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Abstract

In this paper, we propose a new approach that uses a motion—estimation based framework
for video tracking of objects in cluttered environments. Our approach is semi-automatic, in the
sense that a human is called upon to delineate the boundary of the object to be tracked in the
first frame of the image sequence. The approach presented requires no camera calibration;
therefore it is not necessary that the camera be stationary. The heart of the approach lies in
extracting features and estimating motion through multiple applications of Kalman filtering.
The estimated motion is used to place constraints on where to seek feature correspondences;
successful correspondences are subsequently used for Kalman-based recursive updating of the
motion parameters. Associated with each feature is the frame number in which the feature
makes its first appearance in an image sequence. All features that make first-time appearances
in the same frame are grouped together for Kalman-based updating of motion parameters.
Finally, in order to make the tracked object look visually familiar to the human observer,
the system also makes its best attempt at extracting the boundary contour of the object—a
difficult problem in its own right since self-occlusion created by any rotational motion of
the tracked object would cause large sections of the boundary contour in the previous frame
to disappear in the current frame. Boundary contour is estimated by projecting the previous-
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frame contour into the current frame for the purpose of creating neighborhoods in which to
search for the true boundary in the current frame. Our approach has been tested on a wide
variety of video sequences, some of which are shown in this paper.

© 2004 Elsevier Inc. All rights reserved.
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1. Introduction

Object tracking has received considerable attention during the past several years
[28,40,17,16,23,6,30,36,38]. Applications of object tracking can be found in areas as
diverse as video editing for publishing and entertainment, video surveillance, object-
based coding for MPEG-4, query formation for MPEG-7, etc.

The approaches suggested so far for object tracking can be classified into auto-
matic and semi-automatic categories. The fully automatic approaches, such as those
proposed by [27,19,15,5,21], work mostly for simple objects executing simple mo-
tions against clutter-free backgrounds. An example would be a bright light source
moving against a uniform dark background. Tracking under such conditions is rel-
atively easy for the obvious reason that the object can be trivially segmented from
the background. Automatic methods are not the focus of this paper, since we are
specifically interested in complex objects executing complex motions against clut-
tered backgrounds.

The semi-automatic methods are all based on the rationale that if the human
could help out with the initial segmentation of the object to be tracked, the computer
could then be relied upon to track the extracted form in subsequent frames. This
rationale underlies the many contributions in the semi-automatic category. The pub-
lished literature on such semi-automatic methods uses two different approaches for
motion estimation. While some researchers, such as [6,23,28], perform motion esti-
mation by establishing feature correspondences between the frames of a video se-
quence, others do motion estimation by first calculating optical flows.

The optical-flow based and the feature-correspondence based methods for motion
estimation have their own advantages and disadvantages. Optical flow based meth-
ods theoretically treat tracking as a segmentation of the flow field and group together
the optical flow vectors that exhibit the same motion [34,41,1]. The tracking perfor-
mance of these methods depends on the accuracy of the estimated motion field which
is error-prone in the vicinity of intensity discontinuities in images [3,41,18,11]. Addi-
tionally, tracking can often require dense optical flow fields, which may result in bur-
densome computations.

With regard to the feature-correspondence based approaches for motion estima-
tion, it is possible to use color, texture, contour, edge, illuminance, etc., for establish-
ing correspondences between successive frames and to then determine the motion
model parameters that best fit the entire set of observations [23,40,28,6].
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There are, obviously, two issues here to deal with: the accuracy of feature correspon-
dences, and the accuracy of motion estimates as obtained from the feature correspon-
dences. The problem of feature correspondence is, in general, ill-posed due to the
presence of either multiple candidates within a search region or no candidates because
of occlusion and other factors. Using various assumptions—such as the correspond-
ing features in two consecutive frames must be each other’s nearest neighbors when
one frame is projected into the other—several approaches have been proposed for
establishing feature correspondences [43,10,45]. For example, Weng et al. [43] have
proposed a multi-attribute image matching method that creates a vector of attributes
for each pixel—in other words, every pixel becomes an image feature—and then seeks
matches on the basis of the similarity of these vectors. Since this process is carried out
at every pixel, the result is a dense motion map. For rigid motion, the attributes in-
cluded in the vector are the intensity, the edgeness, and the cornerness. For another
contribution related to feature correspondences, Cox [10] has surveyed different sta-
tistical data association methods, such as nearest neighbor, tracking-split, joint like-
lihood algorithms, etc., as strategies for establishing the correspondences.

After feature correspondences are established, motion estimation can be carried
out using either a non-recursive approach or a recursive approach. Whereas the for-
mer processes all the correspondences all at once for the motion estimate, the latter
processes one correspondence at a time that is then recursively updated by process-
ing the next correspondence. It was shown by Tekalp [39] and Alon and Sclaroff [8]
that non-recursive estimators are more stable and converge faster than recursive esti-
mators especially when the motion model used is non-linear. On the other hand,
recursive estimators tend to be computationally simpler, which can be a most impor-
tant consideration for real-time motion estimation.

With regard to recursive methods, various authors have shown motion tracking re-
sults using the Kalman filter—more precisely, the extended Kalman filter (EKF). For
some of the more prominent examples, see [7,23,29,8,45,20,9,46,47]. By using different
motion and/or camera models, or by applying different constraints, the authors have
shown different formulations of the EKF in the context of motion estimation. All of
these contributions include a feature extraction stage, and the accuracy of the EKF
algorithms depends considerably on the feature detection method used.

The work described in this paper is based on the feature-correspondence ap-
proach. Feature correspondence in our work takes place inside a feedback loop that
projects uncertainties into the images to place bounds on where to look for a feature.
Motion estimation then becomes an automatic by-product of the feature correspon-
dence step.

Unlike previous work, we do not decompose the feature-correspondence based
approach into two disjoint sub-problems—first establishing the feature correspon-
dences and then estimating motions. On the other hand, we use a single integrated
approach that uses feedback loops to simultaneously establish the feature correspon-
dences and to perform motion estimation.

Many of the previously cited contributions on semi-automatic tracking use affine
motion models, which implies (implicitly) that those methods are limited to the
tracking of planar surface patches. Our work makes no such assumptions; the
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motions are allowed to be arbitrary rigid-body motions. Our framework is formu-
lated to recover from the monocular image sequences the relative depth values of
the features used for tracking at any given time. Furthermore, our system works
for any previously recorded video because no camera calibration is needed [44]. Addi-
tionally, no restriction is applied to either the camera or the background movement.

Feature correspondences in our approach are established via normalized cross-
correlation within bounded regions defined by the uncertainties associated with
the estimated motion vector. A candidate feature X in the current frame is accepted
as a correspondent for a feature Y in a previous frame provided the motion vector
that incorporates the X-to-Y correspondence says that X is within one unit of Mah-
analobis distance of Y. The problem of occlusion is taken care of by keeping track of
the lifetime of each feature—from the frame in which it makes its first appearance to
the frame in which it eventually disappears due to occlusion. The beginning frame
for a feature is called its genesis frame. For motion estimation in the current frame,
all of the features with the same genesis index are grouped together and used jointly
for Kalman-based updating of the motion vector.

Since boundary contours play a critical role in humans’ perception of objects, our
system also makes a best attempt at extracting the object boundary during the track-
ing process. But, as is well known, when objects are allowed to undergo rotational
motions or when the view angle changes significantly, the problem of boundary
extraction is exceedingly difficult. For a best-attempt solution, our system carries
out a previous-frame to next-frame projection of the bounding contour in order to
create neighborhoods in which to search for the true boundary. The search process
presented in this paper uses a combination of growing and shrinking of the inner and
the outer bounds of such neighborhoods for the discovery of the real bounding con-
tours. The procedure is not fool-proof.

The paper is organized as follows. Section 2 gives an overall description of our sys-
tem. Then Section 3 presents feature correspondence matching through feature uncer-
tainty modeling, prediction, and extraction. How Kalman filter is initially applied to
motion estimation, and how motion estimation feedback is used in establishing fea-
ture correspondence are described in Section 4. Section 5 elaborates our multi-frame
based motion estimation method. How motion estimation is achieved when some of
the features get lost due to self-occlusion will also be described in Section 5. Section 6
discusses the topic of boundary extraction of an object that is being tracked. In
Section 7, we test the accuracy of our approach, first with synthetic data, and then
with real video sequences. Section 7 also presents the result of a comparison between
our approach and a traditional implementation of Kalman filter based object tracking
in which one simply uses correlation based feature selection, but no motion estima-
tion feedback to improve on feature correspondences.

2. The motion tracking framework—an overview

As we mentioned earlier, ours is a semi-automatic approach to the tracking of ob-
jects in video sequences. To get around the difficulty of segmentation, the human
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must specify what to track in the first image of the sequence. Specification of what to
track obviously calls for a graphical interaction module that is not demanding on the
user. In our system, this problem was solved with a specially designed image editor
module, called the color-interactive segmentation editor (CISE) that is described
elsewhere [14]. The editor calls for minimal user interaction for specifying semanti-
cally significant boundaries. The degree of human interaction is reduced by giving
the user tools to delete/merge the regions produced by a split-and-merge segmentor
so that the final boundaries are appropriate for the object to be tracked. The editor
incorporates smart heuristics for edge-linking, together with boundary smoothing
through an energy-minimization algorithm. The role of the editor is made clear in
the overview schematic of Fig. 1. The box labeled “Object Initial Definition” stands
for the user using CISE to specify a Region of Interest for tracking. Since the focus
of this paper is specifically on Kalman filtering for tracking, we will not delve any
further into the details of CISE. The reader is referred to [14] for further details.

The rest of the flow diagram of Fig. 1 deals with the tracking of 3D objects. As
implied by the figure, the tracking process begins with an automatic selection of fea-
ture points inside and on the boundary of the object, this function being performed
by the Feature Selection module. As we will explain later, the boundary points are
not used for tracking—since their visibility cannot be relied upon when objects are
rotating—but only for maintaining an internal representation of the object being
tracked. The interior points, on the other hand, are the ones that are tracked.

The interior points form a second internal representation of the object, this one
purely for the purpose of tracking. We will show in the next section that all of the
interior points taken together can be used to construct a motion vector (MV) and
a shape vector (SV) that are subject to Kalman filtering for motion and pose
prediction.

For the initially registered interior feature points, we keep tracking them until
they disappear due to self-occlusion or feature mis-match, and in the meantime,
new features are registered as time goes on. The basic tool for establishing a feature
correspondence is the normalized-cross-correlation (NCC) within a neighborhood
bounded by the Kalman-predicted motion of the object. The resulting feature corre-
spondences are used to update the motion vector associated with the object. The up-
dated motion vector is then used to test again the appropriateness of the feature

Segmentation
Editor Module

i i Motion Tracking Module
:::--"""-"-"--"-""""""""""""""""""""""""_-"“““““““"‘

Initial . Ny 1
Object Feature . 'I.'wo-Fr'ame. | o Multi-Frame | Boundary N Select Additional |!
Definition Selection Motion Estimation Motion Estimation Updating New Features

Fig. 1. Overall architecture for motion tracking.
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Fig. 2. Interior feature points flow, where feature i starts in frame 0 and disappears in frame k + 1, and
feature j starts in frame k + 1 and is still active in current frame n.

correspondences, or to predict new neighborhoods in which to seek the correspond-
ing features points.

