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Abstract

We present a real-time system for
motion detection and tracking for au-
tonomous rolots with limited computa-
tional resources. The system uses an at-
tentional mechanism to combine color and
motion blob information, as well as pre-
diction mechanisms to improve the over-
all system performance. We demonstrate
the functionality of the system in seveal
test seenarios and also discuss solutions to
various problemsthat arise from the limi-
tations of the robotic platform.

Keyw ords: real-time adaptive tracking, au-
tonomous robot

1 Intro duction

Fast and reliable processingof visual information
is critical for many applications of autonomous
robots. In particular, detection and tracking of
moving objects while the robot is moving is of
crucial interest to mobile platforms ranging from
robotic soccer players to unmanned ground vehi-
cles for military scenarios. While the detection
and tracking of moving objects is already a di cult
task, the problem is only exacerbatedwhen compu-
tational resourcesare very restricted. Especially in
small autonomousrobots with slow embeddedcom-
puters, where the processingspeed of the CPU is
often traded for the longevity of the battery, stan-
dard algorithms for motion detection and tracking
are not applicable.

In this paper, we presen a system for motion
detection and tracking that is especially target at
the sewereresourcelimitations of small autonomous
robots. It usesan attentional mecanism to select
di erent methods and processingconstraints from
seweral modules for the detection and prediction

of motion in a scene. We rst discussthe over-
all system architecture and the motivation for the
design. Then we presen the implementation and
report very promising results from seweral sets of
experiments with the system.

2 Background

A signicant amournt of researt has been per-
formed for motion detection and surveillance. Still
image analysis results include a variety of ap-
proachesranging from color analysis [6] to the use
of geneticalgorithms [1]. The active blobsapproac
relies on building 2-D meshrepreserations of sur-
faces. Deformation of a mesh via transforms to-
getherwith texture mapping are then usedto iden-
tify deformable objects [5]. Eigenspaceapproaches
[2] use training imagesand matrix decomposition
to create a database of feature imageswhich are
used to identify detail of new pictures. An e -
cient method for a rotating camerawas preseried
by Dellaert and Collins [4]. The algorithm relieson
di erences betweenstored imagesof the surround-
ing area, taken at various angles.

Se\eral of the algorithms mentioned above (e.g.,
[5]) are intended for o-line image analysis. As
such, they are not designed to function under
the type of computational power constraints im-
posed by an autonomous robotic agert. The al-
gorithms which are designedwith a view towards
real-time applications (e.g., [4, 2]) require training
and may still prove too complex to run on sim-
ple, autonomousrobots. Others that take resource-
constraints seriously (e.g., [3]), fail if colors cannot
be reliably detected.

What is neededis an online, real-time system
that canintegrate di erent information to improve
detection and tracking performancedespite limited
resources.In particular, werequire that no assump-
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Figure 1: The system architecture

tions be made about the number or quality of
the color of an object nor about its uniquenessin
a scene.Nor should any restriction be imposedon
the lighting

conditions (e.g., to provide glare-freelighting).
Finally, no assumptionsshould be made about tem-
porary occlusions of the objects to be tracked by
other, possibly moving objects.

All these criteria together make it very hard,
if not impossible to showv close-to-perfect perfor-
mance on high-performance systems, let alone on
low performanceembeddedsystems. Howevwer, it is
possibleto achieve a reasonableperformance that
might be su cien t for many real-world applications.
In the following, we rst describe the architecture
of our proposedsystem and then show the results
of the experimental validation of the design.

3 The System Arc hitecture

The systemconsistsof v e major, concurrertly ac-
tive modules: the color blob detection, the motion

blob detection, the blob tracking, the blob seletion

and camera control, and the attentional subsystem
(seeFigure 1). In the following, we will describe
the functionality of ead modules as well as the

employed methods for reducing computational re-
sourcerequiremerts.

