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a b s t r a c t

Accurate feature tracking is the foundation of many high level tasks in computer vision, such as 3D recon-
struction and motion analysis. Although there are many feature tracking algorithms, most of them do not
maintain information about the error of the data being tracked. Also, due to the difficulty and spatial
locality of the problem, existing methods can generate grossly incorrect correspondences, making outlier
rejection an essential post-processing step. We propose a new generic framework that uses the Scaled
Unscented Transform to augment arbitrary feature tracking algorithms, and use Gaussian Random Vari-
ables (GRV) for the representation of features’ locations uncertainties. We apply and validate the frame-
work on the well-understood Kanade–Lucas–Tomasi feature tracker, and call it Unscented KLT (UKLT).
The UKLT tracks GRVs and rejects incorrect correspondences, without a global model of motion. We val-
idate our method on real and synthetic sequences, and demonstrate how the UKLT outperforms other
approaches on both outlier rejection and the accuracy of feature locations.

� 2010 Elsevier Inc. All rights reserved.
1. Introduction

In computer vision, several problems rely on the accurate deter-
mination of feature correspondences on images. Feature tracking
deals with the particular case of time-changing images, and up-
dates each feature’s location as the image changes. It is important
to select image features that have enough information to track, and
that do not suffer from the aperture problem effect [1].

The Kanade–Lucas–Tomasi (KLT) is one of the most well-known
and studied methods for feature tracking [2,1]. It uses a matching
criterion based on a rigid translational model, which is equivalent
to the minimization of the sum of squared differences of window
intensities. The proper selection of feature points can greatly in-
crease the algorithm’s performance [3].

Shi and Tomasi [3] extended the initial algorithm to consider
the affine model, and proposed a technique to monitor the quality
of the features being tracked. If the residual of the match between
image regions in the first and the current frame exceeds a thresh-
old, the feature is rejected. Later works [4,5] extended the model to
account for changes in illumination and reflection.

Unfortunately, none of these algorithms consider uncertainties
during tracking, or the estimate’s reliability. If we could take into
account uncertainty, we would have more accurate parameter fit-
ting procedures to noisy data. Several researchers have attempted
to estimate uncertainty using ad-hoc techniques without satisfac-
tory results [6], therefore there is the need for theoretically sound
ll rights reserved.
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uncertainty estimation methods for feature tracking that can be
applied to different types of features.

On a different take, occlusions, ambiguity, and illumination
changes make even the most elaborate feature tracking algorithms
fail miserably. These problems lead to false matches, that is, outli-
ers. Although there are several methods to mitigate the effects of
outliers, their computational cost is usually high [7,8]. Torr et al.
[9] adopt a RANSAC [10] based approach to eliminate outliers over
an image sequence. Fusiello et al. [11] propose an extension to the
KLT, an automatic feature rejection rule called X84. Although there
are many outlier rejection methods, there is no single algorithm
that works perfectly in all cases.

In this paper we extend the study, begun in [12], of the use of
Gaussian Random Variables (GRVs) combined with the Scaled
Unscented Transform (SUT), a controlled sampling method, to cal-
culate the distribution propagation over a nonlinear transforma-
tion, in our case the standard KLT algorithm. Using random
variables to describe image feature locations and their uncertain-
ties improves both the accuracy and the robustness of the tracking
process. Although we do not know what the real distributions are,
SUT gives us a theoretical guarantee that the first two moments of
the estimates are correct. Also, using the SUT deterministic sam-
ples for outlier detection allow us to increase the robustness of
the final technique without any extra computational expense.

2. Uncertainty representation

We now introduce a new generic framework that augments
arbitrary feature tracking algorithms to represent and track feature
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positions as Gaussian Random Variables (GRVs). We then show
how it can be applied to one of the most commonly used methods,
the KLT [1].

