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Abstract. Texture is a very important concept for many image under-
standing and pattern classification applications. The analysis of texture
can be performed by the multi-channel filtering theory, a classical theory
for texture perception based on the early stages of human visual system.
This approach decomposes an image into a set of responses given by a
bank of Gabor filters, that nearly covers in an uniformly manner the
spatial-frequency domain. This approach relies on the image dimensions,
and the number of kernels in a bank of Gabor filters varies according
to the number of combinations between frequencies and orientations. In
many practical applications, this large number of combinations makes
quickly unfeasible the computation of the whole bank of filters. To ease
this problem, in this paper we propose a multi-channel filtering where
the Gabor bank for texture discrimination is computed in parallel in a
graphics processing unit (GPU). Experimental results show an improve-
ment of 8.78 times for feature extraction when compared against the
corresponding CPU-based approach.

1 Introduction

Texture plays a very important role in many image processing and computer
vision applications. It can be used to discriminate between regions on the scene
by taking into account the orientation of internal structures, providing useful
information for many approaches such as feature extraction and data clustering.
A clear definition of texture, however, is still considered a complex task [1] and
a large number of techniques have been proposed for the analysis of natural
or artificial textures. Across the literature it is possible to find different ways
to represent texture as feature information in the bi-dimensional case, such as
Haralick’s co-occurence analysis, statistical Markov Random Fields, Gabor Fil-
ters, Wavelets and multi-resolution techniques. Integration of color and texture
information is also related to have strong links with the human perception [2],
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and several approaches1 were dedicated to study efficient ways to collectively
integrate those kind of information. Many of the reported methods relate to a
texture discrimination theory, which holds that the human visual system decom-
poses the retinal image into a number of filtered images, each of which containing
intensity variations over a narrow range of frequencies and orientations.

Perona and Malik [3] presented a preattentive texture model, which is based
on the texture discrimination theory aforementioned, in which the early stages
of human vision system are modeled. Perona and Malik’s model is based on
three main stages: (a) a bank of even-symmetric linear filters is convolved with
some input image I, extracting the responses in each orientation and magnitude;
(b) inhibition of weak responses as a post processing procedure; (c) texture-
boundary detection to delimit the regions according to the texture information.
The first stage is the so-called multi-channel filtering approach which corresponds
to the early stages of human visual system.

Across the literature is possible to find very interesting approaches specially
developed for this multi-channel filtering approach. Some methods try to de-
compose the input image using Gabor filters, where frequency and orientation
representations of this category of filters are similar to those of the human vi-
sual system, and they have been found to be particularly appropriate for texture
representation and discrimination. In the spatial domain, a bi-dimensional Ga-
bor filter is a Gaussian kernel function modulated by a sinusoidal plane wave.
The Gabor filters are self-similar: all filters can be generated from one mother
wavelet by dilation and rotation. Some researches into the human visual system
also suggest that vision is based on responses of cells with characteristics similar
to Gabor wavelets [4]. Additionally, neurobiology indicates Gabor filters to be
important in animal and human vision [5]. A very important work in this regard
was proposed by Jain [1], where a texture segmentation algorithm inspired in
this multi-channel approach for visual information processing was developed. In
this work, Jain observed the spectral energy of textures with the Gabor Filters,
since textures can be scale dependent. Textures are computed based on a bank
of Gabor filters, and due its simplicity this approach has become very popular
as an intuitive framework for texture discrimination and segmentation [2].

From the computational point of view, the main drawback of the multi-
channel filtering theory is to induce a lot of redundant information, resulting
in many feature channels provided by the image decomposition process [5]. In
other words the execution time needed to decompose an input image into partial
derivative signals is many times prohibitive for applications in which time per-
formance is a key issue. Also, the number of kernels in a Gabor bank depends on
the image dimensions (pixel columns) and the number of orientations in order
to obtain an optimal texture separability [6][7]. Frequently dimensionality re-
duction methods are additionally used to determine relevant features and avoid
computations.

1 Ilea [2] in her survey demonstrates that more than 1000 papers were published
between the years 1984 and 2009 in this context.
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In this paper, the multi-channel filtering theory was experienced in a high per-
formance computing environment with acceptable time responses. This theory
is particularly interesting due its importance for computer vision applications,
but at the same time there is a challenging in how to compute the application
of the whole bank in an effective way. Execution time is many times the main
drawback, and as the image decomposition is performed by different kernel sizes,
a strategy for effective memory usage should be employed. For this purpose we
used an OpenCL environment in order to explore the high performance aspects
of this filtering theory, as well as to provide an implementation in which any
graphical card with the minimum OpenCL requirements could be used. Experi-
ments were performed over different image resolutions and orientations, demon-
strating the effectiveness of the proposed approach when applied for fast texture
discrimination.

