
symmetryS S

Technical Note

A Note on Advantages of the Fuzzy Gabor Filter in Object and
Text Detection

Vladimir Tadic 1,*, Tatjana Loncar-Turukalo 2 , Akos Odry 1 , Zeljen Trpovski 2, Attila Toth 3, Zoltan Vizvari 4

and Peter Odry 1

����������
�������

Citation: Tadic, V.; Loncar-Turukalo,

T.; Odry, A.; Trpovski, Z.; Toth, A.;

Vizvari, Z.; Odry, P. A Note on

Advantages of the Fuzzy Gabor Filter

in Object and Text Detection.

Symmetry 2021, 13, 678. https://

doi.org/10.3390/sym13040678

Academic Editor: Dumitru Baleanu

Received: 2 March 2021

Accepted: 12 April 2021

Published: 14 April 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Institute of Information Technology, University of Dunaujvaros, Tancsics Mihaly u. 1/A Pf.: 152,
H-2401 Dunaujvaros, Hungary; odrya@uniduna.hu (A.O.); podry@uniduna.hu (P.O.)

2 Faculty of Technical Sciences, University of Novi Sad, Trg Dositeja Obradovića 6, 21000 Novi Sad, Serbia;
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Abstract: This note presents a fuzzy optimization of Gabor filter-based object and text detection.
The derivation of a 2D Gabor filter and the guidelines for the fuzzification of the filter parameters
are described. The fuzzy Gabor filter proved to be a robust text an object detection method in
low-quality input images as extensively evaluated in the problem of license plate localization. The
extended set of examples confirmed that the fuzzy optimized Gabor filter with adequately fuzzified
parameters detected the desired license plate texture components and highly improved the object
detection when compared to the classic Gabor filter. The robustness of the proposed approach
was further demonstrated on other images of various origin containing text and different textures,
captured using low-cost or modest quality acquisition procedures. The possibility to fine tune
the fuzzification procedure to better suit certain applications offers the potential to further boost
detection performance.

Keywords: text detection; Gabor filter; filtering; fuzzy optimization; fuzzification; robust license
plate detection

1. Introduction

Texture and edge detection are important for detecting objects in complex images
as they usually contain the most relevant information of an image. The texture and edge
detection procedures have been extensively analyzed in image processing and computer
vision in recent decades. Grayscale images exhibit increased variance at edge positions
and texture changes. Conventional edge and texture detection methods, such as Sobel or
Canny detectors, often detect edges by the maximum of the first derivative or the zero
crossing points of the second derivative. Unfortunately, they are unable to simulate the
performance of the human visual system in edge detection, as it exploits both powerful
physiological apparatus and psychological abilities [1–3], because they are very sensitive
to noise, even to small fluctuations in the brightness of the pixels in the image.

