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Abstract. Since texture is a fundamental character of images, it plays an impor-
tant role in visual perception, image understanding and scene interpretation.
This paper presents a texture-based pattern recognition scheme for Sony robots
in the RoboCup domain. Spatial frequency domain algorithms are adopted and
tested on a PC while simple colour segmentation and blob-based recognition
are implemented on real robots. The experimental results show that the algo-
rithms can achieve good recognition results in the RoboCup Pattern Recogni-
tion challenge.

1 Introduction

In many applications, texture-based pattern recognition typically uses discrimination
analysis, feature extraction, error estimation, cluster analysis (statistical pattern rec-
ognition), grammatical inference and parsing (syntactical pattern recognition). Be-
sides colour, texture is a fundamental character of natural images, and plays an impor-
tant role in visual perception. The basic methods for texture-based recognition are
combinations of both spatial and frequency domains.

Texture-based segmentation algorithms divide the image into regions yielding dif-
ferent statistical properties. Such methods assume that the statistics of each region are
stationary and that each region is extended over a significant area. However, most
image regions do not present stationary features in the real world. Also, meaningless
small-sized regions related to stains, noise or punctual information might appear.
Consequently, methods relying on a priori knowledge of the number of textures in a
given image [7] [11] often failed, because if any unexpected texture region appears,
like the ones related to shadows or boundaries, a wrong fusion of two non-related
regions is forced. Unsupervised segmentation [1][3] does not rely on such knowledge,
but it is slow because it requires a computationally expensive additional stage to cal-
culate the correct number of regions. Gabor filters and Gabor space are very useful
tools in spatial frequency domains. There is some similarity between Gabor process
and human vision [8][9][10][6]. Multi-resolution and multi-band methods, as well as
a combination of statistical and learning algorithms are very useful in this area [8]..

In the area of texture recognition and segmentation, image modulation and multi-
band techniques are very useful tools to analyse texture-based patterns. Havlicek has
done a lot in AM-FM modulation for texture segmentation [3][4][13]. Images with
multi-texture are processed by a bank of Gabor filters. Using the filter responses,

D. Polani et al. (Eds.): RoboCup 2003, LNAI 3020, pp. 611-620, 2004.
© Springer-Verlag Berlin Heidelberg 2004



612  Bo Li and Huosheng Hu

Dominant Component Analysis and Channelised Component Analysis are imple-
mented for texture decomposition. There are also other researchers using similar
methods.

The rest of the paper is organized as follows. Section 2 describes briefly texture-
based recognition, including the pattern recognition challenge in RoboCup and the
texture analysis process. In section 3, the issues related to colour filters and spatial
domain processes are investigated. Then, both multi-band techniques and Gabor fil-
ters are proposed for texture segmentation in section 4. Section 5 presents image
modulation modules based on multi-dimensional energy separation. Experimental
results are presented in section 6 to show the feasibility and performance of the pro-
posed algorithms. A brief conclusion and future work are given in section 7.

2 Texture-Based Pattern Recognition

2.1 Pattern Recognition Challenge in RoboCup

In the Sony robot challenge of RoboCup 2002, each Sony robot is expected to recog-
nize the targets with chessboard texture pattern and individual geometrical shapes,
which are placed at random positions and orientations. To implement this task, we
define a function F to represent the pattern recognition system that can be used in this
challenge. More specifically, its inputs are images with dimension of M X N , and its
output for each image is the element of a name set or a code set. For example, a name
set S={triangle, square, rectangle, T, L} may be defined here for the recognition
challenge of Sony robots in the RoboCup competition. Figure 1 shows 4 targets to be
identified in the challenge. The size, rotation angle and background are random.

(a) A square target (b) A T-shape target  (c) A triangle target (d) A L-shape target
Fig. 1. Target patterns in the RoboCup Sony Robot Challenge

The whole process of recognition can be decomposed to four stages. There are
many methods that can be applied at each stage. In general, complex methods can do
well, but are expensive. Simple methods are required for real-time systems. More
specifically, we have four stages in recognition as follows:

e Stage | -- Image processing stage can enhance image quality and make segmenta-
tion or edge detection much easier by removing noises and blurs images. Some
images that are not focused well can be sharpened.

e Stage 2 -- Image conversion includes filter process, DFT (Discrete Fourier Trans-
form) process, DWT (Discrete Wavelet Transform) process and so on. Its main
purpose is to make properties of images easy to be extracted. For instance, skin
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colour can be used to identify hands of humans. In the RoboCup Sony robot
league, the competition field is colour-based. Under natural environment with
complex backgrounds, Sony robots may be unable to find objects easily by using
colour information only. Further complex methods are required [5].

e Stage 3 -- Information extraction to obtain useful information for recognition. In
most cases, it should output data in a special format for processing at a later stage.
For instance, blob-based methods should output useful information for all blobs,
including position, size, and so on. In some cases this part is called coding, as it is
describing objects with numeric properties.

e Stage 4 -- Pattern recognition converts numeric properties to most-like objects
and output their name. The process depends on the previous results. If input data
is easy to be discriminated, this process can be very simple.

