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ABSTRACT

This paper investigates the similarities between Gabor filters and
the octave-band directional filter bank (OBDFB) with respect to
texture classification. Both decompositions can discriminate angu-
larly and radially in the 2-D frequency domain; however, the OB-
DFB has a computationally efficient implementation that makes
it an attractive alternative to Gabor filters. An analysis of local
energy features from Gabor filters and the OBDFB is presented
showing similarities between their texture features. Texture classi-
fication experiments using both decompositions show comparable
classification accuracy.

1. INTRODUCTION

The ability to classify the pixels of an image based on its surround-
ing pixels and textural cues plays a significant role in a number of
image processing applications such as medical image processing
and remote sensing. Typically, texture classification is divided into
two subproblems: feature extraction and classification. This paper
focuses on the feature extraction aspect of the texture classification
problem. Filter banks and wavelets are able to generate features
from images by decomposing them based on different frequency
regions. By processing each subband and stacking the outputs,
feature vectors can be formed. But with so many different decom-
positions, criteria must be defined to narrow the possibilities.

One particular approach to texture segmentation and analysis
uses a polar-logarithmic Gabor filter bank where each Gabor fil-
ter represents a separate frequency channel thereby mimicking the
human visual system (HVS). This approach is well-established for
the texture segmentation problem [1], has been used in a wide vari-
ety of texture analysis systems, and has been analyzed with respect
to a number of aspects already [2, 3].

One of the major reasons to use Gabor filters is because of its
emulation of the cortex transform [4]. A side-by-side comparison
is shown in Figure 1 where the analogous subband structures are
evident. Additionally, Gabor filters are relatively easy to imple-
ment and conceptually simple.

Other decompositions have been used for the texture segmen-
tation problem such as the directional filter bank (DFB) used by
Rosiles in [5]. Although the DFB is unable to provide an octave-
band decomposition, its ability to discriminate angularly allowed it
to extract meaningful features in a maximally decimated and com-
putationally efficient manner. The success of both the DFB and
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Fig. 1. (a) Channels of the cortex transform and (b) sample Gabor
filters.

Gabor filters provides a strong case for multichannel approaches
to texture classification, and in particular, results obtained using
the DFB indicate that there is not necessarily a large trade-off be-
tween computational efficiency and high classification accuracy.

The octave-band directional filter bank (OBDFB) is able to
capture similar directional and octave-band information as Gabor
filters in a maximally decimated fashion in addition to having a
computationally efficient implementation. The OBDFB also re-
quires less memory than overcomplete decompositions. The pur-
pose of this paper is to provide a comparison of the features ex-
tracted by the OBDFB and Gabor filter bank and to analyze actual
texture classification results.

2. THE OCTAVE-BAND DIRECTIONAL FILTER BANK
AND GABOR FILTERS

Gabor filters have been used very successfully for texture clas-
sification because of their ability to discriminate both angularly
and radially in the frequency domain. Consequently, the filters are
able to approximate different tilings of frequency space such as
that of the cortex transform. A set of even-symmetric Gabor filters
may be seen in Figure 1(b), and the impulse response (and associ-
ated frequency response) is characterized by the following Fourier
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transform pair:
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where ug is the frequency of a sinusoidal plane wave along the
z-axis; o, and o, are the space constants of the Gaussian en-
velope along the x and y axes, respectively; o, = 1/2mwo, and
0y = 1/2moy; and A = 2wo, 0y [1]. Filters with arbitrary orien-
tations are obtained by a rotation of the x — y coordinate system.
The Fourier representation is clearly a pair of Gaussians oriented
in a particular direction with some radial center frequency. The
directional partitioning in addition to the octave-band structure is
apparent in the figure even though the filters themselves are far
from ideal with respect to well defined passbands (i.e., passband
overlap).

