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Abstmci- 
This paper describes a method for real-time tracking of'people 

in everyday environments, using multiple planar laser range-finders. 
People tracking is a well-studied problem in machine vision; in this 
paper, we adapt some of those methods to laser range-finders. We 
p u p  range measurements into entities such as blobs and objects, 
and use a Kalman Filter to estimate trajectories for these objects. The 
filter is able to generate smooth trajectories, even when objects are 
occluded. This paper presents our evaluation of the tracker's perfor- 
mance in a series of four experiments. 
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I. INTRODUCTION 

Tracking people, for surveillance, crowd control: activ- 
ity recognition and characterization, etc., is a well stud- 
ied problem in machine vision (e.g.. [19]). In this.paper, 
we present a method for tracking people using an altema- 
tive sensor: planar laser range-finders. Laser-range find- 
ers have rapidly gained popularity in the robotics commu- 
nity, where they have been used for applications such as 
collision avoidance, localization 191, [26], and map build- 
ing [25], [ l  11. In this paper, we demonstrate that lasers can 
also be used to effectively track people. 

As sensors, lasers have both advantages and disadvan- 
tages when compared with vision. They are able to reliably 
generate range measurement that are accurate to within a 
few millimeters over distances of many meters, but have 
limited angular resolution (around 0.25'). They are easy 
to calibrate and insensitive to lighting conditions and other 
external disturbances, but cannot provide information such 
as the color of objects in the environment. Lasers have a 
very wide field-of-view (which means that relatively few 
are required to cover a workspace), but they are much more 
expensive than cameras. 

Earlier work on motion tracking for crowded environ- 
ments using scanning laser range finders was done by 
Prassler e? a1 [ 181, who used occupancy grids and linear ex- 
trapolation of occupancy maps to estimate trajectories. In 
contrast, our methods involve the use of multiple lasers and 
trajectory estimation algorithms. We study the problem of 
tracking multiple moving objects in a workspace covered 
by multiple lasers. We draw from vision-based approaches 
to estimate motion recursively from subsequent scans of 
the laser. We use a version of the constraint formulation for 

rigid bodies [22], [23] and an abstract representation of ob- 
jects for tracking. We associate a Kalman Filter (KF) with 
each object to alleviate the consequences of occlusions and 
to reduce the impact of occlusions and model inaccuracies. 

In this paper, we present four evaluation experiments to 
measure the performance of the tracker. Three experiments 
were performed to measure the accuracy with which the 
tracker estimates the position of objects in the workspace, 
and the fourth to measure the accuracy in estimating the 
number of objects in the workspace. The first experiment 
compares the scatter in position estimates of large objects 
in comparison with a beacon of known diameter. The sec- 
ond shows that the tracker is stable and that no errors de- 
velop over time. The third experiment measures the resid- 
ual of the KF while estimating the position of objects. The 
fourth experiment shows that the tracker accurately esti- 
mates the number of object being tracked. 

11. APPROACH 

A. Overview 
The laser returns range measurements to the nearest ob- 

stacle, in polar coordinates. From this we construct a model 
of the process that generates the range readings. The model 
consists of two parts: the Background Model and the Fore- 
ground Model. The Background Model is used to filter 
background information that is not of immediate relevance 
to tracking. The Foreground Model is used to predict range 
measurements that are not explained by the Background 
Model. 

B. Background Model 

Background models used in most vision applications uti- 
lize pixel-level statistics [15], [19]. Each new pixel value is 
classified as the background or a moving object. We adapt 
this technique for use with laser scanners. Since a laser 
range measurement gives us the range to an object, we can 
use a modified rule for the classification of foreground and 
background. We assume that the farthest known stationary 
object is part of the background. In order to be robust to 
small errors, we also maintain the mean and the variance 
of the measurements that are classified as background and 
use the information to test the hypothesis that any reading 
is part of the background. 
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C. Foreground Model 

The tracking process is divided into two subtasks: 1) 
tracking blobs and 2) grouping surfaces into objects. A 
BlobTracker tracks the blobs, and an ObjectTracker esti- 
mates paths of collections of blobs, called objects, in the 
workspace. 