Fig. 2 depicts a feature i that initially appears in frame 0, but disappears in frame
k + 1. Also depicted is feature j that first appears in frame k + 1 and is still active in
the current frame n. Frame 0 is the genesis frame for feature i and frame & + 1 is the
genesis frame for feature j. All of the features in the current frame are grouped on the
basis of their individual genesis frame index. The Two-Frame Motion Estimation
module carries out motion estimation using groups of features, all the features in
the same group having the same genesis frame. Therefore, if a group of features in
the current frame n has a genesis index k, the Two-Frame Motion Estimation module
will update the motion vector of the object by applying the Kalman filter to the
frame-k and frame-n data.'

While the Two-frame Motion Estimation module updates the motion vector in the
current frame on a feature-grouping by feature-grouping basis, each grouping char-
acterized with the same genesis index, we also need a mechanism to combine all of
these updates into an overall single update for the motion vector of the object. This
is accomplished by the Multi-Frame Motion Estimation module shown in Fig. 1.

Subsequently, the Boundary Updating module makes a best effort for delineating
the boundary of the object. It is critical to note here that the output of this module
only secondarily affects the overall tracking performance of our system. As was men-
tioned earlier, the boundary points are not used directly for tracking, since they are
highly susceptible to occlusion in the presence of object rotations. Yet, humans wit-
nessing the tracker like to see the boundary of the object being tracked. Hence this
module.

The behavior of the Boundary Updating module affects the tracker in the sense
that it circumscribes the region in which the system should look for additional
new feature points if too many of the old disappear on account of occlusion.

! Note that this module carries out motion estimation nof just from the last frame to the current frame
(unlike many other implementations of Kalman filtering for tracking), but from the frame in which a
feature first makes its appearance to the current frame. We believe that this approach results in more
robust motion estimation. When a feature first pops up in a new frame, the system associates by default a
large value of uncertainty with the feature. Subsequently, as this feature is tracked from frame to frame,
the Kalman filter reduces that initial uncertainty.
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The selection of the additional feature points when needed is carried out by the Se-
lect Additional New Features module shown in the figure.

3. Extraction of feature points, their representations, and uncertainty modeling

We will address in this section the core issue of how we find correspondences in
frame n for the new features discovered in frame k, k < n. Fundamental to this process
is the estimation of motion from frame k to frame n and the calculation of motion
uncertainties in frame #. The uncertainty parameters in frame »n will be obtained by
a two-step procedure: prediction based on the uncertainty values in frame n — 1
and update based on the frame-k to frame-n correspondences deemed appropriate
in frame n. So, on the one hand, the correspondences established will help us update
the motion uncertainties, and, on the other, the estimated motion uncertainties will
help us determine the correspondences. While on the face of it, this sounds circular,
but, as we will show, when motion between successive frames is small, this logic yields
good estimates of motion. Section 5 will then show how to use the frame-k to frame-n
motion estimation framework of Section 4 to estimate motions in frame-# using all of
the genesis frames. The frame-k to frame-n correspondence problem addressed in this
section presents motion estimation formulas using the m interior feature points that
make their first appearance in frame k, the current frame being frame n.

3.1. Automatic selection of feature points for tracking and for boundary description

Before we talk about feature correspondence for a group of features with genesis
index k from frame-k to frame-n, we will first show how feature points are selected
automatically in the very first frame at the beginning of tracking process. This cor-
responds to the Feature Selection module in Fig. 1. But before we do so, we need to
mention that object feature points serve two distinct purposes in our work: (1) Those
that are on the boundary of the object are used for maintaining a description of the
object being tracked; and (2) Those that are interior to the object, in the sense of not
being on its boundary as projected on the camera plane, are used for actual tracking.
It should be obvious that in the presence of both translations and rotations, espe-
cially the latter, it would not be wise to use the boundary points for tracking, since
the rotation would cause some of them to become invisible to the camera. However,
since we do need to maintain a representation of what is being tracked, the boundary
points are still important.

We will now describe how the feature points are chosen automatically in the first
frame after a human has delineated an ROI. In what follows, we will first describe
how the boundary points are chosen by the system. Next, we provide a description
of how the interior points are chosen for tracking.

Boundary point selection is based on marking an initial point on the boundary by
raster scanning the ROI and choosing for the first boundary point the first intersec-
tion of a raster line with the human-delineated boundary. The other points are
extracted by the following recursive procedure:
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Let the current point be denoted P,. Now

1. Starting from P;, visit each consecutive point on the ROI boundary. Let the cur-
rent point be P'. Construct a chord from P; to each P’ and determine the maximal
perpendicular distance between the chord and the boundary between P; and P'.

2. If the perpendicular distance exceeds a threshold, make P’ the next P; and go back
to step 1.

3. If P’ goes past the original starting point, stop.

We denote the set of M boundary points thus extracted by 4 = {50, .. .,EM_I}.
Fig. 3A is a pictorial depiction of the algorithm. Of course, to achieve minimum
boundary approximation error, a user can use pixel-wise representation of ROI
boundary, i.e., select every single point on ROI boundary by restricting the maxi-
mum Euclidean distance between adjacent points to be 1.

The interior feature points are obtained by first calculating the edge maps of the
R, G, B components of ROI by Canny edge detector. Next, an overall edge map is
obtained by taking a logic OR of the three edge maps. Feature points are then se-
lected by sub-sampling the edge points in the overall edge map. Let
& ={qy,-..,qy_,} represent the set of selected interior feature points. Fig. 3B is
the original image and Fig. 3C is the overall edge map. Fig. 3D shows the human-

Pi+1
Pi

Fig. 3. (A) Selection of boundary points by thresholding chord lengths. (B) First image in the video
sequence. (C) Edge map of the first image. (D) Segmented object region and selected feature points.
The interior points are marked + and the boundary points Xx.
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delineated object using CISE. Within Fig. 3D, the “x”’s are the selected boundary
points, and the “+”’s are the interior feature points.

3.2. Object representation for tracking and uncertainty modeling

In this subsection, we will show how the rigid-body motion constraint can be
used to specify a unique representation for the interior points that works well
for tracking. This representation consists of two vectors: a shape vector and a mo-
tion vector.

Using a pinhole camera model for a monocular sequence of images, we will as-
sume that the center of projection coincides with the origin of the world coordinates
and the XY plane of the world coordinates is parallel to the uv image plane. The rela-
tionship between an object point (X, Y, Z) in the world coordinates and its corre-
sponding point (i, 0) in the image plane is described by the following perspective
transformation in homogeneous coordinates [12]:

B X
uw o0, 0 wuy O v
w| =10 a v O Z | (1)
w 0 0 1 0 :

where (ug,09), o, and a, are the intrinsic parameters of the camera. Note that the
axis is parallel to the X axis, and the ? axis is parallel to the Y axis.
By normalizing (i, ) using ug, vg, o, and a,, i.e.,
u—u v—v
u= Lov=—t (2)

n oy

Eq. (1) becomes

u X
Zlv|=|Y|[. (3)
1 Z

When the object is in motion and the transformation between the frame k and
frame 7 is specified by the rotation matrix R and the translation vector T, then

X' X
Y| =R|Y|+T, (4)
z' Z

where (X', V', Z') represent the new coordinates in the world coordinate frame, R is
the rotation matrix with elements r;;, 7, j =0, 1, 2 defined by rotation angles ¢., ¢,,
and ¢. with respect to X, Y, and Z axes and T is the translation vector defined by ¢,,
t,, and .. We define the homogeneous transformation H as

H= [‘; H (5)
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If we observe this point (X, V', Z’') in the normalized image coordinates, then

/!

u u
Z'\ V| =ZR|v | +T, (6)
1 1

where (¢, ') represents the image coordinates in the normalized camera image frame
at time n. The above equation can be rewritten in the form of the following con-
straint that must be satisfied by each feature point i:

fi - fl == 0, (7)
Lf2

which is the same as saying

’ rllu+rlzv+r13+%
Iz
£ 3 utrnvtrt 0 8
- 1 )
, rajutrpv+r)+y
31 u+r3zv+r33)+’7f

Combining the rotation angles, translation vector, and depth values, we now de-
fine a motion vector (MV) ,px and a shape vector (SV) w as

nPr = (¢x7 ¢y7 ¢z7 L, by, tz)Ta (9>

w:(Z()aZI;-"7Zm—l)T7 (10)

where m is the number of feature points first appeared in frame k. The vector ,,p; en-
codes the motion-induced change in the pose of the object from frame k to frame n.
Central to our motion tracking scheme is the estimation of this vector. Since this vec-
tor is inherently a random entity, for the purpose of estimation it will be represented
by its mean vector ,p, and by its covariance matrix ,X;. We represent the motion
uncertainty from frames k to n as ,U; : (,py, n2)-

While the motion vector represents a global property of the entire object that is
being tracked, the shape vector is a collection of depth attributes, each local to a fea-
ture point. This calls for a different way of representing the uncertainty in the shape
vector. Each element of the shape vector will be represented separately by its mean Z;
and its standard deviation g,.

Without loss of generality, here we assume that the uncertainties in both the mo-
tion vector and the shape vector are Gaussian, implying that the means and the
covariances are sufficient for their representation. In the context of uncertainty mod-
eling, there is a respectable tradition for this assumption in computer vision, in gen-
eral [37,7,8], and in vision-based motion tracking in particular [29].

2 As stated in [12], the Gaussian assumption is not necessary for Kalman based estimation to be
optimum when the system measurements are linear functions of the state variables. This linearity
assumption does not strictly apply in our case since our state equations are fundamentally non-linear,
although we do linearize in the vicinity of the operating point for Kalman estimation.
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3.3. Feature prediction and finding correspondences

The solution to the frame-k to frame-n correspondence problem is illustrated by
part of the block diagram in Fig. 4, which is an expansion of the single block labeled
Two-Frame Motion Estimation module of Fig. 1.

In Fig. 4, the prediction is carried out by the Motion ,U, Prediction module that
predicts the mean ,p, and error covariance matrix ,X; of the motion vector (MV)
associated with the m points using the frames k£ and n. The motion vector prediction
is used by the Feature Prediction and Extraction module to first predict the locations
of the m features points in the current frame n; to surround these locations with
appropriate uncertainty regions; and, finally, to extract from the uncertainty regions
thus delineated the new locations of the m feature points by using normalized cross-
correlation (NCC). Within each uncertainty region, the system retains the feature
point with the highest value yielded by NCC. If this highest value does not exceed
a preset threshold, the feature point is discarded, in which case a given feature point
in frame k may not possess a corresponding point in frame #n. In the following para-
graphs, we will technically present how the above steps are carried out.

3.3.1. Motion uncertainty U, prediction

As defined already, ,Uj is the pair (,p;, »Xx), the first element of which is the mean
value of the motion vector, meaning the mean change in the pose of the object from
frame k to frame n, and the second element the covariance associated with this pose
change. Given the m feature points in frame k, we want to estimate ,U,. What that
means is that we want to use the m features of frame k and their corresponding
points in frame n to estimate the new mean and the new covariance of the motion
vector in frame 7.

The estimate ,Uy, is formed by first making its prediction ,U ", then using the pre-
dicted motion to find frame-n correspondences for the m features of frame-k, and fi-
nally updating the prediction into the desired estimate based on the correspondences.

