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1 Introduction

As part of the VOLVO funded research, our team investigated the possi-
bility of integrating mobile probe data into traffic models, based on the as-
sessment that with the advent of the mobile internet, and the emergence
of web 2.0 type user generated content, the transportation engineering
field would be one of the first to benefit from this new technology. Because
of the novelty of this technology, and of the specifics linked with sampling
phones, the project was first focused on highways. As part of the work
performed for VOLVO, the team created algorithms capable of integrating
probe data into highway traffic flow models, as a proof of concept of con-
tributions to come specific to arterial networks.

Following the seed funding given by VOLVO, a team was assembled
between a major cellular phone manufacturer (Nokia), the prime mapping
company in the US (Navteq), government (California DOT and US DQOT).
The team built a traffic monitoring system using mobile devices, known as
Mobile Millennium. The Mobile Millennium project [1], officially launched
on November 10, 2008, is an early instantiation of participatory sensing in
the form of a traffic monitoring system system which collects traffic data
from GPS-equipped mobile phones to estimate traffic conditions in real-
time. The traffic conditions are then broadcast back to the users’ mobile
phones, enabling commuters to make more intelligent route and trip de-
cisions. The deployment area is focused on commuters in Northern Cali-
fornia, including the San Francisco Bay Area and Sacramento, which are
areas with heavy recurring congestion on many of the roadways. The
project is a follow up of the Mobile Century experiment, in which 165 UC
Berkeley graduate students were hired to drive a 10 mile loop of Interstate
880 in California for a day, demonstrating the feasibility of a real-time traffic
estimation service using GPS enabled devices only [2].

Mobile Millennium significantly increases the scale and scope of this
work by demonstrating the first real-time permanent monitoring system
capable of using GPS data from thousands of mobile devices, as well as
existing fixed traffic sensors such as inductive loop detectors embedded in
the pavement, to construct velocity fields and travel time estimates. While
the previous experiment focused on highway traffic estimation on a single
segment of highway, Mobile Millennium aims to estimate traffic on all major
highways in and around the target area, as well as on major arterial roads



which achieve sufficient user penetration.

2 Mobile Millennium System Architecture

The system architecture which supports this research (shown in Fig. 1)
consists of a physical component: GPS-enabled smartphones onboard
vehicles (driving public), and three cyber components: a cellular network
operator (network provider), cellular phone data aggregation and traffic
service provision (Nokia/Navteq), and traffic estimation (Berkeley/Navteq).
On each participating mobile device (or client), an application is executed
which is responsible for collecting traffic data through a privacy aware spa-
tial sampling technique based on Virtual Trip Lines (VTLSs) [3], and display-
ing the current traffic estimates which are produced from the aggregate
data of all participants.

A back end server aggregates data from a large number of mobile de-
vices and pushes the data to UC Berkeley estimation engine for data as-
similation, which combines the cell phone data with other information such
as loop detectors to produce the best estimate of the current state of traf-
fic. The map data server provides the Navteq Navstreets digital map data
which is required for the network based traffic flow models. Multiple esti-
mation algorithms are run in parallel as part of ongoing research, includ-
ing arterial traffic models. An estimate manager in the traffic estimation
server monitors the performance of the various algorithms and transmits
the results to the traffic report server. The estimates are integrated with
estimates from traffic models provided by Navteq before being transmitted
back to the mobile device.

3 Highway Traffic Estimation

3.1 Review of Flow Model Based Traffic Estimation Al-
gorithms

In the past various techniques to combine traffic flow models and the data
collected from the highways into a state estimate have been proposed.
Kalman filtering (KF) has been widely used for traffic state estimation in
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Figure 1: System architecture overview. The system consists of vehi-
cles equipped with GPS-enabled smartphones, a cellular network provider,
data collection infrastructure and traffic information provision, and traffic
estimation algorithms.

earlier studies in its various forms. In [4], mixture Kalman filtering (MKF)
was applied to the Cell Transmission Model (CTM) [5] to estimate traf-
fic densities for ramp metering. The nonlinear CTM was transformed into
a switching state space model, which enabled the use of a set of linear
equations to describe the state evolution for the distinct flow regimes on
the highway (e.g. highway is in free-flow or congestion). In [6], a Kalman
filter was used to incorporate Lagrangian velocity trajectories into a den-
sity based CTM for highway traffic. A real-time algorithm for traffic estima-
tion based on the extended Kalman filter (EKF) using a second order flow
model was used in [7]. A key ingredient of this work is the differentiability
of the numerical scheme employed for the second order model of traffic
used by the authors, a feature which our model does not possess. Other
treatments of traffic estimation include adjoint based control and data as-
similation in [8, 9], unscented Kalman filtering (UKF) in [10] and particle
filtering (PF) in[10, 11, 12].

A common feature for CTM based methods [6] described above is that
the evolution of traffic state (typically density, not velocity) relies on a set



of linearized equations which are needed in order to use the KF or EKF
techniques. On the other hand, the PF technique is a nonlinear scheme for
solving the Bayesian update problem, but has a higher computational cost.
The approach proposed in the present work employs ensemble Kalman fil-
tering (EnKF) [13], which enables the use of fully nonlinear evolution equa-
tions such as the discretization of the new flow model implemented in this
article, while exploiting its linear observation equation. Unlike UKF, which
uses a deterministic sampling technique, EnKF uses Monte Carlo integra-
tions to maintain the nonlinear features of error statistics. Furthermore,
by employing a fully nonlinear velocity evolution model, no highway mode
selection algorithms or simplifications to the equations are needed in this
work.

