
Dynamic comp osition of trac king primitiv es for in teractiv e
vision-guided navigation

Darius Burschka and Gregory Hager

JohnsHopkins University, Baltimore, USA

ABSTRA CT

Wepresent a systemarchitecture for robust target following with a mobile robot. The systemis basedon tracking
multiple cuesin binocular stereoimagesusing the XVision toolkit [1]. Fusion of complementary information in
the images,including texture, color and depth, combined with a fast optimized processingreducesthe possibility
of loosing the tracked object in a dynamic scenewith several moving targets on intersecting paths.

The presented system is capable of detecting objects obstructing its way as well as gaps. It supports
application in more cluttered terrain, where a wheel drive of mobile robot cannot take the same path as a
walking person.

Wedescribe the basicprinciples of the fast feature extraction and tracking in the luminance, chrominanceand
disparity domain. The optimized tracking algorithms compensatefor illumination variations and perspective
distortions as already presented in our previous publications about the XVision system.

Keyw ords: vision-basednavigation, 3D tracking, color tracking

1. INTR ODUCTION

Tracking is an essential task in mobile systems. It is used to perform a variety of tasks including localization,
obstacle avoidance, surveillance and gesture recognition. A common problem in most applications of mobile
systemsis to keepthe vehicleon a pre-de¯ned path. This path may be a corridor through a factory to transport
parts from one machine to another, or a route through a building to give a pre-speci¯ed tour [2], or it may be
a known path between o±ces in caseof a courier robot [3]. Several systemshave been proposedto solve this
problem, most of which operate basedon maps [4], [5], [6], [7] or basedon localization from arti¯cial landmarks
in the environment [3].

Map-basedsystemsusea stored two or three-dimensional representation of the environment together with
sensing to provide such a reference. However, it is not clear that building a metrically accurate map is in
fact necessaryfor navigation tasks which only involve following the samepath continuously. Another approach
would be to use no prior information, but rather to generate the control signals directly from only currently
senseddata [8]. In this caseno path speci¯cation at all is possible. For this second¯eld of applications tracking
is essential.

The main problem in tracking applications on mobile systemsarethe changinglight and geometricconditions.
A static or quasi-static cameraallows a-priori optimization of the tracking primitiv esfor robust operation. This
task provesto be more complexon mobile systems,wherechanging light conditions and environment complexity
do not allow a ¯xed set of tracking clues.

Usually, the restricted resourceson mobile systemslimit the number of tracking tasks to be run in parallel.
An optimal set of them needsto be chosendepending on the current situation. This choice is only possible,if
a global error function can be found for all tracking primitiv es that makes it possibleto comparetheir results.

We structure this paper as follows. In section 2 we intro duce the cameramodel of our system. In section 3,
we give a global system description (section 3.1) followed by a description of the processingin the single
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system layers. We present a method for calculating the quality of the tracking result for the single primitiv es
in section 3.4.3. The results section (section 4) presents the experimental tracking results in real system
applications. We concludein section 5 with a few remarks about the system and a description of future work.

2. CAMERA MODEL

We use in our system a binocular stereocamerasystem with two camerasmounted in a distance B from each
other. The focal lengths of the lensesare f L ; f R . The sensorimage is organizedas a matrix with the horizontal
and vertical coordinates (u; v) originating in the middle of the image(Fig. 1). The origin of the world coordinate
system(x; y; z) is in the optical center of the left camerathat is usedasa referenceimagein the entire processing.
The image planesof the camerasare parallel to each other.
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Figure 1: Coordinate systemsand dimensionsusedin this paper.

In the following text we will call the tracking primitiv es features. Possiblefeatures in the system are lines,
corner points, color regions, etc. Each feature is speci¯ed by its middle point M i , horizontal and vertical
extensiondu ; dv and distance from the image plane zi , if available.

3. APPR OA CH

In this paper we present a tracking system that chosesautomatically a best set of tracking tokensto ful¯ll the
task speci¯ed in the coordination layer (Fig. 2). We intro duce a general tracking system that can dynamically
composean optimal set of tracking primitiv es for a given task and adapting to changing light conditions and
environments. We will motivate it with an exampleof a robot following an object through di®erent parts of our
lab under di®erent light conditions and densitiesof the surrounding objects.