Two-Frame Motion Estimation

___________________________________________________

| Feature 3

! Evaluation 1

‘ A |

: ) Feature . |

N M:tl(;rj ?Uk > Prediction, Mohon{nUk )
rediction Extraction Updating

Fig. 4. Feature correspondence and motion estimation in frame-n for a group of feature points born in
frame-k.
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The prediction ,U; can be obtained by using the previously computed estimate
»—1Uy and a reasonable initial guess about the motion uncertainty ,U,_;. The pre-
dicted (meaning guessed) pose change statistics from frame n—1 to n are given by
2U o1 0 (uP 1,02 n—1) and the already computed estimate for frame k to frame
n—1by,.1Us : (4m1Py, n—124). Let ,H,_; be the predicted homogeneous transforma-
tion from frame n — 1 to frame n, and ,, _ {H; be the one from frame k to frame
n— 1. We can therefore write the predicted homogeneous transform ,H; from
frame k to frame n as

nHNk :nHNn—l *n—lHk' (11)
Based on the assumption that motion between two adjacent frames is small and
bounded by some threshold, we can initialize ,p ,_; by

’1p~”71 = [OaOaOaOaOaO}Ta (12)

which says that mean change in pose between from frame n — 1 to frame n can be
expected to be zero for the purpose of initialization of the motion vector.

Again for the purpose of initialization, for the guessed error covariance matrix
22 n_1 we assume that the small standard deviation associated with the pose change
from frame n — 1 to frame n is the same for all three translational dimensions and is
represented by ¢, We make a similar assumption for the rotational dimensions of
pose and represent that uncertainty by o4. We will also assume that the uncertainties
along the different dimensions are uncorrelated for the purpose of initialization. This
implies the following diagonal structure for , X7, ;:

3 0 0 0 0 0]
0 a2 0 0 0 0
s |0 0 g 0 0 0 13)
0 0 0 o 0 0
0 0 0 0 ¢ 0
L0 0 0 0 0 o]

The predicted mean value of motion vector ,p ; can be obtained by directly
expanding of Eq. (11). But the calculation for the predicted covariance matrix
.= & 1s not straightforward. The mathematical details are presented in Appendix
A.

For the video sequences we have experimented with, we have typically used 2° for
o4 and 0.02m for ¢,. Obviously, the values chosen for these two standard deviations
would depend on the nature of motion. If the motion between two consecutive
frames is large, these values would need to reflect that.

3.3.2. Projecting predicted motion uncertainty into image space

So far we have talked about motion uncertainty modeling and prediction. Given
the predicted motion uncertainty ,U™; in the current frame n, we will now discuss
how this prediction can be used to place bounds on feature location uncertainties
in the current frame n. This we will do by projecting the predicted motion uncer-
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X,Y,2)

(XY, Z)
./ (prediction in 3D)

(n?)k’.,~ n):l:)
Predicted
A o+ | Featue
q=(u, V) ,' Uncertainty
=, Lo o~
/',>< (47 Zq)
q*=(ur, v
frame k frame n

Fig. 5. Uncertainty prediction for feature extraction.

tainty into the image frame and then using the uncertainty bounds in the image space
for locating the correspondents of the feature points in frame k.

Calculation of the predicted feature location uncertainty in the current frame # is
carried out by projecting (,p &, .X ) into the image frame. More specifically, for each
feature point q; = (u;,v;)" in the image frame k, we have the prediction mean q; and
prediction error covariance s in the current frame n, which are obtained by:

21‘5"]I”i+"1217i+r13;+[x
—~ | Zi(ruitrapvitryy)+:
4= Z;'(leui+fzzvi+f’23)+’y ’ (14)
i(r31uitr3vitray)+H:
Lo = E{@i-a)i—a3)' ) (15)
- . T
- & * n2~k * aL ) (16)
a(npk) ,,pk:,,i]Nk a(”pk) npk:nka
T
_ E e | . (17)
a(npk) ,,pk:,,p'v,f a(npk) ,,pk:nl3~k

When all pose random variables are in the vicinity of their means, the derivative
matrix a(ig,() as computed at the expected values of the random variables is sufficient
to convert the motion uncertainty into feature uncertainty in the image plane [29,37].

Fig. 5 shows the propagation of motion uncertainty into feature location uncer-
tainty. In Fig. 5, the “+” at frame n represents the predicted mean value, q, and
the ellipse represents the uncertainty region defined by )Zq~. This propagation greatly
helps the feature extraction by reducing the search space for feature correspondence.

3.3.3. Feature extraction using predicted uncertainty
Feature extraction is done by template matching within the predicted uncertainty
regions of the image space as bounded by the parameters ¢ and Eq~. We search for
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the largest peak after we have correlated this uncertainty region with a 15 x 15 tem-
plate, modified as described below, that defines the feature in frame k. The output of
the correlator is subject to non-maximum suppression to sharpen up the peaks. We
refer to the output of the correlator as the Normalized Cross Correlation (NCC)
map of the predicted uncertainty region.

To elaborate, extraction of candidates in the current frame n for a particular fea-
ture in frame k consists of the following steps:

e Optimize in frame k the 15 x 15 template window used for NCC calculation by
deleting pixels that are not on the object being tracked. As we mentioned earlier,
in each frame we keep track of the boundary pixels that are used to modify the
template in this manner. This is important for correlation based tracking in the
presence of motion because of the ever-changing background. In Fig. 6A, the
white polygons show the trimmed templates for the different feature points A
and B represented by “+’.

e Compute the NCC values within the predicted uncertainty region in frame n. The
NCC is computed by

B ]

HAMMERMI

MAKES Youn WORK LooK DETTER®

oo

Fig. 6. (A) Original registered feature points represented by white “+’s in frame k, and the white polygons
show the optimized matching templates. (B) Corresponding feature match in frame n, where the ellipses
stand for predicted search regions and white polygons show NCC calculation at different candidate
positions. (C) Calculated NCC map of the search region for point A. (D) NCC map after non-maximum
suppression from (C).



J. Gao et al. | Computer Vision and Image Understanding 99 (2005) 1-57 15

Z(M+Au,v+Av)€Template (]k(u’ l)) - [_k) (]’1 (u + Au’ v+ AU) - ]_’1)

NeC = i
\/Z(u,v)e'femplate (Ik(u7 U) - Ik) Z(u+Au,l>+Av)eTempIate (]" (u + Au’ v+ AU)

s )2
(18)
where [;() represents the intensities in frame &, 7,() the intensities in frame n, (u, )
the pixel coordinates of the original feature in frame k, and (u + Au,v + Av) the
coordinates of a possible candidate within the predicted region in frame n.

This can be seen in Fig. 6B where the white dotted ellipses depict the feature
uncertainty regions. To simplify the computation, during implementation, the
rectangular regions specified by the long and the short axes of the ellipses are
used. Fig. 6C shows the calculated NCC map for feature point 4.

e Apply eight neighborhood non-maximum suppression to the NCC map. The
NCC map after non-maximum suppression will be composed of 0s and 1s where
the 1s stand for the peaks. Fig. 6D is the result obtained after non-maximum sup-
pression from Fig. 6C.

e If the highest NCC peak exceeds a certain threshold, record the corresponding
position as a valid correspondent for the frame-k feature; otherwise, label that fea-
ture point as an outlier which means none of the peaks within the predicted uncer-
tainty region can be used as possible candidates for the frame-k feature. In Fig.
5D, the point marked “q™” symbolizes the largest peak that is a valid measure-
ment in the NCC map.

4. Two-frame motion estimation

In the above section, we showed how to find in the current frame » the correspon-
dents of the features that make their first appearances in frame k. We will now show
how these correspondences can be used to update the predicted motion uncertainty
.U} into a new estimate ,,Uy.

After previous Feature Prediction and Extraction submodule as shown in Fig. 4,
the m interior features in frame n are classified into two categories: Observable
and Unobservable. Only the features declared to be observable are retained. Using
Kalman filtering, the observable features in frame » are used for updating the motion
vector (MV). Unobservable features are simply discarded. (It is possible that an
unobservable feature would become observable again in a later frame. If that hap-
pens, it can be treated like a new feature if chosen for tracking in that frame.) When
a feature is discarded on grounds of observability, the system tries to find a new fea-
ture in order to keep the total number of features the same. This new feature gets
used subsequently the way we are using the m features from frame k in this
discussion.

Motion U, Updating submodule in Fig. 4 uses the retained features to update , Uy
by extended Kalman filtering, as discussed in Section 4.1. The initially updated mo-
tion parameters are used to test the validity of the feature correspondences using
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Mahanalobis distances, which is done in Feature Evaluation submodule; this is dis-
cussed in Section 4.2. If a correspondence gets invalidated, we then temporarily dis-
card that feature and update the Motion uncertainty by using only those features
which satisfy both NCC and Mahanalobis distance constraints. This constitutes
the second visit of Kalman filtering.

For those invalid feature measurements produced by the Mahanalobis distance
pruning process and the NCC thresholding, the system tries to regenerate correspon-
dences as shown in the right branch of the flowchart of Fig. 7. To be more specific,
the feature correspondences are re-selected based on NCC from a smaller uncer-
tainty region that is the result of the second visit of Kalman filtering. The uncertainty
is finally updated by incorporating these new correspondences. This constitutes the
third visit of the Kalman filter.

Select m interior feature points in frame k:
Ak, Bk, Ck, ...

'

Motion uncertainty nUk: (anTan) prediction

v

Project motion uncertainty
into frame n for each feature

Apply NCC within uncertainty regi NCC < Threshold: (Bk, Bn), ..

Candidates: (Ak,An),(Bk,B

NCC > Threshold:
(Ak,An), (Ck, Cn), ...

First visitof ___ : Retain features ) .+
Kalman filter Update motion uncertainty as (hpy, nZ )

Maha_dist > Threshold:
(Ck, Cn), ...

+
Use (1Bk. nZk ) to evaluate
retained correspondences

Maha_dist < Threshold:
(Ak, An), ...

A 4 A4

-
Second visit of ) — ) Use revised uncertainty (py - nZ ") to
Kalman filter =~~~ % Update mtom:n‘asd(?pkt, =k )by using » re-select correspondences based on NCC and
current retained features not old retained one

A 4 v
Thirdvisitof ____ | Update (4py >= K yas (nﬁ‘:”,anH ) |l New set of correspondences:
Kalman filter from new measurements (Bk, B'n), ...

\

G)one with two-frame motion estimatioD

Fig. 7. Flowchart for feature correspondence matching.
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As shown in Fig. 7, the updating of the motion uncertainty takes place at three
different points during the processing of the pixel data in the current frame n. We
use Kalman filtering for all three updates, and refer to the individual updates as
the “First Visit of the Kalman Filter,” the “Second Visit of the Kalman Filter,”
and the “Third Visit of the Kalman Filter.”” These three applications of the Kalman
filter are clearly marked in Fig. 7.