The Gabor filter has an important advantage over these standard edge detectors, as
it can simulate the receptive field of the visual cortex [1–5]. It has been extensively used
in various image processing tasks, such as text localization and object detection, while
the extent and breadth of applications report its value when complexity vs. performance
is observed. Daugman [1] noted that the Gabor filter can achieve the best localization
performance, both in the spatial and frequency domains, via analyzing the uncertainty of
the signal in orientation and in spatial frequency. This means that the interesting features
of the target can be obtained by changing parameters of the Gabor filter according to the
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specific visual needs. The literature evidence confirms an extensive use of Gabor filter for
numerous computer vision and image processing tasks, such as edge, texture, and object
detection [1–30]. Mehrotra [3] introduced a method for edge detection based on Gabor fil-
ters. He showed that the best result of one-dimensional (1D) step edge detection is achieved
when the product of the frequency and spatial deviation of the odd Gabor filter is equal to
1. In addition, he noted that this conclusion was also applicable to a two-dimensional (2D)
step edge. Liu et al. [5] explained the Gabor filter-based edge detector method using simple
mathematical derivation in the frequency domain. They concluded that the frequency
domain is more adequate for the analysis of edges than the spatial domain. Allagwail
et al. [6] presented a face recognition algorithm where the Gabor filter was used for feature
detection and extraction with the local binary pattern and gray level co-occurrence matrix.
The introduced method was developed using the Olivetti Research Laboratory and the Yale
database. The authors stated that the method had a 100% face recognition accuracy on the
tested database. Yu et al. [7] developed a saliency guided visual tracking algorithm using a
correlation filter and a log-Gabor filter. The goal of their research was to improve the robust-
ness of the tracking under obstruction and boundary effect challenges. The Gabor filter was
used in the preprocessing for texture detection. Their experiments on standard datasets
demonstrated the improved discrimination and interpretability of the suggested tracker
when compared with other tracking algorithms. Zhang et al. [8] proposed a new method
using an adaptive Gabor filter that outperforms all state-of-the-art algorithms in finger-vein
recognition. The authors merged the Gabor filter with a convolutional neural network to
determinate the gradient of the Gabor filter parameters. Wu et al. [9] combined the Gabor
filter with morphological operations in order to detect residential areas in historical topo-
graphic maps, achieving an excellent performance in positional accuracy and in integrity
of the residential boundary. Jing et al. [10] introduced a Gabor filter-based algorithm to
assess the direction navigability of a geomagnetic field. The Gabor filter was used in the
preprocessing for detection of the direction suitable-matching features. The parameters
of the Gabor filter were optimized using the hybrid particle swarm optimization. They
showed that the parameters of the Gabor filter had a significant impact on the direction
suitable-matching features. Low et al. [11] proposed a novel face recognition method based
on a multi-fold Gabor filter. They condensed 40 multi-scale and multi-orientated Gabor
filters into eight filters for face recognition. Capizzi et al. [12] proposed an algorithm for
multidimensional finite impulse response (FIR) filter design based on a Gabor system
generated with a Gaussian function. The authors demonstrated that the developed method
provided a better pass-band flatness than other known filter design approaches. They
noted that the obtained improved performance of the 2D filters was suitable for use in space
applications. Luan et al. [13] introduced a novel type of convolutional neural network, the
Gabor Convolutional Networks (GCN), which proved to be highly robust against orien-
tation and scale alterations according to conducted experiments. Bai et al. [14] applied a
Gabor filter for skeletonization in noisy text images. The new skeleton filter was composed
of a pair of oppositely oriented Gabor filters. Medina et al. [15] proposed a method for
detection of cracks in concrete tunnel surfaces based on rotation invariant Gabor filters and
image sensors, where the filter parameters were tuned by a modified genetic algorithm
based on a differential evolution optimization method. Using the proposed filter, the cracks
could be detected in all directions with an accuracy of 95.27%. Meng et al. [16] introduced
an improved circular Gabor filter-based algorithm for retinal identification. The developed
procedure was tested on public retina databases combining the rotation and scaling. The
authors reported encouraging results and robustness to rotations and scale variations.

In recent years, a new approach using fuzzy logic [31,32] has been introduced in the
implementation of the Gabor filter [17–21]. Tadic et al. [17–19] approached the problem
of filtration using Gabor filters by taking into account fuzzy logic, a powerful mathe-
matical apparatus that closely imitates human reasoning [20]. Using this apparatus, the
Gabor filter parameters were converted into the fuzzy parameters to improve the filter’s
response [20,21]. The results of this new filtering method contribute to more robust detec-
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tion and extraction of the desired objects from complex images, i.e., license plates, text,
various textures, and circular and near-circular objects.

The intention of this article is to highlight the most relevant aspects of our research
on the topic of Gabor filter fuzzification during the past few years [17–19]. The paper
revises derivation on a 2D Gabor filter with an explanation of the fuzzification of the
filter parameters and a guidance for the development of other fuzzy image filters. We
highlight the impact of the fuzzified filter in different applications, with a focus on the
problem of reliable detection of license plates and text areas from images obtained with
low-cost cameras. These applications are the relevant segment of security and surveillance
systems and should successfully deliver despite the presence of noise in acquired im-
ages, lighting conditions, artifacts, and other image-deteriorating effects. The localization
of a license plate from a complex image, as one of the very first applications of object
recognition, still remains a common research issue, with focus shifting towards boosting
of the algorithm’s performance in less controlled ambient conditions using commercial
equipment [17–19,33–35]. Simple, fast, and robust solutions, such as the proposed fuzzy
Gabor filter, open the possibility of using inexpensive cameras for license plate and text
localization and similar basic computer vision tasks.

