Å Bayesô theorem lets us predict traffic based on a statistical model of 
correlations between traffic states and prevailing conditions

Å Maximum Margin Classifiers identify examples of traffic conditions 
that best define the boundary between states F and C

Far fewer examples of traffic conditions are needed to model this boundary than are 
needed to create p(f | S)

Å We employ a model called the Support Vector Machine (SVM) that 
builds a Maximum Margin Classifier for cases with low data density.

Å The Bayes Model and the SVM complement each other, 
providing:

Å Faster dynamic learning curves

Å Much higher accuracy even in low data density scenarios

H3 (green) doesn't 

separate the 2 

classes. H1 (blue) 

does, with a small 

margin and H2 

(red) with the 

maximum margin.
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Scalability and Performance Challenge

ÅPredictions should cover whole road networks

ÅStandard network simulation models require high volume data input, 
practically only possible with limited coverage

ÅStandard network simulation models require enormous computing
power ïfull coverage only at very high cost

ÅPredictions should NOT show high latency

ÅShort term accuracy determined by use of real time data in network

ÅHigh update frequency to account for network dynamics

Traffic Predictions are Ăeasyñ in small pilots -

very different for full networks with high update frequency
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Use it right
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Why Predictive Traffic? 

Å Route planning

Å Navigation ETA

Å Evacuation planning/routes

Å Bridge collapse/road closures

Å Just-In-Time scheduling

Å Congestion pricing  

Å éé.

http://upload.wikimedia.org/wikipedia/commons/2/20/Svm_separating_hyperplanes.png
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Traffic makes a difference

Same route:

20% deviation
on travel time

8:30: 1h11min

11:00: 1h
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Predictive traffic for routing and travel time estimate

Å Trip impact and route 
selection

Å Travel Time reporting and 
estimation

Å INRIX travel time calculations 
take into account real-time 
traffic and predictions of the 
evolution of those conditions

ñCurrent traffic conditions donôt tell you how traffic conditions will be at a 

location by the time you get thereò

Leave 18 minutes later, arrive one

minute later

Travel time: 44 min Travel time: 27 min
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Value of Predictive Traffic Routing
More Accurate ETA (Estimated Time of Arrival)
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Simulated a variety of routes throughout the week (5am ï7pm) and compared ETA of routes 

based on speed limit data versus from actual traffic conditions along the routes
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Value of Predictive Traffic Routing
Enhanced Routes
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Simulated a variety of routes throughout the week (5am ï7pm) and compared fastest route 

assuming free flow conditions versus fastest route using current traffic conditions in real time
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The Usability Challenge

ÅRoute calculation using predictive traffic:

ÅNavigation engine needs to be temporal sensitive

ÅHigh volume of data needed (e.g. for 2h route: 8x)

ÅSignificant processing power necessary

üCurrently NO navigation systems available

üOffboard / hybrid navigation for connected vehicles

ÅDisplay of predictive traffic on web applications
ÅComplexity and volume of data causes problems for

unaccustomed web agencies

ÅHow to show the evolution of traffic in time?
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How to get from Düsseldorf to Delft?

Route at
8:45am


