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ABSTRACT

Feature based methodsfor ego-motion estimation arewidely
used in computer vision but they must deal with errors in
featuretracking. Inthis paper, we proposearobust real -time
method for ego-motion estimation by assuming an affine
motion of the background from the previous to the current
frame. A new clustering techniqueisapplied onimage'ssub
areas to select in a fast and reliable way three features for
the affine transform computation. The previous frame after
being warped according to the computed affine transform
is processed with the current frame by a change detection
method in order to detect mobile objects. Results are pre-
sented in the context of a visual-based surveillance system
for monitoring outdoor environments.

1. INTRODUCTION

The motion detection of an object from image sequencesis
one of the most studied problems within computer vision.
When the image stream is acquired by a moving camera,
motion detection is generally considered a difficult task [1],
[2], [3]. In fact, when comparing two consecutive frames
of a sequence, differences in pixel intensities occur in the
whole image, since ego-motion of the camera causes an ap-
parent motion of the static background. Two main tech-
niques could be adopted: a) frame background [4] and b)
frame-by-frame[2],[3]. Using a PTZ camera and maintain-
ing an high frame rate, the background compensation could
be relaxed to the estimation of a vector d such that the fol-
lowing expression holds [5]:

Ix+d,i+1)=1I(x,1) (1)

where I(x + d, ¢ + 1) represents the actua frame compen-
sated by the displacement vector d and I(x, ¢) the previous
frame.

Murray and Basu [3] proposed a technique based on the es-
timation of the background motion by reading the camera
pan and tilt angles from the device. To overcometherelated
rotation problems, Irani and Anandan [2] address the prob-
lem by estimating a ”dominant” 8-parameters transforma-
tion. In particular, the Sum of Squared Differences (SSD)
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measure is minimized to compute an affine transform for
registering two consecutive frames and therefore to cancel
the rotational component of the camera motion. This ap-
proach must deal with the problem of outliers and with the
high dimension of the linear system needed to compute the
affine transform. Araki et al. [1] track some feature points
extracted from the background and estimate the parameters
of an affine transformation from previous frame to actual
frame. From the set of tracked featuresthe Least Median of
Squares (LMedS) method is adopted to select iteratively a
subset of three features used for the computation of the best
transform. Even though this techniqueis really powerful, it
needs a DSP architecture to be executed in real-time since
also bad tracked features can be considered in the estima-
tion process.

To reject bad tracked feature the threshol ding technique pro-
posed by Shi and Tomasi[6] can be adopted. In order to ap-
ply an adaptive thresholding, Tommasini et al. [7] propose
the statistical X84 rulethat, based on the computation of the
MAD, identify and reject the outliers. Unfortunately, to re-
duce motion estimation error, these methods require an high
number of features (about 200) by limiting the performance
of the tracking system.

In this paper, we propose a new system able to estimate the
affine transform in an accurate and real-time way. Thisis
achieved by introducing a clustering method which creates
different clusters characterized by featureswith the samelo-
cal displacement. Such clusters are also used to reject badly
tracked features which imply to adopt a method to intro-
duce new good features to track. Extracting featuresin the
whole image implies a large computational effort compro-
mising the real-time properties of the system. Adopting a
technique based on a map of the features [8], the system is
able to reduce the computational time by extracting features
only in the new areas introduced by the camera movement
and by maintaining information about the position of the
others.

2. METHOD DESCRIPTION

As shown in Fig. 1, the proposed method is included in a
frame by frame motion detection system. Let /(x, ) bethe
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i-th frame of the image sequence, let Map;(x) be the map
[8], computed at the time instant ¢, that contains positions
information about well trackable featuresfor thei-th frame.
At eachiteration the current M ap; isused to build the set of
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Fig. 1. General architecture of the proposed system

well trackablefeaturesT'F'S;. The adopted feature tracking
algorithm [9] is then applied on T'F'S; to obtain the local
displacement d; of each feature f; in TF'S;. The feature
clustering step takes as input the list of local displacements
D;y1 = {d}|f; € T(T'FS;)} and uses a new clustering
property to estimate the affine transform for the background
alignment. In particular, the clustering techniqueis applied
on N windows of the image to determine for each one the
displacement vector d; characterizing the background mo-
tion in the window ;.