This paper is organized as follows: Section 2 reflects on derivation of the fuzzified
Gabor filter and provides guidance on the fuzzification process. Section 3 presents and
discusses the results, and concluding remarks are provided in Section 4.

2. Fuzzification of the Gabor Filters
2.1. Gabor Filter Formulation

The complex Gabor function in the spatial domain is represented as [4–6,17–20]:

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

where the function s(x, y) represents the complex sine wave, and the function wr(x, y)
represents the 2D Gaussian.

The complex sine wave is defined as:

s(x, y) = ej(2π(u0x+v0y)+ϕ) (2)

where the (u0, v0) denotes spatial frequencies, and the ϕ is the phase of the filter.
Parameters (u0, v0) represent spatial frequencies in Cartesian coordinates. These

spatial frequencies can be represented in polar coordinates as follows:

f =
√

u02 + v02 (3)

Φ = arctg
(

v0

u0

)
(4)

and the spatial coordinates are expressed as:

u0 = f cos Φ (5)

v0 = f sin Φ (6)

Using the previous equations, the complex sine wave is represented as:

s(x, y) = ej(2π f (xcosΦ+ysinΦ)+ϕ) (7)

The 2D Gaussian function is defined as:

wr(x, y) = Ae
−( (x−x0)

2

2σ2
x

+
(y−y0)

2

2σ2
y

)
(8)
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where A is the amplitude, (x0, y0) represents the center of the function, and σx and σy
denotes the deviation of the Gaussian by each of the spatial coordinates.

Finally, after preliminary consideration, a function g(x,y,f,Φ,σ) represents the Gabor
filter, where f is the spatial frequency, and Φ denotes the filter orientation [1–5]:

g(x, y, f , Φ, σ) = Ae
−( (x−x0)

2

2σ2
x

+
(y−y0)

2

2σ2
y

)
ej(2π f (xcosΦ+ysinΦ)+ϕ) (9)

The deviation of the filter can be represented via the spatial frequency, f, i.e., the
wavelength λ measured in pixels, as [4]:

σx = λkx and σy = λky (10)

where kx and ky represent scaling factors for tuning the bandwidth of the filter. The
fine tuning of these parameters is essential in order to adjust the Gabor filter and obtain
appropriate filtering results [17–21].

Figure 1 shows a diagram of a Gabor filter with specified parameters in the spatial do-
main. This visualization in the spatial domain provides information on filter characteristics
such as orientation and wavelength that can be easily modified by changing parameters of
the 2D Gabor function to capture and emphasize different patterns in an image.
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Figure 1. Example of the Gabor filter for λ = 15, φ = 45◦, kx = ky = 0.5; (a) even part; (b) odd part.

2.2. Fuzzification Procedure—A Step by Step Guide

As an improvement of the classical Gabor filter, Tadic et al. [17] introduced a new
fuzzified Gabor filter. In their research, the goal was to develop a robust filtering approach
for detection of license plates in complex, low-quality images. Using fuzzy logic [24,25],
the orientation and wavelengths of the Gabor filter were fuzzified to improve the filter
response [17–21]. It has been proven that these two parameters are major determinants
in texture detection and extraction [17]. The experiments and the algorithm validation
confirmed that Bell’s function and the triangular membership function are the most efficient
methods for selecting the filter parameters in the fuzzification process [17–21].

Hereinafter, the principle of the fuzzification of the Gabor filter parameters is explained
as a guide for developing any fuzzy inference system [17–21]. In general, the fuzzification
process can be summarized in five steps, elaborated in the following subsections [21].