The OBDFB was originally proposed in [6]. It is a maximally
decimated 2-D transform that can partition the frequency plane
both angularly and radially. An instance of the OBDFB similar
to the decompositions shown in Figure 1 may be seen in Figure 2
where there are 4 directions and 3 octave bands. Although the
OBDFB does not have a uniform center radial frequency for the
octave bands (because of square tilings vs. the circular tilings of
the Gabor filters), the overall structure is similar and approximates
both the Gabor filter bank and the cortex transform quite well.

A
- 0y

Fig. 2. A 4-direction, 3-octave OBDFB. Certain regions are
shaded for emphasis of subband combinations.

Advantages of the OBDFB system include the use of linear-
phase filters, perfect reconstruction, and control of both angular
and radial frequency resolution. However, the greatest advantage
over Gabor filters comes from the computational efficiency. Be-

cause the OBDFB is maximally decimated, computations are re-
duced at each stage in addition to saving memory. Also, the OB-
DFB uses a polyphase form for its 2-band filter banks that, in turn,
allows for separable filtering. For example, a set of Gabor filters
might be implemented for N, directions and N, octave bands.
Although more efficient implementations exist for Gabor filters, a
comparison using the simplest case is still effective. If the filters
are of size N x IV, then there are Ng X N, X N X N multiplies per
pixel. For a comparable OBDFB, the number of multiplies for the
directional decomposition is 2 X N x log, N4 per pixel, and the
1= (et
T

pixel. Computational savings become significant for larger images
with a large number of subbands; for example, a 256 x 256 image
decomposed using 4 directions and 3 octave bands and length 12
filters yields 113 million multiplies for the Gabor filter bank but
only 7.1 million multiplies using the OBDFB, a 1—16th of the multi-
plies needed for the Gabor filters. Obviously the savings increase
dramatically with filter length N. Additionally, the use of symmet-
ric filters can halve the number of computations for the OBDFB.

number for the octave-decomposition is 2x2x N x per

3. SYSTEM OVERVIEW

There are many different configurations used for texture classifi-
cation using filtering techniques. For this system, complexity was
a factor in the choice of components, but the underlying units are
typically the same from system to system. After the input image is
decomposed, local energy estimates from each subband are used to
create feature vectors which are then classified. Because the pur-
pose of this research is to compare Gabor filters with the OBDFB,
the system was made as modular as possible such that switching
between the decompositions was easily accomplished. As for Ga-
bor filter bank parameters, the o values were chosen to obtain even
coverage of the spectrum given the number of directions and oc-
tave bands. Ultimately, the overall texture classification system
from [7] was used with minor adjustments.

Energy estimation was performed after a zero-order hold in-
terpolation of the OBDFB subbands to the size of the original im-
age so that the smoothing filter would remain consistent between
the two transforms. For energy estimation, the square-magnitude
of the subband coefficients is smoothed in both the horizontal and
vertical directions by using a Gaussian smoothing filter of the form

SNt 0
V2o P 202)°

where os = 8. The log is then taken of the smoothed data.

In order to approximate the octave-band subbands of the Ga-
bor filters, a modification was made to the OBDFB system. Typi-
cally at each octave-band split, 4 subbands are generated, the radi-
ally low frequency subband and three other radially high frequency
subbands. Because the feature vector is generated by a local en-
ergy estimation, the energy of the three radial high frequency sub-
bands is summed together to form a single dimension of the feature
vector.

For both decompositions, the low frequency region was re-
moved separately with a cut-off frequency of {5 and processed
as its own dimension within the feature vector. This was neces-
sary for both transforms as the Gabor filter bank implementation
excludes the low frequency region and the OBDFB tends to prop-
agate the DC region into a single directional band.

haln] =
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For classification, type 1 learning vector quantization (LVQ)
used by Randen [7] was employed. If m, represents the codebook
vectors, then some vector z is declared to be in the same class C as
the nearest m; which will be denoted as m,,. The training process
is described for input z[k] (where k denotes time) as

mn[k] + alk](z[k] —mn[k]),
mn[k] — afk](z[k] — ma[k]),

if z,m, € C,
otherwise,

mplk + 1] :{

where 0 < a[k] < 1 and «[k] may be constant or decrease mono-
tonically with time, and the m; for ¢ # n do not change. The
number of codebook vectors used was 800, and the training data
was kept strictly separate from the test data.