GRVs are a good option for the representation of the probability
distribution function of an image feature location. They have an
easy and straightforward mathematical formulation (mean vector
and covariance matrix) and a compact computational implementa-
tion. They also have an exact closed algebraic formulation for linear
transformations using linear algebra operations, and use the two
first moments of the distribution as their parametric representa-
tion. Haralick [13] proposed the use of covariance propagation in
computer vision, but he considered only a first order linearization.

Ease of use apart, there has been some valid questioning in the
literature whether covariances measured from the local grayscale
information of the image can properly represent the uncertainty
of the feature locations [6].

With a reliable estimation of features’ GRVs, we can improve
any parameter fitting procedure, such as bundle adjustment, using
a weighted least squares fit that takes into account the uncertainty
information. As we show in Section 4.4, the GRV’s covariance ma-
trix leads us to a Mahalanobis-distance minimization.

Chowdhurry [14] has derived an explicit expression for the er-
ror covariance in motion and structure estimates as a function of
the error covariance in the feature positions in the images, but
his work does not consider the effects of outliers. Steele and Jaynes
[15] proposed a method to improve the uncertainty estimates of
the features’ locations, propagating the covariance through the
Jacobian of the feature location estimator. Zhu et al. [16] have used
a confidence measure based on the gray level difference, also with-
out considering the inherent error in the algorithm being used for
tracking. Additionally, Morris and Kanade [17] and Irani and Anan-
dan [18] explore the use of uncertainty in factorization methods.
3. Tracking random variables

There are two main categories of tracking errors: location impre-
cision and false matches [8]. In the case of imprecisions, feature
points differ by only a few pixels from their true position. False
matches occur when a feature is mapped to a different location,
causing gross mistakes.

The concepts of predictive filters can help us obtain more accu-
rate estimates. Predictive filters propagate the parameters and
their uncertainties through a dynamical system, and combine pre-
liminary estimates with data obtained from the system’s observa-
tions [19].

There are different types of predictive filters. The linearity con-
straints required by the well-known Kalman Filter [20] are not sat-
isfied in many practical applications. The Extended Kalman Filter
linearizes all models, so that we can use the Kalman Filter formu-
lation, but it can lead to poor representations of the underlying
probability distributions functions of interest.

The Unscented Kalman Filter (UKF) [21], based on the Un-
scented Transform, uses the true nonlinear dynamical model, and
calculates the statistics of a random variable that undergoes a non-
linear transformation.

In our framework, we represent the features locations as GRVs
and use the Scaled Unscented Transform to propagate them
through a nonlinear transformation that, in this paper, is repre-
sented by the KLT feature tracking algorithm.
3.1. The Scaled Unscented Transform

Consider an n-dimensional random variablex that undergoes a
nonlinear transformation y = g(x). In our case, we will always use
a two-dimensional random variable for the feature location and
the transformation will be the tracking algorithm.

Let �x and Rx be the mean and covariance matrix of x, respec-
tively. The Unscented Transform calculates the mean and covari-
ance of y, using 2n + 1 deterministic points, called sigma points
Xi. To ensure positive definiteness on the resulting covariance
matrices, we use the Scaled Unscented Transform (SUT), an exten-
sion of the Unscented Transform that uses pre-scaled sigma points,
defined by [22,21] as:

X0 ¼ �x;

Xi ¼ �xþ ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðnþ kÞRx

p
Þi; i ¼ 1; . . . ;n;

Xi ¼ �x� ð
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðnþ kÞRx

p
Þði�nÞ; i ¼ nþ 1; . . . ;2n;

ð1Þ

with k = a2(n + j) � n representing the scale parameter, where a
determines the spread of the sigma points around �x and j is a sec-
ondary scale parameter. Finally, ð

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðnþ kÞRx

p
Þi is the ith row of the

matrix square root. This deterministic choice of the sigma points
guarantees that they completely capture the true mean and covari-
ance of the prior random variable x. In all our sequences, we use
a = 0.9, a small spread to avoid sampling non-local effects and the
occurrence of false outliers, and j = 0, since in our case n = 2 and
never changes. Neither the spread nor the location of the sigma
points is related to the size of the window used inside the KLT
algorithm.

