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Abstract

Thispaper describes a robust approach to real-time model-based visual tracking and servoing for rigid polyhedral objects
moving with 3 degrees of freedom. It isrecognized that low-level feature segmentation is not infallible. Uncertainty measures
enter into all computations to account for varying degrees of confidence in the measured object features. Robust tracking and
servoing has been demonstrated in the presence of partial occlusion and cluttered backgrounds at tracking speeds of up to
1.2 rad/s (69 deg/s). This algorithm has also been used for vehicle following where a vehicle is driven autonomously by fol-
lowing the path of another vehicle.

1. Introduction

Thevisual tracking problem hasreceived considerabl e attention from the robotics and computer vision communities. There
are many variations on the problem depending on the assumptions made about the target. Most work has focussed on tracking
rigid objects. However, some attention has been given to the tracking of deformable objects[1]. There are adso differencesin
terms of how much isassumed known about the appearance of the target and the motion of thetarget. Inthiswork it isassumed
that wearetracking arigid 3-D object with known geometry and appearance and moving with 3 degrees of positional freedom.

Approaches to visual tracking also vary in terms of the assumptions made about the frame to frame motion of the target.
Many works, including the one described in this paper, assume spatio-temporal continuity; i.e., the location of the target in
incoming images can be approximately predicted using the previous location and the estimated motion of the target. Refer-
ences[2] and [3] [4] are also examples of work that make this assumption. In another method, [5], described asrobust to large
and arbitrary motions between images, line detection is performed on the raw image. The extracted lines are then compared
with the model, and a best-first search algorithm is used to find the best set of one-to-one correspondences between the model
lines and the extracted lines. The method described in [6] is also lessrestrictive in terms of the spatio-temporal continuity re-
quirement. Feature location is determined using a sum-of-squared differences optical flow algorithm. This algorithm searches
the entireimage for each feature. Unlessthe motion greatly distortsthe tracked features, the algorithm should be able to handle
displacements within the field of view. This method also uses a unique control formulation where the target motion is contin-
ually estimated asan ARMAX model [7] and the estimated parameters are used to adaptively adjust the gains of the manipu-
lator servo controller (amanipulator is used to point the camera).

Our method emphasi zes robust methods for detecting the target. It isrecognized that |ow-level feature segmentation is not
infalible. The principles used are motivated by statistics. At the earliest stage of processing (see 2.3), the location of each
feature is determined separately. These features are combined — accounting for the variance in each feature measurement —
to obtain the best linear unbiased estimate (BLUE) of target location. The estimates of the target |ocation are combined over
time— accounting for the covariance in target location — to update motion models for the target. The motion modelsarethen
used to predict target position and feature locations in the next incoming image. Prediction of target motion is also necessary
for the purposes of control to compensate for the delays incurred by image acquisition and image processing.

The agorithm has been demonstrated for target tracking using the TRICL OPS camera pointing system and for vehiclefol-
lowing. In vehicle following, the position of a lead vehicle is visualy tracked from the vantage of a pursuing chase vehicle.
This algorithm has achieved very promising performance at tracking targets moving at significant speed and in the presence
of partial occlusion, shadows, outdoor lighting conditions, and arbitrary background scenery.

2.0. Themodel-based tracking algorithm

An overview of the processing scheme is shown schematically in Figure 1. A single CCD camera provides video images



to the system at the rate of 30 hertz. Image data flows through the diagram as indicated by the arrows. There are several suc-
cessive stages of computation:

1. Edge extraction - Extracting position and orientations for all edge points.

2. Data association - Determine likely groupings of edge points to each model feature.

3. Feature measurement - Use grouped edge points to determine location of each feature.

4. Feature aggregation - Determine the overall location of thetarget by fitting the target model to the conglomerate of com-
puted feature locations.

5. Update motion models - Use computed object location to update parameters (e.g. velocity, acceleration) that describe
how the target moves as afunction of time.

6a. Predict target location in next image - Extrapolate motion model to predict target location in next image. Use predicted
target location to determine corresponding predicted feature locations.

6b. Predict target location at next servo cycle - Predict target location such that trajectory of camera pointing device (TRI-
CLOPS) will keep image of object centered in the field of view.

These processing steps are described in the remainder of this section.

2.1. Geometric model of target

Geometrically, thetarget ismodelled in terms of its edge featuresi.e., light-to-dark transitions. Each of these edgesis mod-
elled by aline segment. One such model is shown in Figure 2 for the target shown in Figure 2.