4.1. Updating motion uncertainty from initial feature correspondences

The first Kalman updating of motion uncertainty is derived from the feature
points in frame k and their initial correspondents discovered in frame n based on
the NCC threshold. The problem addressed can be stated formally as: given image
feature positions (u;,v;) (i=0, 1,...,i <m — 1) in frame k, their initial correspon-
dents (u},v;) in frame n, and the predicted motion uncertainty , U : (,p ;X &),
we want to find a first estimate ,U; : (,p;, X} )-

As we mentioned earlier in Section 3.2, the Kalman estimate ,U; can be derived

from the motion constraint equation
fi(p1i) =0 (19)
by forming its linearized approximation around the current best available estimate of

the state parameter ,p,—its best current estimate being the mean ,p,—and the best
©Z)" of v, = (u,v],Z;)" as follows:

*

available measurement ¥, = (u}, v}, LUl
o of; _ of; -
0~ fi(npkvri) + a( ) (npk - npk) + & (rf - ) (20)
P lan one=rb
Rewriting the above equation, we have
o of; of; of; -
_fi(npka r,.) + 0 nPr = 2 nPr or (rl rz) (21)
(npk) "pk_i’iﬁk (npk) rlplt"irif’k I; ”p"_i’ip"
The linearized observation equation can be written as
2, =M, ,p; +vi, (22)
where
~ . of; _
zi - _fi(npk7 r,‘) + a npk7 (23)
(npk) nPx=nDi
of;
M, = , (24)
a(npk) rlpk:flpk
of;
= — B 2
vea i) 25)
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The mathematical calculation of matrix M; can be seen in Appendix B. In the
context of Eq. (22), the covariance matrix G; of observation noise sequence v; is
given by

of; of 1"
Gi=2' |5 , (26)
! npkfal}k ! aPr=nDr
where
fon o1 o
o, |w o @ .
a;, |® ® (27)
ul o) 0z
(X~ 0
X, = 4 , |- (28)
0 oy

Then the first estimated motion vector uncertainty ,U; by Kalman filter can be
written as:

K; = XM (G + M, 2 M) (29)
np]ir = nﬁ~k - Kifia (30)
nzz = (I - KiMi)nE~k~ (31)

Each pair of corresponding feature points ((u;, v;), (1}, v}))—including, of course,
only those points in frame & for which correspondents were found in frame n—is
used sequentially to update the uncertainty ,Uy.

During our EKF formulation (29)—(31) for motion uncertainty updating, there
are six unknown parameters and there are 2m measurements constituting the con-
straints on the parameters. To uniquely solve the problem, the number of internal
features needed must satisfy 2m > 6, m > 3. So theoretically we just need to register
a certain number of feature points to solve the motion estimation problem. With the
initialization of motion uncertainty, Egs. (29)—(31) can update motion uncertainty
using a single measurement but the price to pay will be large error covariance. In
general, the larger the number of matched feature points in each frame, the better
the performance of the filter will be in terms of convergence and accuracy. But when
the filter reaches certain convergent point, extra feature points don’t contribute to
the motion estimation any more.

4.2. A second update of motion uncertainty

Motion uncertainty updating of the last section is based only on the correspon-
dences established on the basis of maximum NCC values.

While NCC provides good candidates for the features of frame k, it cannot be
relied upon completely for a final choice of correspondences. While it is possible
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to reduce the errors in template based matching by using large templates to describe
the feature points, large templates imply greater computational load.

To reduce the errors in correspondences established on the basis of NCC—and to
further improve the motion uncertainty estimate—we project the updated motion
uncertainty (,p;,,X; ) into the current frame n and check the validity of each corre-
spondence by applying a Mahalanobis distance based criterion to the location of the
extracted feature in frame » and the center of the uncertainty ellipse, as explained in
Fig. 8. If the Mahalanobis distance is larger than a certain threshold, we identify this
point correspondence as an incorrect match, and eliminate this measurement for mo-
tion and shape estimation. Once all outliers are identified, we have a new smaller set
of feature correspondences. We then re-update the motion vector from predicted
(uP k> »X &) by a second application of Kalman filter using only the reduced set of
feature correspondences. We denote (,p; ", ,X; ") as the updated motion uncertainty
from second application of Kalman filter.

Fig. 8 illustrates the above feature prediction and extraction procedure. For the
two features shown in frame k, A, and B, the predicted uncertainty regions
q, Zq~) in the current frame » as computed from (,p %, X ) are represented by so-
lid line ellipses. After initial feature matching where the extracted features ¢* are
shown in X, the first application of Kalman filtering yields updated motion param-
eters denoted by (,p;,,X; ). The updated motion uncertainty leads to the bold-dot
ellipses for the new predicted feature location uncertainties (q*, E;) After applying
the Mahanalobis distance constraint, it turns out that the measurement " corre-
sponding to feature B is an invalid measurement. After discarding the invalid mea-
surement, we update motion uncertainty as (,p; ", ,,Z;*) by second visit of Kalman
filter. The dash-dot ellipse in the figure will be explained in the next section.

Frame k Frame n

Fig. 8. Feature point prediction and extraction. The solid ellipses in frame n represent the predicted

feature uncertainties (q, Zq~) from (,p &,.X %). The “x”’s stand for the initial extracted features ¢". The
bold-dot ellipses demonstrate the new feature uncertainties (q*, X,+) projected by (,p; ,,Z; ). The dash-dot
ellipse illustrates the new feature uncertainty (q*, X, ) predicted by (,p; ", ,X; "), and the “+” shows the

Ak

re-extracted feature point ¢ for the initial invalid measurement.
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4.3. Seeking new matches for invalidated feature pairings

The processing described so far tries to find the frame n features that correspond
to the frame k features. Establishing feature pairings gives us updated motion uncer-
tainty in the form of (,p; ", ,,E;*), while invalidating some of the correspondences as
not being consistent with the updated estimates of the uncertainty.

We could simply discard the features in frame k& whose initially selected corre-
spondences are rejected during the formation of the (,p; ", ,1Z;+) estimate. But doing
so reduces the pool of feature points that get tracked from frame to frame, making it
necessary that we inject even more new feature points in each frame. This reduces the
quality of the tracking process.

We therefore seek to find the new matches in the new frame »n for those frame &
features that lost their matches during the processing that led to (,p; ™, ,,)2;*). In the
example shown in Fig. 8, that means we must try to find a new match for feature B in
frame k.

The feature correspondence re-match is done within a new locational uncer-
tainty region (q**,X,+) obtained from the current updated motion uncertainty
(i, a2 T). In some cases, as for point B in Fig. 8, this may result in a match
for a frame-k feature that was otherwise unmatchable on the basis of the
(pi7, ;") estimate. Within the new and smaller uncertainty region
(q*",X,++), the measurement q” is extracted from the newly calculated NCC
map NCC,,,,. For obvious reason, if the point corresponding to the first peak
value in NCC,,» is the same as the initial correspondent q° found in the
NCC map NCC,,,1, the second NCC peak value point within the new smaller
NCC,,qp is selected.

If the new NCC map yields new feature pairings for those points that lost their
correspondences during the calculation of (q*+, X+ ), we re-apply the Kalman filter,
using exactly the same formulation as described previously, and update the motion
uncertainty using each of new feature pairings. The result of this process is the mo-
tion uncertainty (,p; " ",, X ").

This step is illustrated in Fig. 8 where the new locational uncertainty, drawn on
the basis of (q**, Xq++), for the frame k feature point B is shown by the ellipse drawn
dash-dot. The NCC peak inside this uncertainty region is marked as “+” and de-
noted ™. This new point in frame n becomes the new feature correspondent for
point B of frame k. Uncertainty (,p; ", ,X; "), as updated by the new feature pairing
for point B in frame k, is denoted (,p;*",, X *").

The overall process of how feature correspondences are established between a
prior frame k and the current frame n is summarized in Fig. 9. As mentioned previ-
ously, only observable features play a role in this process and in the related process
of motion uncertainty updating. Feature points in frame k for which no correspon-
dences can be found after all of the steps described so far are unobservable. The
unobservable feature points are replaced by new feature points, as described in Sec-
tion 6.

In the rest of this paper, in order to make the notation less cumbersome the mo-
tion uncertainty estimate (,p; ", ,X; ") will be denoted as , Uy : (,p;, n24)-
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NCC_mapl < NCC Threshold

Un—observable Featureg

NCC_map2 <
NCC Threshold

NCC_mapl > NCC Threshold

NCC_map2 >
NCC Threshold

Un-observable Features| Observable Features

e (pH, Z_pH)
NCC_map2 <

NCC_map2 > :
NCC Threshold NCC Threshold :
¥

Observable Features |« > (pt+, L_pt++
A

> Mahanolobis Distance < Mahanaolobis Distance

Observable Features

Un-—observable Features

Fig. 9. Feature observability and unobservability for m features initially appeared in frame k.

5. Multi-frame based motion estimation

In the previous section, we talked about the motion estimation from frame & to n
based on a set of feature points first appearing in the same frame k. In this section,
we will present a framework for integrating all the motion estimates obtained for all
previous values of k that contribute features to the current frame n.

In what follows, we first introduce the framework of motion estimation from sets
of features with different starting points. For the N features initially registered in
frame 0, as we have mentioned before, some, or maybe all, of them will disappear
as time goes on due to self or external occlusion, and new features need to be regis-
tered. Our motion estimation frame work will introduce how to systematically esti-
mate motion vector (MV) and shape vector (SV) by integrating multiple image
frames, and to deal with new feature registration.

5.1. Motion vector estimation

5.1.1. Feature representation
In our motion tracking system, each individual feature in the current frame » is
represented by a data structure whose various fields are:

Starting frame k.
Normalized image position (u,v) in frame k (normalization is carried out accord-
ing to Eq. (2))

e Initialized depth value Z in frame k where Z will be updated based on motion vec-
tor (MV) updating.
Transformation from frame 0 to k: ;H (already estimated in the previous frames).
Transformation from frame k to n — 1: ,_H; (already estimated in the previous
frames).
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e Transformation from frame k to n: ,H; (estimated in current frame).

e Transformation from frame 0 to current frame n: ,Hy (which is what we want to
estimate).

e Normalized feature correspondent («/,¢) in current frame n.

e Observability status.

For the N initially registered internal features, we keep tracking them until they
become unobservable in the image stream. The observability of feature points is de-
fined during feature extraction based on the NCC thresholds and Mahanalobis dis-
tance constraints as introduced in Section 4. As we mentioned before, only the
observable features are used for motion estimation.

5.1.2. Genesis frame based grouping of features in the current frame

Let n be the index of current frame, 0 be the first frame of image sequence, and k
be the frame where feature i is first registered. Our goal is, of course, to estimate the
object motion from frame 0 to n. Toward that end, we will group the features in the
current frame on the basis of the genesis frame for the features. The genesis frame for
a given feature is that frame in which it first makes its appearance. As was mentioned
before, as one or more features become invisible, due to occlusion and possibly other
phenomena, the system tries to use new features so that the overall number features
in each frame remains constant and equal to N.