Each sigma point has an associated weight Wi:

Wm
0 ¼

k
nþ k

; Wc
0 ¼

k
nþ k

þ 1� a2 þ b; ð2Þ

Wm
i ¼Wc

i ¼
1

2ðnþ kÞ i ¼ 1; . . . ;2n;

where b is used to incorporate knowledge of the higher order mo-
ments of the distribution. We use b = 2 for all sequences, the value
for Gaussian priors [22]. The superscript m indicates the weight for
the mean calculation, and c indicates the weight for the covariance
calculation.

To estimate the mean and covariance of the resulting distribu-
tion after the nonlinear transformation g(�), we find the trans-
formed sigma points Yi ¼ gðXiÞ, and

�y ¼
X2n

i¼0

Wm
i Yi and Ry ¼

X2n

i¼0

Wc
i ðYi � �yÞðYi � �yÞT : ð3Þ

The SUT approach results in an approximation that is accurate
to at least the second order [22,21]. The Extended Kalman Filter,
on the other hand, calculates the posterior mean and covariance
accurately only to the first order [21]. We summarize the SUT in
Algorithm 1.

Algorithm 1. SUT applied to 2D features
1:
 for each feature point do

2:
 generate 5 sigma points (2 � dim + 1);

3:
 propagate the sigma points using the KLT tracker;

4:
 compute the estimated mean and covariance matrix

(3);

5:
 end for
Fig. 1 illustrates the method.
3.2. Unscented KLT: UKLT

Existing algorithms that estimate uncertainties in feature track-
ing consider only the relationship between the noise models and
the feature points’ covariances. This emphasizes the local image



Fig. 1. The Unscented Transform.
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characteristics and does not take into account the error of the
tracking algorithm. In this paper, by using the KLT feature tracking
algorithm as the nonlinear transformation, we consider the uncer-
tainty of the nonlinear transformation represented by the tracking
procedure itself.

Let u(li,Ri)k be the state vector of our system, where for each
discrete time step k we have the mean and covariance of every fea-
ture point i. At time step k, we apply the SUT (Algorithm 1) to each
feature point i in the state vector u(li,Ri)k. That is, we generate the
sigma points according to (1), propagate them using the KLT track-
er, and finally calculate the corresponding mean and covariance
(3). Here, we use the good features to track [3] as the criteria for
the initial feature points, but further extensions of this work can
consider scale and rotation invariant features [23] as starting
points. The covariance of the initial features is found by the inverse
of the matrix

C ¼ r2x rxry

rxry r2y

" #
; ð4Þ

where rx and ry are the gradient in the x and y directions.
For each time step k, we make an additional observation of the

system, denoted by v(li,Ri)k, that considers local image character-
istics (gray level variation). The mean is the coordinate estimated
by the KLT tracker and has the same value as v0, and the covariance
is estimated using C�1 as in Eq. (4).

We look at the SUT estimate as the state prediction, and at the
image local characteristics as an observation of the system. As
illustrated in Fig. 2, we combine these two partial estimates using
a Maximum Likelihood Estimation (MLE), an inference strategy
that consists of choosing the parameters that maximize the ob-
served measured probabilities. In other words, the MLE selects
the model with the highest posterior probability given the predic-
tion and observation [24].

Let two GRVs z1 � Nð�z1;Rz1 Þ and z2 � Nð�z2;Rz1 Þ , z1 the predic-
tion and z2 the observation. The two GRVs z1 and z2 are condition-
ally independent given the correct position x of the feature, they
consist of the real position disturbed by Gaussian random noise.
In Bayesian Networks, this independence property is called Markov
Blanket [25].
Fig. 2. Graphical interpretation of the UKLT.
The GRV that best explains two Gaussian observations is the re-
sult of a simple Maximum Likelihood Estimator MLE. The covari-
ance estimation is the inverse of the sum of the inverses, and the
mean is the weighted average (matrix-wise) using the inverse of
the covariances.