2.2. Initialization of tracking

Registration between the model and the target is initially established by a teleoperator. Using a graphic representation of
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Figure 1. Processing Overview



the model superimposed on the live video image, the tel eoperator positions and scalesthe model such that it graphically aligns
with the image of the target.

2.3. Edge detection

Inthefirst processing step, edge detection, is performed on theimage. Theimageis separately convolved with the two 3x3
Sobel gradient operators. The resulting gradient images are used to compute edge magnitude and edge direction for every pix-
el. The magnitude image is then thresholded to produce a binary edge image.

Since it can be shown that a statistical estimate will improve — the variance in the estimate will decrease — when more
data are considered [9][10][11], the resulting binary edge image is subsampled as little as possible so that the subsequent es-
timates of feature location (2.4) are as good as possible. Currently, the edges within the window of interest (see 2.4) are ran-
domly sampled such that a maximum not exceeding 1500 points are acquired. The upper limit of 1500 points is necessary to
ensure that the timing constraints of the system are satisfied.

2.4. Data Association

Many of the detected edge pixels are not caused by model features. There are many entitiesin a scene that can giveriseto
edges. In outdoor scenesin which vehicle following was performed, strong edges were produced by telephone poles, shadows
and power lines. For tracking experiments in the laboratory, strong edges were caused by bookshelves and tables.

The purpose of this processing isto best determine which edge pixels match each model line segment. In order for an edge
pixel to be grouped to amodel feature, it must satisfy two criteria. Thefirst criterion is the two-dimensional spatial proximity
of the edge point to the model feature. The second criterion is the similarity of direction of the edge point with the angular
orientation of the model feature. An edge pixel isdiscarded if it does not satisfy both criteriafor any model features. The pre-
dictions of model feature locations are computed during the previous processing cycle from the prediction of the overall target
location, (6a) in Figure 1.

In each image, many edges can be discarded immediately on the basis of the spatial proximity criterion. This is done by
eliminating all edgesthat fall outside awindow of interest. This eliminates many, but not all edgesthat violate the spatial prox-
imity criterion. For all edge pointsfalling within the window of interest, the two data association criteriaare applied on apoint
by point basis.

2.5. Feature M easurement

After edge pixels have been grouped to each model feature, the location of each feature is determined such that it gives the
best fit to its group of edge pixels.

Thelocation of each model feature is represented by two parameters (m, b). One of two representations is chosen, depend-
ing on the predicted orientation of the feature:

Figure 2. Model of target

Figure 3. Target



y = mx+b horizontal representation

@

X=my+b vertical representation

If the horizontal representation is used, (m, b) are determined by minimizing the least squares residual in the following set
of overdetermined linear equations:
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(%, ;) are the coordinates of the ith edge point.
n isthe total number of edge points.
For avertical representation, the x and y coordinates of the edge points are interchanged.
There are many least squares methods that exist for solving this set of equations. One such solution is expressed by:
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2.6. Feature Confidence

Some computed feature locations will be more accurate and reliable than others. The differencesin reliability are conse-
guences of thefallibility of the data association algorithm. Since edge pixels are only discriminated on the basis of spatial and
angular proximity, it is unlikely that all spurious edges will be discarded.

It isvaluable to know how much trust can be placed in each of these computed feature locations. One way this can be mea-
sured isin the empirical variance in feature location as given by:
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A large variance corresponds to a scattered distribution of edge points about the computed feature location. Such a scatter-
ing of edge points may indicate the presence of spurious edge points. Thiswill happen when edge pixels from two visual en-
tities (e.g. the desired target edge and an undesired background edge) are grouped to a model feature. Figure 4 shows atypical
scene of target tracking with a bookshelf in the background. Figure 5 shows a binary edge image (edges indicated by black)
of thetarget when it isin front of the bookshelf. Near the left-most edge of the model, there is another strong edge caused by
the background. It is likely that both sets of edge pixels will be grouped to this left-most line segment in the model. If this
happens, the variance in this line segment’ s location will be higher than for other line segments. This feature will then carry
less weight when the features are aggregated to determine the overall target location (see 2.8).