C.l Blobs 

We define a Blob as a grouping of adjacent foreground 
readings from the laser that appear to be on a continuous 
surface. The set of measurements that form this continu- 
ous surface constitute the signature of the blob. Since the 
laser is oblivious to the component of motion perpendicu- 
lar to the laser's plane of scan, we do not attempt to model 
motion or changes along this direction, i.e., we only con- 
sider planar motion. Human beings are in most cases con- 
tinuously observable in a plane parallel to the ground at 
about wasit-height in planar workspaces. Thus, we chose 
this plane for laser tracking. In our experiments, we assume 
that measurements that are spatially separated by less than 
lOcm belong to the same blob. 

The Foreground model contains two generations of blobs 
at any given instant: gen-x - the old blobs and gen-y - the 
new blobs. To reduce the search space in matching blobs 
for state reestimation, we draw a rectangular bounding box 
around any blob. Assuming a bound on average accelera- 
tion of 10m/s2 (about Ig) and scan frequency of 5 Hz, we 
estimate the maximum error in the prediction of the state 
to be about 50mm. A match is said to exist between points 
in the prediction of the position of a gen-x blob and gen-y 
blob if the distance between them is less than 50". We 
attempt to pair every point in gen-y with two points in gen- 
x that match, and thus have the minimum distance to the 
new point. We use these two points for a linear approxima- 
tion of the surface of the blobs using the chamfer method 
suggested in [ 1). 

Newly discovered gen-y blobs inherit their state vector 
as a linear combination of the predicted state vectors from 
the matched gen-x blobs. The weighting of each of the gen- 
x blobs in determining the state of the gen-y blobs is given 
by the number of point matches between the blobs. Blobs 
that do not have any parents are initiated with a state vector 
of 0. The gen-x blobs are removed and the current gen-y 
blobs become the gen-x blobs for the next scan. 

Many methods exist for determining the structure of ob- 
jects independent of motion [16], structure from motion 
[13], [17], and motion of a known structure [24], [6], [7]. 
Koller [14] described a method of tracking objects using 
a template of the object. We use a rigid body model with 
the signature from the previous scan and a velocity state 
estimated from earlier scans to predict the measurements 
from the next scan. The matched blob's signature is used 
to update its rotational and rectilinear velocities. 

We modify the method of subspace filtering as presented 

in [22], [23] for blob state estimation. Soatto's method re- 
quires one-to-one correspondences between features. It is 
not easy to find such correspondences in the measurements 
from the laser. In laser sensor space, our strength is in the 
ability to determine the range reading accurately - so we try 
to fit depth maps. We approximate the surface of objects to 
a sequence of lines connecting predictions of the signature 
of a blob. Each new measurement is paired with the two 
closest adjacent predictions in the new scan. We use the 
distance between the line joining the predictions and the 
closest point as a measure of the prediction error. This er- 
ror is summed over all points in the new surface to obtain a 
metric of prediction performance. 

C.2 Objects 

In our approach, objects map to multiple blobs. For ex- 
ample, the hands and the torso may form different blobs. 
These are unified into one percept of an object by the Ob- 
jecTraker. Intille et al., [21] describe heuristic methods to 
explain the scenes described by blob trackers for vision. 
Although our algorithm is based on some of these princi- 
ples, because of the accuracy of range measurements we do 
not need to distinguish between blobs that occupy the same 
space, since we can identify them easily. 

Each blob inherits its ObjectTracker from its parent in 
the previous generation. When two blobs form the par- 
ent of a blob, the closest ObjectTracker is associated with 
the new blob. Blobs that appear spontaneously within a 
prescribed radius of any ObjectTracker are associated with 
it. Whenever no known ObjectTracker is sufficiently close 
to a new blob, a new ObjectTracker is constructed for the 
blob. Once instantiated, ObjectTrackers are allowed to per- 
sist until supporting blobs are not visible for over 5 seconds 
- an empirically determined threshold. 