R�1
x ¼ R�1

z1
þ R�1

z2
ð5Þ

�x ¼ Rx R�1
z1

z1 þ R�1
z2

z2

� �
ð6Þ

The UKLT algorithm is summarized in Algorithm 2.

Algorithm 2. Unscented UKLT
1:
 select feature points and calculate their GRV

2:
 for each sequence frame do

3:
 for each feature point do

4:
 obtain the prediction estimate, z1, using the SUT

(Algorithm 1);

5:
 obtain the observation estimate, z2, based on the

predicted state;

6:
 obtain an a posteriori estimate by fusing z1 and z2

using MLE;

7:
 end for

9:
 end for
3.3. Rejecting outliers

Feature tracking is difficult and all existing matching methods
eventually yield bad correspondences, making outlier rejection
an essential step. Using the formalization of Section 3 and the fea-
ture quality criteria in the KLT tracking [3] applied to every sigma
point, we reject outliers on-line without a global model of motion.

Sigma point tracking results lead to three simple outlier rejec-
tion criteria:

(1) Reject if KLT loses tracking of any sigma point (step 3 of
Algorithm 1).

(2) Reject if the SUT estimation is a non-positive definite matrix.
(3) Reject if the sigma point tracking results have a displace-

ment magnitude inconsistent among each other (large mag-
nitude displacement standard deviation).

Concerning the first criteria, we discard every feature which had
one or more of its five sigma points not properly tracked by the
underlying KLT algorithm (step 3 of Algorithm 1, which constitutes
the prediction z1) of UKLT.

Similarly, before dropping the sigma points, the KLT tracker
might get incompatible positions, that may lead to a matrix that
is not positive definite. This is a simple check of consistency of
the sigma point tracking result that can be considered as a rejec-
tion criteria.

A final criteria to decide when the five sigma points do not have
a consistent movement is to look at the standard deviation of the
magnitude of their displacements. A large value implies inconsis-
tent movement, which would displace the correct feature point
location.

These cases usually happen when the feature is located be-
tween regions with rich and poor texture patterns, where the
underlying KLT algorithm may no longer consider the results reli-
able. We recall that the KLT algorithm has a criteria, based on win-
dow deformations, to decide when a feature has changed enough
compared to its original shape, and its result should no longer be
considered reliable.



Fig. 3. First and last frame of each sequence. These sequences have a ground truth.
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4. Results

We evaluate the performance of our algorithm for feature track-
ing accuracy and for outlier rejection using four different se-
quences, two synthetic and two real. We generated the first
synthetic sequence, Fig. 3a, through a sequence of controlled trans-
lational warpings of the well-known Artichoke image. For the sec-
ond synthetic sequence, Fig. 3b, we rendered the animation of a
rotating and translating textured 3D cow – thus, we know the ex-
act 2D projected image coordinates of every point, for every frame.
The real sequences are the House1 and Balorig2 static scenes ob-
served by a moving camera (Fig. 4a and b, respectively).

We compare the accuracy of the correspondences estimated by
UKLT with that estimated by the standard KLT frame by frame.
Also, to analyze the robustness of the final UKLT feature set, we ap-
ply RANSAC [10] and the X84 rejection rule [11] for outlier detec-
tion in the final KLT correspondence set. The X84 rule selects a
rejection threshold based on the Median Absolute Deviation
(MAD) and rejects correspondence pairs that are more than k
MAD from the median.

We use three different metrics for evaluation:

(1) The Root Mean Square (RMS) distance of the tracked points
from their epipolar lines at the last frame (using an estimate
of the fundamental matrix). If the epipolar geometry is esti-
mated exactly, all points should lie on epipolar lines.

(2) The distance between the estimated and real position of
each feature point (synthetic sequences only).