The N features in the current frame are grouped according to the index of the gen-
esis frame for each. This is illustrated in Fig. 10. Let the S groupings thus formed be
denoted (@f, i=0,...,8—1). The set & of N feature points in the current frame n
can now be represented as:

E={Gy,--- Gy} =GoU---UGs_; (S<N). (32)

For features within a group G; whose genesis index is k, we do feature extraction
from frame k to n and motion estimation of ,Uy : (,p;,.2«) by using the formulas
presented in Section 4. In accordance with the discussion in Section 4.3, frame-k fea-
tures in the current frame » are classified as observable or unobservable during this

Frame 18 Frame 26 Frame 34 Frame 47 (current frame)

Fig. 10. Feature grouping based on genesis indices, where frame 47 is current processed frame with
features initiated from frames 18, 26, 34,.... Different marks of features denote features with different
genesis indices.
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process. For each frame-k feature that is observable in frame n, we update its initial-
ized depth value Z in the shape vector w. Also, we use all the observable features in
frame k to update the motion parameters in frame n as represented by
AUk (aPgs nZi)-

5.1.3. Final motion estimation

Given a motion estimate ,Uy in the current frame n for the different values of the
genesis frame index k, our goal now is to estimate ,Uy. From the estimated ,U, we
can then extract the transform ,H; from its mean part. In terms of the genesis frame
index k, and the transforms ,H; and ;H,, the new transform ,Hj is

nHO = nHk kH0~ (33)

Since H, was already estimated when the current frame index was k, and since we
have available to us ,H; from the formulation presented in Section 4, we can use Eq.
(33) to update the mean motion vector associated with the uncertainty ,Uj.

But note that the above estimate ,H is only for a single genesis index k. The issue
now is to somehow integrate all such estimates for the different values of k between 0
and the current frame index n. We propose a Kalman framework to bring about this
integration (Fig. 11). In this framework, we treat the motion vector ,po constituting
.Hp as the “‘state vector” to be estimated from the ‘““measurements” ,p, and ,po for
different values of k.

As before H is represented as

[t

where rotation matrix R and translation vector T are specified by corresponding

(Prs Pys s b by )
By expanding Eq. (33), we have the following constraint equations relating the
elements of the “‘state vector’” with the “measurements”:

Rij = (:Ro); — (ReRo); =0 (1,j=0,1,2), (35)

I =,To— R To -, T, =0. (36)

The Kalman estimation of ,U, is achieved separately with respect to the two con-
straint equations shown above, as explained in the two cases presented below.

- Feature Feature Feature
7 ~. Group0 PREN Group 1 Group S—1
/ \ / \ ;N “\
\ 1
! L= ) l\ L= e 1
1 /
\ / \ -
\ / ~-7 Final Updated
N 4 .
S-- nUo Updating Uncertainty of nUo
Predicted Uncertainty
of nUo

Fig. 11. Sequential motion uncertainty updating by integrating multiple groups of features.
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The extended Kalman filter shown below uses the same state vector notation as
before—the symbol p. Recall, this vector represents the six-tuple (¢, ¢y, -, 1y, 1), 12).
Estimation of this vector from the measurements ,U; and Uy, £ =0,1,2,..., will
yield the desired estimate ,Uy. We will use the symbol r to represent these measure-
ments, as expressed by the form (,,px, «po). In other words, we have

r= (npmkpo)T- (37)
(1) Case 1 (#; =0)
The constraint of Eq. (35) can be written as

Rij = Rij(:Po, 1) = 0. (38)

By linearizing #;; in a similar way as presented in Section 4.1, we can sequentially
update (,py,.X0) by EKF as:

K - )1ZOMT(G+M)1ZOMT)717 (39)
Rij = ("Ro)ij — (Ry kRO),-ja (40)
Py = HEO - K'%ijv (41)
nEO = (I - KM)HZO~5 (42)

where K is Kalman gain, M stands for the observation matrix, and G is the obser-
vation error covariance matrix. Here (,p,”,,Xo ) is the last updated motion uncer-
tainty. M and G are calculated by:

@A .
0nPo
T
ar 0 20 or
p p z 0 A 1T
Ay Oy | | n=k Ry 0%y
= |:m a/d’oj| |: 0 kZO:l |:anpk 6“)0:| . (45)
(2) Case 2 (7 =0)
By linearizing
T =T (uP,1) =0 (46)

the EKF related observation matrix M and observation error covariance matrix G
for this case can be defined in a similar way as

o7
anp()

7. 0 T\"
PO AN (48)
or [ 0 X, \Or

(47)
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The final updated motion uncertainty , U, from this constraint is then given by
Z =0 through the following formulization

K=,2M"(G+M,TM") ", (49)
T =,To — ReiTo + Ty, (50)
Py =Py — KT, (51)
o = (I—KM),Xy". (52)

Mathematical details underlying the Kalman filters for both cases above can be
found in Appendix C.
The initialization of ,Uy : (,py, »X0) is achieved by first initializing ,p, through

nHNO = nH~nfl * nleka (53)

where motion uncertainty ,H ™, _; is predicted as in Eq. (12), and ,,_;H is stored in
feature structure from the previous frame. The covariance matrix ,X, for ,Ug is done
by the method described in Appendix A.

To make sure the estimated motion parameter converge to the correct answer,
whitening process is used during the implementation.

5.2. Shape vector estimation

The discussion so far dealt with the estimation of the motion vector (MV)—more
particularly the uncertainty associated with the motion vector. This estimation is
elaborate because the motion vector is a global property of the entire object and be-
cause this global property must be estimated from local features that appear and dis-
appear in a video sequence.

On the other hand, the shape vector (SV) is associated with a group of features. It
is a vector of values proportional to the depths corresponding to the feature points.
Being specific to a set of features, as opposed to the entire object, the shape vector is
estimated independently of the motion vector and its individual components esti-
mated separately for each feature. The shape vector is updated separately for each
of feature points that has the same genesis frame &k (Fig. 12), as we will explain in
the rest of this section. The shape vector is initialized by setting all elements equal
to 1. Each element of w is updated separately according to the explanation below.

Before we update elements Z; of the shape vector defined by w=(Z,, 7, ...,
Zn_1)", we need to re-estimate , Uy : (uPy» n2) taking into account the latest estimate
of ,Up : (,Py, nX0)- The previously estimated , U, uses feature correspondents in frame
n and initialized depths Z; as measurements, in which Z; have relatively large uncer-
tainties. The re-estimating of ,,U; by absorbing new information from ,,U, fine-tunes
the estimate. The following formula can be used for this purpose:

He = ,Ho x oHp = ,Hy (kHO)_l- (54)

The details of how this estimation is carried out are in Appendix D.
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nUo
nUk
o . i
O O ® ® O
=z > 7 B 7 e > 7
to be estimated
in each frame (,v) w,v’)
registered in to be extracted
frame k in current frame

Fig. 12. Motion vector and shape vector updating.

For a certain feature registered in frame &, once we have the fine-tuned motion
estimate ,Uy, from frame k to n, the initialized depth value Z in frame k can be based
on the components of the frame-k to frame-n pose change vector
P = (Pxs Py s 15, 1y, tZ)T, as shown below:

/ _Z(r11u+7120+7’13) +

u = , 55
Zr31u+r320+r33)+tz ( )

+t,
+t’

o Z
v—Z(

U+ rpv+ 1
U+ rpv+ 13

)
(56)

)

where (u,v) are the pixel coordinates of the initially registered feature point in

frame k, («,v') the corresponding coordinates in current frame n, and ry,

i,j=0, 1, 2 the elements of the rotation matrix defined by ,p,. Here for simplicity

of notation, we write Z; as Z. Since the corresponding depth Z' in frame n can be
obtained by

Z':Z(r31u+r3zv+r33)+tz, (57)

we just need to consider the updating of Z for different features starting from differ-
ent frame k.
We can rewrite Egs. (55) and (56) as

hl = Z(r“u + ripU + }"13) =+ t, — u'(Z(r31u +I"3QU + F33) + fz), (58)

hy = Z(r21u —+ 10 + 7'23) + 1, — v'(Z(r31u “+ rpv + }"33) + [Z). (59)

To use EKF estimate (Z, ¢.), we define measurement r, observation matrix M, and
measurement error covariance matrix G as

r= [(]SX,(j)y,qﬁz,tx,ty,tz,u’,v/]T, (60)

oy
oz
w[?] o

74
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where I ~ is the measurement uncertainty for («/,v') and h = [A1,42]". Now we can
update (i]épth value Z and standard deviation o for each feature point as follows:

K= M'(G+MaM")", (63)
Z =27 —Kh, (64)
o2 = (1— KM)d? . (65)

The mathematical expressions for M and of/0r are provided in Appendix E.

6. Object boundary updating by region-growing

As mentioned in the introduction, some of the boundary points on an object
undergoing motion—especially rotation—will become occluded, while other points
on the object surface will become the boundary points in the image captured by
the camera. The goal of boundary updating is to make a best attempt at extracting
the silhouette of the object in the current frame.

As was already mentioned in the Introduction, the problem of silhouette extrac-
tion of a moving object undergoing rotation is highly ill-posed [4,40,13,35,28,48,25].
All proposed solutions are based on the assumption that the object pixels in the
vicinity of the boundary in the current frame possess texture and color properties
similar to the object pixels in the vicinity of the boundary in the previous frame.
But this assumption is often not satisfied by real-world objects. Shown in Fig. 13
are two frames of an object undergoing rotations. As is clear from the silhouecttes

‘RMILI

K LOOH DETTER.

IL|

T YOouRr wWan DETTER:

Fig. 13. An example of boundary occlusion due to self-rotation. The nose of the toy is not visible to the
camera in the left image.
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Fig. 14. ROI boundary refining processing diagrams.

shown for the frames, it would be very difficult to predict the deformation of the sil-
houette caused by the sudden appearance of the nose of the toy head.

In the rest of this section, we will describe our implementation of boundary updat-
ing. While the implementations of the other researchers are based on the assumption
that the local properties of the boundary pixels in the current frame should be similar
to the local properties of boundary pixels in the previous frame, our implementation
is based on a stronger assumption that the local properties of the boundary pixels in
the current frame should be similar to the local properties of the nearby interior pix-
els in the same frame. Fig. 14 is a block schematic of our implementation that we will
describe in the rest of this section.

6.1. Boundary prediction and uncertainty field definition

Once we are done with motion estimation from frame 0 to frame », as described in
Section 5, the motion parameters between the two adjacent frames n — 1 and n can
be calculated through:

anfl - nH0(7171H0)71 . (66>
For the rest of the discussion in this section, we now define the following notation:
—n—1

o B, ={b, ,....5, }": final extracted boundary in frame n — 1 where b,  is
the ith boundary point in the frame.

o B, = {1;; e EL_I}T: predicted object boundary in frame n.

* B, = {Eﬁ, . 71_7"',(71}T: final extracted boundary in frame n. Note that the number
of boundary points, M and K, in frames n — 1 and n, respectively, can be different
due to scaling or self occlusion.

The initially predicted object boundary %, in frame »n can be obtained by per-
spectively transforming 4,_; from frame n — 1 to the current frame » using the mo-
tion transform ,H,,_;. In Fig. 15A, the white contour shows the initially predicted
object boundary.

