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Efficient Unbiased Tracking of Multiple Dynamic
Obstacles Under Large Viewpoint Changes

Isaac Miller, Member, IEEE, Mark Campbell, Member, IEEE, and Daniel Huttenlocher

Abstract—A novel-tracking algorithm is presented as a com-
putationally feasible, real-time solution to the joint estimation
problem of data assignment and dynamic obstacle tracking from
a potentially moving robotic platform. The algorithm implements
a Rao–Blackwellized particle filter (RBPF) to factorize the joint
estimation problem into 1) a data assignment problem solved
via particle filter and 2) a multiple dynamic obstacle-tracking
problem solved with efficient parametric filters. The parametric
filters make use of a new target representation and stable features
developed specifically for tracking full-size vehicles in a dense
traffic environment. The algorithm is validated in real time, both
in controlled experiments with full-size robotic vehicles and on
data collected at the 2007 Defense Advanced Research Projects
Agency (DARPA) Urban Challenge.

Index Terms—Detection and tracking of moving obstacles, field
robots, Rao–Blackwellized particle filter (RBPF), sensor fusion.

I. INTRODUCTION

MODERN autonomous mobile robots operating at human
scales of size face the significant challenge to perceive

and understand the dynamic environment in which they (and
we) interact. Fielded solutions to this perception problem must
be both accurate and robust, as robotic failures in a human-
populated operating environment can rapidly lead to disaster.
The danger is particularly acute for full-size robotic vehicles,
where tracking accidents and traffic accidents are separated only
by a thin layer of actuators. Although better sensing hardware
can improve perception of the current scene, autonomous sys-
tems benefit more from mitigating perception errors before they
happen. The problem is, therefore, approached in the predictive
language of data fusion, model-based estimation, and proba-
bilistic analysis.

Historically, mobile robot dynamic obstacle-tracking tech-
niques resemble the estimation techniques of classical target
tracking. These approaches estimate the probability density
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function of a target’s state, i.e., a vector of random variables
that evolve according to a model of the target’s dynamics. The
target’s probability density is then occasionally updated with
measurements taken from one or more noisy sensors. The frame-
work extends naturally to track multiple targets, where the goal
is to estimate the joint probability density across all target states.
If the pairings between measurements and targets are known, the
tracking problem is commonly solved with a traditional Kalman
filter (KF) or one of its variants [1].

With unknown measurement/target pairings, both the mea-
surement correspondences and the target states must be esti-
mated simultaneously. This is an instance of the well-known
data assignment problem, which is also called the correspon-
dence problem or the data association problem [2]. Since the
problem’s exact solution is intractable, a vast array of approxi-
mations have been investigated. These approximations include
simple nearest neighbor matching schemes (the maximum like-
lihood approach) [2], global nearest neighbor matching schemes
(the joint compatibility test) [3], one- and multistep approxima-
tions when marginalizing out data assignments (the joint prob-
abilistic data association filter and multiple hypothesis tracking
schemes) [2], [4], [5], and even Monte Carlo approximations
to either the full-joint target state density or just to the data as-
signments (particle filters, Markov chain Monte Carlo (MCMC)
techniques, Rao–Blackwellized particle filters (RBPFs), and the
probabilistic hypothesis density filter) [6]–[10].

Although elegant in their Bayesian formulation, these
classical-tracking approaches assume the tracked targets to be
point objects. This approximation is reasonable for long-range-
tracking scenarios, such as air, sea, or space traffic monitoring,
where the targets are significantly smaller than sensor error at
the ranges of interest. The approximation breaks down in many
robotics applications, however, where the targets are nearby ob-
stacles or landmarks. The approximation is particularly bad for
human-scale robotics applications, where the robot may need
to maneuver within a meter or two of large obstacles, such as
cars and buildings. Furthermore, typical sensors, such as laser
rangefinders, radars, and optical cameras, have errors that are
only a small fraction of the width of these obstacles.

The breakdown of the point-obstacle assumption yields two
significant challenges not addressed in target-tracking literature.
First, the data assignment problem becomes more difficult, be-
cause the observed shapes of obstacles change rapidly at close
range. Second, the obstacles cannot be estimated as point ob-
jects. One common ad hoc approach uses a feature extraction
algorithm to condense the environment into a set of point fea-
tures to track. This is used in the simultaneous localization and
mapping (SLAM) framework [11], [12], as well as in automotive
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tracking [13]–[21]. Another approach divides the environment
into a grid that estimate the states of each grid cell as indi-
vidual point targets. This has been applied to stochastic terrain
mapping [22], [23] as well as to detection and tracking of mov-
ing obstacles (DATMO) [24]. A final approach operates on raw
sensor data, using either old sensor measurements or the target
probability density function to explain individual sensor mea-
surements. This has been applied to scan-matching within the
SLAM framework [25], [26] and to automotive tracking [27].

Feature extraction and tracking techniques are, by far, the
most ubiquitous automotive techniques due to their desir-
able computational properties. Grid-based methods and scan-
matching methods are significantly more expensive, because
they must consider pairings between each raw sensor measure-
ment and each tracked target. In contrast, feature extraction
techniques reduce large quantities of raw data into a smaller
set of organized metadata, which permits more expensive and
sophisticated Bayesian treatments of the data assignment prob-
lem. Unfortunately, the benefits of feature extraction tradeoff
against the irreversible, non-Bayesian operations performed on
the raw sensor data. Since these operations are often inconsistent
from frame to frame, the resultant target estimates suffer from
strong estimation biases, inconsistencies, and even instabilities.
Some of these errors have even resulted in catastrophic failures
in fielded robotic systems [28].

The instability of existing feature-based target-tracking
schemes in full-size robotics applications motivates the research
presented herein. The tracking algorithm presented in the fol-
lowing sections has been developed to address the biasing prob-
lems in feature extraction and feature tracking without sacri-
ficing the rigor of Bayesian solutions to the data assignment
problem. Here, a real-time RBPF is combined with stable fea-
tures and a novel target representation to track full-size vehicles
from a moving robotic platform. Particular attention is paid to
driving situations with large changes in perceived target shapes.
This study makes four significant contributions. First, a novel
target representation and stable features are developed to allow
a formal, yet efficient, treatment of the joint data assignment and
target-tracking problem. The resulting real-time algorithm fuses
three sensing modalities common in automotive-tracking appli-
cations: laser rangefinders, millimeter-wave radars, and optical
cameras. Second, and in contrast with existing feature-based-
tracking algorithms, this study is statistically shown to pro-
duce accurate, unbiased target-state estimates on experimental
field data with full-size vehicles. These experiments empha-
size the common, yet challenging aspects of vehicle perception:
when target vehicles occupy a significant portion of the sensor
field of view and when the perceived shape of targets vehi-
cles changes rapidly. Third, the proposed tracking algorithm is
shown to make target likelihoods accurate enough to permit real-
time implementation of a sophisticated Monte Carlo solution to
the data assignment problem. Finally, the algorithm has been
implemented in real-time and fielded on Cornell University’s
2007 Defense Advanced Research Projects Agency (DARPA)
Urban Challenge (DUC) robot, where it facilitated 60 miles of
autonomous driving in a dynamic urban environment [29].

The remainder of the paper is organized as follows. Section II
discusses the historical context of target tracking, mapping, and

Bayesian applications related to this paper. Section III discusses
the details of the tracking algorithm, providing a theoretical
foundation for the joint estimation problem of data assignment
and obstacle tracking. Section IV presents experimental per-
formance for the tracking algorithm, first in controlled full-size
vehicle-tracking experiments and, then, in an uncontrolled envi-
ronment full of traffic. Section V summarizes the performance
of the tracking algorithm in the 2007 DUC, and Section VI
concludes, the paper.

II. RELATED WORK

The algorithm presented in this paper couples computation-
ally feasible Monte Carlo data assignment techniques with a
novel target representation and stable features to address bias-
ing effects of feature extraction in dynamic environments with
full-size robots. Although the authors know of no existing work
eliminating estimation artifacts related to non-Bayesian feature
extraction techniques, there remains a large body of related work
both in target tracking and in fielded full-size robotic systems.
First, the 2007 DUC set the stage for a variety of related ap-
proaches for detection and tracking of full-size vehicles from
robotic systems in an urban traffic setting. Aside from Cornell’s
robot, five others successfully finished the DUC. Each employed
some aspects of dynamic obstacle detection. Carnegie Mellon’s
“Boss” utilizes a feature-tracking algorithm that uses known
road geometry to identify partial vehicle measurements amidst
raw laser rangefinder and radar data [30]. These measurements
are then fused to create a best-fitting full-vehicle hypothesis;
tracked vehicles are updated with the best-fitting hypothesis. In
contrast, Stanford’s “Junior” differences successive frames of
laser rangefinder data to identify regions of space-containing
moving objects. Each of these regions is then modeled as a
rectangular car and tracked separately from the others with
a particle filter [31]. Virginia Tech’s “Odin” utilizes off-the-
shelf feature-based tracking implemented in a set of two Ibeo
ALASCA XT laser rangefinders and an Ibeo ALASCA A0 laser
rangefinder [32]. The Ibeo laser rangefinders segment raw data
into distinct objects, which are then fitted to rectangles in the
ground plane. The parameters of these rectangles are then used
to update the best-fitting tracked vehicle model [33]. The Mas-
sachusetts Institute of Technology’s “Talos” applies a spatial-
clustering algorithm to laser rangefinder data; a heuristic voting
scheme is then used to associate clusters from frame to frame via
a best-fit criterion. Velocity measurements are calculated from
apparent motion in matched clusters’ bounding boxes and then
used to update cluster velocity estimates [34]. The University of
Pennsylvania’s “Little Ben” also segments laser rangefinder data
but extracts local line features. These features are then tracked
from frame to frame using a multihypothesis KF, with hypoth-
esis testing performed to reduce the persistence of inconsistent
vehicle hypotheses [35]. Although each approach provided suf-
ficient tracking for a successful completion of the DUC, each
was different from Cornell’s approach. Most of these algorithms
utilized best-fit or heuristic solutions to the data assignment
problem, utilized only laser rangefinders, and depended on ad
hoc, non-Bayesian feature extraction techniques.