When objects move out of the plane of the laser, the Ob- 
jectTracker is left with no blobs to support it. It contin- 
ues scanning for objects that it can describe with fewest 
errors. For the duration of the occlusion, state updates are 
performed as suggested in [8], [19]. When the object reap- 
pears, the ObjectTracker becomes active again, as if the 
object had never disappeared. 

The tracker we implemented was designed to work in 
real time. The rigid body component of the motion can 
be determined after approximately five consecutive laser 
scans. Whenever the delay in processing exceeds a cer- 
tain threshold, we skip frames to speed up the processing. 
With these modifications, we can track up to 20 objects 
simultaneously, using 6 laser scanners, without significant 
degradation of performance. 

111. EXPERIMENTAL PROCEDURE 

Our experiments were based on real laser scan se- 
quences. In this Section we report our observations from 
experiments conducted on data obtained in our lab. We 
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used Player [lo], a server and protocol that connects 
robots, sensors and control programs across the network 
to communicate with our laser range-finders.' We used 
standard SICK planar scanning laser range-finders placed 
0.75 - 0.80m above ground level, targeting the waist of 
an average-height walking person. This is the cross-section 
which moves least. Moreover, people rarely move out of 
this plane. For example, a person who sits is still visible, 
albeit at shoulder height. 

We performed four sets of experiments to measure the 
performance of the tracker. Three experiments were per- 
formed to measure the accuracy with which the tracker es- 
timates the position of objects in the workspace, and the 
fourth experiment to measure the accuracy in estimating 
the number of objects in the workspace. 
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A. Apparatus and Methods 

We made two sets of measurements in each experiment 
set. The first measurement - the ground truth - was recorded 
using a camera and post-analyzed by a human operator. 
The second was the output from the tracker. The exper- 
iments were performed with multiple lasers in a single 
room. A single room was used in order to make the mea- 
surement of ground truth easier. 

- 

B. Experiment I :  Positioning Accuracy 

We performed the following two tests to determine the 
accuracy of the tracker's estimate of object position. Tlie 
first set used stationary beacons whose position in the laser 
scan can be accurately determined. This was done to mea- 
sure the performance of the tracker in the absence of any 
noise arising out of factors like the shape, size, and move- 
ment of human beings. The second set was performed with 
human subjects. The goal was to measure the performance 
of the tracker in the presence of such noise. 

We obtained two measurements of position for each sam- 
ple point: one in the laser frame of reference, and the other 
in the visual frame of reference (henceforth frame of ref- 
erence is abbreviated to frame). Figure 1 shows the room 
used in the experiment. In order to get measurements in 
the visual frame, we positioned beacons at the comers of 
the 2' x 2' floor tiles. A second set of measurements of the 
positions of the beacon was made in the frame of the laser. 

We determined the transformation T from the laser 
frame to the visual frame which minimized the mean 
squared distance between corresponding points in the two 
frames. This transformation is used subsequently to map 
the position of any object in the laser frame to the corre- 
sponding point in the visual frame. The beacon positions 
are shown in Figure 2. The error or positional inaccuracy 
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'Player was developed jointly at the USC Robotics Research Labs and 
HRL Labs and is freely available under the GNU General Public License 
fromhttp://playerstage.sourceforge.net. 
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Fig. 1. Experiment 1: DUMMY FIG. An image of the room used in the 
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Fig. 2. Experiment 1: The positions of the beacons in the room. The 
diamonds show the location of the beacon in the laser frame and the circles 
in the visual frame. Correspondences are connected with a line. The two 
lasers are marked with a "*I" and the arrow shows their direction of scan. 

can be plotted as a set of 2D displacements from the posi- 
tion measured in the visual frame to the position measured 
in the transformed laser frame. In the ideal case of zero 
error, these vectors would all be located at the origin. The 
error plot is shown in Figure 3. 