3.1. System description

The entire tracking processis subdivided into four layers in our system:

- Ph ysical Sensor Layer - this layer is responsible for imageacquisition from the physical sensorinto the
system memory and contains the interfacesto the actual hardware drivers;

- Image Pro cessing Layer - this layer is responsible for ¯ltering and extraction of relevant information
from the raw sensorimage. We distinguish two categoriesof imageprocessingasdepicted in Fig. 2: feature
extraction, where the image content is abstracted to derive information about region boundaries in form
of corner points, lines and curves,and domain conversion, where the image content is just transformed to
a desiredrepresentation, like hue, gray-scale,disparity;

- Feature Iden ti¯cation Layer - this layer identi¯es the position of the tracked features in the current
image frame and passestheir position together with a quality value to the tracking module;
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Figure 2: Tracking System Hierarchy.

- Tracking Layer - this layer maintains the state of the tracked object. It is responsible for ¯ltering,
predictions that are required to follow the movement of the tracked object in the image. This layer
decides,basedon the quality value ° i described in section 3.4.3, which featuresare appropriate in a given
moment in time.

- Co ordination Layer - this layer is not part of the tracking system,but it represents the interface to the
real application.

In this paper we will discussthe implementation of the gray-shadedmodules of the system. We will show
with an exampleof color blob and disparity tracking, how tracking modules can be dynamically composed.

3.2. Ph ysical Sensor Layer

As already mentioned in the global description (section 3.1) the purposeof this layer is robust and e±cient image
acquisition from the physical sensorinto the system memory. In our implementation, we usering structure for
the frame bu®er where consecutive frames are stored. Each frame is stored with a time-stamp referencingthe
point in time when the image was acquired.

3.3. Image Pro cessing Layer

3.3.1. Color segmentation

The color images acquired from the camera can have di®erent representations. While most graphics system
favor the RGB color representation, the YUV color coding seemsto be a better alternativ e for color processing.
Fig. 3 depicts the relation betweenthesetwo representations.

Our color segmentation usesthe fact that the hue information £ for a given surfaceP stays constant for all
brightness values Y (Fig. 3). Therefore, in the YUV representation just the UV part is used to compute the
hue. The RGB information needsto be split with into its YUV components. The segmentation subdivides the
color circle in the UV plane into sectors

Cj = ] (i + 1) ¢¢£; i ¢¢£ ] (1)

3.3.2. Disparit y segmentation

In our system we use densedisparity imagesfrom a correlation basedstereo reconstruction algorithm as the
sourceof data for processing[9].
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Figure 3: Di®erent image representations: (left) YUV, (right) RGB color coding.

3.4. Feature Iden ti¯cation Layer

In this paper we want to concentrate on two feature identi¯cation processes:color blobs and disparity regions.
An exampleof each of the regions in the corresponding image domain is shown in Fig. 4.

Figure 4: Region selection in disparity and color image space.

The Feature Identi¯cation Layer needsto provide three basic functionalities that are subsequently required
by the Tracking Layer: initial feature selection,evaluation of uniqueness,and localization in the image.

3.4.1. Initial feature selection

A region R i in the image represents a set of pixels with a similar property in the chosenimagedomain. In case
of a color image it can be the hue range of the corresponding pixels or in caseof a disparity image it can be a
disparity range describing a cluster of points in space.

The goal is to identify a unique object that can be detected robustly in consecutive images. The uniqueness
of the object is in our casede¯ned basedon the following criteria.

Compactness in the ob ject space. The tracked region in our systemrepresents a compact cluster spanning
a range in the given domain. We require that the cluster to be continuous in the given domain to ensurethat
the region property is preserved during the tracking process. In real imagesareas on an object may not be
detected correctly due to texture on the surfacein this area. Therefore, we analysethe histogram of the image
to specify the range of the tracked object in the domain. This search can be done for the entire image, which
corresponds to an automatic landmark selection,or it can be restricted to a local areaof the imagespeci¯ed by
the user.
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Figure 5: Example of a landmark selection in a disparity image.

Fig. 5 depicts the initial target selection in the disparity image shown in Fig. 4. In this casethe nearest
signi¯cant object wassupposedto be selected.From the histogram the rangeof the peak [h l ; hu ] wasestimated
as shown with the dashedlines.

In this examplewe require the distanceszi for all points to be in the estimated disparity range betweenthe
dashedlines.

hl <
B ¢f L

zi ¢sx
< hu (2)

The valuesB ; f L ; zi are already intro ducedin Fig. 1 and sx represents the horizontal pixel-sizeof the camera
chip. This is a basicstereodisparity equation discussedin [10] in more detail. This restriction may be su±cient
to detect clusters in a local window, whereonly the tracked object needsto be segmented from the background,
but it cannot be applied on the entire image. Objects in similar depth can appear in the image that should not
be classi¯ed as members of the samecluster R i . Properties in the image spaceneedto be taken into account.