Earlier studies have specifically approached the highway traffic estima-
tion problem using cell phone network data. In [14], an EKF was applied to
a second order model of vehicle density and velocity, and validated in sim-
ulation. In practice, the modeling assumption that network providers can
accurately provide both density and flow of the cellular phones currently on
the highway of interest is limiting, especially in dense roadway networks.
The work [15] uses a fully nonlinear particle filter to assimilate the mean
velocity of a vehicle traveling between cell tower hand-off points, but also
suffers from the same practical limitations in dense road networks.

3.2 Mobile Millennium Approach

The velocity field v(z, t) on a highway segment = € [0, L] is a distributed pa-
rameter system in space, see Fig 2. Vehicles labeled by i € N travel along
the highway with trajectories z;(t), and measure the velocity v(x;(t),t)
along their trajectories. These measurements are used to reconstruct the
function v(z,t), in a process referred to as data assimilation or inverse
modeling. The technique used to perform data assimilation with this sam-
pling is based on Ensemble Kalman Filtering (EnKF), which is applied to
a discrete velocity evolution equation. Field experiments have been used
to validate this method [2, 16].



Figure 2: lllustration of the distributed velocity field v(x,t) to be recon-
structed from Lagrangian samples. Four samples v;(z;(t),t) are shown
at t = t,,, from vehicles 7 transmitting their data (indicated by up-arrows
above the vehicles).

4 Arterial Traffic Estimation

4.1 Review of Arterial Travel Time Estimation Algorithms

In the past, various models have been developed to estimate arterial travel
times, with the focus on signalized intersection delays. For example, sta-
tistical methods are proposed in [17, 18, 19], in which travel times are
modeled as a linear combination of occupancy, flow, and signal param-
eters. Xie et al. [20] treat arterial link travel time as the summation of
“cruise time” (i.e. free flow travel time) and signal delay. The cruise time
is computed using detector speeds and the signal delay is estimated us-
ing a simplified intersection queuing diagram which requires basic signal
parameters (such as cycle length, effective green time, flow/capacity ratio
etc). An improved speed-flow relationship is developed in [21] which is
shown to be effective to calculate arterial link travel times [22]. The above



models are mainly for estimating average (or static) arterial travel times,
and recent attention has been focused on estimating dynamic (or time-
dependent) arterial travel times [23, 24]. In [23], link travel time is modeled
as the summation of free flow travel time and signal delay, while the lat-
ter consists of three components: single vehicle delay, queuing delay, and
over-saturation delay. In particular, the calculation of signal delay requires
30-second traffic volume and detailed signal timing parameters. By utiliz-
ing high-resolution (second-by-second) traffic signal events data (such as
phase/timing changes) and vehicle actuation data, “virtual” vehicle trajec-
tories are constructed in [24], which make it possible to estimate accurate
dynamic arterial travel times. Finally, [25] formalizes the “intersection de-
lay function” under free flow and over-saturation conditions. This function
describes vehicle travel time through an intersection as a function of the
time entering the road segment of interest.

In [26], the authors demonstrate how to estimate traffic conditions on
arterial roads using GPS traces. This means that for some subset of the
vehicles driving on the road, the position (latitude/longitude) is recorded
every n seconds (4 < n < 10in [26]). If full trajectory information is known
about even a relatively small subset of the vehicles, then the authors show
that traffic conditions can be estimated with very high accuracy. However,
full trajectory information will likely never be available due to privacy con-
cerns.

[27] is one of the few papers to address arterial traffic conditions in a
machine learning framework. The authors use a Bayesian estimator and
a neural network model to estimate the travel time along each link in the
road network. Data from dual-loop detectors along each link of the network
are used to learn the patterns along those links as well as the correlations
between links. Dual-loop detectors record speed, flow, and occupancy
using all vehicles traversing the link, which is data that we assume will not
be available.

4.2 Mobile Millennium Approach

Arterial traffic is modeled in a machine learning framework that allows the
system to learn the parameters of traffic while providing an inference algo-
rithm at the same time. The arterial traffic estimation algorithm blends VTL
data collected from the phones with Navteq historical data collected from



fleet vehicles. At any given time, the real-time measurements cover only a
fraction of the road network. These sparse measurements are aggregated
over time and a probabilistic model is constructed to recognize traffic pat-
terns. The real-time system then uses any current VTL measurements
and the correlations between road segments to produce an estimate of
the current travel time along all segments (including those with no cur-
rent measurements). Road features are used to classify roads in order to
reduce the number of distinct probability distributions required to be deter-
mined. Maximum likelihood estimation is used to determine the relevant
weights for various features, which can then be used to infer the most likely
state of the system given the real-time data.

5 Outcomes and future of the project

An example of the services provided by the project can be seen in Fig. 3.
Traffic information is provided for both arterials and highways using the
developed system. Currently the highway model covers the highways from
south of San Jose, CA, to Sacramento and Lake Tahoe. Major highways
that encounter severe congestion in this area are for example: Interstate
880, Interstate 80 and State Route 101. Arterial models cover the major
roads (class 2 to 4 under the Navteq classification) of the San Francisco
Bay Area. For privacy issues, small residential roads are not modeled.
Given the multiple possible routes to drive from location A to location B
within an arterial network, the display of severely congested intersections
and bottlenecks enable the user to adapt his itinerary to the traffic condition
and helps equilibrate the traffic flow over the network to reduce congestion,
and thus reduce gas and time spent in traffic.

Future steps in this project include the creation of tools which will lever-
age the traffic estimation engine. In particular, we are interested in compu-
tation of guaranteed travel time, robust travel time and travel time reliability
metrics. These computations will serve as the basis for routing engines
which will run to provide optimal routing, guaranteed routing and robust
routing in the network. Finally, the problem of trends (or short term fore-
cast) will be investigated both for arterials and for highways, using machine
learning techniques.



Figure 3: Screenshot of the Mobile Millennium Traffic Viewer.
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