Therefore, the background compensation operation wraps
the previousframe according to the affinetransform. Hence,
a change detection operation [10], is applied between two
consecutive frames. The output is a binary image whose
white pixels correspond to points belonging to moving ob-
jects while black pixels represent background points in the
scene. Affine transform is aso used to perform the updat-
ing of the feature map. This process involves three differ-
ent steps: (@) rejection of bad tracked features, (b) updating
feature position and (c) introduction of features belonging
to new image regions. Feature rejection is a mandatory task

since some errors occurs during the feature tracking phase
due to distortion introduced by camera motion. All the fea-
tures belonging to a window j whose displacement differs
from the vector d;, estimated by the proposed method, are
considered bad tracked features and eliminated from T'F'S ;.
A problem can occur after this operation: the number of
features could become too low for a robust tracking. The
proposed solution consists on the repopulation of the TEF'S
by introducing new well trackable features.

3. FEATURE CLUSTERING

Once the TFS is built, the feature tracking algorithm T is
applied on it [9]. The output, T(TF'S;) is a correspon-
dence relation between the selected features in the current
frame I (x,i+1) andinthe previousframe 7(x, 7). Unfortu-
nately, often it occursthat some featuresof TFSare not well
tracked due to noise, occlusions etc. In order to face this
problem it is necessary to distinguish features well tracked
from the others. Analyzing the behavior of tracked features
we have derived the following feature clustering property:

Features belonging to objectswith different speeds, if
correctly tracked, group themselvesin clusterson the
basis of the local displacement.

This property tells us that the features belonging to objects
in the background, if correctly tracked, have the same local
displacement. Unfortunately, this property istrue only if we
allow atrandational movement of the camera which there-
fore would allow to adopt the model proposed by Kanatani
[5].

Since the proposed solution has been studied to solve the
alignment problem for every camera motion, the strategy
adopted requires to divide the image area in N windows.
Thistechniqueallowsto adopt the clustering property within
each window since therein the motion can be relaxed to the
computation of a displacement vector.

Let d; be the displacement of feature f;, for each window
w;l=1... N wedefine:

Cwl (dc) = {fl e TFSN ’LUl|di = dc} (2)

the cluster of all features of window w; having a displace-
ment equal to the vector d.. Let C,,, = {Cy,(d.)} bethe
set of all clusters generated by the tracking agorithm for
each window wy; for each of them it is defined a reliability
factor RF as indicator of the closeness of its displacement
to the background one. Let RF be defined as follows:

Xl @ B

RF(Cui(de)) = =1504050 ®

where E, istheresidual of the feature between its position
in the previous and current frame [6]. Accordingly to the
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definition of the RF factor and to the definition of the clus-
tering property, the displacement vector d, of awindow w;
is computed as follows:

d = di| RF(Cy,(dy)) = (4)
min{ RF(Cu, (d;))| Cu, (d;) € Cu, }

where C\,, (d;) isthe cluster selected to represent the back-
ground displacement of the window .
To compute the affine transform A, we have studied an al-
gorithm based on the following steps:

o Order the selected clusters C,, (d;) onthebasis of the
RF factor;

e Select three clusters having minor RF factor;

e For each cluster, select the feature having minimum
ratio EAf where ) is the feature’'s eigenvalue com-

puted asin [6];

e Usesuch selected featuresto computethe affinetrans-
form A;

After having estimated the affine transform for the image
alignment, the previousimageis warped according to it and
the TFSis updated. This processis performed in two steps.
At the first step all features not belonging to the selected
cluster are labelled as not well tracked, rejected and elimi-
nated from the TFS. At the second step, the TFS is repop-
ulate by the features selection module. See [8] for more
details on this step.