Compactness in the image space. The extraction of a region in a given imagedomain requiresuniformit y
of the imaged surfacesin this domain. In ideal caseonly pixels creating a continues area in the image should
be selected. This assumption is often violated in real imagesdue to noise in the sensor,texture and shape of
the surface,and light conditions. To compensatefor theseerrors we allow gapsbetweenthe neighboring pixels.

We require that the distancebetweenneighboring imageelements (pixels) px in the consideredcluster should
not exceeda given threshold ²c.

jpi ¡ pj j < ²c (3)

3.4.2. Iden ti¯cation in the disparit y domain

The initial identi¯cation in the disparity domain needsan additional processingstep. The problem is to extract
single standing clusters representing objects from continuous disparity images. An example is shown in Fig. 6.
This image shows several objects, which are classi¯ed correctly, with di®erent heights.

Typically, the °oor connectsthe entire image to one large cluster, making any kind of segmentation di±cult
if not impossible. Sincethe °oor is not interesting for further processing,our ¯rst step is to remove it from the
input data.

Geometrical constrain ts. In stereodata processing,the disparity value dp in the image dependssolely on
the distance zp between the imaged point P and the image plane of the sensor(Fig. 7). In caseof a camera
tilted at an angle £ against the ground plane and pointing at an empty °oor, each pixel in a horizontal image
row has the samedisparity

dp =
B
zp

¢
f
px

; (4)



Figure 6: Detected three obstacles(right) from a pair of images(top) in the densedisparity image (left).

becausezp is independent of the horizontal coordinate in the image. B is the distance between the two
camerasof the stereosystem, f is the focal length of the camera,which is usedas basefor the reconstruction
(in our casethe left camera), and px is the horizontal pixel-size of the camerachip.
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Figure 7: Geometrical consideration for expected disparity in an image.

The estimates for dp or zp in equation (4) come directly from the image. This is done in an on-line re-
calibration process,which is described in the next section.

Estimation of the ground plane. In indoor environments systemsusually operate on °at surfaces.These
surfacescan be estimated from the sparseinformation available in the images.

The internal camera parameters and the orientation of the camerasto each other are estimated in an o®-
line calibration process[11], [ 12]. The re-calibration procedure running on-line in each reconstruction step
estimates the orientation of the camera system with respect to the ground plane ¹ (Fig. 8). Basically, the
presented calibration processestimatesthe rotation betweenthe coordinate systemsof the camera(u; v; e) and
the world (x; y; z).

O

H

v

u

e

P
P

2
1

m
z

y

x

Figure 8: Calibration of £ and H from two arbitrary points P1; P2.

The calibration values can be calculated based on the reconstructed position of two points Pi ; Pj , which
are part of the ground plane P. The stereo reconstruction processreconstructs the 3D position of each point



in the image. Since the system is supposedto be used for collision avoidance, the probabilit y is high that the
bottom rows of the image contain, at least partially , the ground plane. A histogram over the entire image row
is calculated in 10 di®erent rows in the bottom part of the image and the peak values are used to estimate
disparity value dp for this row. A pixel in each row with exactly this disparity value is used to estimate the
coordinates of the point Px in the coordinate system (u; v; e) of the camerasystem.

The angle ¹ k can be calculated using the scalar product of the normalized vector Pi Pj betweenany two of
the ten extracted points and the normalized vector along the z-axis z0.

n = jP2 ¡ P1j

=
p

(u2 ¡ u1)2 + (v2 ¡ v1)2 + (e2 ¡ e1)2

¹ k = arccos

2

4 1
n

0

@
u2 ¡ u1

v2 ¡ v1

e2 ¡ e1

1

A ¢

0

@
0
0
1

1

A

3

5

= arccos
je2 ¡ e1j
jP2 ¡ P1j

(5)

The set f ¹ k g is usedto vote for the estimated angle¹ est . The RANSAC [13] method can be usedto estimate
a valid set S of points reconstructing ¹ est . The calibration value £ can be calculated using ¹ est as

£ =
¼
2

¡ ¹ est =
¼
2

¡ arccos
jej ¡ ei j
jPj ¡ Pi j

: (6)

The height of the camera system H can be estimated from the scalar product of the vector Px with the
z-axis expressedin the coordinate system of the camera

H x =

0

@
ux

vx

ex

1

A ¢

0

@
0

cos¹ est

sin¹ est

1

A

= vx ¢cos¹ est + ex ¢sin¹ est

) H =
1

jSj
¢
X

x 2S

H x : (7)

We have included a \sanit y" check in our system that veri¯es the computed valuesto catch outliers. If the
calculated height changesdi®erssigni¯cantly ¢ H > 10cm from the initially estimated value then the current
calibration is rejected.