(3) The difference between the fundamental matrix [8] estimated
from the ground truth and from tracked correspondences
(synthetic sequences only). This metric complements the pre-
vious one, thus showing that we are working with compatible
measures.

4.1. Feature tracking analysis

As we have the ground truth for the synthetic sequences, we
measure the difference between the estimated and the real posi-
tion of each feature point. We compare the difference frame by
frame just between the standard KLT and UKLT, since in the other
two algorithms (RANSAC and X84) rejection is performed only on
the final set of correspondences. We carried out tests using the fol-
lowing initial number of points for each sequence: 75 for the Arti-
choke, 85 for the Cow, 237 for the House, and 55 for the Balorig.

Fig. 5a shows a plot of the mean distance error (in pixels) over
all the inlier points for the Artichoke sequence and Fig. 5b for the
Cow sequence. Our method gets better estimates in both se-
quences. The smaller error is partially due to the UKLT rejection
1 http://vision.ucla.edu/MASKS/.
2 http://sampl.ece.ohio-state.edu/database.htm.
of incorrectly tracked features, which are kept by the KLT algo-
rithm (Section 3).

Fig. 6 shows the mean distance of the feature points from the
corresponding epipolar lines in each sequence frame. We compute
the fundamental matrices using the UKLT and KLT correspon-
dences (without using robust methods). Fig. 6a shows the results
for the Cow sequence, Fig. 6b for the Artichoke sequence, Fig. 6c
for the House sequence, and Fig. 6d for the Balorig sequence. Based
on these experimental results, we conclude that our method tracks
features more accurately and robustly than the KLT.

As mentioned before, better estimates are partially due to the
UKLT rejection of incorrectly tracked features, which are kept by
the KLT algorithm (Section 3) Fig. 7 illustrates the number of fea-
ture points kept for each sequence frame. Observe that UKLT dis-
cards more features than KLT. In the experimental tests, the KLT
algorithm keeps from 80% to 95% of the features, while UKLT keeps
from 52% to 82%.

We also compare the accuracy of both methods only for the fea-
tures considered as inliers by UKLT. This analysis shows that our
algorithm performs better not only because of outlier rejection,
but also due to the improvement of the feature positions’ esti-
mates. Fig. 8 shows the results for all the test sequences being
considered.

We also carried out computational tests on an image sequence
with 200 frames. The first and last frames of the Medusa sequence
are illustrated in Fig. 9.

Fig. 10a shows the mean distance of the feature points from the
corresponding epipolar lines in each sequence frame. As before, we
compute the fundamental matrices using the UKLT and KLT
tracked points. Fig. 10b shows the number of tracked features in
each sequence frame. When analyzing the discarded features in
terms of the outlier rejection mechanisms presented in Section
3.3, we observe that 81% of the features are lost because one of
the sigma points is not correctly tracked, 13% due to the large dis-
placement of the features and 6% because the SUT estimation is a
non-positive definite matrix.

Since the proposed approach discards features more rapidly
than KLT, we introduce a simple mechanism to include new fea-
tures as a possible solution to this problem. When 50% of the initial
features are lost, a selection occurs, which happened five times for
this experiment (observe the peaks in Fig. 11b). Fig. 11a shows the
mean distance of the feature points from the corresponding epipo-
lar lines in each sequence frame. Here, we compute the fundamen-
tal matrix between the current and the last frame were a feature
selection occurs. In such a way, the distance to the epipolar lines
is zero in each new selection and, thus, it does not make sense to
compare this measures against KLT.
4.2. Outlier rejection analysis

The automatic on-line rejection of mismatched feature points
done by UKLT discards more outliers than the other robust KLT-

http://vision.ucla.edu/MASKS/
http://sampl.ece.ohio-state.edu/database.htm
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Fig. 6. RMS distance between the feature points and their corresponding epipolar lines (lower is better).
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Fig. 7. Number of tracked feature points in each sequence frame.