3.1 Color Blob and Motion Blob De-
tection

Color and motion blob detection are the most ex-
pensive subsystemsin terms of computational re-
sources(both in time and space): blob detection in
the wholeimagehasatime requiremert of O(width

height) (where width and height are the dimen-
sions of the image). Each color is de ned in terms
of three certroids for ead dimensionsin RGB space
and two threshold valuesfor eat certroid, respec-
tively. Any number of colors can be searted for
in one passof the algorithm. Dierent from other
highly optimized blob detection systems(e.g., [3]),

any number of overlapping color regionscan be de-
ned in RGB spaceand searded for, resulting in

overlapping blobs (this is too allow the system to

detect colorsrather than having to supply them be-
fore hand). The time cost for a seard for multiple

colors is linear in the number of dierent colors.
The algorithm chedks ead pixel whether it belongs
to oneof the target colorsand if so, either addsit to

the blob of the pixel to the left if the colors match,

or to the blob of the upper pixel if colors match. If

both the left and the upper pixel match but belong
to dierent blobs, then the two blobs are merged
right away. This step reducesthe number of blobs
that needto be mergedand thus improvesthe per-
formance of the algorithm.® After all pixel have
been processed,certroids and bounding boxes are
computed, and blob lters are applied (e.g., blobs
below a minimal sizeare dropped). The algorithm

returns lists of color blobs ordered accordingto the
respective colors parameters.

Motion blob detection is basedon the sameal-
gorithm, exceptthat pixels in two consecutive im-
agesare comparedaccordingto their di erence along
all three dimensions(which are de ned in terms of
\error intervals"). If a pixel in the current images
is not contained in the error intervals of the same
pixel in the previousimage, it is addedto a motion
blob. After processingall pixels, motion blobs are
mergedin the sameway as color blobs.

The JAVA implementation of the algorithm has
been further optimized in seweral ways to reduce
runtime resources.For example, all data structures
are pre-allocated (as \new" operations for classin-
stantiations in JAVA are expensiwe). Furthermore,
it is possibleto invoke the algorithm with optional
parameters that de ne a rectangular area in the
image, to which the seard of blobs should be con-
strained. Applying constraints is an important way
to increasethe overall frame rate of the algorithm
(seethe experiments below).

1still, the exibilit y of being able to search any number of
possibly overlapping color regions at the same time causes
a performance loss of a factor of 2 to 3 depending on the
application compared to the highly optimzed, yet less exible
algorithm in [3].



3.2 The Atten tional Subsystem

The purposeof the attentional systemisto nd par-
ticular objects in a sceneand subsequetly track
them as well as possible. Objects can be de ned

in terms of multiple colors, size, and/or motion.

Whenewer a new request for nding and tracking

an object is received by the attentional system, it

recon gures the blob and motion detection systems
accordingto the new requiremerts. For example,a
requestto the attentional systemlike\nd a small
moving car and track it" will result in the follow-
ing con guration of the system: the motion tracker
will seart the whole image for regionswith move-
ment and return those blobs. The color blob detec-
tion will subsequetly be called on those blobs for
a range of blue colors. For ead blue object that

has beenidenti ed, a tracker will be instantiated

that will independertly attempt to track the ob-
ject. A criterion can be set that will be usedto

decide which blob to track if inconsistenciesarise
(e.g.,if two blobsmovein di erent directions). The
attentional system receives information from ead

tracker and, by applying the set criterion, assigns
one of them a higher priorit y than the rest. If the

cameramoves,the attentional systemcomparesthe

overall number of pixels that are marked as mo-
tion pixels and discards an image if this number
is above a given threshold. This is a biologically
inspired method (performed by the human retina)

to determine whether the camera/robot is moving

or the objects are moving without requiring pro-

prioceptive feedbak from the camera/robot mo-
tors. Without dismissingsucd imagestaken during

camera motion, the tracking mecanism will not

work properly, as trackers implicitly assumethat

the camerahasreadhedits nal position whenthey
get blob information from the blob detecting sys-
tems. By suppressingthe image from the camera,
the system'sintegrity can be presened.

3.3 The Motion Tracker

Motion trackersare instantiated for eady matching
region that is found in the image (i.e., color blobs,
motion blobs, or combinations). Onceinstantiated,
they will attempt to track the blob de ned by the
instantiation criteria (e.g., blue moving blob). If
the blob enters a critical region on the screen,then
the tracker sendsa requestto the camera cortrol
systemto move the camera. Similarly, whenewer a
camera movemert occurs, trackers are noti ed in
order to be able to update their state. If a tracker
hasidenti ed its blob in animage, it will attempt to
predict the blob's location in the next image based
on the locations of the blob in the past two images.