Prediction of the disparit y for the ground plane. The parameter zp can be calculated from the geomet-
rical valuesdepicted in Fig. 7 as

zp =
H ¢cos°

cos¯
; (8)

with ¯ = £ + ° ^ ° = arctan
vp ¢py

f
;

where vp is the vertical pixel coordinate in the image relative to the optical center, pointing down (Fig. 8
and py is the vertical pixel-size of the camera. The angle ° is the vertical angle in the camera image between
the optical axis and the current line vp.



Using the equations (4),(8) we can formulate the equation for the expected disparity value for a given line
vp to be

dp =
B ¢f
H ¢px

¢(cos£ ¡ sin£ ¢tan ° )

=
B ¢f
H ¢px

¢
µ

cos£ ¡ sin£ ¢
vp ¢py

f

¶
: (9)

Using the equation (9) the initial disparity image is processedto remove the supporting plane.

3.4.3. Evaluation of the uniqueness factor ° i

The quality of the tracked feature can be de¯ned basedon two factors:

- distance ² to similar regions in the scene. The similarit y of the regions is de¯ned based on equa-
tions (2), (3).

x
Â

e
d

e
d

e
d

e
d

e

Figure 9: Region uniqueness.

All image elements that are in a distance smaller than ²c are mergedto a single region (equation (3)). In
the current application the value ²d (Fig. 9) is chosento

²d = 10¢²c: (10)

The distance dependent uniquenessvalue ° iD is estimated to

° iD = min(1;
²
²d

): (11)

- cue relev ance ° iC in the region is de¯ned as the percentage of the pixels within the tracked region R x

that were classi¯ed as belonging to the tracked object.

The resulting uniquenessvalue ° i is de¯ned by the lower of the both values° iC and ° iD

° i = min(° iC ; ° iD ): (12)

This de¯nition re°ects the fact that a °aw in one ¯eld cannot be compensatedby good performancein the
other one. The resulting value ° i has a range between[0;1] with 1 being the best value.

The samecan be de¯ned for the SSD algorithm (Fig. 2). This de¯nition of the uniquenessallows a robust
choice betweenthe region-basedtracking algorithms.
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Figure 10: De¯nition of the subimagesizebasedon pi .

3.4.4. Lo calization of the feature in the subimage

Tracking in our implementation is basedon re-localization of the tracked object in the image. The position
of the object pi at time t i is used to de¯ne a search window in the subsequent frame acquired at time t i +1

(Fig. 10).

The ¹ x 2f l ;r ;u;d g values represent the distances from the tracked region in all four directions (Fig. 10). In
the initial step and in casethe speedof the tracked region is not estimated (section 3.5), all ¹ x 2f l ;r ;u;d g values
in Fig. 10 are set to the samevalue, which needsto be large enough to keep the tracked object inside of the
de¯ned subimage. We set in this case¹ x = ²d (seeequation (10)). If the speedof the object with the sizer u ; r v

in the cameraimage is known (su ; sv ) then the sizeof the sub-window (Fig. 10) can be estimated to be

¹ l = piu ¡ ²d ¡ su ; ¹ r = piu + ²d + su

¹ d = piv + ²d + sv ; ¹ u = piv ¡ ²d ¡ su (13)

The processingin the Image Processing Layer (section 3.3) can be limited to the calculated region. The
segmented image is clustered into regions and the region with the highest ° i (section 3.4.3) is chosenas the
result of the current localization step.

3.5. Tracking Layer

The tracking module maintains the state of the tracked object. This state needs to contain the following
domain-speci¯c properties Es:

- position in the image pi - the position of the middle point of the tracked feature;

- size of the region r u ; r v - the (u,v)-extension of the object in the image;

- range in the curren t domain dmin ; dmax - the hue or disparity range of the tracked object;

- shap e in the image º - it describesthe ratio of width to height in the image;

- compactness of the region q - it describes the percentage of the pixels that are in the valid range
dmin ; dmax ;

- uniqueness ° i - the uniquenessof the region in the given image domain.

The robustness of the tracking processcan be increased by estimating additional state values that are
independent of the image domain. They describe global properties Eg of the actual object:

- speed in the image su ; sv - the speedof the tracked region R x in the image;
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Figure 11: State transitions in the tracking process.

