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ABSTRACT Article information:

Saliency region detection plays an important role in computer vision 
applications and related areas, such as human fixation, figure-ground separation, 
face detection, and image compression. Nevertheless, state-of-the-art methods 
can moderately detect the saliency regions of a psychological pattern dataset. 
Therefore, this paper proposes a spatial-frequency redistribution (SFR) method 
to improve the efficiency of the detection of the saliency regions. The proposed 
SFR method consists of two main procedures: (i) adaptive cosine image 
construction-and-implantation and (ii) saliency region detection using complete 
multiple-object-implanted images. The former procedure constructs an adaptive 
cosine image by using a cosine function based on an object structure and then 
individually implants it into each object detectable. This stage provides the first 
significant property, spatial redistribution, to the object implanted. The adaptive 
cosine image redistributes the objects for controllability. Then, the latter 
procedure transforms a complete multiple object-implanted image into the 
frequency domain. At this point, the second significant property, frequency 
redistribution, provides the simple technique for identifying and separating the 
target object from the unwanted objects and background. In this paper, these 
properties are referred to as spatial-frequency redistribution. This method was 
realized as a computer program, and then such program was tested with a 
psychological pattern dataset and a Thai text dataset. The experimental results, 
when compared with state-of-the-art methods, show that the proposed SFR 
method can achieve the clear detection of the attention region in the 
psychological pattern dataset. Moreover, the proposed method can achieve a F-
value of 80.28% with a recall and precision of 76.32% and 85.23%, respectively, 
for Thai text localisation in the Thai text dataset.
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1. INTRODUCTION

Saliency region detection is a process for predict-
ing an attractive area known as the visual attention
of an input image. It is currently applied in many ap-
plications, such as human �xation [1], �gure-ground
separation [2], face detection [3, 4], and image com-
pression [5]. Many papers have proposed saliency de-
tection algorithms that can be categorized into two
groups. In the �rst group, a top-down approach based
on higher-order factors, namely semantic, structure,
event, and action, is used to segment a whole image

into an attention region [6, 7]. In the second group, a
bottom-up approach based on low-level features, such
as intensity, color, and orientation, is used to merge
a set of patches into an attention region [8-13].

The bottom-up approach has been studied by
many researchers, since scanning the attention area
of the bottom-up approach is faster than that of the
top-down approach [14]. In 1998, Itti et al. [11] intro-
duced a model of saliency-based visual attention by
using a linear combination of intensity, color, and ori-
entation features. Itti's method splits a complex nat-
ural scene into a set of smaller patches so that it can
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speed up the selection of the attention area. However,
when psychological pattern images are used to test
the efficiency of Itti’s method, the results of detect-
ing attention regions are not clear, as reported in [12,
13]. Perhaps, the use of low-level features alone can-
not completely reflect the high-level features for at-
tention region detection [4]. In 2007, Zhang et al. [1]
demonstrated the application of a natural statistic for
finding the saliency region in a whole image. Zhang’s
method defines the potential area based on learning
through experience, which means that it requires a
training dataset. In addition, this method is incor-
porated between the top-down information and the
bottom-up information as a term of log-likelihood.
Zhang’s method is claimed to be more efficient due
to the use of information from both sources. However,
the performance of this method primarily results from
the training data; therefore, it may possibly fail in the
case of insufficient training data. In 2007, Hou et al.
[12] presented the saliency region detection based on
the Fourier domain. This method obtains the saliency
region by using a concept of removing the spectrums
that are frequent occurrences while keeping the spec-
trums that deviate from the norm. Consequently, the
saliency region can be easily detected by subtracting
the frequent spectrums from the original one. The
subtracted spectrums, known as a spectral residue
(SR), can represent the saliency region. In addition,
Hou’s method does not require prior knowledge from
any objects. With this concept, the performance of
Hou’s method is fast and robust, but it is not effec-
tive in cases of large saliency, as investigated in [13].
Later, in 2012, the extension of the saliency region
based on the frequency domain was again presented
by Hou et al. [2]. It is an alternative method in
the frequency domain known as sparse salient region
(SAL) that attempts to highlight the salient region
based on figure-ground separation. In this technique,
the foreground of a gray-scale image is considered as
the salient region in visual attention. It can be ap-
proximately isolated by using a sign of discrete cosine
transform (DCT) coefficients. This coefficient sign
is determined from the DCT phase spectrum, which
means that the salient region can be detected by the
DCT phase spectrum. In addition, it is claimed that
using this method reduces the computational cost and
that the salient region detection results and human
perception are closely similar. However, in the fre-
quency domain, the SR and SAL methods suppress
the amplitude spectrum and enhance the phase spec-
trum, respectively. This is the reason that the per-
formance of such methods is inadequate as reported
in [13, 15]. In 2013, Li et al. attempted to tackle
the problems in the SR method as mentioned by us-
ing scale-space analysis in conjunction with hyper-
complex Fourier transform (HFT) for improving the
efficiency of saliency region detection. This method
can predict human fixation more accurately, but some