Aside from the contributions made in the DUC, a number of
works have studied the data assignment problem directly in the
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context of applications. Within the SLAM framework, for exam-
ple, variants of nearest neighbor matching have been explored,
including maximum likelihood approaches, hypothesis testing
to provide measurement validation gates, and efficient global
maximum likelihood techniques to match observed measure-
ments with mapped landmarks [3], [11], [12], [36]. Reversible
data assignment has also been developed for robotic mapping to
allow map estimators several iterations to determine correct data
assignments before marginalizing out past state estimates [37].
The data assignment problem has also appeared in computer
vision literature, where, for example, MCMC techniques have
been combined with the expectation maximization (EM) algo-
rithm to solve frame-to-frame correspondences between fea-
tures in structure from motion problems [38]. Efficient approx-
imations for data assignment in the context of tracking for real-
time surveillance purposes have also been studied [39], [40].
Each of these approaches focus on the data assignment problem
directly and, in doing so, are peripherally related to the work
presented here. However, the argument made here is that effi-
cient, practical tracking requires not only a rigorous solution to
the data assignment problem but a stable target representation
and set of features suitable to tracking individual targets as well.
The algorithm that follows is thus motivated from this existing
work in data assignment but extends the concept to accurate,
real-time tracking in a practical and challenging environment.

III. EFFICIENT, UNBIASED-TRACKING ALGORITHM

Derivation of the tracking algorithm begins by casting the dy-
namic urban perception problem in a Bayesian framework. To
this end, a set of variables O describing obstacle positions and
motions are estimated to permit basic robotic navigation and
obstacle avoidance. In this context, the cardinality of the obsta-
cle variables O implicitly represents the number of obstacles in
the world and may change over time. In addition to the obsta-
cle variables O, a set of data assignment variables A are also
estimated. These assignment variables record the history of sen-
sor measurements generated by each obstacle, thereby dividing
the user robot’s sensor measurements into historical sequences
associated with each individual obstacle. Neither the obstacle
variables O nor the assignment variables A are known with
certainty in the unstructured environment, and therefore, both
must be estimated. The present algorithm, therefore, estimates
the joint probability density over these two sets of variables,
conditioned on all available sensor measurements

p (Ak ,Ok |Zk ) (1)

where Zk are the set of observed sensor measurements, and
k represents an integer time index. The use of capital letters
Ak , Ok , and Zk indicates a full-time history of these quantities,
from the filter’s inception at 0 to the present time k. The joint
probability density in (1) may also be conditioned on other
relevant information, such as ego robot motion estimates, where
available. This other information is omitted for brevity, although
ego robot motion estimates will be addressed in Section III-B
for tracking targets in a robot-centric coordinate frame.

Although general-filtering methods exist to estimate joint
probability densities over multiple variables, the case of percep-
tion of a dynamic urban environment on a mobile robot presents
several difficulties. First, the probability density in (1) is hybrid,
because the data assignment variables A are discrete, while the
obstacle variables O are continuous. Second, the number of po-
tential data assignment histories grows exponentially in time,
number of measurements, and number of obstacles, preventing
exact probabilistic reasoning even in modest environments. Fi-
nally, obstacles moving in a dynamic urban environment may
be intelligent and capable of executing complex nonlinear ma-
neuvers over time. These challenges in concert make most tradi-
tional estimation approaches unsuitable for estimating the joint
density in (1).

To make the estimation problem tractable amidst these chal-
lenges, the joint density in (1) is first factorized

p (Ak ,Ok |Zk ) = p (Ak |Zk ) · p (Ok |Zk ,Ak ) . (2)

This factorization is exact and is similar to one made by Mon-
temerlo et al. to estimate the joint density between an ego
robot’s pose and the positions of static landmarks in a vari-
ant of the SLAM problem [41]. Intuitively, the factorization
made in (2) is beneficial because it decouples the discrete data
assignment problem p (Ak |Zk ) from the continuous tracking
problem p (Ok |Zk ,Ak ). Although the discrete data assignment
problem is still too large to be solved with exact inference tech-
niques, the continuous tracking problem conditioned on known
data assignments may be solved with less-expensive parametric
filters, such as the KF or sigma point filter (SPF) [1], [2], [42].

A. Discrete Data Assignment Problem

Despite the factorization made in (2), the number of discrete
data assignment permutations still grows exponentially in time,
number of obstacles, and number of measurements. It is, there-
fore, computationally infeasible to evaluate the corresponding
data assignment density p (Ak |Zk ) exactly; therefore, approxi-
mation techniques are used instead. For the present algorithm,
the discrete data assignment density p (Ak |Zk ) is approximated
by a small number of randomly drawn samples, utilizing Monte
Carlo likelihood-weighted sampling techniques [43], [44]. The
goal of the factorization made in (2) is to make these nondeter-
ministic data assignment choices “obvious,” reducing sample
size requirements through the use of intelligent and inexpensive
parametric solutions to the continuous tracking problem. This
avoids the significant expense associated with treating the en-
tire joint probability density in (1) directly as a random finite set
(RFS), which is, otherwise, a popular representation when data
assignments are highly ambiguous [9], [10].

The hybrid particle filter used here, which estimates a factor-
ized probability density by combining Monte Carlo sampling
techniques with closed-form parametric filters, is known as a
RBPF; see, for example, Doucet et al. [45]. Särkkä et al. have
studied such an estimator in the context of target tracking from
a single-fixed sensor, where it is shown in simulation to be ro-
bust against target confusion and other classically challenging
data assignment problems [7]. The present algorithm extends
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that RBPF framework to track the motion of dynamic obstacles
in an urban environment relative to a moving sensing platform,
i.e., a ground robot, where nearby obstacles occupy much of the
field of view and the perceived shapes of these obstacles change
rapidly. The approach offers a more rigorous Bayesian solu-
tion to the joint estimation problem than maximum likelihood
data assignments, and the solution is made practical through the
RBPF’s computationally efficient factorization of data assign-
ment and obstacle tracking.

In the proposed algorithm, as with other particle filters de-
rived for Monte Carlo data assignment, each randomly drawn
particle stores one possible data assignment history [44]. The
particles are drawn according to a proposal density q (Ak |Zk ),
selected for its efficient sampling algorithms and its similarity
to p (Ak |Zk ). The particles drawn from this proposal density
represent an approximation of the true density p (Ak |Zk ) for
the purposes of approximate inference

p (Ak |Zk ) ≈
∑

i

wi
k δ

(
A − Ai

k

)
(3)

where wi
k is the likelihood weight of the ith particle Ai

k at time
index k

wi
k =

p
(
Ai

k |Zk

)

q
(
Ai

k |Zk

) (4)

and δ (·) is the Kronecker delta function because data assign-
ment is a discrete estimation problem. Note the weights wi

k must
sum to unity to preserve the density’s normalization

∑
i

wi
k = 1. (5)

With (3) providing an approximate representation of p (Ak |Zk )
and a closed-form parametric filter used to represent
p (Ok |Zk ,Ak ), the full-joint probability density from (2) is writ-
ten approximately as follows:

p (Ak ,Ok |Zk ) ≈
∑

i

wi
k δ

(
A − Ai

k

)
p

(
Ok |Zk ,Ai

k

)
(6)

where the obstacle densities p
(
Ok |Zk ,Ai

k

)
are conditioned on

the specific data assignment history Ai
k of a particular particle.

In essence, each particle in (6) represents a complete hypoth-
esis about the ego robot’s urban environment, including both
a history of data assignment decisions as well as a parametric
filter estimating states of obstacles, whose existence are implied
by the particle’s measurement assignments. Since each parti-
cle may have a different data assignment history, particles may
have different estimates of obstacle states and may even have
different numbers of obstacles.

Despite the complexity of each particle, the algorithm
achieves computational feasibility by exploiting the success of
parametric filters, such as the KF and SPF, for target tracking un-
der known measurement assignments. This success allows data
assignment to be decoupled from target tracking, and therefore,
the algorithm only draws particles over discrete data assign-
ments rather than the entire joint density p (Ak ,Ok |Zk ). Further
simplifications to the dynamic urban perception problem can be
made by realizing that the ego robot operating in real time only

requires an estimate of its surroundings at the present time.
The problem is, therefore, simplified considerably by deleting
measurement assignment and obstacle state histories from each
particle after the information has been incorporated into the
current estimate. This may be done by modifying the proposal
density q

(
Ai

k |Zk

)
, nominally a design choice “similar to” the

true distribution p (Ak |Zk ) to delete old information. In partic-
ular, if the proposal density q (Ak |Zk ) is chosen to factorize as
follows:

q (Ak |Zk ) = q (ak |Zk ,Ak−1) q (Ak−1 |Zk−1) (7)

then the likelihood weight from (4) can be expressed recursively
[44]

wi
k ∝

p
(
zk |Zk−1 , A

i
k

)
p

(
ai

k |Zk−1 , A
i
k−1

)

q
(
ai

k |Zk ,Ai
k−1

) wi
k−1 (8)

where lowercase variables zk and ak indicate measurements
and data assignments at a particular time index k. Equation (8)
has been obtained, up to a normalization constant, by applying
Bayes’s rule to the data assignment density p (Ak |Zk ). Note
that both terms in the numerator of (8) are familiar quantities:
p

(
zk |Zk−1 , A

i
k

)
is the likelihood of the obstacle-tracking filter

after the kth data assignment decision in the ith particle, and
p

(
ai

k |Zk−1 , A
i
k−1

)
is the predicted likelihood of the kth data

assignment decision in the ith particle, before the kth measure-
ment has actually been made.