2.2.1. Fuzzification of the Input Parameters

Fuzzification of input parameters: in this step, for each scalar input, the corresponding
fuzzy value has to be found by mapping the given input data into the interval [0,1] using
the corresponding membership function for each rule. The membership functions map the
input value to the degree of truth of a statement; thus, this step results in a representation
of crisp quantities in a form that is applicable in the fuzzy logic [21]. In this work on
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the fuzzification of the Gabor filter parameters (orientation and wavelength), a Bell-type
membership function has been selected as the input membership function for orientations
and for the wavelengths:

µin(φ) =

{
S(φ, φ1, φ2) φ < φ2

S(2φ2 − φ, φ1, φ2) φ2 ≤ φ
(11)

where the interval of the possible orientation is φ ∈ [φ1, φ2], and S denotes the S-shaped
membership function [21]. The definition of the Bell-type function via S-shaped function is
a common practice in literature [21]:

S(φ, φ1, φ2) =



0 φ < φ1

2
(

φ−φ1
φ2−φ1

)2
φ1 ≤ φ < φc

1− 2
(

φ−φ2
φ2−φ1

)2
φc ≤ φ < φ2

1 φ2 ≤ φ

(12)

The φc is called the crossover point of the S-shaped function [21]. This is the point where
the S-shaped curve changes inflection. It is determined as [21]:

φc =
φ1 + φ2

2
(13)

To improve the filtering, the interval of all possible orientations of the filter should
be small, or a smaller number of adjacent orientations should be used to facilitate the
localization of object of interest in the later stages. For these purposes, the triangular
shape membership function is used [17–21] as the output membership function to reduce
the input interval of the orientations and later, the wavelengths defined by the Bell-type
membership function, and it is defined as [21]:

µout(φ) =



0 φ < φi(
φ−φi

φcrisp−φi

)2
φi ≤ φ < φcrisp

1−
(

φ−φcrisp
φ f−φcrisp

)2
φcrisp ≤ φ < φ f

0 φ f ≤ φ

(14)

where the φi and φ f are the start-point and endpoint, respectively, of the reduced orien-
tation interval defined by the output triangular shape membership function. The φcrisp
corresponds to the maximum of the triangular membership function, and it is determined
as arithmetic mean of the φi and φ f [21].

For the fuzzification of the wavelengths, the procedure implies some minor changes
which arise primarily due to the nature of the variable. Generalized Bell functions were
used to define two membership functions covering the input domain. In addition, two
output segments and the triangular membership function were used to describe the output
and achieve the smallest deviations from the central wavelength values.

It is worth noting that these functions fully describe the input and the output of the
fuzzy system, and for this specific function selection they are presented in Figures 2 and 3.

2.2.2. Fuzzy Logical Operations

The second step in the process assumes performing any required fuzzy logical opera-
tions. In this step, it is necessary to combine the output data after fuzzification from all
processed inputs using the corresponding membership functions (IF part of the rule, which
describes the conditions) to get a single value using the operations max or min, depending
on whether the parts are connected via logical addition (OR, Union) or multiplication
(AND, Intesection), respectively [21]. The number of conditions (IF part of the rule) and the
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type of logical operator used for the connection may be different for each of the rules [21].
The max and min operations are defined as follows [21]:

µU(φ) = max[µA(φ), µB(φ)] (15)

µI(φ) = min[µA(φ), µB(φ)] (16)

where U denotes the union, I denotes the intersection, A and B are arbitrary sets, and µ
denotes the result of OR and AND operations. It should be noted that in the examples with
only one condition in the IF part of the rule, there is no need to use AND or OR operations;
this was the case in the process of Gabor filter fuzzification [21].
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2.2.3. Implication Step

Application of the implication method: the single output after each condition (IF part
of the rule) is used to provide the output of each rule. Logical multiplication (AND, min) or
addition (OR, max) operations are used for implication. This operation practically cuts off
the corresponding output membership function in the values provided by the condition.
Here, we get the output consequence of each rule which shows the extent of fulfilment of
antecedent from the beginning of the rule [21].