failures still occur, as reported in [13], because this
approach only uses the low-level features in the fre-
quency domain. After that, the modified spectrum
scale space [16], which is extended from Li’s method
based on the adaptive multiscale Gaussian filter, was
presented in 2019 to suppress the Fourier spectrum
of the non-saliency region. Thus far, most papers
have used either spatial-domain features [1, 11] or
frequency-domain features [2, 12, 13, 16-19]. How-
ever, the use of only one domain feature is insufficient
to improve the detection efficiency.

As mentioned in the previous paragraph, the
bottom-up approach of the saliency region detection
has continually been of interest and investigated for
almost two decades. Most of these methods work
only moderately well with a psychological pattern
dataset, since the higher-order structure cannot re-
flect the low-level features. This means that some
low-level features are lost or distorted in each object.
This phenomenon leads to the incorrect or inaccurate
saliency region detection. In order to improve the effi-
ciency of the saliency region detection algorithm, this
paper mainly focuses on the bottom-up approach, but
the object structure in the higher-order factors of the
top-down approach is also used for efficiency improve-
ment.

As recently mentioned, this paper proposes a
spatial-frequency redistribution (SFR) method for
saliency region detection. The proposed method con-
sists of two main steps: the first step is construct-
ing an adaptive cosine image generated by a cosine
function in order to implant it into a target object.
At this stage, the structural features of an object,
such as curvature, edge, and ratio, are used to gen-
erate an individual cosine image for each individual
object. As a result, the spatial information of the
object-implanted image is redistributed to a control-
lable platform when it is transformed into the fre-
quency domain. This concept provides a spatial-
frequency redistribution that easily separates objects
into two classes, which are wanted and unwanted ob-
jects. Also, the structural feature in the spatial do-
main used by the cosine function provides a simple
method to control such a feature in the frequency
domain. The second step is identifying the saliency
region based on the Fourier spectrum. The correct
and accurate saliency regions are identified by means
of an accumulate matrix that is constructed from the
object-implanted image. Certainly, in order to accu-
rately detect the saliency region, the similar and dif-
ferent patterns are also designed to be incorporated
with the accumulate matrix. With this concept, the
novel contributions of the proposed method to im-
prove the performance of saliency region detection
are: (i) the use of the spatial-frequency redistribution
for providing a controllable platform, and (ii) the def-
inition of the similar and different patterns for more
accurate identification. Also, when using the bottom-
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up approach, natural or forest scene images are one
of the most difficult tasks to clearly isolate objects
from, as reported in [14]. In the same way, Thai text
localisation with text characters in a natural scene
image can be viewed as the saliency region in cases
with a similar pattern that needs to be detected and
segmented from the surrounding areas. For this rea-
son, the SFR method is also designed for Thai text
localisation.

The proposed method was evaluated with three
experiments. The first two experiments tested with
psychological pattern images and Thai text images in
natural scenes. The experimental results show that
the proposed method achieves success in the empiri-
cal response to the psychological pattern images and
in predicting the text areas as well when compared
with the state-of-the-art methods [1, 2, 11-13, 16-
19]. The last experiment evaluated the computational
time. Although its runtime is not the lowest, it is ac-
ceptable.

The remainder of this paper is organized as fol-
lows. The concept and implementation of the spatial-
frequency redistribution (SFR) platform for saliency
region detection are described and proposed in sec-
tions 2 and 3, respectively. The experimental results
are reported and discussed in section 4. The limita-
tions are explained in section 5. Finally, the conclu-
sion is presented in section 6.