One final step remains in deriving the particle filter for
data assignment, and that is choosing the proposal density
q
(
ai

k |Zk ,Ai
k−1

)
from which the random data assignment hy-

potheses for each particle are drawn. Because the density defines
how the particles are sampled, it should be a density that can
be sampled inexpensively. In particle-filtering applications that
estimate the state of a dynamic system, the proposal density is
often chosen based only on the system’s transition model and its
process noise, thereby ignoring the measurement history [44].
This choice is suboptimal in the sense that it does not mini-
mize the sample variance on the particles’ weights wi

k , which
more rapidly drives all but a few particle weights to zero un-
der repeated renormalizations. In contrast, the optimal proposal
density qopt (·) minimizing the sample variance on the parti-
cles’ weights has been shown to be the true density [44]. For the
present data assignment problem, this density is as follows:

qopt
(
ai

k |Zk ,Ai
k−1

)
= p

(
ai

k |Zk ,Ai
k−1

)
. (9)

In many cases, it is prohibitively expensive to sample from
the optimal proposal density directly; therefore, a suboptimal
proposal density is used instead [44]. In the special case of
data assignment with parametric-tracking filters, however, the
optimal proposal density may be sampled directly and inexpen-
sively [7]. To derive the corresponding sampling algorithm, the
optimal density is first rewritten using Bayes’s rule

qopt
(
ai

k |Zk ,Ai
k−1

)
= p

(
ai

k |Zk ,Ai
k−1

)

= αi
kp

(
zk |ai

k , Zk−1 , A
i
k−1

)

× p
(
ai

k |Zk−1 , A
i
k−1

)
(10)
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where αi
k is a normalizing constant that depends on the ith par-

ticle prior to sampling. The first of the remaining two terms
p

(
zk |ai

k , Zk−1 , A
i
k−1

)
is the likelihood of the measurement

zk , assuming it originated from a particular tracked obstacle
in the ith particle. This term is the likelihood of the tracked
obstacle filter at time index k, which is often accurately as-
sumed to be Gaussian in parametric filters [1]. The second term
p

(
ai

k |Zk−1 , A
i
k−1

)
is a transition model for the data assign-

ments. This term represents any a priori assignment information
that may be present before the measurement at time index k is
actually made. In the present tracking implementation, this term
is assigned a uniform probability across all data assignments.
This choice is made to represent the fact that sensors are fused
asynchronously, and the measurements, in general, have no pre-
dictable ordering. Note, however, that p

(
ai

k |Zk−1 , A
i
k−1

)
could

easily be adapted to include prior information based on sensor
characteristics or sensor identity.

The factorization in (10) yields a simple algorithm for sam-
pling new particles and, thus, new data assignments, from an
existing set of particles. When a new measurement zk arrives, a
new set of particles is sampled as follows.

1) For each obstacle in each particle, calculate the likelihood

p
(
zk |ai

m,k , Zk−1 , A
i
k−1

)
· p

(
ai

m,k |Zk−1 , A
i
k−1

)
that the

measurement zk was generated by the mth tracked obsta-
cle in the ith particle, where the notation ai

m,k denotes the
event that the ith particle assigns the measurement to its
mth of Mi tracked obstacles.

2) For each particle, randomly assign zk to one of its
tracked obstacles with probability proportional to the
likelihood that the chosen obstacle generated the mea-
surement zk . In the ith particle, for example, the as-
signment ai

m,k is chosen with probability proportional to

p
(
zk |ai

m,k , Zk−1 , A
i
k−1

)
· p

(
ai

m,k |Zk−1 , A
i
k−1

)
, as cal-

culated in step 1.
Intuitively, sampling is accomplished by asking each parti-

cle to expand its history of data assignments from time index
k − 1 to k by randomly assigning the most recent measurement
zk to one of its tracked obstacles. Note that while random, the
data assignment decisions are intelligent: As per (10), a tracked
obstacle that is more likely to have generated the measurement
zk is more likely to be assigned zk during sampling.

With a new set of particles drawn according to
qopt

(
ai

k |Zk ,Ai
k−1

)
= p

(
ai

k |Zk ,Ai
k−1

)
, new weights wi

k , i ∈
[1, N ] must be calculated to preserve the probability density
approximation established in (3) and (4). To calculate these new
weights recursively from the existing particle weights wi

k−1 ,
the optimal proposal density qopt

(
ai

k |Zk ,Ai
k−1

)
from (10) is

substituted as the proposal density q
(
ai

k |Zk ,Ai
k−1

)
into (8) to

yield

wi
k ∝ 1

αi
k

wi
k−1 (11)

where the constant αi
k is the particle-dependent normalizing

constant from (10), and the symbol “∝” indicates that after the
weight update, the weights must be renormalized to maintain

(5). If there is no prior information about the measurement
assignment, i.e., p

(
ai

k |Zk−1 , A
i
k−1

)
= 1/Mi is uniform over

the Mi tracked obstacles in the ith particle, then the constant
αi

k for the ith particle is as follows:

αi
k =

⎡
⎣ 1

Mi

M i∑
m=1

p
(
zk |ai

m,k , Zk−1 , A
i
k−1

)
⎤
⎦
−1

(12)

where ai
m,k is the event that the measurement zk taken at time in-

dex k is assigned to the mth of Mi obstacles in the ith particle.
Equation (12) can thus be interpreted as an “average assign-
ment likelihood” over all the tracked obstacles in the ith par-
ticle. This weight update has the satisfying interpretation that
particles with higher weights contain obstacles that on average
are better matches to the sensor measurements. If instead, there
were prior assignment information, αi

k would be a “weighted
average assignment likelihood.”

A high-level description of the joint data assignment-tracking
algorithm is now given as the following.

1) Draw an initial set of particles Ai
0 ∀i ∈ [1, N ].

2) Predict all obstacles in each particle forward in time to the
next measurement zk to yield a parametric representation
of p

(
Ok |Zk−1 , A

i
k−1

)
.

3) Randomly sample a new set of data assignments for zk

from the optimal proposal density according to (10) and
the given sampling procedure.

4) For each particle, update the particle’s parametric-tracking
filter to yield p

(
Ok |Zk ,Ai

k

)
, which reflects the random

data assignment chosen by the particle.
5) Update particle weights according to (11), and renormal-

ize the weights to sum to unity.
6) Resample particles to keep the filter well conditioned, if

necessary. Effective resampling strategies are discussed in
Arulampalam et al. [44] and Grisetti et al. [46].

7) Go to step 2.
Occasionally, the tracking algorithm performs step 6, i.e.,

a particle resampling step, to alleviate degeneracy problems.
These common particle-filtering problems occur over time due
to unlucky sampling choices that cause particle weights to de-
grade asymptotically to zero over repeated renormalizations
[44]. In the present implementation, such a problem might arise
over time as the particles continue to sample random data as-
signment decisions without a means of correcting poor choices.
If left unchecked, all particles would eventually make poor
data assignment decisions, leaving the filter with no particularly
good hypothesis among its particles. To avoid this problem, the
RBPF’s particles are occasionally resampled into a new set of
particles with probability proportional to their weight. Particles
with higher weights, which correspond to more likely interpre-
tations of the urban environment, are more likely to be sampled
into the new set of particles one or more times. Particles with
lower weights, which correspond to unlikely hypotheses, may
not even be sampled into the new set of particles at all. To decide
when to resample, the algorithm adopts the method proposed
by Grisetti et al. to estimate the effective number of particles
N̂k that substantially influence the shape of the filtered density
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at time index k [46]

N̂k =
1∑

i

(
wi

k

)2 . (13)

For normalized particle weights drawn over N particles, (13)
implies that 1 ≤ N̂k ≤ N . Intuitively, N̂k achieves its maxi-
mum when all particle weights are equal, which occurs when
the particle filter assigns equal likelihood to each of its particles.
Similarly, N̂k achieves its minimum when all but one weight
are zero, the undesirable situation in which the particle filter
effectively places all likelihood on only one of its hypotheses.
Grisetti et al. suggest thresholding N̂k to determine whether re-
sampling is necessary [46]. The present implementation adopts
this approach, resampling the particles when N̂k ≤ N/2 to make
sure that all particles possess comparable weights in the filtered
density.

Thus far, it has been assumed that each particle is given a list
of existing obstacles Oi

0 at k = 0 that are all present and visible
from the moment the algorithm is first started. In many prac-
tical situations, this a priori information is not available, and
instead, the algorithm must begin with a set of N empty parti-
cles: Oi

0 = ∅ ∀i ∈ [1, N ]. The creation of new obstacles is then
handled within the particle filtered data assignment framework.
In particular, a birth likelihood p(zk |ai

m=0,k ) can be defined for
each measurement zk to represent the likelihood that the mea-
surement originates from a newly visible obstacle. The tracker’s
RBPF then considers this likelihood with those of any existing
obstacles when choosing data assignments: The measurement
is either assigned to an existing obstacle or used to initialize a
new one [47]. In contrast, the algorithm does not remove ob-
stacles from particles with a corresponding death likelihood, as
each obstacle’s existence depends on its state history as well as
its assigned measurements. Obstacle death is, therefore, mod-
eled in the RBPF’s parametric estimates of the obstacle density
p (Ok |Zk ,Ak ), where, for practical reasons, it is implemented
as a deterministic decision based on the obstacle’s state and
measurement history. The convenience of this formulation is
that the algorithm automatically determines the number of ob-
stacles in the environment, and obstacles may pass in and out of
sensor range without a growing computational burden [47].

B. Continuous Tracking Problem

Section III-A describes the method used in the proposed track-
ing algorithm to run an RBPF that samples a set of high likeli-
hood data assignment hypotheses. This solution to the data as-
signment problem relies on the effectiveness of an inexpensive,
yet accurate parametric filter for tracking obstacles in the urban
environment under known measurement assignments. The goal
of this parametric filter is to describe obstacle geometry and
motion as accurately as possible to make each obstacle distinct
and distinguishable for measurement assignment. This reduces
computational effort in the RBPF by decreasing the number of
high likelihood data assignment hypotheses and, accordingly,
the expected number of particles required to fully sample these
hypotheses.

To further reduce the computational burden of the problem,
all obstacles are assumed to be conditionally independent, given
sensor measurements and their assignments. This allows the
continuous tracking problem to be factorized into a set of single-
obstacle-tracking problems

p
(
Ok |Zk ,Ai

k

)
=

∏
m

p
(
Om,k |Zk ,Ai

k

)
(14)

where p
(
Om,k |Zk ,Ai

k

)
is the probability density of the mth ob-

stacle in the ith particle. By assuming conditional independence
among the obstacles, each particle in the RBPF uses a bank of
small parametric filters, one for each obstacle tracked. This fac-
torization offers substantial computational savings, since para-
metric filters often rely on inexpensive matrix operations with
polynomial time complexity. The alternative, i.e., a single large
parametric filter that simultaneously estimates the joint state
of all obstacles in a particle, would be prohibitively expensive.
The parametric filter described in this section, therefore, sets out
to track a single obstacle, which is potentially moving, under
known measurement assignments.

