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Abstract sum of square differences (SSD) residual function
This paper addresses feature tracking when frame-to- e(d) = Z (I(x) — J(x+d))? Q)
frame motion is too large that the popular pyramidal xeEW

Kanade-Lucas-Tomasi (KLT) feature tracker does not work. . . ) )
To solve this problem, we estimate the motion at the deep_whereW is a small integration window centered at the fea-

est pyramid level by matching the horizontal (and verti- Ure point. Here, the assumption is that the sampling rate
cal) characteristic curves of the consecutive images. To©f the camera is sufficiently high that the frame-to-frame

compute the motion estimates efficiently and effectively, wgMotion is not too large, and the shutter speed is also fast
use dynamic programming to minimize the cost function. 10Ugh to capture any movement almost without blur and
These motion estimates will serve as the coarse motion aSMea- To solve the feature tracking problem using the SSD
the deepest pyramid level which makes the residual motion™éthod, Tomasi and Kanade [2] developed a feature tracker

small enough such that the feature tracker can work well. 2@sed on the Newton-Raphson scheme proposed by Lucas
Experiments show that our method can make the feature®Nd Kanade [1]. Then, Shi and Tomasi [3] proposed an
tracker suitable for features with large motion. af_flne_ model for the_ feature tracker with a feature selection
criterion to automatically select features that can be tracked
well. Following this work, Tommasini et al. [4] proposed an
) automatic approach, calleki84, to rejecting spurious fea-
1 Introduction tures. In order to allow the tracker to handle larger motion,
people usually use a pyramidal implementation of the KLT
Feature tracking is an important issue in many com- feature tracker in practice [6, 7].
puter vision applications. For examples, Sand and Teller [9] The above-mentioned methods provide sufficient accu-
aligned a pair of videos by using locally weighted regres- racy and robustness when the frame-to-frame motion is not
sion to interpolate and extrapolate high-likelihood image too large. However, these methods are not suitable for
correspondences. To solve the emotion recognition prob-the image sequences containing heavy vibration, which can
lem in live video, Michel and Kaliouby [11] employed an hardly be avoided when using a handheld or mobile video
automatic facial feature tracker to perform face localiza- camera. In this paper, we propose a method to extend the
tion and feature extraction. Tomasi and Kanade [10] solvedpyramidal KLT feature tracker to deal with the situation
the shape and motion recovery problem with a factoriza- where imageg and.J are taken from widely different view-
tion method, which required a set of corresponding feature points.

points from an image sequence. To achieve these applica- This paper is organized as follows. In Section 2, we

tions, a robust and reliable feature tracker is required. briefly describe the KLT feature tracker. The pyramidal im-
Let I andJ be two consecutive images in an image se- plementation of this feature tracker is also presented. Sec-
quence. For an image poist= [u |7, I(x) and J(x) tion 3 introduces the algorithmic details about our method,

are the intensity values afon imaged and.J, respectively.  which estimates the coarse motion at the deepest pyramid
Given a feature point o, the goal of the tracker is to find level by using dynamic programming to match the charac-

the correspondence oh One of the available approaches teristic curves. Experiments on realistic images are shown
is to estimate the displacement vectbthat minimizes the  in Section 4, while the conclusions are given in Section 5.
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2 KLT feature tracker

When the video camera is perfect and the translational
model can completely describe the inter-frame motion, we
can assume that a small image patch/ocan be shifted
to J by using a small displacement vector, i.e., there is a
displacement vector which makes the residual function in
Equation (1) become zero. However, in practice, the re-

on. Denote the height of the image pyramidias,.. We
shall continue the construction of the image pyramid of
until we obtain image/;, _ at the deepest pyramid level
L. Similarly, we can obtain image$, Js, ..., JL,
forimageJ.

After constructing the image pyramids éfand J, we
apply the pyramidal KLT feature tracker whose details are
shown below. Led;, be the displacement vector at the

max

max

quirements usually can not be satisfied. As a result, thedeepest pyramid levdl,,..,. Then, the first step computes

problem is to find the displacement vectbthat minimize
the SSD residual function.

