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Abstract. This paper describes a real-time technique for scale invariant object
or face tracking with standard PC hardware. The tracking method is based on a
low redundancy (compressed) object image representation. For image decomposition a fast non-iterative transform based on the odd-symmetric gabor functions
is used, which guarantees on the one hand a low redundancy of the resulting
representation and on the other hand an automatic detection of the significant
features in the image. Tracking control is realized by a scale factor discriminator
control technique and convolution based 2D cross-correlation. Experiments show
that this method enables real-time object or face tracking in a wide scale changing
range and provides strong robustness against camera shaking, which is important
for visual robot control.

1 Introduction
Various applications in robotics such as human following, object grasping and manipulating, gesture recognition and visual navigation need a robust visual object tracking
control. A big problem in visual data processing is that a robot must store a large amount
of visual information to be able to operate in the environment, recognize and track objects and persons [9]. The goal of this work is to develop an effective way to use a lowredundancy image representation for robust tracking of objects or structures appearing
in images. Such a representation must be able to appropriately detect and store the significant object features, which is important for robust object recognition and tracking.
We can use the compressed object descriptor to quickly manipulate the object template
and adapt it to the changes in the input video stream using a discriminator technique
well-known from analogue signal processing. The discriminator based tracking control
allows to follow very fast movements in the object position and scale.

2 Related Work
Many tracking techniques use colour, contour or geometric templates for object or face
tracking [2]. Using a previously given model of the object reduces flexibility of the
tracking system and makes the learning process more complicated. Other tracking methods use well-defined object features for the estimation of object displacements. Unlike

2

the model based feature extracting algorithms such as the Hough transform, the use
of 2D-Gabor filters allows to detect and isolate disturbations in the spatial-frequency
domain with no apriori knowledge about feature structure.
Daugman used 2D Gabor functions to approximate the impulse response of the simple cells in the striate cortex [1]. Lee describes in [6] the use of an ensemble of 2D Gabor
wavelets (frame), whose structure is also biologically inspired, for image coding, and
derived the conditions, under which the set will provide a complete representation of
any image. Those frames allow a good quality of reconstructed images with quantized
wavelet coefficients but are hardly suitable for extraction of specific object features.
Manjunath, Shekhar and Chellappa show in [7], that object features can be extracted
and tracked using Gabor filters. Zhang et al [12] have compared geometry based and
gabor wavelet based approaches for facial expression recognition using a multi-layer
perceptron. They showed, that the recognition rate with the Gabor wavelet coefficients
is much better than the analysis of geometric positions of fiducial points on a face.
The well-known “Elastic bunch graph matching” [11] uses fixed points for calculating the wavelet coefficients of the Gabor filter. The points are precisely positioned
on the original image to represent the topological object information which is a time
expensive technique.
However, due to the non-orthogonality of the elementary Gabor functions the computation of the coefficients for the transform is complicated and time-consuming. Various iterative optimization techniques [3, 4] have been proposed as solution. Krüger
describes in [4] a network based approach (“Gabor Wave-let Network”) whose node
represents a wavelet coefficient with variable translation, dilation and orientation. The
network is optimized with the Levenberg-Marquardt algorithm. During face tracking
this optimisation is done for each frame [5]. Unfortunately, almost all iterative optimization methods have common disadvantages: the running time increases strongly
with the number of wavelets (nodes) used for representation; in addition there exists a
convergence problem.
In this work a fast non-iterative method for initial Gabor wavelet representation of
an image [8], which is free from the above disadvantages are used. The Gabor coefficients are selected directly from the 2D filter magnitude responses by searching for
local extrema. The local maxima and minima in a filter response denote a large correlation between the wavelet and input image. Places with large numbers of such extrema
with different frequencies and orientations denote significant features of the object. We
demonstrate that the extracted representation can be used as object template for scale invariant real-time object tracking using a discriminator loop technique and a convolution
based cross-correlation.

3 Wavelet basis
We use only the odd Gabor wavelets to analyse an input image rather than the complex
form of the Gabor functions, although it is necessary to achieve the maximal resolution
in the time-frequency space. The use of both real and imaginary components improves
the representation quality only insignificantly.
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3.1 Mother wavelet
As mother wavelet, the odd-symmetric form of the Gabor function [4] has been used,
given by
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where Ω is the wavelet bandwidth in octaves, γ is the standard deviations ratio or Gausσ
sian ellipse dilation σyx , ω is the frequency of the modulated sine, θ is the wavelet rotation angle. The octave bandwidth Ω and standard deviations ratio γ for all filter kernels
are constant.
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3.2 Filter definition
We use the octave scaling of filter frequency to achieve optimal signal representation
with a small number of channels. A filter bank with N ω  8 frequencies and Nθ  4
orientations is defined by:
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is the frequency multiplicator, N  64 is the horizontal/vertical image size. The channels
with the two lowest frequencies have only two orientations. Because only the frequency
ω and orientation θ are varied, we denote the kernel functions as follows:
mω
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The wavelet images of the whole filter bank are shown in Fig. 1.