Since the present implementation is designed to solve the dy-
namic urban perception problem, all obstacles are assumed to
have size and maneuver characteristics similar to full-size motor
vehicles. This assumption is made to constrain the algorithm’s
attention to vehicular traffic, although it does not preclude an
expanded list of obstacle classes including pedestrians, bicy-
clists, tractor-trailers, and other static and dynamic objects that
are commonly present in urban environments. The benefit of
adopting this assumption is that it avoids an ancillary target clas-
sification problem as each obstacle, whether moving or static,
is tracked with an instance of the same parametric filter.

The most common parametric filter used for tracking a single
full-size moving vehicle models the vehicle as a rectangle [15],
[16], [21], [47]. Such a filter typically estimates the vehicle’s
length and width as well as motion parameters, such as posi-
tion and velocity. Problems with this approach stem from two
sources: The fact that vehicles are not rectangles, and the fact
that no sensor can measure the entire shape of the vehicle at
once. Unfortunately, these two problems have competing so-
lutions: The rectangle model is not rich enough to describe a
moving vehicle, but it is too complex to permit simple Bayesian
updates. Many existing approaches strike a compromise by ac-
cepting the former problem and applying an ad hoc feature
extraction or matching algorithm to raw sensor data to address
the latter [14]–[16]. However, as MacLachlan and Mertz point
out, these feature extraction techniques yield erroneous motion
estimates due to the substantial change in the sensed shape of a
vehicle as it moves around the sensor’s field of view [17].

The proposed tracking algorithm avoids these problems with a
filter that operates directly on raw sensor data. The filter contains
five state variables describing the position, motion, and shape of
the moving vehicle in a coordinate frame fixed to the ego robot.
Fig. 1 shows how these state variables define the moving ve-
hicle within the parametric filter. Internally, the filter’s tracked
vehicle is stored as two pieces of data: a parameterized prob-
ability density p

(
Om,k |Zk ,Ai

k

)
over the vehicle’s state Om,k

and a cloud of previously sensed points describing the vehicle’s
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Fig. 1. Coordinate frames used for tracking a single obstacle (a moving ve-
hicle) under known measurement assignments. In the present implementation,
an obstacle’s position is defined by the x and y location of a reference point p0
fixed to the obstacle.

shape. Because the point cloud is sensed directly rather than pa-
rameterized or estimated, the point cloud representation stores a
far more accurate description of the tracked vehicle’s geometry
than more common rectangular models. A more subtle obser-
vation is the fact that integrating the point cloud representation
is no more expensive than integrating parameterized and highly
simplified vehicle geometries, because the tracked vehicle is a
rigid body. As a result, the position and motion of all points in
the cloud are related through an unchanging set of affine trans-
formations. If the relative positions of these points are stored
in an obstacle-fixed coordinate frame, the motion of one such
reference point in the ego robot frame is sufficient to reconstruct
the motion of all points. A further key observation is that direct
measurements of this one target-fixed reference point, which is
labeled p0 in Fig. 1, are not necessary to accurately estimate the
motion of the target vehicle. Instead, the position of the fixed ref-
erence point is included in the set of states to be estimated. The
resulting tracking filter produces consistent motion estimates by
utilizing sensor information within the Bayesian framework to
simultaneously estimate the location and motion of an arbitrary
fixed reference point on the vehicle being tracked. Because the
filter does not rely on measuring a specific fixed reference point,
such as the tracked vehicle’s center of mass, it avoids estimation
artifacts that arise from ad hoc attempts to locate these points
in raw sensor data.

The proposed filter parameterizes a tracked vehicle’s position,
motion, and shape with five states

om,k = [xk yk sk θk φk ]T (15)

where, from now on, om,k will be used instead of Om,k to re-
flect the desire to estimate the state of the tracked vehicle only
at the current time index k. From Fig. 1, the position variables
x and y describe the location of the tracked vehicle’s arbitrary
fixed point relative to the ego robot. The motion of the tracked
vehicle’s fixed point is parameterized by the velocity variables
s and θ, which store the point’s absolute ground speed and
heading relative to the ego robot. The orientation of the tracked
vehicle’s obstacle-fixed coordinate frame is parameterized by φ,
which describes the rigid body rotation angle between the ego
robot’s coordinate frame and the obstacle-fixed frame in which
the tracked vehicle’s point cloud is stored. This orientation an-
gle φ may differ from the tracked vehicle’s relative heading θ,
as the axes of the estimated arbitrary obstacle-fixed coordinate

frame do not necessarily align with the direction of the tracked
vehicle’s motion. Note that if the tracked vehicle’s point cloud
is stored relative to the fixed point, the combined rotation φ and
translation [ x y ]T suffice to locate any point in the point cloud
with respect to the ego robot. Similarly, the transformation may
be combined with the motion parameters s and θ, and poten-
tially higher order terms, such as acceleration and curvature, to
compute the motion of any point in the tracked vehicle’s point
cloud.

The time evolution of om,k in the (potentially moving) coor-
dinate frame fixed to the ego robot is modeled by the following
continuous-time nonlinear differential equations:

ẋ = s cos (θ) − vx + yωz + ex (16)

ẏ = s sin (θ) − vy − xωz + ey (17)

ṡ = es (18)

θ̇ = −ωz + eθ (19)

φ̇ = −ωz + eφ (20)

where vx and vy are components of the ego robot’s velocity,
ωz is the ego robot’s rate of rotation, and ex , ey , es , eθ , and
eφ are zero mean, mutually uncorrelated, Gaussian, and white
random variables acting as process noise. Intuitively, these ran-
dom variables account for unmodeled maneuvers executed by
the tracked vehicle. Note that although (18) assumes the tracked
vehicle moves on average in a straight line at constant speed,
any parameterized dynamics model may be used to incorporate
more advanced maneuvers and motion constraints. This flexi-
bility is a major benefit of the proposed algorithm’s point cloud
representation: The dynamics model merely describes the time
evolution of the rigid body transformation between the coordi-
nate frame fixed to the ego robot and the one fixed to the tracked
vehicle.

In addition to the process noise for vehicle maneuvers, it is
noted that vx , vy , and ωz are measured by noisy sensors. As a
result, the following substitutions are made:

vx = v̂x + evx
(21)

vy = v̂y + evy
(22)

ωz = ω̂z + eωz
(23)

where v̂x , v̂y , and ω̂z are measured from odometry sensors on
the ego robot, and evx

, evy
, and eωz

are zero mean, mutually
uncorrelated, Gaussian, and white random variables acting as
additional process noise. These noisy estimates of ego robot
motion unfortunately result in correlations between all obsta-
cles tracked, so that (14) is an approximate factorization. In
SLAM literature, where obstacles are static and often modeled
with no process noise, such correlations are large and central
to the localization problem [12]. In a dynamic environment,
the opposite is true: Obstacles are modeled with significant
uncorrelated process noise to capture uncertainty in maneu-
vers, such as acceleration and turning. This process noise ef-
fectively swamps correlations between obstacles, as uncertainty
in their maneuvers is far larger than uncertainty in odometry
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sensors. As a result, the factorization in (14) is taken as a valid
approximation.

To facilitate the use of a computationally inexpensive para-
metric filter, p

(
om,k |Zk ,Ai

k

)
is assumed to be Gaussian. In

light of the weak nonlinearities in (16)–(20) for full-size ve-
hicles driving in traffic, the time evolution of this Gaussian is
computed in the tracking algorithm using the prediction step
of the extended KF (EKF). The prediction step is implemented
using a fourth-order Runge–Kutta numerical integration to con-
vert (16)–(20) to a nonlinear discrete time difference equation
of the form

om,k+1 = f (om,k , vm,k ) (24)

where vm,k is a vector of zero mean, mutually uncorrelated,
Gaussian, and white random variables derived from ex , ey ,
es , eθ , eφ , evx

, evy
, and eωz

. Traditional EKF equations
are then used to compute the time evolution p(om,k+1 |Zk ,
Ai

k , v̂x,k , v̂y ,k , ω̂z ,k ) conditioned on past measurements, assign-
ments, and the measured motion of the ego robot [1]. Although
conditioning on measurements of ego robot motion is hence-
forth suppressed for brevity, it is understood to be present in the
time evolution of all obstacles.

When a new sensor measurement zk+1 is assigned to the
tracked vehicle, the vehicle’s posterior probability density can
be updated to p

(
om,k+1 |Zk+1 , A

i
k+1

)
to reflect the new mea-

surement. The exact form of the update depends greatly on the
information contained in the measurement and, therefore, on
the type of sensor generating the measurement. Three popular
automotive sensing modalities are explored for the present im-
plementation: laser rangefinder, radar, and optical camera. Mea-
surement updates for these sensing modalities are discussed in
Section III-B1 and 2.

1) Laser Rangefinder: The first type of sensor fused in the
proposed tracking algorithm is the laser rangefinder, which mea-
sures a point cloud of returns generated from patches in the en-
vironment reflecting the sensor’s energy emitted in one or more
scanning beams. Although laser rangefinders offer centimeter-
level ranging and subdegree bearing accuracy, a practical prob-
lem arises due to the fact that they measure individual points
rather than entire objects. The existing approaches solve the
problem by extracting features from the point cloud, such as
lines, corners, rectangles, or the center of mass and then us-
ing these features as measurements to update the parameterized
probability density of the tracked vehicle [14]–[18]. Unfortu-
nately, these feature extraction algorithms are unstable in even
mildly dynamic environments, where the shape and motion of
tracked vehicles and pitch and roll of the ego robot cause rapid
changes in object shape. Unmodeled instability in these features
frequently yields erroneous state estimates, particularly in the
motion of the tracked vehicle. Fig. 2 illustrates the problem by
plotting the locus of point cloud centers of mass observed as a
moving vehicle passes in front of a stationary laser rangefinder.
Here, the vehicle’s motion causes the observed center of mass
to drift with respect to the true center of mass. On average, the
observed center of mass lies more than 2 m from the true center
of mass, and all measurements are at least 60 cm from the truth.
Numeric indices of center of mass measurements in Fig. 2 also

Fig. 2. Locus of point cloud centers of mass observed as a moving vehicle
passes in front of a stationary laser rangefinder. The apparent drift in the observed
center of mass results from dramatic changes in the sensed shape of the moving
vehicle as it passes in front of the laser rangefinder. This sensitivity, appearing
in even mildly dynamic environments, causes instability in feature extraction
algorithms, such as center of mass, edge, and corner detectors applied to laser
rangefinder data.

show that the motion of the observed measurements is largely
opposite from the vehicle’s direction of travel.