The differential approach [12] is applied to minimize the
residual function in Equation (1). The first order Taylor ex-
pansion of/ (x+d) about the poink is used to approximate
J(x 4+ d). Then, the first derivative of with respect tad

is taken to be zero. Lgg = [2Z GI}T, we can obtain the

: ou o
linear system

Gd =e, (2)
whereG is a2 x 2 matrix
G=> gg’, ®3)
w
ande is a2 x 1 vector
e=—Y (I-Jg @

w

The displacement vecteat for a feature poink is com-
puted by using Equation (2) (i.ed = G~'e). To get an
accurate solution, KLT feature tracker iterates the above
procedure based on the Newton-Raphson scheme [1]. No
tice that the translational model described in this section is
preferable to feature tracking, while the affine model pro-
posed in [3] should only be used to build a reliable rejection
scheme [4, 6].

Automatically selecting good features is also an impor-
tant issue. The feature selection criterion of KLT feature

dy, .. by minimizing the residual function

(drp) = Y Upye, (%) = Ji,,,, (x+d))%,

xeW

®)

where W is a small integration window centered at the
feature point on the deepest pyramid levgl,.. Notice

that Equation (5) is similar to Equation (1). The second
step propagates the displacement vector obtained from the
deeper levek + 1 to level &k by minimizing the function

e(ddy) = Z (In(x%) = Jr(x + sdgy1 + 6di))?,  (6)
xeW

wheredy,; is the displacement vector at levek- 1, ands

is the downsampling factor used in constructing the image
pyramids. Heregsdy. 1 denotes the coarse motion at level
k, andody, denotes the fine motion at level Notice that the
displacement vectad;, at levelk is the sum ofsd;; and
ddg. The second step described above will be repeated until
the estimate ofl, at level one is obtained. This pyramidal
implementation of the KLT feature tracker has been adopted
by Bouguet [6], and also by Birchfield [7].

3 Accommodating very large motion

The assumption of using the approximation of the first
order Taylor expansion in the KLT feature tracker [6] is that
the L2-norm of the displacement vector is small enough (for

tracker is based on whether Equation (2) can be solved reexample, less than some threshg)d Consider a feature

liably. Let A\; and A\, be the two eigenvalues @f. KLT

*

da
T gk—11

point whose true displacement vectodis Letd;

feature tracker classifies the image point as a good featureyhich is the true displacement vector of the feature point at

if min(A1, A2) > A, where\ is a predefined threshold.

2.1 Pyramidal implementation of the KLT
feature tracker

In this subsection, we will describe the algorithmic de-
tails of using the image pyramid to enhance the KLT feature

level k. When constructing the image pyramids, the use of
a large enougli, ., will makedy ~ small enough such
that the assumption mentioned above can be satisfied at the
deepest pyramid level, i.q.w’j‘ﬁb < n, where|.|5 de-
notes thel.2-norm.

In practice,L,, .. is chosen to be a small number; other-
wise, theimage size df,, _andJ___ will be too smallto

max max

tracker to handle relative large motion. Consider two con- carry enough details for each feature. For example, Figure 1
secutive imaged andJ of an image sequence. We first shows four corresponding integration windows, centered at
construct their pyramid representations in a recursive way.the same feature point, on four different pyramid levels. It

LetI; andJ; (at pyramid level one) be the original images
andJ, respectively. Lef, be the image obtained by down-
sampling!ly, I3 be the image by downsampling, and so

can be seen that the feature point dissolves when the height
of the image pyramid is too large. Whén, ... is small and
d* is large, the assumption of~4— |, <  may not hold
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the video stabilization problem. However, in their work, no
feature points are used.

|
3.2 Motion estimation at the deepest pyramid

Figure 1: An example used to explain why the height of the level

image pyramid is usually quite limited. From left to right, In order to match two one-dimensional curves, many dif-
we show the integration windows, centered at the same feaserent methods have been proposed in the literature. The
ture point, on pyramid level 1, 2, 3, and 4, respectively. NO- ifterential approach [12] has also been used to match two
tice that the sizes of the integration windows are the samege_dimensional curves. But this approach is not suitable to
at different levels. match curves when very large moves are allowed. Minimiz-
ing the mean square error (MSE) between the two curves [5]

anymore. For those cases, our method provides an effectivanight be the simplest solution. However, this method can
and efficient solution by computing the motion estimates ~ only give a global displacement between these two curves,
andd, (one for x-axis and the other for y-axis) at the deep- and the computational cost c_)f this method is high. Boykov
est pyramid leveL,,.... The effect of computing,, andd, et al. [8] proposed two algorithms (swap move and expan-
is to provide a coarse motion at levB},,,, which makes  Sion move) that used graph cuts to solve the energy mini-
the residual motion small enough to satisfy the assumption.Mization problem by computing a local minimum. These

For example, consider a feature poit= [u v]7. To two algorithms are both suitable to match curves even when
compute the displacement vectdy, . in the first step of ~ Very large moves are allowed. However, computing the lo-
the pyramidal KLT feature tracker, we now use Equation cal minimum via graph cuts needs to perform iterations until

(6), where[d,.(u) d,(v)]” will serve as the coarse motion the convergence of the energy is occurred. Again, the com-
at the deepest pyramid level. putational cost is too high for an real-time feature tracker.