4 Decomposition
4.1 Image preprocessing
The original image I0 is normalized to minimize the contrast/brightness influence and
to eliminate the DC component as follows:
I  x  y 

I0  x  y  I 0
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where I 0 is the mean of the image intensity.
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Fig. 1. The filter bank wavelets

4.2 Filtering
The filter responses are obtained by the convolution of the input image I with the filter
kernels Ψω  θ :
IΨω θ
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where ! denotes the convolution operator, " denotes the complex multiplication. The
2D convolution is realized with the 2D Fast Fourier Transform (FFT). The FTs of filter
kernels can be computed and stored before.
4.3 Coefficient selection
Due to the non-orthogonality of the Gabor functions the resulting wavelet filter responses contain a large information redundancy in comparison to the original image, so
not all coefficients are needed to reconstruct the image.
Unlike the widely used slow iterative methods to define the wavelet coefficients
we have implemented an algorithm for directly extracting the gabor coefficients from
filtered images. The idea was to reduce the data redundancy by searching for only significant local extrema in the filter responses for building the object representation. It is
based on the observation that the magnitude of the filter response varies approximately
with the wavelet frequency ω (while using only the odd gabor functions). The coefficients extraction technique is described in [8] in detail. The example of the extracted
points in the filter responses is shown in the Fig. 2
4.4 Object templates
For each extracted point i the following kernel parameters θ i  ωi (or kernel number),
the wavelet center coordinates x i  yi and the projection coefficient (filter response) K i =
IΨω θ  xi  yi  are stored. The set of the extracted wavelet parameters describes the object
image in the wavelet space.
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Fig. 2. The response images of the filter bank and the extracted local maxima

4.5 Object image reconstruction
The object image can be reconstructed by linear summation of the extracted Gabor
wavelets using the projection coefficients as follows:
Iˆ 

∑
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where NG is the number of the extracted wavelets.

Fig. 3. The original (left) and the reconstructed images with the following number of Gabor
wavelets (from left to right): 28 (only one point per kernel), 85, 150, 250, 450.

To test the feature extraction and approximation abilities of the decomposition method
we vary the relative threshold in range [0.05:1] to manipulate the number of the wavelet
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Fig. 4. Tracking by the scale factor discriminator loop

coefficients in the representation. Other parameters are: the octave bandwidth Ω  1  1,
Gaussian ellipse dilation γ  1  1. Fig. 3 presents the reconstruction results for three object images, “battery”, “face” and “face in profile” for different numbers of wavelets.
At low approximation rates only high contrast features in the image have been detected,
with 80-150 wavelets already most objects can be easily recognized.

5 Tracking Control
The resulting Gabor representation of an object image is stored and used as object
model. Positions of particular wavelets can only be changed by varying the translation,
rotation, scale or other model parameters.
A scale invariant tracking technique using the Gabor object representation is shown
in Fig. 4. We implement a fast Fourier convolution to calculate a cross-correlation between reproduced object images Iˆ1 , Iˆ2 and the input image I. The object images Iˆ1 , Iˆ2 are
reconstructed by linear summation of the extracted Gabor wavelets using the projection
coefficients and different scale coefficients s , δs.
After the initial image decomposition to obtain the current object template (needed
only once during initialization), the tracking control with initial scale factor s  t 0 # 1  0
can be started. As shown in Fig. 4 we use two discriminator channels and reconstruct
template images with different scale factors s , δs. New coordinates of wavelet nodes
of the template are calculated as follows:
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where xc  yc are template center coordinates and δx  δy are translation deviations. So we
obtain two template images Iˆ1 and Iˆ2 with symmetric scale factors s , δs. Then we extract global maxima of the convolution results of both channels and use their values as
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the discriminator inputs. The output of the discriminator is the scale factor error signal
ξ. The gained error (with the gain factor K s ) is integrated and results in the new scale
factor value s  t1  , which is used for next frame analysis and closes the control loop.
New coordinates of the search frame are obtained using the coordinates of the position
of the global maximum δx  δy in the convolution image with the maximal magnitude
(comparing outputs of both channels). These values denote the relative translation vector of the search frame.
We have experimentally calculated the discriminator characteristic using a “face”
template for different δs. The results are shown in Fig. 5. We can see the high linearity
of the discriminator output ξ in a wide range of the scale factor with δs 2 0  3. However,
the larger the channel scale factor divergence δs is, the less exactly can we determine
the translation vector  δx  δy  because of the higher cross-correlation error. So we use a
trade-off value δs  0  03 0  04 to achieve a smooth robust face tracking.

6 Experimental results
We tested the proposed decomposition and tracking technique on various video sequences, obtained with one of the two cameras of our mobile robot “Robin”, an RWI
B21 robot. The tracking control runs in real-time ( 2 25fps) with image size 168x128
(allthough the successive tracking process is independent of the image size) on a Linux
PC with Pentium 1.3GHz using 250-750 wavelets for object description. Fig. 6 shows a
tracking example (additional videos can be obtained from the author’s homepage [10]).
Experiments demonstrate high robustness of tracking control against vertikal/horizontal
camera shaking and wide scale changing range [0.2-1.5].
Tab. 1 presents the computation time of the initial Gabor wavelet decomposition
(executed once during initialization for building the object template) and tracking depending on the number of extracted wavelets N G .
In contrast to other existing tracking methods based on the Gabor wavelet image
representation such as “Gabor Wavelet Network” [4, 5] the computation time of the
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Fig. 6. Tracking of a face image

NG
250
350
550
750

init. Gabor decomp.
250-270 msec
270-290 msec
330-360 msec
390-430 msec

tracking
8.7-12 msec
9.0-12.5 msec
9.3-13.5 msec
9.5-14.7 msec

Table 1. Computation time of initial Gabor decomposition and scale invariant face tracking

initial image decomposition and of the tracking process increases only insignificantly
with the number of wavelet nodes.
Fig. 7 shows the computation time of the face tracking dependent on the template
scale factor.
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7 Conclusion
In this paper we present a real-time technique for scale invariant object or face tracking
with standard PC hardware. The tracking method is based on a low redundancy object
image representation (template). For initial image decomposition a fast non-iterative
transform based on the odd-symmetric gabor functions is used, which guarantees a low
redundancy of the resulting template and an automatic detection of the significant features in the image. Tracking control is realized by a scale factor discriminator loop and
a convolution based 2D cross-correlation. The implemented tracking technique shows
the robustness of the system against large scale variations and camera shaking, which
is important in robot vision.
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