As we mentioned before, in the presence of rotations, the predicted object boundary
2, may not correspond to the real object boundary 4,. We now define an uncertainty
field around the predicted object boundary to search for the real boundary. Based on
the predicted ROI boundary %, ", we define #°"! as its dilation, and %™ as its erosion,
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Fig. 15. (A) Predicted ROI boundary 4, is shown as the white contour. (B) Boundary uncertainty field is
enclosed by the black and gray contours.

both by three pixels in our current implementation. Obviously, the extent of dilation
and erosion depends on the frame sampling rates vis-a-vis the motion of the object.
The uncertainty field is defined as the region between #°" and #™. Our goal is to locate
the real object boundary %, within this field. Fig. 15 illustrates the potential field def-
inition. From the white predicted ROI boundary in Fig. 15A, the gray and the black
contours in Fig. 15B correspond to the #°*' and %™ obtained by morphological filters,
and the uncertainty field is defined between the two contours.

6.2. Region-growing for boundary point detection

We will now present a framework that attempts to detect the true boundary
points by growing outwards the eroded boundary #™. This growing process,
bounded by the dilated boundary #°", expands into the uncertainty field using cer-
tain similarity and discontinuity measures which will be introduced in this section.
The framework consists of the following three steps:

1. Recursively split-and-merge the eroded boundary %™ into multiple segments so
that the variance of the pixel intensity in each segment is bounded. The pixel
intensity is calculated from RGB using the usual transformation:

Imw:wa+G%w+wa. (67)

2. Grow each segment outward on the basis of the averages and the variances of
the intensity, the normalized R, and the normalized G. The normalized R and
the normalized G at a pixel (x,y) are denoted r(x,y) and g(x,y). The averages
associated with the ith segment are denoted fi!, i/, and [ for the intensity,
for normalized R, and normalized G. The standard deviations of the same are
denoted 47, &/, and &°.

3. Two stopping criteria are used in the region-growing process:
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(a) If no segment can be grown on the basis of the six parameters mentioned in
the previous step, stop.
(b) If the growing process reaches the dilated boundary #°", stop.
4. After the region can no longer be grown further for all of the segments, smooth
out the boundary with median filtering.

The following subsections provide further explanation.

6.2.1. Recursive partitioning of the eroded boundary
The eroded boundary %" is subject to a recursive split-and-merge step to yield /
segments, each denoted €. We can therefore write:

B ={6", i=0,...,1—1}. (68)

The squared Fisher distance [49]is used as the similarity criterion to split the contour
recursively:
(1 + ) (i — f1>)°

2 —
DFisher - ) ~2 ’ (69)
nioy + ny0,

where ny, no, iy, i, 6%, and 6% are the sizes, intensity means, and intensity variances
of the two adjacent contour segments on #™. During the splitting step, a segment
gets bisected into two if the Fisher distance between the two halves exceeds a pre-
specified decision threshold, split_threshold. After the splitting is complete,
the merging step takes over. Two adjacent segments are merged if the Fisher distance
between them is below another threshold, merge_threshold. The
split_threshold and the merge_threshold were specified by trial and error,
with the former set to a value much smaller than that of the latter. In all our exper-
iments, the split_threshold was set to 0.1 and the merge threshold to 2.

The black and the white boundary segments in Fig. 16A show the segmentation of
2™ after just the splitting step. The segments are shown alternately in black and
white. Fig. 16B shows the segments after the merge step.

Fig. 16. (A) Splitting of the eroded boundary #™. The alternate segments of the decomposition are shown
in black and white. (B) Boundary partitioning after the merging step.
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6.2.2. Growing boundary segments

The segments created by the partitioning algorithm are grown into the uncertainty
field by considering each pixel (x, y) that is an 8-neighbor of a pixel on a segment and
applying the following criteria to it:

UESIES RS
}rxy ’
|g(x,y) — it

where the notation used was defined in the previous subsection.

To prevent the segment growing process from getting excessively biased by any
outliers that may be present in the vicinity of the segment, the six-tuple of properties
i, i, i, 6t 67,6% is updated only after all the outward 8-neighbors of all the pixel
on a segment have been examined for possible incorporation in the growing of
the segment. This update takes place on the basis of all the new pixels accepted.
This constitutes one iteration of the segment growing process. The process is re-
peated until the stopping criteria mentioned previously are met. This is illustrated
in Fig. 17.

Fig. 18A shows in black the region grown by this process. This region was grown
starting from the partitioned segments shown in Fig. 16B.

After region growing has come to a halt, its outer boundary is smoothed with a 5-
point median filter. The outer points of the smoothed region then become the new
boundary. The final updated object boundary is shown in red in Fig. 18B.

<2 (70)
<

6?'

6.3. Selecting new features for tracking

As we mentioned earlier in the overview Section 2 and in more detail in Section
4, self-occlusions and other kinds of occlusions will cause a certain number of
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Fig. 17. A visual demonstration of growing of the regions starting from the partitioned boundary
segments. The points marked “Xx”’s and “+” represent the eroded boundary #". The different segments

obtained by recursive partitioning are shown as “x’s and “+”’s. The accepted 8-neighbors during one
iteration of the growing step are shown as filled circles and diamonds.
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Fig. 18. (A) Grown region from the seed segments of Fig. 16B. (B) Final updated object boundary.

feature points to disappear as an object is being tracked frame to frame. It may
therefore become necessary to replenish the the number of features that participate
in the tracking process. When needed, the new feature points are selected from the
region delineated by the latest estimate of the boundary of the object. These fresh
feature points are selected using the same criteria as those mentioned in Section 3.
In this manner, the system tries to use the same number of features for tracking at
all times.

7. Experimental results
7.1. Experiments with synthetic data

While a tracking algorithm must be shown to work on real data, it is difficult to
evaluate the accuracy of motion estimation on actual video sequences of real-world
moving objects. If one is interested in testing the accuracy of motion estimation,
one must use data that has objects moving with known speeds. Since it is difficult
to create real data with objects executing precisely known motions, we have used a
two-pronged approach for evaluating the tracking formalism of this paper. We use
synthetic data to test the accuracy of motion estimation and then use real video se-
quences to demonstrate the overall tracking behavior. In this section, we will focus
on demonstrating accuracy of our motion estimation approach using synthetic
data.

Our synthetic data sequence consists of 100 frames, each of size 640 x 480. The
beginning frame of the sequence has 49 evenly distributed feature points, the clus-
ter situated in the middle of the frame. The feature points are spaced 32 pixels
horizontally and vertically. The object region containing these 49 feature points
is chosen to be of size 224 x 224. The object region is depicted as the white mid-
dle in Fig. 19A. The black dots in this figure are the initially selected 49 feature
points.
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Fig. 19. Synthetic video sequence. (A) Frame 0. (B) Trajectories and uncertainty regions for all feature
points.

The object motion in the synthetic data is specified through a frame-to-frame mo-
tion vector for the object region for all 100 frames of the sequence. The motion spec-
ified for the object region includes rotations that vary sinusoidally with amplitude
410 °© and translations that vary in a triangular fashion with maximum changes of
40.5 m. The motion change patterns for rotation and translation are shown as dark
black lines in Fig. 20. During the tracking process, whenever the frame number is
modulo 7, a set of five new feature points is added to the object region and five
old feature measurements with the largest measurement errors are discarded. The
feature measurements are obtained based on the true object motion, but with added
zero-mean Gaussian noise of different standard deviations. Fig. 19B shows the tra-
jectories and feature uncertainties of all the feature points during the tracking pro-
cess when added Gaussian noise has two pixel standard deviation.

Fig. 20 demonstrates the accuracy of motion estimation at three noise levels of stan-
dard deviations 2, 4, and 10 pixels. For all the figures in Fig. 20, the light gray lines
show one component of the estimated motion vector and the dark lines the ground
truth. Table 1 illustrates the statistical performance of the estimator at different noise
levels. The table displays the means and standard deviations of the rotation errors and
the translation errors between the estimated values and the ground truth. We can see
the gradual degradation of the performance with increased noise. Fig. 20 and Table 1
illustrate that the motion estimator performs stably and accurately. Even when the
noise levels are high, it can still steadily track and follow the motion trajectories.

7.2. Experiments with real video sequences

This section will present tracking results using real video sequences. For the
discussion in this section, we have chosen four different videos to show our results
on:

Video 1: The object to be tracked in this video is of high contrast vis-a-vis the back-
ground and the object does not suffer from any self-occlusion.
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(B) Estimated motion parameters added with Gaussion noise of 4 pixel standard deviation.

Fig. 20. Motion estimation performance evaluation with different standard deviations of the Gaussian
noise model.

Video 2: There is still no self-occlusion to be dealt with during tracking, but the col-
ors and the textures on the object are rather similar to those of the back-
ground in the vicinity of the object.

Video 3: The object to be tracked undergoes noticeable self-occlusion on account of
its rotation. The object background is complex.

Video 4: The object to be tracked exhibits greater self-occlusion than was the case
with Video 3. The object is also getting further away from the camera,
creating tracking issues related to scale.
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(C) Estimated motion parameters added with Gaussion noise of 10 pixel standard deviation.

Fig. 20. (continued)

7.2.1. Video 1

As already mentioned, this is the simplest case we will be illustrating as it involves
a high-contrast object that does not exhibit any self-occlusion.

This video consists of 150 images, of size 320 x 240, of a toy that looks like a fish.
The video was recorded with a Sony TRV900 digital hand-held camcorder. The ob-
ject undergoes a pendulum-like motion, with the plane of the motion roughly per-
pendicular to the camera line of sight. The camera is panned suitably to keep the
object roughly in the center of the image frames.

Fig. 21A shows the object to be tracked in frame 0. Fig. 21B shows the human-
delineated segmentation of the object in frame 0 using the CISE tool. Fig. 21C shows
the feature points selected automatically by our system from the segmented region of
Fig. 21B; these points are marked as “+”’s. Fig. 21D shows the next frame, frame 1.
Also shown in this frame are the ellipses that correspond to the predicted feature
uncertainty regions for some of the feature points of frame 0. (We have not shown
the ellipses for all the features points of frame 0, since that would clutter up the im-
age excessively.) The system must look for the corresponding features within these
uncertainty regions.

Shown in Fig. 22 are the tracking results in nine frames from this video sequence.
The frame numbers are shown below the frames. The first, the third, and the fifth
rows of this figure show the tracking of the object, in the form of the interior feature
points used by the tracking process, and the estimated boundary of the object in the
frames shown. The observable interior feature points are shown as “+”’s. The sec-
ond, the fourth, and the sixth rows show the tracked object extracted from its esti-
mated boundary in the indicated frames. In the first, the third and the fifth rows,
while the dark boundary is the computed boundary of the object, the white bound-
ary is the eroded version of the predicted boundary of the object. Recall from our
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Fig. 21. (A) Frame 0 from the video sequence. (B) Human delineated toy object to be tracked. (This is the
output of CISE.) (C) Automatically selected feature points in frame 0. (D) Predicted feature uncertainty
regions for a few chosen features are displayed in red dotted ellipses for illustration.

discussion of Section 6, the new boundary in each frame is computed by first project-
ing into the current frame a motion-compensated boundary from the last frame; this
projected boundary is eroded by 3 pixels, and then re-grown to presumably the true
edge of the object using the algorithm described in Section 6.

As can be seen in frame 85, it is interesting to note that the predicted boundary is
much closer to the actual boundary of the fish in the lower side of the fish, but not on
the upper side. This problem is caused by the interaction of the ambient illumination
with the fish. In frame 85, the boundary pixels on the upper side of the fish show
specularity effects, whereas those on the lower side—the side away from the ceil-
ing-mounted illumination—show only diffuse reflection effects. So it is much more
difficult for a region-growing algorithm to extend the eroded form of the predicted
boundary to the true edge of the object on the upper side of the fish.