This paper is organized as follows: Section 2 presents related works previously
developed in this context. Section 3 describes the mathematical aspects of the
multi-filtering theory. In Section 4, the implementation details of the proposed
approach are explained. Experimental results over different kernel sizes and ori-
entations are presented in Section 5. Finally, Section 6 the final remarks and
future works.

2 Related Works

General-purpose computing on graphics processing units (GPGPU) has becom-
ing a very feasible solution for high performance computing, when taking into
account the acquisition cost of the physical computing units. It has been made
possible by the addition of programmable stages and higher precision arithmetic
to the rendering pipelines, which allows programmers to use stream process-
ing on non-graphics data. The literature presents many examples of innovative
computer vision approaches using this kind of technology. Regarding texture
discrimination, however, only a few approaches have been published: In [8] a
CUDA implementation of a biologically inspired object recognition system is
presented. This approach is based on a mechanism in which Gabor filters are
used to categorize several rapid object recognition tasks performed by human
in the visual cortex [9], closely related with existing physiological evidence. The
author proposes an implementation in which several filtering approximations
were used, and the parallelism was explored in the CUDA platform. In [10] it
was proposed an interesting approach using pixel feature extracting for texture
processing. In this work Gabor wavelet texture features are computed in a GPU
platform, thus enabling parallelism in computation. In [11] a real-time GPU mo-
tion detection system based on the physiologically meaningful image processing
algorithm was presented. A Gabor filter approach together with other processes
were implemented into a GPU approach, achieving real-time responses depend-
ing of image sizes. Pauwels [12] presents a real-time GPU optical flow approach.
Using CUDA platform they implemented a phase-based algorithm that maps
exceptionally well on the GPU’s architecture. In this work they explored effi-
cient filtering operations and the internal bandwidth of the GPU. In [13] a GPU
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implementation of Gabor Filters was presented for a NVIDIA graphic card. This
last one have achieved a relative gain varying 4-10 times faster when compared
with an optimized GPU version. In the next sections we present an approach in
which all information provided by the multi-channel filtering is considered.

3 Proposed Multi-Channel Filtering Approach

The multi-channel filtering approach considers the channels as bank of 2D Gabor
filters. A bank consists of a set of kernels, corresponding of sinusoidal plane wave
of a predetermined frequency and orientation, each one modulated by a two-
dimensional Gaussian function. In the space domain a Gabor filter is given by:
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where u0 and φ correspond respectively to the frequency, and the phase offset
(in degrees) of the sinusoidal plane wave along the x-axis (orientation 0◦) [1].
If φ = 0 the real part of the Gabor filter is obtained (even-symmetric filter),
and φ = π/2 returns the imaginary part. The standard deviation σ determines
the linear size of the respective Gaussian field along the x and y-axis. Different
orientations can be obtained by performing a rigid rotation of the x-y coordinate
system with a predefined θ angle:

x = x0cos(θ) + y0sin(θ), y = y0cos(θ)− x0sin(θ). (2)

The formulations previously described explain the general way in which a
Gabor filter can be built. The multi-channel filtering theory is based on a set of
filters where some input image is decomposed into derivative signals, each one
corresponding to variations of orientation and frequency in Equation 1. Jain and
Farrohknia propose the use of a fixed set of Gabor filters obtained according to
the number of columns of the input image in order to cover and preserve almost
all the information of the input image. The parameters used are four orientations
(0◦, 45◦, 90◦, 135◦) and the frequency ranges are modulated by the number of
cycles per image, where Nc is the width in pixels of an image which is power
of 2, and the radial frequency values can be determined: 1
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separability [6]. Similarly, frequencies also can be obtained by [7]:

FL(i) = 0.25− 2i−0.5

Nc
, FH(i) = 0.25 +

2i−0.5

Nc
(3)

where i=1,2,..., log2(Nc/8), in which 0 < FL(i) < 0.25 and 0.25 ≤ FH(i) <
0.5. As example, images used in our experiments collected from the Berkeley
image dataset have resolution of 481x321, resulting in 72 channels obtained by
combining 6 orientations and 12 frequencies. Each channel is then convolved with
the input image, resulting in one derivative signal in response of that frequency
and orientation. Figure 1 illustrates how this procedure is performed, from top
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Fig. 1. Image decomposition by a bank of Gabor Filters

to bottom: the input image is decomposed by a set of Gabor filters (bank). The
bank illustrated in this overview is composed by one specific frequency and 6
different orientations (0◦, 30◦, 60◦, 90◦, 120◦, 150◦). As result, at bottom is
presented the derivative signals as response of the bank of Gabor filters.