According to steps 2 and 3, the If-THEN rules can be written as follows [21]:

IF (φ, anglein) THEN (φ, angleout)
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for the orientations, and:

IF (λ, wavelength1in) THEN (λ, wavelength1out)

IF (λ, wavelength2in) THEN (λ, wavelength2out)

for the wavelengths, where φ and λ represent orientation angles and wavelengths, respec-
tively. The anglein and angleout represent the coresponding intervals of the input and output
membership functions in fuzzification of orientations. The wavelength1in and wavelength2in
and wavelength1out and wavelength2out represent the two intervals in input and output
membership functions during the fuzzification process of wavelengths.

2.2.4. Aggregation Step

The fourth step of the process is the application of the aggregation method to the
fuzzy sets obtained in step 3 [21]. In this step, the outputs of all rules that are now
fuzzy sets are combined using the appropriate logical operations of addition (OR, max)
or multiplication (AND, min). By combining the outputs of all the rules, a compact
mathematical representation of the entire knowledge base is obtained, which basically
represents the cross section of a surface [21]. In our research, the OR operation was used in
an aggregation step, and it should be noted that the aggregation was performed similarly
for both fuzzy systems, i.e., angles and wavelengths [17–19].

2.2.5. Defuzzification Step

The final step in creating a fuzzy system is the defuzzification of the final output
fuzzy set. Defuzzification of the final fuzzy set is the opposite process of the fuzzification.
In fact, this is a process that is supposed to convert the result of aggregation, which is
basically a cross section of a surface, into a function, a signal that is understandable to
the process. In this step, the fuzzy output (signal, function) is transformed into a clear
(crisp), scalar form [21]. The output must have a single value, usually represented by
a real number. This is necessary since all processes understand and accept only scalar
values as inputs. The most often used method for defuzzification is the center of the
gravity [21], and this defuzzification method is used for both fuzzy systems for the angles
and wavelengths [17–19].

Using the described procedure, two fuzzy systems were obtained that described the
orientation and the wavelength changes. The corresponding fuzzy inference systems (FIS)
are shown Figure 4.
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Once the fuzzification of the Gabor filter was completed, the new fuzzy Gabor filter
was developed with fuzzified parameters. After filtering the input images with the fuzzified
Gabor filter, the textures were detected and highlighted in the complex images.
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It is worth noting that the membership functions described above are not unique, and
they can be adjusted to a specific problem and application. However, the principle of the
fuzzification method is unchanged. This indicates the simplicity and the versatility of the
application of the fuzzy logic in image processing, especially for object detection. Since
the previous research is related to the detection of license plates in complex low-quality
images [17–19], in Section 3, a series of examples will be presented to emphasize the fuzzy
Gabor filter’s capabilities in other applications as well [17–19]. In the end, it must be
emphasized that the fuzzification was implemented in a Matlab environment [17,21] using
existing built-in functions from the scientific literature [21] to automatically generate the IF–
THEN rules and create a fuzzy system providing input and output membership functions.

3. Experiments and Results

The application and performance of the fuzzy Gabor filter was illustrated in two
examples of license plate detection tasks. The images used in this study were captured with
a low-cost 3.1-megapixel Canon photo camera. Several images were taken with 2-megapixel
mobile phone camera and with a commercial 10-megapixel Nikon photo camera.