The result of the prediction de nes a constraint,
which is passedto the color and motion blob de-
tection systemsin order to reduce processingtime.
If a tracker losesits blob, it widensits constraints
and attempts to reidertify it in the current image.
It also noties the attentional mechanism, which
ensuresthat wider regionsin the imagesare con-
sideredfor blob detection. If reiderti cation of the
blob is not possible,the tracker will wait for a pre-
determined number of imagesbeforeit terminates
(at which time it will also notify the attentional
mechanisms).

3.4 The Blob Selection and Camera
Control

The blob selection and camera control module is
concernedwith moving the camerafast enoughto
keepthe blob be designatedby the attentional sys-
tem certered. The camerais cortrolled by two PID
controllers, whose gains have been experimentally
determined. Of particular importance for moving
objects are the non-zerolD componerts, which can
implemert aninertia e ect in the cameramovemert
that facilitates the tracking of moving objects (see
experimert 2 below).

4 Exp erimen tal Set-up

After preserting the details of the functional or-
ganization of the system architecture, we now de-
scribe the experimental setup to test the system
and verify its design. All experiments were con-
ducted with an ActivMedia Pioneer 2 robot with
a Sory Pan-Tilt-Zo om camera. The robot has an
onboard PC104 computer running RedHat Linux
8.0 with a 850 MHz Pertium 11l CPU and 128
MB of RAM, and a low-level motor cortrol board
with its own embedded processor. Communica-
tion with the motor control board (sending com-
mands to the e ectors and retrieving sensor in-
formation) was achieved using an asyndronously-
running server written in JAVA that wrapsthe low-
level controller commands. The tracking system
was connectedto the JAVA sener via JAVA RMI
(i.e., remote method invocation), which allows for
two di erent setups: the tracking systemcan either
run on the robot or on a remote host, in which case
it connectsto the robot through a wireless ether-
net. The performance of the tracking system was
tested in both setups.

The architecture of the tracking systemwasde-
veloped and tested using the ADE Agent Develop-
ment Environment (under developmert in our lab).



Four ADE componert types were used to imple-
ment the v e tracking system componerts, where
motion and color blob detection where mergedinto
one ADE componert for e ciency reasons.

4.1 Experiments

We ran three sets of experiments: (1) with a sta-

tionary cameraon a stationary robot, (2) with a
moving cameraon stationary robot, and (3) with

a moving cameraon a moving robot. For ead set
we consideredtwo ervironments: one, in which the

tracked object was rst never occluded, and one,
where the object to be tracked was visible in the

beginning, and subsequetly occludedfor short pe-
riods of time. We used se\eral objects to test the

system, but will report only results from tracking

of a single, small blue toy car. This object was not

only moredi cult to track becauseof its sizethan

the other objects we used (e.g., the kind of orange
soccer ball usedin robo-saccer), but also because
its color was closeto the color of the carpet in our

lab, sothat it was often impossibleto get a unique
color blob for the car.

4.1.1 Experiment Set 1. Stationary Cam-
era

In the rst experiment, the car had a distinctiv e
blue color which facilitated its detection through
color blob image analysis. Blob information was
sert to a Tracker unit. The Tracker then iterated
through all blobs, using certroid, area, and bound-
ary information to determine which blob is most
likely to represert the car. Using color information
as the primary meansfor tracking led to very re-
liable tracking of the car in an environment with
seweral moving objects of di erent colors.

In our secondexperiment we added an obstacle
which occluded the car for half a secondto a sec-
ond at atime. The obstaclewasnot wide enoughto
Il the ertire image captured by the camera. The
cameramovedslightly pastthe beginning of the oc-
clusion and stopped with both endsof the obstacle
in view. Thus, whenthe car emergedon either side
- whether continuing its trajectory or reversing its

motion, the cameracorntinued its tracking.

4.1.2 Experiment Set 2: Moving Camera

Here, we performed four sets of experimerts: the
rst twowereidentical to the stationary cameraset.
However, motion detection was intro duced here for
the rst time into the system. Another new addi-
tion to the system was motion estimation: if the
car position was known for two iterations through

the control cycle, then an extrapolation was made
of the probable cameralocation. The searh was
then initially limited to this areaand, if that failed,
generalizedto the ertire image.

The third and fourth tests, described below,
tested the interplay between blob detection and
motion detection in tracking a moving object. A
PID cortroller wasusedto move the camerato the
best position for ball tracking. For best results in
our system, we have found that a P-gain of 0.26, a
I-gain of 0.2 and a D-gain around 0.2 allowed the
camerato track the car both in the unoccludedand
the occluded experimernts.