Fig. 4. First and last frame of each sequence.
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Fig. 5. Euclidean distance of the estimated feature positions from the real ones (synthetic sequences) (lower is better).
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based algorithms. In Fig. 12, we show a part of the tracking re-
sults in the last frame of the Cow sequence, for the algorithms
UKLT and KLT (with the RANSAC application on the final corre-
spondence set). The symbols + indicate the estimated positions
and h the real ones. The KLT errs significantly under rotation.
The UKLT is more robust in this case, detecting the false matches
made by KLT.
UKLT rejects more features than KLT, and the amount of rejec-
tions vary from sequence to sequence depending on the image con-
ditions (as mentioned earlier, UKLT tracks five feature points, thus
considering a small neighborhood around the central feature. This
procedure may be influenced by image characteristics like texture).
As mentioned before, in a general way, the KLT algorithm keeps
from 80% to 95% of the features, while UKLT keeps from 52% to 82%.
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Fig. 8. RMS distance between the feature points and their corresponding epipolar lines when considering the same features for KLT and UKLT on real sequences (lower is
better).

Fig. 9. First and last frame of the Medusa sequence.
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UKLT

Fig. 10. Analysis of a larger image sequence.

KLT
UKLTUKLT

Fig. 11. RMS distance between the feature points and their corresponding epipolar lines when considering the same features for KLT and UKLT on real sequences (lower is
better).

Fig. 12. Tracking results comparison.
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The decreasing on the number of features as the sequence
evolves depends on different aspects. Besides the fact that the
underlying algorithm lose track of some features, one must also
consider that some image regions disappear. We emphasize that



Table 1
Error metrics. dEpL: RMS distance to the epipolar line; dGT: distance between the real
and the estimated position; and Zhang: fundamental matrix comparison using the
Zhang’s method. Measurements for the last frame (lower is better). Results between
first and last frames.

Sequence UKLT KLT

dEpL dGT Zhang dEpL dGT Zhang

Artichoke 1.31 1.87 57.10 2.26 3.40 178.66
Cow 2.37 4.18 45.17 5.18 7.81 66.52
House 1.51 – – 1.77 – –
Balorig 0.61 – – 0.70 – –

Artichoke 2.21 3.28 93.03 1.92 2.81 149.53
Cow 4.04 6.54 49.02 4.49 7.24 59.28
House 1.80 – – 1.75 – –
Balorig 0.69 – – 0.68 – –
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this would also constitute a problem for the other approaches (KLT,
for example).
4.3. Comparative results

Table 1 shows the results for the error metrics that compare the
accuracy of the tracking and of the fundamental matrix estimation.
We use the correspondence set estimated by each of the methods
(KLT, KLT + X84, KLT + RANSAC and UKLT) for the last frame of each
sequence (as suggested in [11] and due to the characteristic of the
RANSAC algorithm, which considers an estimation model).

As discussed in the following, UKLT performs better than the
other approaches for the three metrics used in all sequences. Note
that the improvement in synthetic sequences is greater than in the
real ones. In this sense, it is necessary to take into account that the
Fig. 13. Epipolar lines (from the fundamen

KLT
UKLT

Fig. 14. Reprojection
synthetic sequences have controlled parameters regarding illumi-
nation changes and noise, for example. Besides the nature of the
sequences, the improvement also depends on different factors that
may not be considered alone. The nature of motion, for example, is
relevant, but must be combined with image characteristics like
texture and noise. The greater the complexity of these parameters,
the greater the probability of a feature ro be lost.

In Fig. 13, we draw the epipolar lines from the fundamental ma-
trix estimated from the feature points extracted from each method.

In usual filtering applications, it is common to use the Square-
Root Unscented Kalman Filter (SQUKF) variation [26] for robust
estimation. The SQUKF has similar accuracy than the Unscented
Kalman Filter, but with an increase gain in performance, as the
dimension of the state vector increases. In our application the state
vector is always bidimensional, so the additional complexity to
propagate and handle the square-root of the covariance matrix,
and the extra Cholesky decomposition procedure is unnecessary
for performance goals only. Another usual benefit of the SQUKF
is its numerical stability, which keeps the positive definitiveness
properties of the matrices longer in the recursive process. In our
case, we have shown how the loss of positive symmetry is another
criteria for outlier rejection, so adding more robustness in the esti-
mation of the covariance matrix would be detrimental.