3.1. Comparison of the Gabor Filter and Fuzzy Gabor Filter—Qualitative Evaluation

Figure 5 shows two images of cars captured during the day with a shadow effect [17].
The disadvantages of the low-quality camera image acquisition are noticeable in Figure 5, i.e.,
the shadow, noise, flash of a streetlamp, and various artefacts. These images were selected to
demonstrate the performance and robustness of the fuzzified Gabor filter [17–19].
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In order to emphasize the improvement brought by the fuzzified Gabor filter, the
input images were filtered using the classic Gabor filter and the fuzzy Gabor filter. Figure 6
shows the responses of the classic vertically oriented Gabor filter and of the fuzzy Gabor
filter to the images presented in Figure 5. The classic Gabor filter without fuzzification
had fixed parameters, orientation of 0◦, wavelength of 15 pixels, and scale parameters of
kx = ky = 0.5. This classic Gabor filter was optimized for regular cases where the license
plates and texts in the input images are under a clear horizontal angle without any slant or
rotation. The results of the filtering with the classic Gabor filter (Figure 6a,b) highlighted
the license plate area in both images.

Figure 6c,d show the results obtained using the fuzzified Gabor filter. Because the
membership functions were chosen to emphasize the content of the license plate, it can
be observed that the strongest responses were in the areas of the plates, and these results
contained more detected textures compared to the output of the classic Gabor filter. Spe-
cially, the left parts of the license plates were highlighted with more detected textures. The
filter adaptability to the application of interest was the goal of the fuzzification process.
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In addition, the robustness of the filter is obvious from these examples because the input
images contained high noise and artefacts.
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Figure 6. Response of the input image to the classic Gabor filter: (a) daylight image with shadow
and (b) daylight image; response of the input image to the fuzzy Gabor filter: (c) daylight image with
shadow and (d) daylight image.

Figure 7 presents the 3D projections of the corresponding responses from Figure 6.
In Figure 7a–d, the license plate areas were clearly distinguished. In Figure 7b,d, it can
be noted that the license plate areas were clearly elevated from the image background,
while in Figure 7a–c, the license plate areas were well elevated too, but the effects of the
shadow could be noticed in the projection. Also, it should be emphasized that the maximal
values of the license plate areas in Figure 7c,d were higher and more equal in the examples
related to the fuzzified Gabor filter. This was the intention during the deployment of the
fuzzy-based algorithm, i.e., to reliably detect the textures in low-quality images using
simple operations [17–19].

Finally, using the benefits of the response to the fuzzy Gabor filter from Figure 6, the
license plates with the contained text were detected and extracted using a sequence of image
processing operations, such as Sobel edge detection, threshold application, a sequence
of morphological operations, connected-component analysis for frame detection, license
plate and text marking, and finally, plate cropping (Figure 8c,d) [17]. Figure 8a,b show the
extracted license plates after the filtering with the classical Gabor filter. In Figure 8a, the
left part of the license plate was slightly cropped, but in Figure 8b, the license plate was
more severely deficient. The results of the fuzzified approach (Figure 8c,d) indicate the
improvements on both examples.

Several factors signoficantly influenced plate detection performance, such as the
slant, skew, and the distortion of the vehicles position in the image [17–19]. These factors
influenced the detection of the text in the image as well as any textures of interest [17–19].
The automatic slant detection and correction of objects of interest is a very common and
difficult problem in object recognition.
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To explore the effectiveness of a fuzzified Gabor filter, a series of experiments is
presented in Figures 9 and 10.

Figure 9 shows the results of license plate detection from images captured under
various lighting conditions from various positions at a pronounced oblique angle in the
first three examples. The fourth example contains an image with a high degree of glare
which made the content of the license plate almost unvisible. As it can be seen, all the
presented images contained significant shortcomings, glare, skew, noise, and artefacts. In
the first example, the image was captured at night with an old mobile phone camera. A
street lamp about 10 m away provided low light on the left side of the vehicle. Also, the car
and its license plate were at a pronounced oblique angle that was obviously greater than the
assumed 10◦ in which the interval of the input membership function was defined [17–19].



