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Abstract

The Gabor filter is a spectral texture method which has seen its usage increase as remote sensing
datasets have increased continually in resolution. Only proprietary or external libraries out side of
current Geographic Information Systems offer its capabilities. Presented is the GRASS GIS add-on
i.gabor which provides the ability to compute a full gabor filter bank and a new quantification
method to enable the decomposition of a scenes orientation responses. Its potential usages are
additionally discussed.

1 Introduction & background

Texture as we perceive it, either through touch or sight, is a sensory process which enables quick
conceptualization of our surroundings. Subsequently, within the domain of computer vision and its
associated fields, there has been a concentrated effort to develop both efficient and effective algo-
rithms for computation of texture for a multitude of purposes (Bergen and Adelson, 1988; Liu et al.,
2019). Specifically within the field of remote sensing and photogrammetry, the computation of tex-
ture has become an integral part to solving classification problems and object based image analysis
methods (OBIA) (Armi and Fekri-Ershad, 2019; Kupidura, 2019; Hossain and Chen, 2019). While
there is no true formal definition of texture as it pertains to photogrammetry, it can be roughly
understood as the variance of grey levels in local neighborhoods or the shape of objects within an
image (Bharati et al., 2004; Petrou and Kamata, 2021). Texture within photogrammetry can be
further split into structural methods which measure texture as repetition, spectral methods which
analyze the frequency domain, and statistical methods which are based around localized statistics
(Chica-Olmo and Abarca-Hernandez, 2000). Statistical methods and more particularly the 14 Har-
lick features which can be calculated from the Grey Level Co-occurrence matrix (Haralick et al.,
1973), have been staple in remote sensing studies due to their relative simplicity and availability
(Gebejes and Huertas, 2013; Kupidura, 2019).

The Gabor filter is another function capable of deriving texture and capturing optimal local
information within an image. As an orientation sensitive filter, the Gabor filter is unique in its
capabilities to mimic the human visual cortex system when a bank of Gabor filters is used (Lee,
1996). Subsequently, the 2D Gabor filter has seen an increase in it usage for texture derivation
as more high resolution datasets have been introduced (Yang and Lishman, 2003). The filter has
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been used in research such as hyperspectral image classification (Li and Du, 2014; Chen et al.,
2017; He et al., 2016), water body extraction (Yang et al., 2015), land use classification and change
detection (Yang and Lishman, 2003; Chen et al., 2015; Sumaiya and Kumari, 2017), and edge
detection (Adak, 2013; Wang et al., 2014; Zhao et al., 2017). However, at the time of writing no
Geographic Information System (GIS) offers an implementation of the Gabor filter, limiting its
usage to proprietary or external libraries. Proposed is i.gabor, a GRASS GIS add-on to provide
efficient computation of Gabor filter banks for raster maps.

The paper is as follows. Section 2 introduces and reviews the two dimensional Gabor filter,
its parameters, and the design of the software. Examples of the softwares usage and capabilities
are discussed in Section 3 including thresholding and quantification. Results and future work is
subsequently reviewed in the last section.

2 Methods and materials

2.1 2-Dimensional gabor filter

The 2 dimensional gator filter as mentioned is an orientation sensitive filter which mimics the cells
within the human visual cortex. The Gabor filter in the frequency domain will be a Gaussian filter
at a specific orientation and frequency, while in the spatial domain the Gabor filter will be seen
as an elliptical Gaussian envelope and an oscillating sinusoidal plain (Grigorescu et al., 2002; Ruiz
et al., 2004). The differences between the Gabor filter within the frequency and spatial domains
can be seen in Figures 2 and 3. The implementation used with in this paper will use the 2d spatial
filter. The 2 dimensional spatial Gabor filter is as follows

g(x, y) = wr(x, y)s(x, y) (1)

where wr(x, y) is the Gaussian envelope and s(x, y) is the sinusoidal plane. The Gaussian envelope
is derived with

wr(x, y) = e(−x
′2 + γ2y

′2

2σ2
) (2)

where σ is the standard deviation of the Gaussian envelope and γ is the spatial aspect ration and
specifies the ellipticity of the Gaussian envelope. Additionally y′ and x′ are computed as

x′ = x cos θ + y sin θ (3)

y′ = −x sin θ + y cos θ (4)

Where the θ is the orientation in radians and θ ∈ {0, π/2} The sinusoidal plane, s(x, y), has both
a real and imaginary component with the final gabor filter using either component separately or
together as complex number. The complex sinusoidal plane is defined in Eq. (5) while the separate
real and imaginary components are defined Eq. (6) and Eq. (7) respectively

s(x, y) = e(i(2π
x′

λ
+ ψ)) (5)

s(x, y) = cos(2π
x′

λ
+ ψ) (6)

s(x, y) = sin(2π
x′

λ
+ ψ) (7)
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where λ is the wavelength of the sinusoidal plane, and ψ is the phase offset. Expanding upon
Eq. (1), the complex Gabor function in the spatial domain can fully defined as

g(x, y;λ, θ, ψ, σ, γ) = e(−x
′2 + γ2y

′2

2σ2
)e(i(2π

x′

λ
+ ψ)) (8)

The individual real and imaginary components can be used for different purposes as the real
component function will be symmetrical, and the imaginary component will be anti-symmetrical.
The anti-symmetrical nature of the imaginary component lends its self to highlighting edges of
the features as it will provide a stronger response to perpendicular features. The difference in the
response of the real and imaginary component can be seen in Figure 1.

Real Imaginary

Figure 1: Two dimensional examples showing the base difference between the real and imaginary
components of the Gabor filter. The red axis about the origin is included to better show the
difference in positions.