Two alternatives exist to alleviate estimation problems stem-
ming from instability in sensed features. The first alternative is
to model the instability, by accounting for the extra uncertainty
in the measurement likelihood p

(
zk+1 |om,k+1 , A

i
k+1

)
. While

this solution may yield consistent state estimates, it is unsatis-
factory in the sense that the resulting estimation errors are larger
to account for measurement instability. The second alternative,
which has been adopted for laser rangefinder data fused in the
present implementation, is to use an alternate set of measure-
ments that are more reliably stable. First, the laser points are
grouped into distinct objects via a clustering algorithm. The
conservative algorithm presented in Miller et al. [29] yields
stable performance in practice and is used here, although the
conservative algorithm presented in Miller and Campbell [47]
could also be used. After the laser points are clustered into dis-
tinct objects, three measurements are extracted: the smallest and
largest bearings bmin and bmax from each cluster, and the range
rmin to the closest point in each cluster. A measurement vec-
tor zk+1 consists of these three measurements extracted from a
single cluster

zk+1 = [ bmin bmax rmin ]T (25)

and depending on the number of clusters present, multiple mea-
surement vectors may be extracted from a single frame of laser
returns.

The most important aspect of the bearing–bearing-range mea-
surement described in (25) is its stability: The values of bmin ,
bmax , and rmin change slowly as the tracked vehicle’s point
cloud undergoes small transformations. This property is not
shared by other extracted features, such as the point cloud’s
center of mass, which may suffer large discontinuities in the
face of small transformations. Such strong nonlinearities make
these features unsuitable for linear estimation techniques.

In contrast, the weak nonlinearities in the bearing–bearing-
range measurement make it ideal for use in estimation tech-
niques, which linearize the relationship between the measure-
ment and state vector. For the present implementation, this is
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made explicit with the following auxiliary variables:

βmin = minc∈Cm , k + 1
� [Ts (x, y, φ) (c − ls)]

βmax = maxc∈Cm , k + 1
� [Ts (x, y, φ) (c − ls)]

ρmin = minc∈Cm , k + 1 ‖Ts (x, y, φ) (c − ls)‖ (26)

where βmin , βmax , and ρmin constitute the state-generated mea-
surement, Cm,k+1 is the set of points corresponding to the
mth tracked vehicle’s point cloud stored from previous sensor
measurements, Ts (·) is the transformation matrix that projects
the point cloud Cm,k+1 into the coordinate frame of the laser
rangefinder, ls is the location of the laser rangefinder, and the
operators � (·) and ‖·‖ return the bearing and magnitude of their
vector arguments, respectively. With these auxiliary variables
defined, the bearing–bearing-range measurement in (25) relates
to the mth tracked vehicle’s state through the nonlinear mea-
surement function hL (·)

hL (om,k+1 , Cm,k+1) =

⎡
⎣

βmin
βmax
ρmin

⎤
⎦ . (27)

With the measurement function defined, the measurement likeli-
hood p

(
zk+1 |om,k+1 , A

i
k+1

)
is modeled as Gaussian, corrupted

by additive zero-mean Gaussian white noise wk+1

zk+1 = hL (om,k+1 , Cm,k+1) + wk+1 (28)

where the Gaussian measurement noise wk+1 is modeled as ad-
ditive to reflect the fact that the laser rangefinder measures bear-
ings and ranges directly. With p

(
zk+1 |om,k+1 , A

i
k+1

)
modeled

as Gaussian, linear measurement updating techniques can be
used to update p

(
om,k+1 |Zk ,Ai

k+1

)
to p

(
om,k+1 |Zk+1 , A

i
k+1

)
to reflect the new measurement. In particular, the algorithm uti-
lizes the sigma point transform in the update step of the SPF,
because numerical differentiation of hL (om,k+1 , Cm,k+1) is
more convenient than explicit differentiation. This measurement
is an ideal complement to the point cloud representation of the
tracked vehicle, as neither rely on knowledge of a particular
fixed point on the tracked vehicle. Instead, information about
the tracked vehicle’s motion and evolving rigid body transfor-
mation are gathered indirectly from robust measurements via
fusion in a Bayesian tracking filter.

2) Radar and Optical Camera: The second and third types
of sensors fused in the proposed tracking algorithm are radar and
optical cameras. Like the laser rangefinder, measurements from
these sensors are fused in the algorithm at the object level. In
other words, the algorithm relies on external processing to group
raw sensor data into measurements of distinct objects. In the case
of radar and optical camera data, this processing is commercially
available; radar and camera systems built for collision detection
often process raw data into objects. For the radar, the algorithm
utilizes measurements of the tracked vehicle’s bearing, range,
and range rate in the sensor’s coordinate frame

zk+1 = [ bs rs ṙs ]T (29)

and as with (25), multiple measurements may be available if
more than one vehicle is present.

Much like the laser rangefinder, the radar measurement suf-
fers from ambiguity. The radar’s range and bearing components
do not measure a particular fixed point on the tracked vehi-
cle, and in fact, the measured point may change over time as
reflective portions of the vehicle become visible or occluded.
The difficulty is further compounded by the fact that the radar’s
algorithm for generating bearing and range measurements is
often unknown, as many off-the-shelf radar units do not doc-
ument their internal measurement processing algorithms. As
a result, there is no way to relate the radar’s measurements
to the tracked vehicle’s point cloud to eliminate the measure-
ment ambiguity completely. Instead, the tracked vehicle’s point
cloud is used to generate an approximate measurement function
hR (om,k+1 , Cm,k+1) for the radar

hR (·) =

⎡
⎣

1
2 (βmin + βmax)

ρmin
{vv (s, θ) − vs (v̂x , v̂y , ω̂z )} · er (x, y)

⎤
⎦ (30)

where vv (·) is the velocity of the tracked vehicle, vs (·) is
the velocity of the sensor on the ego vehicle, and er (·)
is the unit vector from the radar to the tracked vehicle.
As with the laser rangefinder, the measurement likelihood
p

(
zk+1 |om,k+1 , A

i
k+1

)
is modeled as Gaussian, corrupted by

additive zero-mean Gaussian white noise wk+1

zk+1 ≈ hR (om,k+1 , Cm,k+1) + wk+1 (31)

where, in approximation, the radar measures the center bearing,
the closest range, and the range rate of the tracked vehicle’s
arbitrary fixed point. The ambiguity of the radar measurement
is then addressed in the covariance matrix of the measurement
noise wk+1 , where bearing and range measurement noise stan-
dard deviations are set large enough to account for the fact that
the measurements can correspond to any point on the tracked
vehicle, and for the fact that the true measured point may have
a slightly perturbed velocity if the tracked vehicle is turning. As
with the laser rangefinder, the sigma point transform of the SPF
update is then used to generate p

(
om,k+1 |Zk+1 , A

i
k+1

)
from

the radar measurement.
Optical camera measurements are incorporated into

p
(
om,k+1 |Zk ,Ai

k+1

)
similar to radar measurements. For the

optical camera, the algorithm utilizes measurements of the
tracked vehicle’s centerline (axis of symmetry), range rate, and
width in the camera’s image coordinate frame

zk+1 = [ rs cos (bs) rs sin (bs) ṙs ws ]T (32)

where rs is the range to the closest point on the tracked vehi-
cle’s centerline as observed in the camera’s image coordinate
frame, bs is the bearing of that centerline point, ṙs is the tracked
vehicle’s range rate, and ws is the width of the tracked vehicle
as detected in the image frame.

Unlike the laser rangefinder and radar, the optical camera
measurement is not necessarily ambiguous. If edge or symme-
try kernels are used to find the bearing of the tracked vehicle’s
centerline as observed from the front or rear, then the measure-
ment is not ambiguous. In fact, the sensed bearing bs is the
average of the minimum and maximum bearing measurements
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Fig. 3. Proposed tracking algorithm is implemented in real time on Cornell
University’s “Skynet,” which is an autonomous 2007 Chevrolet Tahoe that
completed the 2007 DUC.

introduced in (25):

bs = bavg =
1
2

(bmin + bmax) . (33)

In other words, the tracked vehicle’s centerline lies halfway be-
tween its two extreme edges. Similarly, the model-driven cen-
terline bearing βavg from the point cloud representation is as
follows:

βavg =
1
2

(βmin + βmax) . (34)

Using βavg and the other stable measurements, the optical cam-
era’s measurement function hO (om,k+1 , Cm,k+1) is as follows:

hO (·) =

⎡
⎢⎣

ρmin cos (βavg)
ρmin sin (βavg)

{vv (s, θ) − vs (v̂x , v̂y , ω̂z )} er (x, y)
2ρmin tan

( 1
2 {βmax − βmin}

)

⎤
⎥⎦ . (35)

Note that ρmin is used as an approximate measure of the range to
the tracked vehicle’s centerline. This approximation is valid in
the sense that the optical camera cannot accurately resolve range
(depth) in the image frame. Using the measurement function, the
camera measurement likelihood p

(
zk+1 |om,k+1 , A

i
k+1

)
is also

modeled as Gaussian, corrupted by additive zero-mean Gaussian
white noise wk+1

zk+1 = hO (om,k+1 , Cm,k+1) + wk+1 . (36)

The sigma point transform of the SPF update is used to generate
p

(
om,k+1 |Zk+1 , A

i
k+1

)
from the camera measurement.

IV. EXPERIMENTAL PERFORMANCE

The proposed tracking algorithm has been implemented in
real time on Cornell University’s “Skynet,” which is an au-
tonomous 2007 Chevrolet Tahoe shown in Fig. 3. Skynet is
equipped with seven laser rangefinders: three quadruple-laser
Ibeo ALASCA XTs in the front bumper, one single-laser SICK
LMS 220 in the back bumper, two single-laser SICK LMS 291s
in the rear driver and passenger doors, and a 64-laser Velodyne
HDL-64E on the roof. The placement and coverage of these laser
rangefinders is shown in Fig. 4. Skynet is also equipped with
eight Delphi forward-looking radar system (FLR) millimeter-
wave radar units: five in the front bumper and three in the back
bumper. The placement and coverage of these radars is shown in

Fig. 4. Sensor placement and coverage diagram for Skynet’s laser rangefind-
ers. Skynet sits in the center of the diagram, facing right. Redundant laser
rangefinders cover the front of Skynet’s field of view, where it encounters the
most dangerous moving obstacles.