For the rst two experiments we moved the car
by holding it in one hand. In our third experi-
mernt, we started the experimert in a similar man-
ner. However, at some point we closedthe hand
around the car, cortinuing the motion. At that
point, the tracker could no longer rely on color in-
formation for tracking, relying instead on motion
information. In order to better recover the car
iffwhen it reappearedon the screenwe kept infor-
mation about the size of the car. And compared
color blob sizesagainst the known size of the car.

A fourth experiment further tested the limits of
our system. As in the third experiment, at some
point the car was hidden in the hand. Here, how-
ever, the other hand wasat this time alsomovedto
and fro in front of the camera. Tracking was sat-
isfactory, though sometimes,depending on thread
scheduling and how distinct the moving objects were
in the picture, the tracker would latch on to another
moving object and start following that (especially
if two moving objects camecloseenoughto beiden-
tied asa single motion by the algorithm).

4.1.3 Experiment Set 3: Moving Camera +
Mo ving Rob ot

By adding motion to the robotic platform itself,
this becameby far the most complextask of the sys-
tem, asthe motion detection becamefar lessuseful
in limiting the areaswhich were searded for the
ball. However, the motion extrapolation proved to
be bene cial in this case,asthe motion of the car as
it moved (in both a straight line and an a random
motion) was followed by the agert.

The additional load of computing motion and
controlling the robot wheelsled the systemto slower
responsetimes, and more frequert loss of tracking
in the occlusion tests.

With the complete architecture in place, cycle
times were taken to evaluate the performance of
the architecture. Two measureswere considered:
the time neededfor visual processingand the time
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Figure 2: Cameraimagesand tracker information for stationary cameratracking: unprocessedmage(top),

tracker information (bottom)
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Figure 3: Camera imagesand tracker information for mobile camera tracking: unprocessedimage(top),
tracker information (bottom). Two trackers are presert in someimages;the main blob is moving to the left

neededfor one completeupdate of the architecture.
Visual processingaveraged121.65ms per cyclewith
a standard deviation of 231.94. Overall cycletimes
averaged 146.94ms, with a standard deviation of
103.07.

Three conclusionscan be derived:

Visual processingwas responsible for most of
the CPU time usedby the system (82.79%)

Individual componert processingtimes tend
to vary signi cantly due to the threaded na-
ture of the system

The overall systemvariation in executiontimes
is much lessthan its componert parts, since
most thread switches(with such exceptionsas
the robot server updates) occur among com-
ponerts of the architecture

5 Implemen tation Details and
Optimization Measures

In this section we presert some of the ideas, op-
timizations, and heuristics used in our system in
order to maximize performance.

5.1 Threading and Parallelism

In autonomousagerts, time is the critical resource:
it is essetial that operations are performed e ec-
tively and in a timely manner. An implicit conse-
quenceof this is that threading and parallel execu-
tion should be usedwherewer possible.

5.1.1 Image capture

On the Pioneer 2 robots, the framegrabber uses
DMA to transfer imagesto memory. On an 850



MHz processor,using a 160 pixel by 120 pixel im-
age, ead transfer takesroughly 0.1 seconds(hence
the highest possibleframerate is 10fps). It is there-
fore necessarnythat other processegxecutein paral-
lel to the imagecapture. In JAVA, this translatesto
image capture being performedin a separatethread
in the image sener:

public  void run() {
byte[] frame = null;
while  (true) {
frame = frameGrabber.getFrame(quality);
synchronized(imageGuard) {
image = frame;
}
Thread.yield();

}
}

In the code above, the image is accessibleto
the outside world and accessto it is restricted in
order to prevent reads being performed during a
write. Also notable is the explicit Thread:yield()
call after eadh read. We have noticed that the JAVA
thread scheduler does not always preempt threads
in a timely fashion, leading to seere time lags in
cameramovemert when the yield is omitted.

5.1.2 Other threads

Robot sensoryupdateswererun asan asyndironous
thread. Each architectural componernt wasalsorun
as a thread, thus allowing the robot updatesto in-
terweave with computation. All threads performed
ayield() at the end of their update cycles, provid-
ing a simple medanism for concurrert updating.

The time to get a new image from the robot
using the framegrabber is approximately 100ms.
Therefore, the image analysis node should retrieve
imagesfrom the robot every tenth of a second. This
was again an opportunity for threaded execution:
in order to minimize both RMI calls and the time
spent waiting for imagesto arrive, a thread in the
image analysis node retrieves an image from the
robot, sleepsfor the remainder of time to 100 mil-
lisecondsfrom the start of the last accessand starts
a new retrieval.