7.2.2. Video 2

This video, consisting of 60 frames, shows images of an accelerating car traveling
down a straight road. The camera was panned as the video was being recorded so as
to keep the car roughly in the center of the frames. The car is moving from the right
to the left in the images. Initially, the car starts its movement while parked in the
vicinity of a white van, as shown in (A) of Fig. 23. Shown in (B) of this figure is
the human-delineated segmentation of the object to be tracked using the CISE tool.



38 J. Gao et al. | Computer Vision and Image Understanding 99 (2005) 1-57

(A) Frame 15. (B) Frame 30. (C) Frame 50.

(D) Frame 70. (E) Frame 85. (F) Frame 100.

Fig. 22. Object tracking in video 1. The black contours in the first, third, and the fifth rows show the
estimated object boundaries. The white contours are the eroded version of initially predicted boundaries,
used for boundary updating. The second, fourth, and the sixth rows show the extracted object from
indicated frames.

Part (C) of the figure shows the automatically selected features points for tracking;
and part (D) the uncertainty ellipses for some of these points.

Tracking results at different time instances are shown in Fig. 25. The format of the
results shown is the same as for Video 1 in Fig. 22. As before, the first and the third
rows show the tracking process in the form of the extracted internal features points
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(G) Frame 115. (H) Frame 130. (I) Frame 150.

Fig. 22. (continued)

Fig. 23. (A) Frame 0 from the video sequence. (B) Human delineated car object to be tracked. (C)
Automatically selected feature points in frame 0. (D) Predicted feature uncertainty regions for a few
chosen features.
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Specularity Regions

Fig. 24. Un-represented regions during region growing process.

and the computed object boundary in the indicated frames; and the second and the
fourth rows the extracted objects. The meaning to be ascribed to the white and the
black boundaries is the same as before.

Because the colors and the textures on the car surface are not too different from
the background and from the shadow the car casts on the road, the boundary that is
updated by region growing from its predicted version often “leaks™ into pixels out-
side the car. Frame 10 and frame 50 are examples of this leakage; the updated
boundaries in both these frames underneath the car leak into the shadow regions
on the road surface.

The specularities at the top of the car also cause problems with the updating of the
boundaries. To highlight this phenomenon, we show the boundaries for frame 1 and
2 separately in Fig. 24. We have labeled the specular regions on the upper portions of
the car. The region growing program is unable to extend the eroded version of the
predicted boundaries into these regions.

7.2.3. Video 3

This video has a moving object undergoing some rotation that causes self-occlu-
sion. The video consists of 100 frames taken with a stationary CCD camera. As the
reader can see, the background in the vicinity of the moving object, a Folgers Coffee
canister, is very cluttered. The contrast between the object and the background is
rather indistinct. A person is holding the canister as the right-to-left motion is exe-
cuted. During this motion, the canister is rotated left to create self-occlusion. That
the object is rotating is made evident by the fact that the letter S’ of the name ““Fol-
gers” is at the right edge of the object in frame 1, but noticeably in the interior of
the object, in frame 90.

Using the same presentation format as for the images in Figs. 22 and 25, the
tracking results for this video are shown in Fig. 26. The tracking performance is
the same as for the previous two sequences.

To point out specifically the challenges posed by self-occlusion, we show in Fig. 27
the tracking result obtained when we do not include boundary update through region
growing. The specific frames shown in this figure match the frames shown in Fig. 26.
Note the increasing error between the computed boundary and the actual boundary
of the object. To appreciate the nature of this error, note that in frame 1 the left side of
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(D) Frame 40. (E) Frame 50. (F) Frame 60.

Fig. 25. Object tracking in video 2. The black contours in the first and the third rows show the estimat ed
object boundaries. The white contours are the eroded version of initially predicted boundaries, used for
boundary updating. The second and the forth rows show the extracted object from indicated frames.

the boundary passes through the letter ‘F’ of the name “Folgers” and the right side of
the boundary passes through the letter ‘S.” As time progresses, and as the object ro-
tates toward left, the predicted boundary, which has motion compensation built into
it, continues to pass through the letter ‘S’ on the right, indicated accurate motion com-
pensation. But, because of object rotation, this predicted boundary is not the actual
boundary. The actually boundary, shown in Fig. 26, can only be obtained by our re-
gion-growing approach of Section 6.
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(A) Frame 1. (B) Frame 10. (C) Frame 20.

(D) Frame 50. (E) Frame 70. (F) Frame 90.

Fig. 26. Object tracking in video 3. The black contours in the first and the third rows show the estimated
object boundaries. The white contours are the eroded version of initially predicted boundaries, used for
boundary updating. The second and the fourth rows show the extracted object from indicated frames.

7.2.4. Video 4

This is the most complex of the four video sequences. The moving object, a car again,
is turning around a corner, creating a motion that includes object rotation and that, at
the same time, causes the object to change its apparent size in the camera image. As be-
fore, the rotation creates self-occlusion. The video consists of 103 images.

Using the same presentation format as for the last three videos, the tracking
results for this video are shown in Fig. 28. Despite the scale change and the self-
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(D) Frame 50. (E) Frame 70. (F) Frame 90.

Fig. 27. Video 3 sequence tracking without boundary updating.

occlusions, the overall tracking performance is the same as for the previous three
videos.

As we did for Video 3, the tracking results obtained when we do not include
boundary update through region growing are shown in Fig. 29. The specific
frames shown in this figure match the frames shown in Fig. 28. As was the case
with the previous video, the extent of error between the computed boundary and
the actual boundary of the object grows with time. Note that the predicted
boundaries in the results shown in Fig. 29 maintain the shape of the car even
as the car is shrinking in size as it moves away from the camera, indicating accu-
rate motion estimation.

The dividends paid by boundary updating through region growing are evident in
what is extracted for the tracked object in the second, the fourth, and the sixth rows
of Fig. 28. The extracted pixels contain a majority of the car pixels even though the
car is changing its size in the camera image. If we had carried out object extraction
based on just the predicted boundaries shown in Fig. 28, the extracted regions would
bear very little resemblance to the car.

8. Concluding remarks

In this paper, we presented a 3D motion estimation scheme for object tracking
with emphasis on solving the occlusion problem and providing a visually meaningful
object delineation. For many object tracking methods proposed previously
[17,28,16,6], the rigid object motion model is limited by the assumption that the
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(D) Frame 50. (E) Frame 70. (F) Frame 90.

Fig. 28. Object tracking in video 4. The black contours in the first, third, and the fifth rows show the
estimated object boundaries. The white contours are the eroded version of initially predicted boundaries,
used for boundary updating. The second, fourth, and the sixth rows show the extracted object from
indicated frames.

object consists of a 2D planar surface. Such a motion model fails to describe the mo-
tions of a 3D object, especially when the object is allowed to rotate vis-a-vis the
camera.

Unlike previous contributions, our approach keeps track of the image feature
points from the time they are born until they disappear due to occlusion. We do this
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(G) Frame 80. (H) Frame 90. (I) Frame 103.

Fig 28. (continued)

by associating a genesis-frame index with each feature point and bundling together
all the feature points in the current frame that have the same genesis frame index. A
two-frame Kalman filter is applied to each bundle for the updating of the motion
uncertainty in the current frame. This, in our opinion, is the most novel aspect of
the tracking formalism proposed in this paper.

There are several possible extensions and enhancements to our work. One
obvious way to extend our system would be to couple it to a system for face
and object detection. That would eliminate the need for a human to delineate
the object boundaries in the first frame of a video sequence. But, then, the per-
formance of the entire system would depend strongly on the performance of the
face or the object detector. Since we wanted to focus solely on tracking in this
work, it was a deliberate decision on our part to not show any results on such
coupled systems. Another way to extend our work would be to apply it to artic-
ulated objects. This can be done by decomposing an articulated object into multi-
ple rigid objects and using the geometric relationships as additional constraints
for motion estimation.

Appendix A. Motion transform prediction from two transforms

We would like to predict the transform uncertainty U, : (p,, X.), given two trans-
forms uncertainties U, : (p,, Xp) and U, : (p,, X.), and homogeneous transformation
relationship H, = H, * H...

For any given motion vector p = (¢, ¢y, P-, 1y, 1), t.)¥, the rotation matrix R,
translation vector T, homogeneous transformation H, and their derivatives can be
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(G) Frame 80. (H) Frame 90. (I) Frame 103.

Fig. 29. Video 4 sequence tracking without boundary updating.

¢, =C0S¢, s, =sin¢, (A.1)
¢, =cos¢, s, =sine, (A.2)
¢, =co8¢,, s, =sing,, (A.3)
[cop  Ca8ysc — 8.0 Co8yCx + 828,
R=|s5c, s$58+cc $50—cs|, (A.4)
| =5, CySx CyCy
[ ¢
! R T
T= ol H=| | (A.5)
L tz
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R 0 csyey + 8.5 —Co8,8c + 8.6y
dR, = 3% =10 5850 —8 =858 — G0y |, (A.6)
X
10 CyCx —C),Sx
R [—c.s, o copey
dR, = @ = | =88, 85008 S:00 |, (A.7)
7 —Cy =SSy —SyCx
oR —8.C)  —88ySy — C;Cp —8:8,Cy + CoSy
dR, = 5~ c:cy C:8,Sy — S:Cx C:8,Cx +5.8¢ |- (A.8)
- 0 0 0

So we can re-write relationship H, = H,, * H,. as
R,=R,R,, T,=R,T.+T,. (A.9)

To be more specific, we have

(Ro); = (RR.); (1,7 =0,1,2), (A.10)
T, =R,T. + T}. (A.11)
So the components of motion vector p can be obtained as
[(Ra)y,
¢, = atan |—=|, (A.12
(R )
[(Ra),
¢, = atan , (A.13)
L(Ra)oo
[ _(Ra)zo
=at - , A.14
O AR g c0s . + (R 5in g, (A1
t, =T,0], 1t =T,1], t =T.2]. (A.15)

Take partial derivatives of Egs. (A.10), (A.11), we have

0
op, :F{ ph}.
op,

Let pa = (d)x’ ¢y7 ¢Z> txa lya t:)Tﬂ pb = (Oxaoya 02: bxa bys bZ)T’ pC = (lpxal//ya wm qx’ an qZ)Ta
we have

oR, oR, oR,
(a@),f‘f’x y <a¢y> o (a@),«f@

i

= (dRaX)ij5¢x + (dRa,\’)ijé(rby + (dRaZ)ij5¢Z7 (A.17)

(A.16)
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O A(R,R.),,

30,
A(R,R

¢ O(R,R
)1_,50x+ (R,

00,

3(RyR.),,

(A.18)

Loy,

0y

A(RyR,)
= (dech)ijégx + (deyRc)l.jcS@y + (deZRC)l-j(SBZ

c)ij 5lpy +

oy,

ol Sy, +

oY,

3(R,R.)..