We performed a second set of measurements of people 
standing on tile comers. For this set, the subjects moved 
between tile comers and waited for about a second at each 
position. We used the transformation T determined using 
the beacons to determine the error in the position estimate 
measured by the laser for the human movement data. In 
Figure 4, the scatter plot for this set of measurements shows 
that the error is approximately the size of the cross-section 
of a human torso: about 0.3m. 
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Fig. 4. Experiment 1: The plot shown in Figure 3 is repeated with people 
in this figure to show the change in the scatter distribution. Notice that it 
is now approximately the size of the cross-section of a human torso. 

C. Experiment 2: Drifr in Tracking 

We performed the following experiment to determine if 
any cumulative error in the position measurements devel- 
oped over time. We obtained a set of measurements in the 
same workspace, along the lines of the second test in Ex- 
periment 1, for a duration of 20 minutes. At least 40 cor- 
respondences between the laser and the visual frames were 
recorded starting at every 5 minute interval. Figure 5 shows 
a superposition of the paths followed by a person in the vi- 
sual frame with those in the laser frame. Figure6 shows a 
plot of the positional error as a function of time. The figures 
demonstrate that there is no noticeable drift or systematic 
increase in RMS error over the 20 minute period. 

D. Experiment 3: Dynamic Pe$ornmnce 

To measure the performance of the KF in estimating the 
state of the object, we developed an error metric which 
measures the error in predicting the trajectory of the ob- 
ject. We defined two quantities for every object - Act: the 
observed change in position and A&: the predicted change 
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Fig. 5. Experiment 2: Paths in the laser frame (dotted lines) superim- 
posed over paths in the visual frame (solid lines). 

Fig. 6. Experiment 2: The magnitude of the error is shown here as a 
function of time for individual measurements. These measurements were 
made at 40 points separated by 5 minutes. No points were plotted where 
measurements were not made. The figure shows that the drift does not 
increase significantly over a 20 minute period. 

in position at time t .  We define the error metric to be: 

where €1 is the residual, a measure of the instantaneous 
uncertainty or variance in the error of the position estimate 
of the blob. The variance was in the range 1 - 5cm2/s. As 
expected, it was larger for objects that moved around (e.g., 
people) and smaller for objects that were stationary. 

E. Experiment 4: Tracked nuniber of objects 
We performed the following experiment to determine the 

accuracy of the tracker in determining the number of peo- 
ple in the room. Tracking was performed on a scripted play 
(shown in Figure 7) which involved normally observed ac- 
tivities in the room such as walking, talking, group discus- 
sions, and path crossings. 

The tracker can only see or track objects that have moved 
and cannot differentiate between people and objects. Thus 
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- 
time 
0.00 
1 :33 
1:40 
1:56 
2:15 
2:25 
2:40 
2:49 
2:58 

7.03 
7.10 
7.12 
7.15 
7.19 
7.27 

- 

... 

- 

action 
Start of program - with A at Station A 
A moves fully (initialization) 
B walks into the room, goes to Station B, and sits down 
A gets up and walks over to Station B to talk to B 
C walks in for a cup of coffee to the cofee table 
C walks back out with cup 
D walks in and shakes hands with A 
D pulls up a chair next to Station A and sits down 
A goes to Station A and sits down to talk 

A walks to one of the moved chairs 
B walks in towards the printer 
A and B cross paths 
A bends below the laser’s range 
A gets back in the range 
A walks back to Station A 

, 

... 

Fig. 7. Experiment 4: Excerpts from the script we used. 
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Fig. 8. Experiment 4 Plot of accuracy in tracking the number of moving 
objects in the room. Stars represent the number of objects as measured by 
the camera and solid line the number tracked by the tracker. 
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we used the visual ground truth measurement to find the 
number of objects that moved. Figure 8 shows the number 
of objects that moved as measured by the tracker compared 
with the visual measurements. 