5.1.3 Image analysis

As merntioned in the Method section, in searding
for the car, motion detection was performed rst,

with color detection only in the regions,where mo-
tion wasdetected. Limitations onthe areaon which
motion detection was performed were sometimes
imposed based on estimations of the car motion.
This estimate relied on knowing where the car was

as two previous points in time. The di erence be-
tweenthem wascomputed and takenasan estimate
of how far the car may have moved sincelast seen.
A rectangular seard regionis createdby starting at
the previously known location, adding the motion
estimate plus an error correction factor (for these
experiments 10%) and limiting the seard to the
region de ned by the previous point, the tip of the
motion estimate vector and horizontal and vertical
lines drawn through the two points. This estimate
amournts to allowing for the following typesof mo-
tion for the car:

Moving with a horizontal velocity componert
between0 and 110% of the estimate

Moving with a vertical velocity componert
between0 and 110% of the estimate

For all but very fast and irregular motion pat-
terns, this estimate proved to be very useful in
maintaining a low turnaround time for image anal-
ysis.

In the following sectionwe presert the environ-
ment usedfor systemdewvelopmert and someof the
features which facilitated its testing.

6 System Development

The dewvelopmert of the architecture for our system
was done in the ADE dewelopmert ernvironment.
ADE is a JAVA-based environment with facilities
for both single and multi-computer system dewel-
opmert. The JAVA base of the system facilitates
the use of graphical tools in the design, testing,
and running of a system. Each of the componerts
used in the tracking system was implemented as
and ADE componert.

The testswererun in two con gurations. In the
rst test, all componens of the architecture were
run on the robot. In the second,a remote machine
was usedfor visual processingand tracking.

Two stepswere taken to ensurea more e cien t
seard for the car: (1) the motion and blob detec-
tion codes were optimized, and (2) the colors for
the car were optimized.

Due to varying lighting conditions, two color
rangeswere usedto identify the car. The process
of identifying and ne-tuning the colors identi ed
as potential car matches was aided by the easeof
adding visual interfacesto ADE componerts.

Figure 4 shows the panel which was added to
the vision sener and which was usedto con gure
the parametersfor blob detection. The panel dis-
plays three images: the unmodi ed camerapicture
(top), the results of performing blob detection on



Figure 4: Control panel for dynamic color range
adjustment

Figure 5: Control panelfor dynamic adjustment of
PID controller parameters

that image with the parameters set on the sliders
(middle), and the results of performing motion de-
tection on the original image.

Cameracontrol was performed through the use
of 2 PID cortrollers - onefor horizontal movemert
and one for vertical movemert. A similar calibra-
tion processwas performed on the parameters of
ead cortroller, using another graphical tool (Fig-
ure 5), which allowed us to change parameters as
the architecture was running.

The architecture for the above experiments was
run ertirely on the robot. However, due to its
ADE -basedimplementation it was possibleto also
run the architecture o -b oard, on a 2.1 GHz PC,
leaving only the robot senersand the cortrol node
to executeon the robot. A reduction of approxi-
mately 35% in the time required for one complete
update of the architecture was obsened.

7 Conclusion

In this paper we proposedan adaptive tracking sys-
tem for autonomousrobots that usescolor and mo-
tion information to track moving objects, while the
robot and its cameraare possibly moving. The sys-

tem achievesan averageframe rate of 7 framesper
secondon an ActivMedia Pioneer 2 robot (where
10 frames per secondis the maximum number of
framesthat can be obtained from the framegrabber
in our setup). The performanceevaluation shoved
that the system, while far from perfect, has good
tracking performance under the lessthan perfect
ervironmental conditions in which it was tested
(ic kering lights, similar colorsin ervironment to
object tracked, motion in the bacdkground, etc.).
Most importantly, the systemcanrun autonomously
onarobot with limited computational power, which
is what distinguishesit from most other systems.

We are currently investigating possibilities to
improve the system performance by adding optic
ow methods, although there seemto be intrinsic
computational barriers involved. We are also try-
ing to additional low-cost methods of motion esti-
mation in an e ort to add predictive cameramove-
mernts, which should help in caseswhere the robot
now losestrack of an object, becausethe camerais
too slow.
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