2.2 Texture Analysis Process

Texture is a fundamental character of natural images. It plays an important role in
visual perception and provides information for image understanding and scene inter-
pretation. Figure 2 (a) shows the target texture used in the experiments.

Figure 2 (b) shows the magnitude of the DFT result from Figure 2 (a). The result is
cantered, logarithmically compressed and histogram stretched. From this result, the
frequency distribution of the pattern is clear. However, it is difficult to design a filter
for recognition. Figure 2 (c) shows an original image captured by the robot.

(a) Chessboard (b) DFT magnitude (c) An original image  (d) Along Y-axis

Fig. 2. Texture Analysis Process

Figure 2(d) shows the DFT magnitude for luminance in Figure 4. Because of its
complex background, no filtering hint for the pattern can be seen from figure 5. It is
impossible to separate the pattern from complex background by using a simple filter
in the frequency domain.

3 Colour Filter and Spatial Domain Process

A colour filter can be used to obtain pixels with the concerned colour. Spatial domain
processes such as morphology filters cost little, but are very effective for smoothing
binary images. Following processes are all based on the image shown in Figure 2(c).
The colour filter here are LUT (Look Up Table) based, which was implemented on
the robots for the purpose of good performance. Figure 3 shows the result by the LUT
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method. The concerned colour is white. Figure 4 shows the Horizontal Signature, i.e.
the image projection onto the x-axis. The first peak is the dark area and the second
part is mainly white part.

It is not easy to separate white and black blobs from the background on the basis of
the signatures alone. Figure 5(a) shows the result for black blobs.

Fig. 3 An image Fig. 4. Horizontal Signature

With LUT results, edges can be extracted. Figure 5(b) shows the image with edges
of white blobs. The edge detection here is morphology based, i.e. binary calculation.
Figure 5(c) shows an image with edges of black blobs. Figure 5(d) shows the overlay
of black and white edges. The main problem with spatial processes is that they are
limited by the size of masks. In fact, the target frequencies are fixed with masks. It is
therefore difficult to extract useful information for recognition, especially with com-
plex background.

(a) Black blobs (b) White blobs edges  (c) Black blobs edges (d) Black & white

Fig. 5. Spatial domain process

4 Multi-band Techniques and Gabor Filters
for Texture Segmentation

In this section, the research focus is placed on multi-band techniques in order to over-
come the problem existing in spatial processes described in the previous section. Ga-
bor filters are adopted for texture segmentation in the RoboCup domain. As presented
in [6], multi-band techniques are based on the following model:

0
flomn)=2 1, Gn.n) )

It assumes that an image f{m, n) can be decomposed into Q components and each
component is based on a given frequency band. As we know, Gabor filters are wave-
lets based narrow band filters. With a bank of Gabor filters, it is possible to isolate
components from one another. In some cases, they can be used to detect the direction
of target’s rotation. Gabor wavelets have following properties:
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e Gabor functions achieve the theoretical minimum space-frequency bandwidth
product; that is, spatial resolution is maximised for a given bandwidth.

e A narrow-band Gabor function closely approximates an analytic function. Signals
convolved with an analytic function are also analytic, allowing separate analysis of
the magnitude (envelope) and phase characteristics in the spatial domain.

e The magnitude response of a Gabor function in the frequency domain is well be-
haved, having no side lobes.

e Gabor functions appear to share many properties with the human visual system.