In this work, Jain and Farrokhnia [1] proposed to apply an additional step in
which each derivative signal is submitted to an energy extraction procedure. In
this procedure the sinusoidal modulations are transformed into square modula-
tions in order to saturate the output of the filters by means of:

tanh(αt) =
1− e−2αt

1 + e−2αt
, (4)

where a local energy is obtained by computing the average absolute deviation
for each filtered channel.

The main advantage of the multi-channel filtering approach is a set of filters
in which the frequency domain has a nearly uniform coverage corresponding to
an approximate basis for the wavelet transform with Gabor filter as a wavelet
[1]. However, the computation needed to obtain this coverage is computationally
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unfeasible for practical applications. In the next section we detail an experiment
in which a GPU-based multi-channel filtering approach is presented.

4 Implementation Details

In this work we implemented the multi-channel filtering approach as described
in Section 3. As first step, an OpenCL CPU-based approach was developed to
obtain the derivative signals and then computing the nonlinearity for each re-
sulting signal. During the development profiling tools2 were used in order to
find bottleneck candidate regions and evaluate possible parallelism strategies. A
bottleneck is characterized by the use of a considerable amount of instructions
or memory when compared against other parts of code. For these candidate re-
gions common optimization techniques were applied on design level (no compiler
optimizations to avoid platform dependencies, i,e. “-O0”) and a final C++ bi-
nary version was obtained. Profiling tools reveal that convolution process is still
responsible for about of 86,83% of the multi-channel filtering approach, followed
by the nonlinearity process with 7,51% (where tanh() operations correspond to
4,86%). The execution time needed to compute the whole bank of Gabor filter
for different image sizes can be viewed in the next section, and dimensionality
(i.e, rgb=3) was considered as separated channels. Also, the number of orien-
tations can be defined by the user, and our experiment follows the suggestions
presented in [6] (orientations at each 30◦).

A GPU-based implementation was conducted aiming to optimize the candi-
date bottlenecks previously described. It was observed that in general convo-
lution operations perform well in concurrent instructions, even by computing
over neighborhood pixels. This procedure can be executed in an effective way
by making use of shared memory (input image as read-only), in which the input
signal is convolved concurrently when threads start. Similarly, the nonlinearity
demonstrated in Equation 4 is a procedure in which each pixel is computed in-
dependently from the others. In order to optimize memory usage, allocation is
performed only when frequency ranges change, once the Gabor kernel used to
convolve the signal changes its window size. For each procedure aforementioned,
parallel executions are obtained by making use of the threads provided from
the GPU cores, and each thread is referenced as an “id” value used to access
positions in the array image.

5 Experimental Results

The system setup used to perform the evaluation of the proposed approach was a
Linux Gentoo 3.0.6 64 bits, with a Quad2Core Q9550 processor and GCC version
4.5.3. The graphic card is a GeForce GT240 with 96 CUDA cores. The input
images used in this experiment have different resolutions starting from 241x161

2 Valgrind with callgrind tool as argument. To visualize the logs a graphical tool for
code inspection called kcachegrind was used.
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Fig. 2. CPU and GPU execution time in seconds

to 2646x1766. There are no GCC optimizations for the both versions in order to
avoid platform dependencies, and native GCC instructions were used whenever
it was possible. For each image resolution five executions were performed for the
CPU and GPU-based algorithms. Were measured the time needed to compute
the image decomposition and the nonlinearity. The graph presented by Figure 2
illustrates the mean execution time obtained from CPU and GPU-based versions
in each image resolution categories, in seconds. The number of channels is also
variable according to the number of columns in each input image, starting in
60 channels for 241x161 until 108 channels for 2646x1766. Experimental results
have demonstrated an average gain of 8.78 times of the GPU-based version.

6 Final Remarks

In this paper we presented a GPU-based multi-channel filtering approach for
fast texture discrimination. This filtering approach is well-known in the com-
puter vision community, and its goal is decompose some input image by a bank
of Gabor filters. Experimental results presented an average gain of 8.78 times
when compared against an equivalent CPU-based implementation. It is impor-
tant to be observed that the main drawback of this filtering approach is the
number of dimensions provided by the decomposition process, and so dimen-
sionality reduction methods (such as PCA, LDA and RCA) are applied in order
to select relevant features. In this work, we demonstrated that all channels can
be computed at acceptable response times. Future works should be addressed in
order to evaluate the performance for a large set of textured images, as well as
varied graphical card architectures.
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