Symmetry 2021, 13, 678 11 of 16

Despite a number of shortcomings in the input image, the fuzzifed Gabor filter highlighted
the desired textures belonging to the license plate area, and the license plate was success-
fully detected and isolated. Only a very small part of the plate was cut off from the left
side. The second example in Figure 9 shows a car photo captured at daylight under good
lighting conditions, but the car and the license plate were again at skew angle. Since this
rotation angle was smaller than in the previous example, the fuzzy Gabor filter detected
the license plate without damage. The third example displays a rotated image of the license
plate in three-dimensions (3D). The rotation in the X–Y plane was about 15◦ or even more.
The goal of this example was to show the filtering effects in the case where the image of
the vehicle was markedly rotated in relation to the normal position [17–19]. As it can be
noticed, the fuzzified filter emphasized the license plate area with its textures in a great
manner. Based on the detected textures, the license plate was extracted again with a slight
cut-off of the number on the right side of the plate. Despite this cut-off, the content of the
license plate was fully recognizable. It should be noted that these examples do not present
a regular case, but rather demonstrate different limit cases in which the algorithm could
still provide acceptable results.
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Finally, the example in the last row of Figure 9a shows a car captured under pro-
nounced sun rays, which resulted in an image with light reflection and glare. The content
of the license plate was not visible properly. Despite the glare, the fuzzified Gabor fil-
ter detected the desired textures in the plate area, and the license plate was extracted.
The presented results prove the robustness of the fuzzy Gabor filter on various image
recording conditions. These examples further confirm the results obtained in the previous
research [17–19].

In this work the experiments were further extended on text detection in various signs
and inscriptions. Since the text area in these examples was similar to the text in license
plates, the fuzzified Gabor filter and the proposed extraction algorithm could be used for
the detection of text in images. Figure 10 presents several examples of images (column a),
with fuzzified Gabor filter output (column b) and extracted text components. The first
example in Figure 10 shows a children’s dinosaur map with an inscription. The image was
captured under poor lighting conditions with a modest quality photo camera. After the
filtering, the fuzzified filter successfuly extracted the textures in the inscription area, and
the text was detected and extracted without any imperfection. The second example diplays
a part of a building with a street sign. The street sign and all the other horizontal lines in the
image were slightly rotated. The fuzzy Gabor filter perfectly highlighted the street name
area, facilitating the text detection without any significant imperfections. The third example
presents a road sign under a skew angle. The image was captured at daylight; it contained
blured parts from both sides, and the origin of the photo is unknown. The fuzzified Gabor
filter detected the textures in text area to a large extent and as a final result, the desired text
area was extracted with a very small cut off in the lower part of the letter “C”.

The following three examples in Figure 10 show various textures, presented as exam-
ples of texture detection applications. Since the Gabor filter is a robust texture detector, the
goal of the presented expiriments was to demonstrate performance on the examples related
to change in texture. The fourth image in Figure 10 shows a nailbrush from its brush-side.
The image was captured with a poor quality camera at daylight and with a shadow from
left. The brush was slightly rotated, and the background had variegated textures. As it
can be seen, the fuzzy Gabor filter detected the textures in the brush area very well, and
the textures belonging to the brush were clearly visible. Based on these detected textures,
the brush was extracted from the background. The fifth example in Figure 10 displays a
plastic dowel, captured at poor lighting conditions and at an excessive slant compared to
the horizontal position, which was initially set as a in the license plate detection problem.
In the correponding column b image, it is noticable that the fuzzified Gabor filter high-
lighted the textures related to the dowel area, which were distinguishable relative to the
background. The dowel was extracted (the corresponding column c image) with small
imperfections on the left lower and right upper sides due to an excessive rotation of the
dowel in the original input image. This was an expected result since the percent interval of
the angles taken into account were between −10◦ and 10◦. The final example in Figure 10
shows an Esherichia bacteria in variegated background. The image is of unknown origin;
this is probably a microscopic image or a modeled image. The fuzzy filter detected the
textures of the desired shape, especially those vertically oriented, yet due to the variagated
background, the textures related to the bacteria area were not clearly visible. The bacteria
was extracted from the background based on the poorly detected textures.