2.2 Filter banks

A Gabor filter bank is a collection of filters design to usually provide full coverage of the frequency
domain. Common filter banks will consist of between 4 to 8 orientations and scales controlled by the
wavelength. Each filter within a bank is subsequently convolved over the raster map and for each
kernel within the bank. The resulting number of raster maps will be the number of orientations ×
the number of scales. The usage of a filter bank is what effectively models the visual cortex with
the multiple orientations and frequencies being evaluated individually to create a low dimensional
representation of a scene (Petkov, 1995).

2.3 Module design

The i.gabor module is written in Python and interfaces with GRASS GIS to utilize its established
raster processing libraries and Graphical User Interface (GUI) parser. The module is designed to
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 = 5,  = 0  = 7,  = 0  = 9,  = 0  = 11,  = 0

 = 5,  = 90  = 7,  = 90  = 9,  = 90  = 11,  = 90

 = 5,  = 45  = 7,  = 45  = 9,  = 45  = 11,  = 45

 = 5,  = 135  = 7,  = 135  = 9,  = 135  = 11,  = 135

Figure 2: A Gabor filter bank in the spatial domain with four orientations and four scales for a
total of 16 kernels

 = 5,  = 0  = 7,  = 0  = 9,  = 0  = 11,  = 0

 = 5,  = 90  = 7,  = 90  = 9,  = 90  = 11,  = 90

 = 5,  = 45  = 7,  = 45  = 9,  = 45  = 11,  = 45

 = 5,  = 135  = 7,  = 135  = 9,  = 135  = 11,  = 135

Figure 3: A Gabor filter bank in the spatial domain with four orientations and four scales for a
total of 16 kernels
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be flexible and allows for any given number of scales and orientations at a given kernel size to be
computed. Efficient convolution is enabled with the Fast Fourier Transform convolution within the
scientific computing libraries SciPy and NumPy. By using GRASS’s raster models we can maintain
spatial information of the resulting raster maps to be used in further analysis. Additional statistical
thresholding of output values is provided to extract only those with responses above a particular
percentile.

2.4 Thresholding and quantification

Simple statistical thresholding is incorporated to provide an optional method to quickly pull out
features with high responses to the convolved kernel. It can be expressed as

g(x, y) =

{
0 if g(x, y) < Pi

g(x, y) else
(9)

Where f(i, j) is the grey level in the spatial domain and Pi is the specified percentile. The simple
but powerful method of statistical extraction allows for an immediate output which highlights the
strong features without further processing.

In conjunction with the statistical thresholding, a new quantification method for the orientations
of the gabor filter is implemented. For each orientation created at a single scale a binary value
is generated for up to eight orientations with an increasing binary value for each orientation.
Subsequently for each orientation its respective binary value replaces all values above or equal to
the grey level at Pi. The quantification can be expressed as

g(x, y) =

{
0 if g(x, y) < Pi

2θi else
(10)

where θi is the index of the specific orientation θ. The quantification of the orientations in this
method allows for all convolved images to be added together while retaining the orientation infor-
mation. I.e. in an image convolved with the orientations {0, 45, 90, 135} a cell with the value of
9 would indicate strong responses at the orientations 0 and 135 as the binary representation of 9
is 0b1001. Each place in the binary representation can be read as a boolean related to the set of
orientations.

3 Testing & results

3.1 Experiment

We test i.gabor with one meter resolution imagery from the National Agricultural Imagery Pro-
gram (NAIP) which contains both A Gabor filter bank of four orientations of {0, 45, 90, 135}, with
a window size of 51, and a wave length of 7 is used. Using the quantification method, we set the
threshold to be the 90th percentile and subsequently the quantification values will be {1, 2, 4, 8}.
The NAIP imagery used is firstly convert to a single band raster from the three visible spectrum
bands. A convolved raster map is then computed with i.gabor with the imaginary component to
extract edges. Processing times for the full raster map at one meter resolution is below one minute
with four orientations and thresholding/quantification.
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Figure 4: Edge detection with the created Gabor filter bank and the quantification method.

3.2 Results

In Figure 4, it can be seen how the imaginary component of the Gabor filter bank is capable of
highlighting edges within an image. Table 1 shows the number of cells in the full raster map. Each
value can be subsequently decomposed to get the full number of values which had responses at each
orientation.

4 Future work

The usage of texture after its computation is open ended. The Gabor filter paired with additional
statistical measures can be a powerful feature extraction pipeline. For instance, using conditional
variance there is potential to separate features such as tree stands and buildings as tree stands
will have more random directionality where as man made features will have a very clear and
purposeful directionality. There is additional potential for the extraction of vector features and
network analysis using the quantification of directionality laid out in Section 2.4.

5 Conclusions

The 2 dimensional Gabor filter is a texture method capable of providing a low dimensional un-
derstanding of an image. It has found an increase usage alongside other more established texture
derivation methods such as the GLCM as remote sensing datasets continue to increase in size. At
the time of writing however, there is no GIS which provides either an out of the box or extension
capability to compute and analyze images with the filter. Subsequently, presented is the GRASS
GIS module i.gabor. It is capable of computing a full Gabor filter bank for a given raster map
in addition to further providing further extraction quantification of the responses. It is hoped its
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Table 1: Quantified values, their counts, and areas

Value Pixel count Area (m²)

0 87439001 31478040.36
1 8518694 3066729.84
2 7206882 2594477.52
3 1920942 691539.12
4 7294656 2626076.16
5 959943 345579.48
6 1649715 593897.4
7 409517 147426.12
8 8560065 3081623.4
9 642080 231148.8
10 970512 349384.32
11 141174 50822.64
12 1826213 657436.67
13 158698 57131.28
14 452306 162830.16
15 71102 25596.72

creation will further its usage in remote sensing studies.
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