2.7. Corner Features

The location of al corner features are computed by the intersection of the appropriate pairs of line features computed in
2.5. For example, for two lines represented by the horizontal representation, the point of intersection v = (v, v,) is computed

by solving the set of equationsfor v:
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Since corner position isalinear function of the line parameters, the covariancein v is then given by [9][10]:
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2.8. Feature Aggregation

In this stage of processing, the overall target location is computed that givesthe best fit of the target model to the conglom-
erate of computed corner feature locations. The target was assumed to be moving with only 3 degrees of positional freedom
with respect to the camera (orientation of the target is assumed fixed with respect to the camera). More specificaly, the target
location is determined by finding (c,, ¢y, 1/c;) such that this weighted least squares residual is minimized:
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n isthe number of corner features
U, and uy; are the model coordinates of theith cor ner feature when the object is viewed from a nominal range.
vy and vy; are computed coordinates for theit corner.
For the purpose of illustration, it is assumed that the C,; are diagonal.
py and py account for camera calibration and the nominal range of object.
Thefirst summation corresponds to horizontal positioning of the object and the second summation correspondsto vertical po-
sitioning of the object. The range to the object c, entersinto both summations. For example, theterm, 1/c,* p, can be thought
of ascale factor that is afunction of range. Thus in each summation, the center of the object and the inverse of range are de-
termined such that the computed feature locations are brought into correspondence with the object model. The object model
consists of feature locations given at a nominal range. The weighting by the inverse of variance in feature location will then
give the best linear unbiased estimate (BLUE) [11] in the object’ s position.
To solve for the coordinates of the object position, (7) can be rewritten in matrix form:
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The solution for x; that minimizes J can be expressed by:
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Figure 4. Target with bookshelf in background Figure 5. An edge image of target with bookshelf in background
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2.9. Confidence in object location

The reliability of the computed target location will vary from image to image. Reliability will depend on how well the ob-
ject’ s features are discriminated.
Since object location isalinear function of feature location, covariance in object location could be propagated asin (6) by:

C, = LC,LT (10)

However, C; is derived from an empirical estimate of the variance based on the spread of edge points around each feature. It
is not the true statistical variance in each measured feature location. Moreover, it is based strictly on image data in the local
neighborhood of the feature. It does not account for how much each feature contributes to the overall least squares error in the
object location (i.e., b; is completely absent from the formulation).

A better expression for the variance in feature location can be determined by accounting for the global consistency of all
computed feature locations. The global consistency of the features can be measured by the normalized least squares error in
the target’ s location:

(CFY2)(b-A%)
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Thisisameasure of the overall accuracy in fitting the target model to the conglomerate of feature locations. Each component

of e, g, measures the consistency of thejth feature measurement to the overall object location as computed by %. Using this
information, the covariance in the target’ s location can be approximated by:
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2.10. Update of motion model and prediction

Using the computed target location, parametric models for the target motion are updated. Target motion is represented by
separate 2" order models along each coordinate direction. For example, motion along the x coordinate is represented by:

_ 2
Cx[t] =8t acxlt + acx2t (13)

t=time

After each measurement of target location, the computed x coordinate, c,, is used to update the parameters of the model,
Acx0r Bexdy Aex2- Bcxo FEPresents position. ag,q represents velocity. a,, represents 0.5 * acceleration. These parameters are up-
dated by fitting the model to the time history of c,. A weighted least squares fit with exponential decay is used. Each obser-
vation is weighted by the inverse of its covariance. In addition, the exponential decay givesincreasingly less weight to older
data. More specifically, the parameters (acyg, 8cx1, 8cxp) are determined by minimizing:

t
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A isthe exponential decay factor: 0< A< 1

The procedure for updating the other two models corresponding to ¢, and ¢, is identical.
The computed model parameters are then used to predict the location of the target in the next image and at the time of the
next servo cycle (in Figure 1 this is represented by the arrows coming out of (6a) and (6b) respectively). For instance, the



predicted x coordinate in the next imageis:
Cx[t +1] = Acxo + acxl(t +1)+ a'c><2(t + 1)2 (15)

Using the prediction of object location, it is a straightforward computation to determine where the features of the object will
fall ontheimage plane. These predicted feature |ocations are then used by the data association algorithm (processing stage (2)
in Figure 1).

To solve for the model parametersin (14), the square root information filter algorithm is used. Thisis arecursive method;
that is, each timethereis anew data point, the solution is computed using the previous solution and the covariance in the pre-
vious solution. For a complete description of how the square root information filter algorithm isimplemented to solve weight-
ed least squares with exponential decay see[8].

In the frequency domain, the relationship between predicted and measured values, ¢, and c, respectively, (prediction of 1
cycleand wy(n) = 1 for all n) isgiven by [12]:

&2 _ (—1+1)(3-3z1-3\zl+72+Az2+7%Z2)
c,(2 (—1+2az1)3 (16)

The frequency domain characteristics of thisfilter for the case of one sample period of prediction areillustrated in Figure 6,
Figure 7, and Figure 8. The most salient characteristics of these plots are magnitude overshoot at high frequencies and fre-
guency-dependent prediction time.