(A.19)

+ (RbdRCX)[jélpx + (RbdRCy)ijélpy + (RbdRCZ)[jalpz’

(A.20)

)

0q, ob,
oq, | + | ob,
0q. ob,

T.00.+ R, {

oR,

00,

T,50, +

oR,

20,

T.00, +

oR,

00,

ot
ot,
ot,

(A.21)
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Combine above two equations, we have
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Define 6 x 12 matrix 4 and 12 x 12 matrix B as:

(A.23)

1
S oo oo o o~

<
S s 8 2 = & 8 5 8
AN N N N N N N N/
Yy Ty Ty Ty Ty Ty Ty Ty
- - - B - - -
TTTTTTTZER
8 3 8 2 2 & 8 5 8
§ 5 58 5 & &8 5 & 8
== - - B - - -
ECECEEEECECECEEENS
S N N e N N N N N
g 3 8 2 2 & 8 5 8
§ 5 8 5 385 3§ 3%
- - - B - - -
RIS
S N e e e e N N
L

|

<

~ = =~~~ o~~~
© » N

e e e T e e - 2

—~ = =~~~ —~ —~ —~

—_— — — — — — — — —

~ = =~~~ o~~~

o= =2 D222

—~ = =~~~ —~ —~ —~

R N S s

—~ = =~~~ —~ —~ —~

R N N Nl

~ = =~~~ —~ —~ —~

P\ e e e e e

(A.24)

Then we have

(A.25)

(ATA)"'(ATB).
So the mean value and covariance of motion vector p, can be obtained as:

F

(A.26)

a — Iiblic»

R

(A.27)

(A.28)

Appendix B. Jacobian matrix of perspective motion transform

The perspective transform f; for a point (u,v) with depth value Z from frame k to

point (¢/,v') in frame 7 is

(B.1)

SN
f2
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’ r1]u+r12v+r13+%
rautraotra+

= Ak (B.2)
;o o urpvtry)+
r3|u+rpv+ry )+%

where 1, (i,j =0, 1, 2) are elements of rotation matrix R defined by motion vector
nPk = (d)xa d)ya ¢z; Iy, tya Z‘:)T~

Define
oR OR OR
R, =— R,=— R, =— B.
dR, 39, dR, 36, dR. 3. (B.3)
u, = Z(rnu + ripv +t), (B.4)
U, :Z(F11u+l’120+tx), (BS)
zp:Z(r“qurlvartx). (B6)
We can compute the Jacobian matrix of f; as
o 9 A U U U
of | % 3, 3. W W T (B.7)
where
ofi _ Z((dRy); u + (dRy),,v + (dRy),5)z, — u,Z((dRy) 51 4 (dRy) 5,0 4 (dRy)55)
0, z ’
(B.8)
% _ Z((dR,);u+ (dR,),,v + (dRy)5)z, — u,Z((dR,);u + (dR,)5,0 + (dR,)5;)
0o, z ’
(B.9)
ofi _ Z((dR.);u+ (dR;),0+ (dR:),3)z, — u,Z((dR.)3u + (dR.) ;v + (dR.)5;)
0o, z ’
(B.10)
on_1 o _, o%_zu (B.11)
o, z, 0Ot o,  z

0f2 _ Z((dRy)y u + (dRy) v + (dRy)13)z, — u,Z((dRy) 51 + (dRy) 5,0 4 (dRy)55)

0, ZIZJ ’
(B.12)

% _ Z((dRy)yu+ (dRy) v+ (dRy),5)z, — u,Z((dR,)5u + (dR,) 5,0+ (dR,)33)

oo, zﬁ ’

(B.13)
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0f2 _ Z((dR.)yu+ (dR:)5,v+ (dR:)y3)z, — u,Z((dR:)5u + (dR:)3v + (dR:)55)

0¢, z ’
(B.14)
X 1 _
6]120, aflz_’ aflzﬁ. (B.lS)
ot, ot, z, ot, zg

Appendix C. Motion estimation from two transforms

We would like to update the motion uncertainty from frame 0 to » associated with
2Uo : (uPg, n20), given two transformations from frame 0 to k and from k to n respec-
tively as ;Up : (4P, +20) and ,Uy : (,py, k). In general case, given transformation
uncertainties (p,,X;) and (p,,X.), and initial estimate of (p,,X,), we want to update
(p,, X,) based on homogeneous transformation relationship H, = H, * H,, or

R,=R,R., T,=R,T.+T, (C.1)

Let Pa = (()bx, ¢ya ¢za Iy, tyatz)T’ Py = (Oxa Oy,O_., SxsSys Sz)Ta P = (lpxa ‘//yalpza qx:9y» qz)Ta
then we have the following equations:

‘%ij = (Ra)ij - (RbRC)ij =0 (i,j = O> 172)7 (CZ)

T =T,—R,T.+T,=0. (C.3)

Based on the above constraints, we can apply extended Kalman filter (EKF) to
sequentially update (p,, X,) as following:

(1) Case I (%#;; =0):
Let p and r be the system state vector and measurement vector for EKF sepa-
rately, we have

p=p, and r=(p,p.)" (C4)
To apply Kalman filter, the relevant observation matrix M is
M — @a% — [(dR,), (dR,),; (dR.), 0 0 0]. (C.5)
The observation error covariance matrix G can be computed as
R.. P p

= [~(dRyR.); —(dRyR.); —(dRyR.),; 0 0 0
- (Rbdch)ij - (RbdRcy)ij - (RbdRCZ)ij 000 ]

a%ij Eb 0 a@ij T
= . C38
G or [ 0 ZC] ( or (C8)
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So the updated (p,, X,) by EKF is:

K=:M' (G+MzM") "

Rij = (Ra)[j - (RbRC)iﬁ (C.9)

(2) Case 2 (7 =0):
Define system state vector p and measurement vector r for EKF same as above,
we can compute observation matrix M as

07 oT
M = =2 C.10
op Op, (C.10)
Matrix G is calculated as
0T 1 0 0
a—Jr_ _dexTc _dech _dezTc _13x3 000 _Rb 0 _Rb 1 _Rb 0 ’
0 0 1
(C.11)
07 [Xy 007"
_Y7 > C.12
¢ or [ 0 EL} or ( )
And the final updated (p,,X,) by EKF is:
K= M (G+MZM") " (C.13)
T =T,—-R,T.+ T, (C.14)
P, = b, — K7, (C.15)
x, = (I- KM)Z,. (C.16)

Appendix D. Motion estimation from inverse transforms

In this appendix, we are going to talk about the updating of motion uncertainty
2Uk @ (iPpyn2i) from frame k to n, given two uncertainties ,Up : (,pg, .X0) and
«Uo : (kPo,xX0). Instead of wusing homogeneous transformation relationship
Hi = ,Ho x (Hy ! we update ,H; by directly using ,Hy=,H; * H, based on
EKF to avoid matrix inverse of known motion transform.

Let p, = (¢, qﬁya Oty 1y, tz)Ts Py, = (0, st 0,5y, Sy, Sz)T: pe = (Y lﬁya VN7 qy, qz)T:
then we have the following equations:

‘%i]' = (Ra)ij - (RbRC)ij =0 (i,j = 07 172)7 (Dl)
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T =T, - R,T.+T,=0. (D.2)

Based on the above constraints, we can apply extended Kalman filter (EKF) to
sequentially update (p,, X;) as following:

(1) Case I (#;; =0):
Let p and r be system state vector and measurement vector for EKF separately,
we have

p= pb? and r= (paapc)T' (D3)
To apply Kalman filter, the relevant observation matrix M is
OR;;
= a_pf = [-(dRxR.);, —(dRyR.);, —(dR,R.),; 0 0 0] (D.4)
The observation error covariance matrix G can be computed as
R oAy Oy
= { o } (D.5)
= [(dR.),; (dR.), (dRy), 0 0 0 (D.6)
—(RydR.),;, —(RydR,,),;, —(RpdR.);, 0 0 0], ’
0% [Za 0] /0%,\"
= . D.7
¢ or { 0 Zc] ( or (D7)
So the updated (p,,X,) by EKF is:
K=XI,M' (G+MZ,M") ", (D.8)
'%ij = (Ra)ij - (RbRC)ij7 (D9)
P, = p, — K%y, (D.10)
Y, = (1 - KM)Z,. (D.11)

For each #;;, we go through above process sequentially.

(2) Case 2 (7 =0):

Define system state vector p and measurement vector r for EKF same as above,

we can compute observation matrix M as
07 0T,

= _ D.12
op Op, (D-12)
—[-dR,T. — dR,, T, — dR,,. T, — I3,]. (D.13)
Matrix G is calculated as
1 0 0
0T
e 000TI,u 000 —R,[0|] -R,|1| —R,|0] [, (D.14)

0 0 1
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o7
T or

X, O}
0 X

So the final updated (p,,X,) by EKF is:

07"
or

K=L,M"(G+MZ,M")",

T = Ta _Rch+Tb7

f’h:f’b_K

7,

X, = I-KM)X,.

(D.15)

Appendix E. Jacobian matrices used in depth updating

During the process of estimating initialized depth uncertainty (Z, g;), we are given
2Ur and feature correspondence pair (u,v,z) — (¢/,v'). The relevant constraint
equations and Jacobian matrices used during the updating process are defined as
following: Constraint equations:

[

Jacobian M:

L 0Z

Jacobian of h:

[ on,
oh 30,
o |
| 36,
where
ohy
0o,
o
oo,
oh,
0o,

{Z(r“u + }”120—|—I"13) +t — u’(Z(r31u “+ r3v + 7’33) —+ tz)
Z(I”ZIM + rypv +l”23) + ly — U/(Z<I"31M + r3v —‘1-1"33) =+ lz)

[ ohy
_ |z | _
M_%_[

an
o6,
Ohy

3,

oy
0.
ahz

3.

ony
Oty
oy
Oty

o
oty

Ohy

oty

oy
ot,

Ohy

oy
o'

Ohy

o'

(ruu +riav +ri3) — u (ru + rpv + r33) ]

(rau + v +r23) — V(r3iu + 130 + 133)

]. (E.1)
(E2)
;‘7 (E.3)

o

=Z((dR,),;u + (dR,) ;0 + (dR,),3) — w'Z((dR,)3,u + (dR;)5,0 + (dRy)33),

(E.4)

=Z((dR,),,u + (dR,),0 + (dR,)3) — «'Z((dR,);u + (dR,)3,v + (dR,)3;),

(E.5)

= Z((dR.),;u + (dR.)},0 + (dR.),3) — 'Z((dR.);;u + (dR.);,0 + (dR.)33),

(E.6)
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ah] ahl ahl
1. == — = E.
o, o g o, “ (E.7)
oh oh
a—ul:—Z(l’j]u—i—rnU—f—l"g)—tu a—U::O, (Eg)
Ohy /
@ = Z((dRy)yu + (dRy),,v + (dRy),3) — VZ((dR,)3,u + (dR;)5,v + (dRy)s3;3),
(E.9)
oh, /
3. = Z((dRy),u + (dRy)5,v + (dR,)5) — v'Z((dR,)3;u + (dR,)5,v + (dR,)s5),
),
(E.10)
ahz ’
@ =Z((dR.),u + (dR.),v + (dR.),;) — VZ((dR.,);,u + (dR.)3,v + (dR.)3),
(E.11)
oh, Ohy Ohy ,
=0 —=1 —=_ E.12
ot, S b0t . ( )
Oh Oh
auf :O, avf = —Z(r31u—|—1’321]+r33) —t,. (E13)
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