Fig. 5. Sensor placement and coverage diagram for Skynet’s radars. Skynet
sits in the center of the diagram, facing right. Radars are placed to detect
oncoming cars in opposing lanes, from the left and right in merging situations,
and from the rear in passing situations.

Fig. 5. Finally, Skynet is equipped with two optical cameras: a
forward-facing Basler A622F and a backward-facing Unibrain
Fire-i 520b, both mounted on the roof and running MobilEye
SeeQ vehicle-tracking software. All sensors are accurately time-
stamped via synchronized microcontroller interfaces, and each
is available for obstacle detection and tracking [29]. Skynet is
also equipped with a position, velocity, and attitude estimator
that fuses GPS with onboard vehicle odometry and inertial nav-
igation to generate accurate and robust localization, as well as
differential vehicle motion estimates [48].

The algorithm has been implemented in C++ and connected
to Skynet’s time-stamped data logs. In this practical implemen-
tation, the algorithm is initialized with no prior information. A
birth likelihood is then used to discover new obstacles in the
RBPF framework as per Section III-A. This sensor-dependent
birth likelihood is uniform over the corresponding sensor’s field
of view, except that it tapers to zero near existing tracked obsta-
cles. This allows new obstacles to appear anywhere in the sen-
sor’s field of view, except near existing tracked obstacles, which
are all assumed to be solid. Similar to the birth model, each
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measurement is also evaluated against a clutter model created
for each of Skynet’s sensors. The corresponding clutter likeli-
hood captures common sensor errors with uniform, Gaussian,
and multimodal Gaussian densities that account for multiple
reflections, signal multipath, and false positives in each sen-
sor. Deletion of old obstacles is similarly tied to the Bayesian
framework but implemented with deterministic thresholds to
guard against the danger of randomly deleting a threatening ob-
stacle. Each obstacle’s existence is modeled as a probability that
decays exponentially to zero with a 95% time constant of 3 s.
Each measurement assigned to an obstacle provides evidence,
in a Bayesian sense, for that obstacle’s existence, and an occu-
pancy grid created from Skynet’s Velodyne provides evidence
against false positives. Obstacles are removed from the RBPF’s
particles when their existence probability drops below 5%.

Specific practical accommodations are also made to adapt the
point cloud representation across the algorithm’s three sensing
modalities. Since neither the Delphi radars nor the MobilEye
SeeQ software generate point clouds, obstacles that have not
yet been assigned laser rangefinder measurements are tracked
as single-point obstacles with parametric filters only, i.e., with
no point clouds. Laser rangefinder measurements are segmented
via the clustering algorithm discussed in Miller et al. [29]. This
algorithm generates clusters only when statistically distinct min-
imum and maximum bearings can be observed in the data; any
remaining unclustered data is treated as part of the static back-
ground. A further hypothesis test is applied to reject clusters,
whose width (given sensor noise characteristics) is so large or
so small that they could not possibly represent a moving object.
This test was originally based on DUC rules that placed limits on
competitor size. It is retained here as a priori knowledge about
the sizes of objects that can move in the real world. These two
tests improve the data’s resilience to the two common clustering
errors: breaking a single object into multiple small clusters and
grouping unrelated objects into a single large cluster. In addi-
tion, new point clouds assigned to an obstacle always overwrite
existing point clouds, but only after the measurement update
is performed in the obstacle’s parametric filter. In other words,
no attempt is made to merge multiple point clouds over time;
only the obstacle’s rigid body transform and motion parameters
undergo Bayesian estimation. Two reasons support this design
choice: The accuracy and scanning rates of laser rangefinders
make it unnecessary to combine multiple point clouds, and the
computational burden required to store and process increasingly
large point clouds would quickly overwhelm any real-time im-
plementation.

The proposed algorithm is tested in a series of three experi-
ments. The first two experiments evaluate the tracking capabil-
ities of the system in common but difficult maneuvers: a per-
pendicular intersection encounter similar to the circumstances of
Fig. 2 and a parallel head-on encounter. In these experiments, the
system is evaluated against truth data obtained from pose estima-
tors on board the ego vehicle and the target vehicle being tracked.
These estimators fuse traditional GPS and differential correc-
tions with inertial navigation sensors on board both vehicles to
produce position, velocity, and attitude estimates for both the ego
and target vehicle with submeter position accuracy, centimeter-

per-second-level velocity accuracy, and subdegree attitude accu-
racy [48]. The system simultaneously tracks other obstacles in
the environment aside from the target vehicle, although ground
truth for these obstacles is unavailable and, therefore, not eval-
uated. These experiments are performed at the Seneca Army
Depot in Romulus, NY, which contains a variety of features,
including paved and unpaved roads, some painted road lines,
potholes, railroad tracks, short and tall vegetation, and buildings.

In the first two experiments, the primary goal is to show that
the system can accurately track a moving target vehicle from a
potentially moving ego vehicle without estimation artifacts. The
criteria used to evaluate the system are, therefore, average esti-
mation errors in metrics critical to dynamic obstacle avoidance:
range to the target vehicle’s closest point, the target vehicle’s
ground speed, and the target vehicle’s relative heading. In addi-
tion to average estimation errors, statistical hypothesis tests are
conducted on the distributions of observed estimation errors to
evaluate biases in these errors that might be indicative of esti-
mation artifacts. These hypothesis tests are conducted as paired
t-tests, which evaluate whether the sampled solution estimated
by the proposed tracking algorithm matches the sampled true
solution recovered from the target vehicle and ego vehicle pose
estimators. For comparison, the algorithm’s error statistics are
evaluated against the performance of an EKF estimating the
location of the target vehicle’s center as if the target were a
point. This EKF uses the same process noise parameters as the
proposed tracking algorithm, but it performs updates using the
center of mass of laser rangefinder clusters, the range, bearing,
and range rate of radar returns, and the center of mass of camera
tracks as if they corresponded to the center of the target vehicle.
In other words, the EKF uses the ad hoc features discussed in
Section III-B1 and Fig. 2. The EKF operates under correct data
assignments generated from the truth data and is given perfect
knowledge of the target vehicle’s true length and width. The
goal will be to show that the ad hoc EKF yields significant es-
timation artifacts even with this unrealistic truth information,
whereas the proposed algorithm produces unbiased target esti-
mates without it. Additionally, the first two experiments have
been designed so that linear combinations of these experiments
cover all possible target vehicle approach vectors.

The third experiment evaluates the system’s consistency in
tracking multiple obstacles in a densely populated, highly dy-
namic environment. In this experiment, variants of the proposed
algorithm with different numbers of particles are run on the
same segment of logged data, a 19-min excerpt of a DUC qual-
ifying round at George Air Force Base in Victorville, CA. The
data contains Skynet’s sensor measurements of two concentric
loops of heavy traffic traveling in opposite directions, recorded
as Skynet merged into and out of this traffic multiple times. No
truth data is available for the qualifying round; therefore, con-
sistency among the algorithm variants is used to evaluate their
performance.

A. Experiment 1: Perpendicular Intersection Encounter

The first experiment evaluates the algorithm’s ability to track
a moving target vehicle as it crosses the ego vehicle’s path at
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Fig. 6. In the first experiment, the proposed tracking algorithm tracks a moving
target vehicle as it crosses the ego vehicle’s path at an intersection.

an intersection. In this experiment, the ego vehicle (Skynet)
remains stationary at the intersection, while the target vehicle
drives past at approximately 15 m/h. The algorithm is run on
the collected sensor data with 50 particles, and each particle
is allowed to track as many obstacles as it sees fit. Data is
collected for a total of 22 perpendicular intersection encounters:
11 with the target vehicle approaching from the right and 11 with
the target vehicle approaching from the left. Fig. 6 shows the
experimental setup.

When evaluating the system’s tracking performance on this
data, comparisons are made to the algorithm’s maximum a pos-
teriori (MAP) estimate of the environment, which is the particle
with the largest weight.

Within this most likely particle, evaluations are made with
the tracked obstacle that most closely matches the truth data.
This selection step distinguishes the target vehicle from other
tracked obstacles of potential interest. The best-matching ob-
stacle is chosen according to a minimum weighted L2-norm
criterion combining minimum range and minimum and max-
imum bearing. Weights are chosen such that a simultaneous
range error of 5 m and bearing errors of 5◦ yield unit distance.
Any iterations in which no tracked obstacle has a weighted L2-
norm ≤ 7.8147, which corresponds to a 95% confidence bound
on a χ2 random variable with three degrees of freedom, are
considered missed detections and discarded. A total of 11 such
missed detections occurred over the 28 100 algorithm iterations
considered in this experiment.

Proposed algorithm and ad hoc tracking statistics averaged
over the 11 from-the-right encounters are shown in Figs. 7–9.
In each figure, statistics are parameterized by the true bearing
of the target vehicle’s front bumper to align the 11 trials, de-
spite minor variations in maneuver duration. The figures read
left to right: The target vehicle approaches the intersection at
negative bearings, crosses the ego vehicle’s path at bearing zero,
and departs the intersection at positive bearings. The target ve-
hicle is closest to the ego vehicle near bearing zero. Fig. 7 plots
average tracking errors for the proposed algorithm and the ad
hoc tracker in range to closest point on the moving target ve-
hicle observed in the 11 intersection encounters. Predictably,
ranging errors in the proposed algorithm are smallest in the
middle of each encounter when the target vehicle is within 40
m (between −75◦ and 77◦) of the ego vehicle and visible both
by side-facing radars and laser rangefinders. Ranging errors in-
crease between 0◦ and 40◦, where the target vehicle is observed
by Skynet’s forward-facing radar. This radar occasionally pro-

Fig. 7. Range tracking errors to the closest point on a moving target vehicle
in the proposed algorithm and an ad hoc tracker over 11 perpendicular inter-
section encounters with the target approaching from the right at 15 m/h. Error
statistics are calculated across encounters according to the true bearing of the
target’s leading edge. Statistically, the proposed algorithm’s range estimation
errors are largely unbiased, whereas a filter using ad hoc measurements yields
significant range biases due to changes in the target vehicle’s perceived shape
and unmodeled measurement errors.