4.1 Two-Dimensional Gabor Function: Cartesian Form

The Gabor function is extended into two dimensions as follows. In the spatial fre-
quency domain, the Cartesian form is a 2-D Gaussian formed as the product of two 1-
D Gaussians:

G (0,.0,,6..0..6,0,.0,)=G@, 0.0 .6, ¢.0,) 2)
where 6 is the orientation angle of G, x’=xcos6+ ysin6, and
y'=—xsin6 + ycos6 -

In the spatial domain, G is separable into two orthogonal 1-D Gabor functions

that are respectively aligned to the x” and y’ axes:
gC (wx’wy 4 wa” wCy”6 ’ Ox Y y )= g(wx”wa” Ox’)g(wy”wCy’o y’) (3)

An image could be represented as
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X, Y, Qx , Q , are constants; and XQ =YQ =2z. Assume that the parameters are

chosen appropriately, approximation to ﬂ are obtained by using

M,y NNy

A

ﬂmrr,mv,nrv,n)_ = f(‘x’ y)hm My NN (x’ y)z ﬁmx,m),,nx,ny (5)

4.2 Gabor Filtering Results

In this research, a bank of 72 Gabor filters are implemented on images captured by
Sony robots. The filters are of 9 frequencies. For each frequency, there are 8 orienta-
tion angles. The parameters of the filters can be set for different applications. Figure
6(a) shows the filter property of its real part and the orientation is 0. Figure 6(b)
shows anther filter property of its real part. It has higher frequency and the orientation
is 90. Figure 6(c) shows the product of Gabor filter.

The responses with only low frequency features remain. By adjusting the fre-
quency and orientation parameters, some results can be used as texture recognition or
segmentation. Figure 6(d) shows a suitable frequency with an orientation of 0-degree.
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(a) Filter properties  (b) Filter properties (c) Gabor Filter (d) Suitable frequencies

Fig. 6. Gabor filtering results

(d (e)

Fig. 7. Different responses of filters at different orientations

(b)

Figure 7 shows different responses by filters with different orientations. Orienta-
tion is very important for filtered results. The texture region is stressed greatly in
several image results. The next problem is how to find a good result in object recogni-
tion without human supervision. It will be discussed in the next section.

5 Image Modulation Models
and Multidimensional Energy Separation

The unsupervised image segmentation is very important for computer vision and
image understanding, especially for robotic systems. Comparing with colour segmen-
tation, texture based segmentation is much more challenging. Image modulation mod-
els are very useful in this area, which may be used to represent a complicated image
with spatially varying amplitude and frequency characteristics as a sum of joint
amplitude-frequency modulated AM-FM components [4].

5.1 Multidimensional Energy Separation

For any given image f{n,m), there are infinitely many distinct parts of functions

{a(n,m), Vp(n,m)}. As an example, we could interpret the variation in f{n,m) exclu-
sively as frequency modulations by setting a(n,m)= max‘ £, m} and
f (nm)] Teager-Kaiser energy operator (TKEO) could be used to
a(n,m) )
estimate the AM-FM function.

For a 1-D signal f{n) the discrete TKEO is defined by following:

¥lrel=£2 ()= fa+1)f (a-1) (6)

o(n,m)= arccos(
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When applied to a pure cosine signal f (n): Acos(wyn+¢), the TKEO yields
W(f(k))=A’w,, a quantity that is proportional to energy required to generate the

displacement f{n) in a mass-spring harmonic oscillator. For many locally smooth
signals such as chirps, damped sinusoids, and human speech formats, the TKEO de-

livers

P(fm)=a’ (). () (7
where &(n) and ¢ (n) are good estimates of an intuitively appealing and physically
meaningful part of modulations. {a(n),¢(n)} satisfies f(z)= a(n)cos[g(n)] - The quan-

tity az(n)gbz(n) is known as the Teager energy of the signal f{n). A 2-D discrete
TEKO is:

CI)[f(n,m)]z 2f2(n,m)—f(n—l,m)f(n+1,m)—f(n,m—1)f(n,m+l) ®)
J(n,m) = arcsin (D[f(n+1,m)—f(n—1,m)] )
o msin L0

5 _ . (I)[f(n,m+1)—f(n,m—1)] 10
V(n,mi—arcsm\/ 4¢)[f(n,m)] (10)

®[f (n.m)] (11)

.2 2~ 2 - 25
Fig. 8. An example of TEKO st [U(n,mi :|sm ‘V(n,mX

For a particular pair of modulation functions {a(n,m)(n,m)Ve} satisfy-
ing f(n,m) = a(n,m)cos(¢(n,m)), the operator ®[f (n,m)| approximates the multi-

a(n,m)= ‘&(n,m} =

dimensional Teager energy g (n,m]V(o(n,m]Q. For images that are reasonably lo-

cally smooth, the modulating functions selected by the 2-D TKEO are generally con-
sistent with intuitive expectations. With the TKEO, the magnitudes of the individual
amplitude and frequency modulations can be estimated using the energy separation
analysis (ESA), as shown by equations (9), (10) and (11).