It can also be shown that this transfer function (16) is equivaent to an a—p—y filter [12]:

Hip (a+B+£)+(—20¢—B +£)Z_1+(xz_2 -
1+(a+[3+:11—3)z—1+(—2a—[3+£+3)z—2+(a—1)z—3

Equivalency can be achieved with:
o =1-23 B = 15-15L—1512+ 1.5)\3 Y = 2-6L+6A2-2)3 (18)

For a more complete discussion of the frequency domain characteristics of o—p— filters refer to [14].
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Figure 6. Prediction response of LS with exponential decay
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2.11. Servo control

Once prediction has been applied to the estimated target position to help compensate for image processing latency, this
predicted position may be used as the command input to aservo-controlled system to enable the target to be actively followed.
Asdiscussed in the following sections, the predicted target position has been used as the input to a vehicle steering system to
allow automated following of a lead vehicle, and as the input to an active vision system to allow a hand-held target to be
tracked asit is moved about the room.

3.0. Experimental results

The computing system used for implementing the processes shown in Figure 1 consists of a PIPE! image processor for
edge detection, a VME system with 4 68030 microprocessor boards for the remainder of the visual processing, and a second
VME system for servo control of the active vision system. Program devel opment and cross-compiliation were done on a Sun
Sparc I1. All code was programmed in the Ada programming language except for the programs controlling PIPE which were
programmed in ASPIPE [15]. All code was written in accordance with the NASREM/RCS architecture [16].The system has
an update rate of 30 hertz. The worst case delay between image acquisition and control actuation is approximately 100 ms.
Thistarget tracking approach was tested for two situations: vehicle following and tracking a hand-held target using an active
vision system.

1. Certain commercial equipment, instruments, or materials are identified in this paper in order to adequately specify the experimental procedure.
Such identification does not imply recommendation or endorsement by NIST, nor does it imply that the materials or equipment identified are
necessarily best for the purpose.
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Figure 9. Vehiclefollowing



3.1. Vehiclefollowing

In vehicle following, or convoy driving, the goa isto follow the path of the vehicle driving in front your vehicle. In order
to do this, the lead vehicle must be visually tracked from the vantage of a pursuing chase vehicle asillustrated in Figure 9. A
photograph of the actual lead vehicle used in experimentsis shown in Figure 2. Thisa gorithm has been used to autonomously
steer the NIST HMMWV [17][18] while pursuing this truck. Testing was performed on roads on the grounds of NIST. Suc-
cessful vehiclefollowing was achieved whiletraversing curves, turns at several intersections, and moderately shadowed roads.
Top speeds of 35 km/h were achieved. Following distances varied from 5 to 15 meters.

3.2. Target tracking using TRICLOPS

The agorithm has a so been extensively tested in the laboratory using TRICLOPS [13], a high-performance camera point-
ing system developed at NIST (Figure 10). An exampleimage, Figure 5, was obtained from the right vergence cameraof TRI-
CLOPS during target tracking. Since thisis a monocular tracking algorithm, only the right camera of TRICLOPS is used.

In these tests the system was able to track and servo on the target as it moved at velocities of up to 1 m/s at a distance of
0.85 m. The equivalent angular velocity for this tracking speed is about 1.2 rad/s (69 deg/s). The agorithm has demonstrated
promising resultsin tracking the target in the presence of partial occlusion. The algorithm also was not confused by any of the
background scenery it encountered. For earlier versions of the algorithm (using different confidence measures), tracking was
unreliable when the target passed in front of a bookcase which created many horizontal and vertical edges. The algorithm is
also fairly robust to deviations from the assumed fixed orientation of the target. The algorithm begins to fail when there are
errors greater than 15 degrees in orientation. The algorithm will also fail if the target is moved with very sudden motions.

Further details regarding the performance specifications of TRICLOPS and the implementation of its motion control sys-
tem, as well as additional discussion of predictive filter characteristics, may be found in [13] and [14].

4. Conclusion and futurework

This paper has described a visua tracking algorithm. The primary features are maximal use of image information, confi-
dence measures for feature aggregation and temporal aggregation, and prediction of target motion. This algorithm has dem-
onstrated very promising results in tracking in the presence of partial occlusion and in the presence of potentially confusing
backgrounds. Progress ic currently being made to extend this algorithm to tracking objects moving with a full 6 degrees of
freedom of motion. Also, aternatives to edge detection may be considered in the future for feature detection.

Figure 10. TRICLOPS active vision system
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