4.4. Application to bundle adjustment

We use features to estimate camera motion and 3D scene depth
using a structure from motion algorithm. To estimate the unknown
3D features (the structure of the scene) and the camera parame-
ters, we minimize the total prediction error.

Bundle adjustment is the model refinement part of this process,
refining the visual reconstruction to obtain both 3D structure and
tal matrix estimated by each method).

KLT
UKLT

error magnitude.



Table 2
Running times.

Sequence UKLT KLT

Artichoke sequence 49.66 19.89
Balorig sequence 48.19 15.47
Cow sequence 89.87 22.11
House sequence 159.02 41.84
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viewing optimal parameters estimates. It involves the minimiza-
tion of a cost function [24] related to the model fitting error.

Nonlinear least squares (NLS) is a classic formulation of bundle
adjustment computations. Suppose that we have vectors of obser-
vations vi predicted by a model zi = zi(x), where x is a vector of
model parameters. NLS takes as estimates the parameters values
that minimize the weighted Sum of Squared Error cost function
[24]:

f ðxÞ � 1
2

X
i

DziðxÞT WiDziðxÞ; ð7Þ

where Dzi(x) is the feature prediction error and Wi is an arbitrary
symmetric positive definite weight matrix. In this paper, we set W
to the covariance matrix obtained by our method, giving us an
uncertainty measure of the structure and motion parameters.

Here, we use the structure from motion and bundle adjustment
procedures described in [27]. To evaluate the quality on the 3D
reconstruction, we reproject the estimated feature points and mea-
sure the error magnitude to the ground truth, in the case of the
synthetic sequences. Fig. 14a and b illustrates the results for the
synthetic sequences. Note that for the Cow sequence, instabilities
are evident in the frames that undergo abrupt changes. As before,
these results reflect how KLT errs significantly under rotation, lead-
ing to gross mistakes.

4.5. Implementation considerations

We have implemented our algorithm using Matlab and C. The
running times on a Intel Core 2 Duo 2 GHz, with 2 Gb of memory
are in Table 2.

Note that the cost of the UKLT algorithm its higher, since it in-
volves the tracking of five times more points. However, as the out-
lier rejection is done on-line, we do not need additional steps (and
time) for this.

Even though the pyramid decomposition (part of the KLT algo-
rithm, as discussed in [27]) is done only once, there is an extra
overhead for every feature to find the five sigma points, and to later
merge them back into a GRV. All things considered, UKLT takes
approximately five times longer than the standard KLT at the initial
frames. As the sequence evolves, the execution time of the pro-
posed approach is amortized (due to the outliers rejected) and
the UKLT approach becomes about 3.5 slower than KLT.

On the other hand, a good model-free outlier rejection method
is included for free, and there is the extra benefit of the distribution
estimation that can be used as a building block by other vision
applications.

5. Conclusions

In this paper, we describe a framework to incorporate GRVs into
point tracking algorithms using the Scaled Unscented Transform
and a Maximum Likelihood Estimator. We showed how to aug-
ment the well-understood KLT tracking algorithm.

Using random variables to represent the features’s locations im-
proves both the accuracy and the robustness of the tracking pro-
cess. Although we cannot be sure if the real underlying
distributions are Gaussians or not, the SUT gives us a guarantee
that the first two moments of the estimates are correct.

Our comparison and validations confirm that our method is also
better at discarding wrong features. The on-line outlier rejection
avoids post-processing steps, increasing the process robustness.
The limitations of the proposed approach are the same of the
underlying tracking algorithm. Future work includes the use of
other trackers and the extension of the results to 3D and range-
scan based algorithms.
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