Fig. 8 shows the magnitude with the TEKO. The operation is based upon the image
in Figure 6(d) and the luminance level was adjusted here for the purpose of presenta-
tion.

5.2 Multi-component Demodulation

Multi-component demodulation is based on the following model:

f(h,m)zii}aq(n,m)cos[(pq(n,m)]zzi}fq(n,m) (12)

One popular approach for estimating the modulating functions of the individual
components is to pass the image f{n,m) or its complex extension z(n,m) through a
bank of band pass linear Gabor filters mentioned above. Each filter in the filter bank
is called a channel. For a given input image, each channel produces a filtered output
that is named as the channel response.
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Suppose that p, (n,m) and H,(n,m) are respectively the unit pulse response and
frequency response of a particular filter bank channel. Under mild and realistic as-
sumptions, one may show that, at pixels where the channel response y, (n,m) is
dominated by a particular AM-FM component fq (n,m), the output of the TKEO is
well approximated by

~a’(n.m)V ulv =l v a3
oby, (m)l= a* (um)V, (r.m)' 1, g, um)] = 0lf, (m)]H, [ ¢, rm)

In fact, the results of the filters can be passed into this conversion for the AM mag-

nitude separation. Figure 9 shows the AM modulation result from Figure 15 and Fig-
ure 16. No luminance level was adjusted.

(b) © (d

Fig. 9. AM modulation result from Figure 7

For real-time requirement, to select a suitable frequency and orientation of the fil-
ter can be based on pre-known data and energy separation. The Sony robot can meas-
ure an approximate distance to a target with an infrared range sensor. This means that
the frequency and orientation of the target can be estimated by a robot system, which
is very helpful for the selection of a suitable filter.

6 Experimental Results

Information extraction from a well-pre-processed image is a simple task. From the
image in either Fig. 7 or Fig. 9both edge-based and blob-based methods can work
well. Harris algorithm [2][12]can be used to get the corner and edges. In contrast, a
blob-based algorithm can obtain the exact position and the number of blobs in a tex-
ture pattern, especially for the image in Fig. 9. Then, the pattern can be recognized
based on the position of corners or blobs. The method can be described as follows:

Step 1: Find one edge of the shape & rotate it to make the edge parallel with Y-axis.
Step 2: Calculate the distribution of blob or corner positions on X-axis and Y-axis.
Step 3: Recognize the pattern by using the rules as follows:

e If position numbers are equal on both X-axis and Y-axis, it is a square target.

e If position numbers are equal on X and Y respectively, it is a rectangle target.

e If position numbers in the middle of X are bigger than both side, and position
numbers of one side of Y are bigger than another side, it is a T-shape target. Oth-
erwise, it is a triangle target.

e If position numbers of one side are bigger than another side on both X and Y axes,
which is a L-shape target.
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Figure 10(a) shows the edges detected from the image in Figure 7(e). Figure 10(b)
shows the result of linearisation. Figure 10(c) shows the result of rotation. In fact,
from the result of linearisation, it is clear that the pattern is a square. Ambient meth-
ods can avoid problems caused by viewpoints. For complex shapes, complex algo-
rithms are necessary.

It is estimated that for each operation of a Gabor filter, with an image dimension
MXN, filter dimension WxH, the number of basic calculations can be up to
(M -W +1)(N —H + )W *H*. For the experiment above, M=176, N=144, W=9, H=9,
it costs about 149905278 basic calculation, 0.5 second on a Pentium III 500 PC. If it
runs on the robot with a MIPS 4000 100 CPU, it will take about 1.5 second. The cost
can be reduced by 64% if reducing the filter dimension to 7x7. For the new version of
Sony AIBO robot with a supercore CPU, it is possible to implement the filtering
processes at a rate of 6Hz, which becomes necessary for complex environments.

(a) Edge detection (b) After linearisation (c¢) After rotation

Fig. 10. Experimental results

7 Conclusions and Future Work

In this paper, we have developed spatial frequency domain algorithms that can recog-
nize shapes in chessboard texture in a cluttered environment. Unlike simple algo-
rithms that require clear background and less interfere; spatial frequency domain
algorithms can recognize shapes from a cluttered background. These algorithms have
been successfully implemented on a PC. In contrast, simple colour segmentation and
blob-based recognition are implemented on real robots to satisfy the real-time re-
quirements. When the background is less cluttered, good recognition results can be
achieved reliably.

In our future work, the spatial frequency algorithms will be implemented on real
robots for real-time performance, especially object recognition under a complex envi-
ronment. A leaning system will be integrated in order for the Sony robot to recognize
colour objects under complex and cluttered environments.
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