In this paper, we adopt the technique of dynamic pro-
31 Ch teristi gramming, which makes an exhaustive search for the opti-
: aracteristic curves mal piecewise match sequences between the two cyrves

Definey! as the characteristic curve for x-axis computed and;/. For brevity, we only show how to compute the mo-

of the pixel values of the corresponding column on image ¥ andg;’. The motion estimate, can be computed in the
Iie., same manner. The algorithmic details of the motion estima-

tor are shown below. Let s@tbe the domain of the function
wi(i) _ i Z I(s) Vi=1,....N, @ (OI’CUI’VG)(,D:IE', i.e.,P = (1,...,N), whereN is the number
of columns in the image. For each elemerd P, we need
to assign a labef(p), which represents the displacement, to
wherecol; represents thé" column, M is the number of ~ the elemenp. Moreover, we allow that the motion estima-
rows in the image, and’ is the number of columns in the ~ tor can assign the lab&cc (abbreviation of “occlusion”)

image. Similarly, we can compute the characteristic curve t0 the elemenp when the element is considered to be oc-
@é for y-axis from image/ by using the function cluded. The goal of the motion estimator is to find the best

labeling f that assigns a labé¢l(p) to each element € P.
. 1 . Define vectotd = (a1, as, . . ., a,) be the ordered set of
I _ = _ s 42, y
pyli) = N Z I(s) Vi=1,....,M, ®) elementp € P wheref(p) # Occ. The motion estimator
finds the optimal labeling by minimizing the cost function

C(f) = Cdata(f) + Csmooth(f) + Cocc(f)v (9)

s€col;

whererow; represents thé” row. One example of the two
characteristic curveg’ andy; forimages/ and.J has been
shown on the top of Figure 2(a) and Figure 2(b), respec-
tively.
After the four curvespl, ¢f, 7, and ;] have been C _ I J 2
@ Py Yz ata(f) = «(P) =z (0 + f(p)]", (10
computed for the consecutive imageand.J, we compute data(f) Z rlp) = enlp+ 7)), (10)

where

Vpe A
the motion estimaté, by matching the two characteristic 8
curvesy?l andy. In the same manner, the motion estimate Csmootn(f) = Z Vsl f(ai) = flaiva)], (11)
d, can be computed by matching the other two character- Vai,ait1
isti_c gurveswé and @j. Similar idea of _using the charac- Coee(f) = Z Yo (12)
teristic curves has been adopted by Piva et al. [5] to solve VpeP /A
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(a) Imagel (b) ImageJ

Figure 2: One example of two consecutive imagesid.J in an image sequence are shown on the bottom of each image. The
characteristic curves for x-axis computed from imagesdJ are shown on the top of each image. There are 40 features
automatically selected to be tracked on ianigedn imageJ, we show the tracking results of our feature tracker. Most of
the lost features are due to the reason that they are outside the image boundary.

The penaltyy, in Equation (11) is used to penalize the sit- 3.3 Feature tracker with pre-checking
uations where discontinuity is occurred. On the other hand, To | the effici introd foat
the penaltyy, in Equation (12) serves as a threshold that . 0 Improve the €efliciency, we Introduce a feature re-

affects whether the motion estimator should assign a IabelJection scheme by pre-cr_lecking the quality of the features
Occ to the elemenp € P. based on the motion estimatés andd,. The goal of the

The data ternC.,(f) is inversely proportional to the pre-_checking step_is to ident?fy those features_ which would
possibility of assigning every elemente A a label f(p). obviously fall outside of the image boundary in the subse-

This possibility is measured based on the similarity betweenquem.'mage' When a feature is re!ect_ed during the pre-
the values of the two curves! ande? onp andp + f(p) checking step, the feature tracker will directly denote that
respectively. The smooth temmoot:(f) is used to ensu’re this fegture has been Iqst. Therefore, no computational
that the labeling is piecewise smooth, whilg..(f) makes povcv:er |§(\j/vastefd otn trackl_g? EUCh fea;ur%s. ing th

the motion estimator assign lab@kc to a elemenp only onsider a feature point = [w o]”. puring the pre-
whenp seems to be occluded. checking step, the feature tracker classifiess a lost fea-