As illustrated in the examples in Figures 9 and 10, the fuzzified Gabor filter has shown
its robustness with respect to the ambient conditions during image aquisition, and detected
the textures of interest in a very high quality manner. The algorithm initally developed and
tuned for license plate detection [17–19] has been successfully applied to the detection of
text and incriptions and even some shapes that contained textures similar to license plates.
All these results support the usefulness of the fuzzy Gabor filter in texture detection and
open possibilities for the utilization of this fuzzy filter in other applications with certain
changes in the parameter fuzzification.
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3.2. Comparison of Gabor Filter and Fuzzy Gabor Filter—Quantitative Evaluation

In the end, the results of the quantitive comparions between the fuzzy Gabor fil-
ter and the classic Gabor filter will be presented. Since the research was initially re-
lated to license plate detection, both algorithms were validated on a dataset of 718 vehi-
cle images captured with a classical modest-quality digital camera (appl-dsp.com/wp-
content/uploads/2019/06/test%20database2.zip (accessed on 25 March 2021.)) [17]. The
images were captured during a day and night with poor lighting conditions. The presump-
tion was that the skewness of the license plates was approximately in interval of (–1010)
degrees. The supposed distance between the vehicles and camera was approximately
between 2–10 m. These image aquisition conditions are important, since the fuzzification
and the algorithm were developed for certain application requirements. Following the
fuzzification guidelines, the filter can be modified to meet different application demands,
and a novel, more suitable test dataset can be produced. These approaches tailored for
specific applications would yield an improved performance over universal, potentially
suboptimal solutions.

The percentage of correctly localized license plates is a usually used measure for the
evaluation of procedures for license plate detection. A correct license plate localization
means the detection of a plate that facilitates full visibility of its contents, sufficient for a
perfect license number recognition [17]. Table 1 displays a performance summary of the
two filtering approaches. The performance improvement, as measured by the percentage
of correct detection of a license plates from a complex images, has been noted in a fuzzified
Gabor filtering approach.

Table 1. Summary of the detection results for the classic Gabor filter and fuzzy Gabor filter.

Type of Gabor Filter Number of Images Localized License Plates Error (Miss Rate)

Classic Gabor Filter 718 86.6% 13.4%

Fuzzy Gabor Filter 718 97.9% 2.1%

The performance of the two presented algorithms was mainly similar to the perfor-
mance of other license plate detection algorithms. The main advantage of the fuzzy Gabor
filter based procedure is its simplicity and the high degree of robustness in the case of very
poor quality input images, corupted with noise and artefacts.

The fuzzified Gabor filter used in this note yielded a markedly better performance
as compared to the classic Gabor filter. A credible explanation is an improved robust-
ness to the image capturing conditions enabled by a fuzzy logic. Hence, in applications
where some parameters are imprecisely or incorrectly set (such as the input image for
detection of license plates or text, where the precise angle of capturing, brightness, etc.
are not known in advance), the use of the fuzzy reasoning is a good solution since the
fuzzy system successfully uses human reasoning in solving the problem [17–21]. In the
evaluation of a classic Gabor filter performance on the open dataset, more than 70% of
the errors in localization were due to cut-off of the licence plate. The main reason for this
underperformance was a fixed vertical orientation and a fixed wavelength. These rigid
parameters are not favourable when there is an excessive slant, a pronounced influence of
glare due to light sources, or the license plate is too large or too small due to the distance
from which the vehicle was taken. This means that the capturing distance was outside the
assumed distance interval. Hence, the errors were expected in certain examples, but the
goal of the experiment was to test the limit performance of the fuzzified Gabor filter and
compare it with the classic Gabor filter with fixed parameters. The obtained results and
limitations will serve as guidelines in future research.

4. Conclusions

This note presents the advantages of the application of the fuzzy optimization principle
to Gabor filter parameters. The fuzzification was conducted to adjust the filter parameters
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for filtering of poor-quality input images. The Gabor filter and the process of applying the
fuzzy logic was summarized in brief. The advantages of the parameter fuzzification over
the standard fixed Gabor filter parameters were confirmed by license plate detection results
on the dataset of 718 images, and on a series of example images with text and different
textures. These encouraging results will focus our future research on the fuzzification of
other image processing filters.
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