Fig. 8. Ground-speed tracking errors in the proposed algorithm and an ad
hoc tracker over 11 perpendicular intersection encounters with a moving target
vehicle approaching from the right at 15 m/h.

vides erroneous information during perpendicular intersection
encounters, as the target vehicle only travels perpendicular to
its radial direction. These significantly incorrect measurements
yield larger errors temporarily in one or two encounters, result-
ing in larger sample standard deviations. Errors in the proposed
algorithm are largest at the beginning of the maneuver when
the target vehicle is first observed between 60 and 80 m from
the ego vehicle. In contrast, the ad hoc tracking scheme pro-
duces range estimates with significant biases due to unmodeled
measurement errors based on perceived changes in target shape.
These biases are significant throughout the run, despite accurate
sensor information present when the target vehicle is in close
proximity to the ego vehicle. Paradoxically, these points of clos-
est approach are also the most critical for safe robotic driving.
Statistically, the proposed algorithm’s range estimation errors
have less than a 20 cm bias at the 5% significance level in 251
of the 284 target bearings considered. In contrast, the ad hoc
tracker’s estimation errors achieve the same level of bias in only
five of the 284 target bearings.

Fig. 8 plots average target vehicle ground speed estimation
errors for the proposed algorithm and the ad hoc tracker over
the 11 from-the-right perpendicular intersection encounters. The
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Fig. 9. Relative heading tracking errors in the proposed algorithm and an
ad hoc tracker over 11 perpendicular intersection encounters with a moving
target vehicle approaching from the right at 15 m/h. The proposed algorithm’s
point cloud representation is able to estimate relative heading correctly despite
significant changes in the target vehicle’s perceived shape.

proposed algorithm’s speed estimation errors remain low from
first acquisition through its approach, showing its ability to com-
bine accurate radar speeds with accurate laser ranges to produce
an obstacle estimate accurate in both speed and position. Ac-
curate speeds are maintained even as the target vehicle crosses
in front of the ego vehicle and out of view of the radars. Small
speed errors are incurred temporarily as the target vehicle de-
parts the intersection, where Skynet’s left Ibeo laser rangefinder
is the primary source of laser data. These errors are a result of an
angular miscalibration in the laser rangefinder, resulting in dis-
agreement between Skynet’s left and center laser rangefinders.
Since the disagreement is in sensor yaw, it creates an unmod-
eled bias in the evolution of the target vehicle’s point cloud,
while minimally affecting Skynet’s estimates of range. The er-
rors are reduced at bearings near 80◦, when it is too far away
for the laser rangefinders to produce usable clusters. Despite the
benefit of perfect data assignments, the ad hoc tracker still main-
tains significant biases in speed estimates throughout each pass.
Statistically, ground speed estimation errors in the proposed al-
gorithm have no significant bias at the 5% significance level in
142 of 284 target bearings considered. At the same significance
level, ground speed estimation errors in the proposed algorithm
have less than a 0.1 m/s bias in 211 of 284 target bearings. In
contrast, the ad hoc tracker achieves no significant bias in only
22 bearings and less than a 0.1 m/s bias in only 66 bearings.

Fig. 9 plots average target vehicle relative heading estimation
errors for the proposed algorithm and the ad hoc tracker over
the 11 from-the-right perpendicular intersection encounters. As
with the ground speed estimation errors, the proposed algo-
rithm’s target vehicle relative heading estimation errors remain
relatively small from first acquisition through the intersection. It
is noted, however, that these errors appear slightly biased due to
a minor angular miscalibration in the ego vehicle’s right-facing
laser. Estimated relative headings also suffer larger errors at
target vehicle bearings between 40◦ and 80◦ due to Skynet’s
miscalibrated laser rangefinder. The ad hoc tracker does not
suffer as much from these miscalibrations, as truth data has
been used to throw out the worst of the measurements during
data assignment. This lack of data does, however, result in large

Fig. 10. In the second experiment, the proposed algorithm tracks a moving
target vehicle as it approaches the moving ego vehicle from the opposite direc-
tion. Both vehicles travel at approximately 15 m/h for these parallel head-on
encounters.

heading errors in the ad hoc tracker near the beginning and
end of each encounter, where the tracker relies heavily on radar
measurements. Statistically, biases in the proposed algorithm’s
heading errors are small: The system’s heading estimation errors
are biased by less than 2◦ at the 5% significance level in 210 of
the 284 target bearings considered. Despite access to truth data
for perfect data assignments, the ad hoc tracker is still worse; it
achieves biases less than 2◦ in only 182 target bearings.

B. Experiment 2: Parallel Head-On Encounter

The second experiment evaluates the ability to track a moving
target vehicle from a moving ego vehicle as they approach each
other from opposite directions on parallel tracks. In this experi-
ment, the ego vehicle (Skynet) and the target vehicle approach
each other in opposite lanes on a straight road. Both vehicles
travel at approximately 15 m/h, for a combined closing speed
of approximately 30 m/h. The proposed algorithm is run with
50 particles, and each particle is allowed to track as many ob-
stacles as it deems appropriate. Data is collected for 11 parallel
head-on encounters, all conducted on the same road from the
same vehicle starting positions. Fig. 10 shows the experimental
setup.

Comparisons of the head-on encounters are made to the ob-
stacles tracked in the RBPF’s MAP estimate of the environment.
The same L2 -norm criterion is used to choose the obstacle within
this MAP estimate that most closely matches the truth data, and
the same L2-norm threshold is applied to discard frames in
which the system was not tracking the target vehicle. The sys-
tem experienced 231 of these missed detection frames among
the 7264 considered in this experiment. All but one of these
missed detection frames occurred when the target vehicle was
more than 95 m from the ego vehicle.

Tracking statistics for the proposed algorithm and the ad hoc
tracker averaged over the 11 parallel head-on encounters are
shown in Figs. 11–13. In this experiment, tracking data from
the trials is aligned by the true range to the closest point on
the target vehicle. Each figure, therefore, reads right to left;
the target vehicle enters detection range at approximately 120
m and approaches the ego vehicle in the oncoming lane until
both pass each other. Evaluation of the maneuver ends when the
range to the closest point on the target vehicle is at a minimum,
approximately 3 m. At this point, the target enters a sensing
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Fig. 11. Range tracking errors to the closest point on a moving target vehicle in
the proposed algorithm and an ad hoc tracker over 11 parallel head-on encoun-
ters at 30 m/h closing speeds. Error statistics are calculated across encounters
according to the true range to the target vehicle. Statistically, the proposed algo-
rithm’s range estimation errors have less than a 20 cm bias at the 5% significance
level in 153 of 284 true target ranges considered. In contrast, a filter using ad
hoc measurements yields significant range biases due to changes in the target
vehicle’s perceived shape.

Fig. 12. Ground-speed tracking errors in the proposed algorithm and an ad
hoc tracker over 11 parallel head-on encounters at 30 m/h closing speeds.

Fig. 13. Relative heading tracking errors in the proposed algorithm and an ad
hoc tracker over 11 parallel head-on encounters at 30 m/h closing speeds.

blind spot just off Skynet’s driver’s side, as shown in Figs. 4 and
5. Occasionally, the target persists through this blind spot and
is tracked by Skynet’s rear sensors, although often the target is
deleted and must be reinitialized.

Fig. 11 plots average tracking errors in range to closest
point on the moving target vehicle observed in the 11 paral-
lel head-on encounters with the proposed algorithm and the ad
hoc tracker. The proposed algorithm’s range errors are largest
when the maneuver begins and when only a single radar ob-

serves the target vehicle. The proposed algorithm’s range er-
rors drop to near zero at ranges of approximately 50 m, when
the target vehicle is first observed by laser rangefinders. The
system also becomes more accurate and precise with the ad-
ditional sensor data at these ranges, as shown by its smaller
errors and standard deviations across the trials. Ad hoc track-
ing errors yield similar performance at long range, where the
range error in the radar is large enough to overwhelm the ef-
fects of estimation artifacts. At closer ranges, the estimation
artifacts become significant; ad hoc estimation errors exceed
2 m as the target vehicle approaches the ego vehicle. Para-
doxically, the unmodeled measurement errors yield the worst
estimation artifacts at mission critical times, where the target
vehicle is close to the ego vehicle. Statistically, range estima-
tion errors in the proposed algorithm have less than a 20 cm
bias at the 5% significance level in 153 of 284 true target ranges
considered. The ad hoc tracker performs substantially worse,
achieving similar statistical biases in only 134 true target ranges.

Fig. 12 plots average target vehicle ground speed estimation
errors in the proposed algorithm and the ad hoc tracker over
the 11 parallel head-on encounters. Like the perpendicular in-
tersection encounters, the algorithm’s ground speed estimates
in the head-on encounters remain accurate at all ranges of the
maneuver after initial target acquisition. As in the previous ex-
periment, this accuracy is due to the positioning of the ego vehi-
cle’s Delphi radars; one faces forward and measures the speeds
of approaching vehicles directly through range rate information
in Doppler shifts. Of great interest is the fact that these accurate
speed estimates persist in the closest ranges of the maneuver,
as the target vehicle passes to the left of the ego vehicle. At
this point in the maneuver, the target vehicle is not visible by
the forward-facing radar, and its shape as observed by the laser
rangefinders varies greatly due to a rapidly changing perceived
shape. The proposed algorithm’s point cloud representation suf-
fers no substantial losses from the changing viewpoint, however,
and maintains accurate estimates throughout the maneuver. The
ad hoc tracking algorithm suffers significant estimation biases,
particularly when the target vehicle is closest to the ego vehicle.
This catastrophic behavior results from the rapid changes in the
target vehicle’s perceived shape as it passes by the ego vehicle at
the end of the maneuver. Statistically, ground speed estimation
errors in the proposed algorithm have no significant bias at the
5% significance level in 105 of 284 true target ranges consid-
ered. At the same significance level, ground speed estimation
errors in the proposed algorithm have less than a 0.05 m/s bias in
246 of 284 true target ranges. The ad hoc tracker only achieves
a 0.05 m/s or less statistical bias in 231 true target ranges.