4. EXPERIMENTAL RESULTS

The sequences used for experiments are acquired by a Cohu
3812 CCD cameramounted on aPan-Tilt Unit and are char-
acterized by images of 384x288 pixels. The adopted proces-
sor isan Athlon 1.2 GHz, the maximum number of features
inthe TFSis 50 and the number of windows N is9.

A compensation error CE has been considered to represent
a quality measure of the alignment method. It gives a mea-
sure of the number of pixel miss-aligned and their weight to
the change detection operation. It is defined as follows:

; gilogp;
= 2idiloop: 5)
Zi logp;

where g; are the gray values of the image of differenced
and p,; the number of pixelswith intensity value g;. Robust-
ness of the system needs two more parameters: the number
of good features rejected (GFR) as the percentage of fea-
tures rejected that would be considered well trackable and
(b) the number of bad features maintained (BFM) as per-
centage of features not rejected that would be considered

Scenarios
First Second
Mean i | Max Mean i | Max
CE 12.34 18.61 | 13.08 19.44
GFR% | 4.11 333 5.32 333
BFM % | 1.01 125 1.12 222

Table 1. Scenarios Evaluation

Compensation Error | Performance

Mean p Max Frame/sec
Proposed 12.54 19.44 23
Araki 15.49 17.32 2
Tommasini 25.77 49.45 18
Kanade 28.89 63.02 20

Table 2. Comparison results

not well trackable:
H{x|x€TFSiAx¢TFS; 11 NG(I(x,i+1))=true}|

GFR =
{x|x € TFS;Ax ¢ TFS;11}]

(6)

H{x|x€TFS; +1ANG(I(x,i+1))=false}|
|TF S|

where | S| indicates the cardinality of the set S.

A first scenario has been considered to evaluate the system
over sequences without any moving object. The second sce-
nario tests the system on sequences containing one or more
moving objects. Both scenarios include sequences acquired
in avariety of whether conditions: sunny, cloudy and rainy
day. In Table 1, the values of the considered parameters
for the sequences belonging to the first scenario are shown.
The CE parameter shows a good estimation of the back-
ground motion. The mean time required to update the map
and select the new features is 0.024s, alowing the system
to operate at the frame rate of about 23 frame/s.

In Table 1 the values of the evaluation parameters for the
sequences belonging to the second scenario are shown. It
demonstrates a great tolerance to the presence of moving
objects in the scene. In these conditions the frame rate is
still equal to 23 framel/s.

To give a better evaluation of the system, the proposed
alignment technique has been compared with the methods
proposed by Araki [1], Tomas and Kanade [9] and by Tom-
masini et al. [7]. Asshown in Table 2 two types of compar-
isons have been taken into account: alignment accuracy and
computational effort. Regarding the alignment accuracy it
is worth noting how the proposed solution acts well as the
Araki’s algorithm and really better then those proposed by
Kanade et al. and Tommasini et al.. Looking at the compu-
tational effort we can say how the proposed method is faster
than all the others. Then, the proposed method is accurate
asthe Araki’'sonebut really faster. In Figure 2, someresults
of atest sequences are shown.

BFM =

v
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Fig. 2. Results of the feature clustering technique adopted to reduce the ego-motion effects. Top row shows the result of the
tracking algorithm with highlighted, by the arrows, the features selected for the affine transform computation. Bottom row

shows the results of the alignment process.

5. CONCLUSIONS

In this paper, we have proposed a system able to compen-
sate background changes due to the camera motion and to
detect mobile objects in outdoor scenes. The innovative
parts cover two main problems. (a) estimating in a robust
way the background motion occurring between consecutive
frames and (b) speeding up the task by adopting a feature
clustering technique over different windows. Experimental
results have been performed on different sequences, each
one acquired with different parameters (zoom, tilt and pan
camera speed) and increasing complexity. Over 104 frames
computed, the proposed method obtains a good accuracy
in the alignment process by executing it in real-time. The
proposed approach has been compared with other feature
tracking methods [1, 7, 9] and the obtained results show a
significant improvement.
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