- state in the ob ject space - the translation and rotation of the real object estimated basedon, e.g.,
Kalman estimation [14] techniques.

The tracking processconsistsof three states, initial search, tracking, and re-initialization (Fig. 11), which
are chosenbasedon the value of the current ° i .

In the initialization state a unique region is selected.The initial state valuesare stored for all employed
tracking cues. This step is necessaryto re-initialize the tracker later basedon the information from other cues.
Fig. 4 depicts an examplewhere, basedon the segmentation results in the disparity domain, state information
for the box in the color domain was extracted. In this example the disparity domain had a ° i value of 0.95
comparedto 0.24 in the color domain.

Once the appropriate region and method are selected,the system changesto the tr acking state . In this
state, the active module in the Feature Identi¯c ation Layer is triggered to estimate the current position pi and
the uniquenessvalue ° i for the current step. The systemstays in this state until one of two possibleexceptions
occur:

- boundary exception - the tracked region leaves the image pi 62S. In this casethe system switches back
to the initialization state.

- uniquenessexception - the ° i value drops below a threshold ° min . In this casethe system goes to the
re-initialization state.

In the re-initialization state the other possiblecuesfor the given subimageare queried to determine if
they can provide a valid ° i value. If this is the caseand the shape º and compactnessq valuesmatch the initial
estimates then the system switchesback to the tracking state using the new cue. In the other case,the system
predicts an estimated value for the region until Tmax is reached and goesback to the initialization state.

4. RESUL TS

In our experiments we used a Nomad Scout as a mobile robot with a PentiumI I I@850MHznotebook running
Linux-OS. The system was equipped with SRI's MEGA-D Megapixel Stereo Head with 8mm lenses. The
cameraswere mounted in a distance of 8.8cm from each other.

The typical tilt angle of the camerasystemduring the experiments was £ = 53±. The systemwas mounted
H = 48:26cm above the ground. This con¯guration robustly detected obstaclesin front of the robot while still
allowing viewing up to 4m in front of the robot. In this con¯guration the systemwas running with a frequency
of 11.2 Hz for the tracking.



Figure 12: The newspaper is visible in the top, but it disappearedin the bottom image.

4.1. Qualit y of Ground Plane Detection

Ground plane suppressionis fundamental for operation in the disparity domain. An example of suppressionis
shown in Fig. 12. It shows the resolution of the system, which is capableof distinguishing betweenthe ground
plane and objects as low as 1cm above the ground at a distance up to 2m. The newspaper disappears as an
obstacleas soon as it lays °at on the ground.

Ground suppressionwas tested on di®erent types of °oor. We modi¯ed the tilt angle of the camera in a
range 45± < £ < 70± in 5± steps. The number of pixels that could not be removed correctly was 0:6§ 0:01% of
the total number of pixels in the image. All these remaining pixels were incorrect depth estimations from the
stereoalgorithm.

4.2. Qualit y of Feature Iden ti¯cation

The algorithm was applied in a variety of situations and generatedreliable results. A ¯rst examplewas already
presented in Fig. 4 where, basedon position of the region in one domain the corresponding region in the other
one was selected.A few more examplesare shown in the Fig. 13.

scene disparity ° i color ° i

beforedoor 0.33 0.32

in door 0.22 0.33

behind door 0.42 0.30

Figure 13: Example of feature identi¯cations during passinga door.

Fig. 13 shows the result of feature identi¯cations for di®erent scenetypes. In the ¯rst casedue to poor
texture and dark light conditions both tracker typesreturn similar results. In this situation both tracker types
could be used,but the disparity mode waschosendue to a slightly better ° i value. In the door the neighborhood
criterion seemsto cause° i to drop for the disparity tracker. The color tracker, which shows constant values
over the entire time is chosen. Behind the door the di®erent light conditions and reduced complexity in the



distance range of the object raise the ° i value for the disparity tracker signi¯cantly above the value of the color
tracker.

5. CONCLUSIONS AND FUTURE W ORK

We have presented a systemthat allows a dynamic composition of tracking primitiv esdepending on the current
quality value from the underlying identi¯cation process.It allows dynamic changesin the tracker composition
depending on the current light conditions and environment complexity.

The system was tested on our mobile system Goomba, where it successfullytracked an object through the
lab under changing environment complexity. The system was able to switch autonomously between color and
disparity tracking while passingthrough narrow passagesand it switched back to the more robust tracker once
the scenecomplexity allowed it.

In the future we want to extend the set of modulesusedfor tracking to allow a larger variety of composition
possibilities that will allow more robust tracking and re-initialization.
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