Fig. 13 plots average target vehicle relative heading estima-
tion errors in the proposed algorithm and the ad hoc tracker
over the 11 parallel head-on encounters. Like the ground speed
estimation errors, the proposed algorithm’s relative heading es-
timation errors remain small throughout the entire maneuver.
A “notch” is observed near 50 m, however, at ranges where
the target becomes reliably visible by the laser rangefinders.
The notch is present, while the tracker propagates target shape
and position corrections through the estimator’s covariance ma-
trix. At the 5% significance level, these heading estimation
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Fig. 14. In the third experiment, variants of the proposed algorithm are run on
excerpts of data from a DUC qualifying round. In this data, Skynet autonomously
completes multiple merges into and out of moving traffic across a lane of
oncoming vehicles.

errors have no significant bias in 93 of 284 true target ranges
considered. Similarly, the heading estimation errors have less
than a 2◦ bias in 266 of 284 true target ranges. Like the ground
speed errors, the proposed algorithm’s heading errors remain
accurate and largely unbiased, even in the closest ranges of
the maneuver, when the target vehicle’s shape, as observed by
the laser rangefinder, changes most rapidly. The system’s point
cloud representation and parameterized rigid body transform re-
solve these rapid shape changes correctly and without estimation
artifacts present in feature extraction approaches. In contrast, the
ad hoc tracker’s estimation errors possess significant bias near
the end of each run, due to the rapid change in the target vehi-
cle’s perceived shape. As with many of the other errors the ad
hoc tracker incurs, this error is worst at the most critical times:
when the target vehicle is closest to the ego vehicle. Statistically,
the ad hoc tracker’s heading estimation errors have less than a
2◦ bias in only 231 of 284 true target ranges.

C. Experiment 3: Multiple Obstacle Tracking in Heavy Traffic

The third experiment evaluates the proposed algorithm’s con-
sistency in tracking multiple obstacles in a densely populated,
highly dynamic environment. In this experiment, variants of the
proposed algorithm with different numbers of particles are run
on the same segment of logged data: a 19-min excerpt of a
DUC qualifying round at George Air Force Base. The data con-
tains Skynet’s sensor measurements of two concentric loops of
heavy traffic traveling in opposite directions, recorded as Skynet
merged into and out of traffic multiple times. Fig. 14 shows the
experimental setup.

The data is presented to variants of the proposed tracking al-
gorithm run with one, two, five, ten, 20, and 50 particles. No truth
data is available for the qualifying round, although the merg-
ing scenario features repeated instances of the perpendicular
intersection encounters and parallel head-on encounters stud-
ied in Section IV-A and B. Two new factors are present in this
experiment: obstacle occlusion, where one or more obstacles
are temporarily blocked from Skynet’s view, and large numbers
of moving obstacles. This particular data excerpt features large
numbers of occlusions occurring primarily when a lead vehicle

Fig. 15. Sample cumulative distribution function of errors in the number of
obstacles tracked in a heavy traffic scenario in variants of the proposed algorithm
run with one, two, five, ten,g and 20 particles. Errors are calculated against a
variant run with 50 particles. The similarities between errors incurred across the
wide range of particle configurations demonstrates the system’s ability to make
data assignments “obvious.”

blocks following vehicles from view or when a vehicle in the
inner lane occludes one in the outer lane. In this environment,
the system tracks an average of 32 potentially moving obstacles
at each instant in time.

The close interaction between moving traffic vehicles adds
data assignment complexity not present in the first two experi-
ments. Although no truth data is available without tedious and
extensive hand tagging efforts, the effects of the added com-
plexity are reflected in the number of obstacles tracked by the
system. Incorrect data assignments, even those resolved quickly
in resampling, can temporarily result in a particle with too many
or too few obstacles. Accurate Monte Carlo sampling of the data
assignments, on the other hand, should yield convergence to a
common MAP estimate as the number of particles increases.
This experiment looks for that convergence across system vari-
ants as a measure of data assignment consistency in a complex
dynamic environment.

Fig. 15 plots the sample cumulative distribution function of
errors in the number of obstacles tracked in variants of the pro-
posed algorithm with one, two, five, ten, and 20 particles. Errors
are calculated against a variant run with 50 particles, and are only
evaluated for the MAP estimate in each variant, i.e., the particle
with the largest weight. Fig. 15 shows that the sample cumula-
tive distribution functions for variants with ten and 20 particles
are strictly greater than those of variants with fewer particles,
which indicates convergence toward a common number of ob-
stacles as the number of particles increases. More importantly,
all the cumulative density functions lie within approximately
5% of each other. From this result, it is evident that the system’s
point cloud representation and parametric filter representation
largely make the data assignments “obvious,” as even a single
particle is capable of achieving results similar to a 50-particle
variant throughout most of the experiment. This performance
also indicates the relative stability of the system’s errors across
a wide variety of practical particle configurations.

Although a single particle performs almost as well as 50 in
most of the experiment, there are three isolated instances where
variants with low numbers of particles result in significant errors.
Two of these instances, occurring at t ≈ 12.235 and 18.65 min
into the data excerpt, correspond to times when Skynet just
starts to merge across oncoming traffic. The scenario is difficult
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from a data assignment point of view: All traffic vehicles in
the oncoming lane instantly become occluded by the closest
oncoming vehicle. A metal light pole behind Skynet further
compounds the problem, as it temporarily passes in view of
Skynet’s rear radars at the same point in the maneuver. False
positive detections created by a radar speed detector mounted
on the light pole could potentially create false obstacles that
amplify the discrepancy. The third instance, at t ≈ 7.57 min,
corresponds to Skynet making a 90◦ left turning around a tight
corner. Here again, Skynet’s rear radars are likely the source
of the error, as a large construction scissors lift temporarily
becomes visible during the turn. This lift frequently generates
multiple Delphi radar tracks, which may be mistakenly assigned
to differing numbers of obstacles across algorithm variants. The
problem is further magnified by sparse sensor data, as only rear-
facing Delphi radars can see the offending objects. During all
three isolated errors, at most eight fewer or eight more objects
are tracked than the variant with 50 particles, which tracks 37,
53, and 41 objects in each of the three error periods, respectively.
In contrast, Fig. 15 shows that most errors are less than four.

V. PERFORMANCE IN THE DARPA URBAN CHALLENGE

The proposed tracking algorithm has also been implemented
on Skynet in real time, where it acts as Skynet’s sole obstacle
detection and tracking system. The algorithm is implemented
in C++ on a single 2.0 GHz Intel Core 2 Duo machine with
2.0 Gb RAM, running Windows Server 2003. Four particles are
used in Skynet’s implementation to ensure real-time processing.
A caching scheme for the measurement function is also imple-
mented to avoid recalculation of h (om,k , Pk ) when obstacle
state and point cloud estimates do not change, and assignment
likelihoods are only computed for tracked obstacles in thresh-
olded proximity of a measurement. These minor augmentations
help to offset the computational expense of numerical differen-
tiation performed in the sigma point transforms utilized in the
algorithm.

Skynet relied on the proposed algorithm for obstacle detec-
tion and tracking during the 2007 DUC, a 60-mile autonomous
urban driving competition held in Victorville, CA, in Novem-
ber 2007. The Urban Challenge featured simultaneous interac-
tion of 11 full-sized autonomous robots and approximately 50
human-driven sedans in typical urban traffic scenarios, such as
merging, parking, intersection queuing, and vehicle following.
Many of these encounters tested the practical applicability of the
system’s point cloud representation and stable measurements.
During one qualifying round of the Urban Challenge, for ex-
ample, Skynet was required to complete multiple merges into
and out of moving traffic across a lane of oncoming vehicles.
Skynet made two attempts at this qualifying course, completing
five successful merges into and out of traffic in the first attempt
and ten in the second attempt; data from this second attempt was
utilized in Section IV-C. In the finals of the Urban Challenge,
Skynet was one of only six robots to complete the entire 60 -mi
course. Skynet typically interacted with one or two other mov-
ing traffic vehicles at any given moment in the 60-mile DUC,
with a maximum of eight vehicles at once. While competing,

Skynet’s system tracked a total of 175 252 distinct obstacles. On
average, the system tracked 48.5 obstacles in each particle, with
a maximum of 209 obstacles per particle [29].

VI. CONCLUSION

A novel-tracking algorithm has been presented as a computa-
tionally feasible, real-time solution to the joint estimation prob-
lem of data assignment and dynamic obstacle tracking from
a potentially moving robotic platform. The algorithm utilizes
an RBPF to separate the joint estimation problem into an in-
dependent data assignment problem and a multiple dynamic
obstacle-tracking problem conditioned on the data assignments.
The RBPF samples the a posteriori distribution of data assign-
ments, and compact and efficient parametric filters are used to
estimate the a posteriori densities of the obstacles conditioned
on the sampled assignments. The algorithm achieves a practi-
cal computational burden by assigning inexpensive closed-form
parametric filters to track large numbers of dynamic obstacles.
A novel target representation and stable sensor features have
been designed to facilitate successful operation of these filters
in the practical application of tracking full-size vehicles from
a moving robotic platform. The successes of the proposed tar-
get representation and features further reduce the algorithm’s
dependence on expensive Monte Carlo sampling of data assign-
ment histories.

The algorithm achieves real-time rates through a carefully
selected parametric obstacle representation with a data-driven
point cloud geometry and stable sensor features. These tech-
niques have been shown to eliminate estimation biases, artifacts,
and measurement instability common to sensor data preprocess-
ing techniques, such as box and corner detectors, thereby im-
proving the accuracy of the system’s parametric-tracking filters,
even under substantial changes in perceived obstacle shape. The
result makes data assignments “obvious,” and real-time perfor-
mance is achieved through commensurate reductions in particle
requirements in the Monte Carlo approach used to solve the
algorithm’s data assignment problem.

The algorithm has been implemented on Cornell Univer-
sity’s “Skynet,” which is an autonomous 2007 Chevrolet Tahoe
equipped with a position, velocity and attitude estimator, and
laser rangefinders, radars, and optical cameras for obstacle track-
ing. The algorithm has been validated in three experiments: two
experiments in which a single moving target vehicle is tracked
under large changes in perceived obstacle shape and one ex-
periment in which multiple moving target vehicles are tracked
in heavy traffic. Each of these experiments featured repeated
encounters under identical obstacle configurations to achieve
statistical significance. In these experiments, the system was
shown to be capable of both determining the number of obsta-
cles and accurately tracking their positions and velocities in a
statistically unbiased manner. Statistics were also presented for
Skynet’s performance in the DUC, where the algorithm was im-
plemented in real time to serve as Skynet’s obstacle-detection
and tracking system. The algorithm ran for 6 h in the Urban
Challenge, allowing Skynet to travel autonomously for 60 miles
in moving traffic.
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