We minimize the cost function via dynamic program- ture when one of the following conditions is satisfied.

ming. After finding the optimal labeling, the motion esti- wt dy(u) > N
mator computes the motion estimatg by using the func- { - d””(v) < M (14)
tion Y '
d.(i) = %f(z’) Vi€ A, (13) Notice that pre-checking is an intrinsic property when using
S max

] ] . ] a motion estimator to provide a coarse motion in the deepest
wheres. is the downsgmplmg factor anldh.. is the height  pyramid level. After the feature points are displaced by the
of the image pyramids. For those elementsHpA, we  coarse motion, the feature tracker can track these features

compute their motion estimates by interpolating the dis- gnly when they are still inside the image boundary.
placements of the elements in the neighborhood.

Once the coarse motiaf), andd, are determined by our
motion estimator, it can be used to compdtg,,, atthe 4 Results and comparisons
deepest pyramid level,, ., by using Equation (6). Fig-
ure 2(a) and Figure 2(b) show an example of the tracking  Our method has been widely tested in a series of realistic
results. image sequences. Here, we compare the tracking results
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Comparison of the tracking results Comparison of the tracking results
ourmethed T our net hod
Birchfield’s inplenentation Birchfield’s inplenentation

Number of tracked feat
Number of tracked feat:

O I O B |
2458 7072

L L e e B O
4142 43 4445 46 47 48 49 50 5152 53 54 55 56 57 58 59 60 61 62 63 64 65 66 67 65 69 70

index of the Frames index of the frames

(a) ForSnowimage sequence (b) ForBuildingimage sequence

Figure 3: Comparison between the number of the tracked features. Powderblue: the tracking results by using Birchfield’s
implementation. Orange: the tracking results improved by using our method.

obtained by our feature tracker with those by Birchfield's
implementation [7]. We do the experiments on a Pentium
M 1.3GHz laptop.

Snow(see Figure 2 and Figure 4). Consider the test images
taken from a 71-frame video cli320 x 240 pixels for each
frame), which can be downloaded ftp://iss.bu.
edu/litvin/stabilization/ . Because this video
was acquired using a handheld video camera, some heavy
vibration occurred, which made it difficult to track features
with high accuracy and reliability. In the experiments, 40
features were selected automatically in the first frame. If Figure 4: The tracking result of the same image pair in
some features are lost in the subsequent frames, we replacEigure 2 by using Birchfield’s implementation. The fea-
them with the new ones. Figure 3(a) shows the number ofture tracker fails due to the large motion between this pair
tracked features after thi®'" frame, where the video con-  of consecutive images. Notice that the tracked feature is a
tains heavy vibration. It can be seen that our method per-spurious correspondence.

forms much better. Table 1 compares the running time of

tracking the entire image sequence. The running times are

evaluated by computing the average running time of five this experiment, our feature tracker performs more efficient
experiments. In this experiment, the computational costs ofthan Birchfield's implementation by using the pre-checking
these two feature trackers are similar, even though we adoptn€thod to reject the features which are potentially outside
the dynamic programming to estimate the coarse motion.the image boundary in the subsequent frame.

The reason is due to the pre-checking step, which improves
the efficiency.

Table 2: Comparison between the running times
Birchfield’s H Ours

20.841 sec.H 17.370 sec.

Table 1: Comparison between the running times
Birchfield’s H Ours

6.347 sec. || 6.370 sec.

Building. (see Figure 5) Consider the 73-frame video clip 5 Conclusions

(480 x 320 pixels for each frame), which contains heavy

vibration. In this experiment, 256 features are selected au- We employ an effective and efficient motion estimator
tomatically in the first frame. Again, we replace the lost to give pyramidal KLT feature tracker a coarse motion for
features with the new ones. Figure 3(b) compares the num-each feature at the deepest pyramid level. The motion es-
ber of tracked features for even frames. Table 2 com-timator computes the coarse motion by using dynamic pro-
pares the running time of tracking this image sequence. Ingramming to minimize the cost function. At the price of a
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(d) Imagel (e) Birchfield’s implementation (f) Our method

Figure 5: (a)-(c) and (d)-(f) show two examples of the tracking results

Birchfield’s implementation are spurious correspondences.

little computational cost, our method can track features in
image sequences that contain heavy vibration.
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