After codebook generation, each of the test vectors was as-
signed to a class according to comparison with the codebook vec-
tors, and texture maps were generated. Another reason smoothing
is applied after resizing the subbands for the OBDFB is to allow
use of the same ground truth (i.e., not resizing the ground truth to
accomodate even the largest decimated subband).

4. RESULTS

One impetus for using the OBDFB as an alternative to Gabor filters
is that they are able to approximate the same frequency partitions.
Unfortunately, direct comparison of transform subbands is not par-
ticularly enlightening because of the decimation-induced aliasing
that occurs in the case of the OBDFB; however, feature compari-
son is reasonable because of the processing methods. In this case,
because energy is taken, it is reasonable to sum energy compo-
nents in the three subbands of the OBDFB that typically make
up the higher radial frequency octaves. Additionally, because a
smoothing filter is used to blur fine structures to a certain extent,
it is possible to see similar structures. Test collages of Brodatz
textures may be seen in Figure 3 taken from [7].

Selected texture feature components are shown in Figure 4.
Although there are obvious differences, the overall structures ap-
pear consistent. Because of the maximal decimation and its associ-
ated interpolation, the OBDFB features are not always as well de-
fined as the Gabor equivalents; however, a closer inspection yields
promising results.

Texture classification results for different Gabor filter bank
and OBDFB parameters are given in Table 1. The number of sub-
bands generated must be restricted so that the resolution of the
OBDEFB subbands does not become too low. The OBDFB per-
forms comparably with the Gabor filters as noted more by the out-
put maps (a sample of which is shown in Figure 5) than the table
of results. The scores from Table 1 are fairly consistent with those
from [7] (although the systems use different smoothing filters).

A similar OBDFB texture classification system has also been
used to augment spectral features in hyperspectral data classifica-
tion [8]. The texture augmentation was able to increase classifica-
tion accuracy in addition to decreasing the amount of misclassifi-
cation in homogeneous regions.

5. CONCLUSION

The OBDFB provides a computationally efficient alternative to us-
ing Gabor filters for texture classification. Although the result-
ing features are not identical, the most important structures are
retained and classification results are comparable, especially con-
sidering the significant reduction in computations.

Fig. 3. (a) 5-texture Brodatz test images from [7] used for the
experiments whose results are presented in Table 1.
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Fig. 4. Examples of features extracted from the image shown in Figure 3(a) from analogous subbands from a Gabor filter bank ((a) — (d))
and the OBDFB ((e) — (h)). The decomposition has 4 angular components and 3 octave bands. In each case, the feature values were shifted

and scaled to fill the dynamic range for visualization.

Test Image
3@ [ 3(0) [3() [3d ] 3@
Gabor 4,2 10.1 | 241 | 27.1 | 24.1 | 11.1 19.3

Decomp.

mean

Gabor 4,3 6.2 | 21.3 | 27.8 | 242 | 10.0 17.9
Gabor 4,4 6.8 | 16.7 | 304 | 23.6 | 12.5 18.0
Gabor 8,2 7.8 |1 19.0 | 274 | 253 | 11.0 18.1
Gabor 8,3 6.6 | 174 | 27.8 | 23.7 | 10.5 17.2

OBDFB 4,2 || 162 | 30.9 | 423 | 39.2 | 273 31.2
OBDFB 4,3 || 11.8 | 29.0 | 40.8 | 38.0 | 24.5 28.8
OBDFB 4,4 || 132 | 27.0 | 457 | 43.6 | 294 31.8
OBDFB 8,2 || 12.0 | 223 | 379 | 41.2 | 25.8 27.8
OBDEFB 8,3 9.9 1269 | 382 | 37.8 | 24.7 27.5

Table 1. Average texture segmentation results (% inaccurate). The
decompositions are labeled first by type, then by number of direc-
tions and number of octave bands, respectively.
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