E.l Results 

The errors in estimating the number of objects in the 
room were analyzed with the aid of the script and the 
video. ObjectTrackers are designed to track objects that 
have moved once. Consequently, chairs appear sponta- 
neously near previously existing objects (people). While 
the tracker retains separate identities for people and chairs, 
when people are sitting on chairs, it becomes difficult at 
times (as when the chair is temporarily occluded), to con- 
tinue to distinguish between the chair and the person. In 
these cases, the tracker underestimates the number of ob- 
jects in the room. This phenomenon occurred between 220s 
and 270s in the Figure 8. On the other hand, the number 
of objects in the room is overestimated when they move 
very quickly or when they jump, and the KF is unable to 
keep up. This sometimes results in temporary objects and 

is manifested in spikes at about 150s, 220s, and 290s in 
Figure 8. Occasionally, the newly spurious object becomes 
the parent of a stable blob. When this happens, the number 
of objects is overestimated for an extended period of time, 
as between 170s and 200s, in the same figure. 

IV. DISCUSSION 

In this paper we introduced a laser-based tracking ap- 
proach. Our method exploits the advantages of lasers while 
overcoming some of the shortcomings of vision. Unlike 
vision, where multiple cameras are required to cover a 
scene, a single laser can effectively cover a reasonably large 
workspace. Lasers provide a “gist” of the scene in a plane 
very accurately, with low computational overhead. 

Our tracking algorithm is computationally light; it works 
in real time on an IBM 600e Think-pad with 64MB RAM 
and a 300MHz P-I1 processor, with 2 lasers and up to 10 ob- 
jects. We have also collected extensive data with a 900MHz 
P-III with 128MB RAM, using up to 6 lasers covering two 
rooms. 

Using lasers has its drawbacks. It is difficult to obtain 
a set of features that uniquely distinguish one object from 
another. While it is possible to use the velocity and posi- 
tion of objects at the start of an occlusion in order to reason 
about their location after the occlusion is removed, it is not 
easy to do so conclusively. Lasers are oblivious to objects 
outside their plane of scan, thus making it difficult to per- 
ceive details of activity. It is possible to use multiple lasers 
in different planes to build up a 3D representation of the 
scene. Multiple lasers can also be used in large workspaces 
with a many moving people, where occlusions prohibit ef- 
fective tracking. As a practical matter, lasers are currently 
expensive relative to cameras. 

A. Applications 

Gait recognition and activity modeling are among the 
interesting applications of trackers that can store and pro- 
cess entity-specific information. Bregler and Brand [4], [2], 
[3] use motion capture to record joint orientation data for 
movement analysis. One could modify these to use laser 
data to determine patterns in the movement in a plane, pos- 
sibly to identify the task being performed or the person per- 
forming it. 

Microsoft’s research on EasyLiving Technologies [ 121, 
[5] is a commercialization of tracking technology which 
requires locating and tracking individuals in a closed 
workspace. The goal is to guess the intent of the user and 
help in automating some of the mundane tasks like switch- 
ing appliances on in the presence of a user, setting param- 
eters like the temperature in a workspace automatically, or 
even logging on automatically in the presence of a user. 

Robotic security devices [20] need to identify moving 
objects and possibly determine helpful information about 
them. Useful features include the number and type of ob- 
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jects and their physical characteristics. These features can 
potentially be determined with a laser tracker. 

In our tracking work, we filtered out the background. 
However, we could instead filter out the foreground. Mov- 
ing the laser would then provide us with an estimate of the 
velocity of the sensor. We have used the KF to estimate a 
differential state but could instead use it to estimate the dis- 
placement directly. This would be,applicable to laser-based 
map building, navigation, and localization, as suggested in 
[111, PI,  W I .  

V. CONCLUSION 

We have shown that lasers are an effective sensor for ob- 
ject and people tracking by developing a computationally 
efficient algorithm for multiple object tracking. We vali- 
dated the tracker in a series of four experiments in a labo- 
ratory workspace, and demonstrated its effectiveness in the 
presence of occlusions. 

In our continuing work, we are scaling up the presented 
approach to track large groups of interacting humans in 
complex environments with multiple lasers. 
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