2. CONCEPT OF SPATIAL-FREQUENCY
REDISTRIBUTION

In this section, the concept of the spatial-frequency
redistribution (SFR) is proposed to improve the per-
formance of saliency region detection, especially when
applied to Thai text localisation. The SFR concept
is based on an adaptive cosine image that is a type
of period noise. The adaptive cosine image can easily
identify the location of targets in the Fourier domain.
In the application of object detection, a target implies
a wanted object. Thus, the adaptive cosine image is
very useful, both for separating wanted and unwanted
objects and for grouping the same type of objects to-
gether. Furthermore, the adaptive cosine images not
only can be generated for supporting a large number
of different patterns, but they can be easily identi-
fied for supporting a variety of objects as well. The
adaptive cosine image can be constructed by Eq. (1).

Icos(x, y) = α× cos(ϕ(x, y)) (1)

where Icos, α, ϕ, and (x,y) are the adaptive cosine
image, the amplitude, the angular frequency, and the
spatial domain coordinates, respectively. The angular
frequency component can be expressed as Eq. (2).

ϕ(x, y) = ρ× (x+ γ · y) (2)

Fig.1: Demonstration of a role of period, phase, and
amplitude of a cosine function in frequency domain.

where ρ and γ are the period and phase parameters,
respectively. These parameters play an important
role in controlling the location of a cosine spectrum
in the frequency domain as illustrated in Fig. 1. Sup-
pose that an adaptive cosine image generated by the
cosine function is transformed into the Fourier do-
main; thus, its spectrum location is directly associ-
ated to the period and phase parameters. That is,
the movement of this spectrum in the Fourier do-
main can be done by controlling these parameters.
Another of the cosine function is as an amplitude
component. The amplitude of the cosine function
and its magnitude of the Fourier spectrum have a
direct association; both increase or decrease simulta-
neously. Here, this fundamental characteristic prop-
erty is called “spatial-frequency redistribution” and
can be summarized as follows.
1. The period value can be used to define the at-

tended location of the Fourier spectrum.
2. The phase value can be used to control the circular

translation of the attended location of the Fourier
spectrum.

3. The amplitude value directly relates to the height
of the Fourier spectrum.
When this property is applied to the saliency re-

gion detection, it provides a simple and efficient
method. To clearly understand these parameters in
terms of the cosine function, they can be explained
as follows.

2.1 Period of a Cosine Function

Period is one of the fundamental parameters in
a cosine function that can generate different cosine
images. In the spatial domain, the period is used
to define the number of waves, as depicted in Figs.
2(a)-2(d). At the same time, it is also used to define
the location of the high spectrum area in the Fourier
domain as illustrated in Figs. 2(e)-2(h). When the
period is set to a low value as shown in Fig. 2(a),
its spectrum area is nearly located at the centroid of
the Fourier domain as illustrated in Fig. 2(e). On
the other hand, when the period value is constantly
increasing from 0.4 to 1.0 as depicted in Figs. 2(b)-
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Fig.2: Illustration of an adaptive cosine image in
four different periods in the spatial domain: (a) ρ =
0.1, (b) ρ = 0.4, (c) ρ = 0.7, and (d) ρ = 1.0, and in
the frequency domain: (e) ρ = 0.1, (f) ρ = 0.4, (g)
ρ = 0.7, and (h) ρ = 1.0.

Fig.3: Illustration of an adaptive cosine image in
four different phases in the spatial domain: (a) γ =
0.1, (b) γ = 0.4, (c) γ = 0.7, and (d) γ = 1.0, and
in the frequency domain: (e) γ = 0.1, (f) γ = 0.4,
(g) γ = 0.7, and (h) γ = 1.0.

2(d), the spectrum areas are also constantly further
from the centroid of the Fourier domain, as illustrated
in Figs. 2(f)-2(h). This becomes a powerful parame-
ter in controlling the location of a high spectrum area
in the Fourier domain.

2.2 Phase of a Cosine Function

Phase of a cosine function is a parameter that is
used in controlling the rotation of the spatial fre-
quency in the spatial domain and the circular trans-
lation of the high spectrum area in the frequency do-
main. In Fig. 3, the spatial-frequency is rotated
clockwise if the phase is less than “0”. Conversely,
the spatial-frequency is rotated counterclockwise if
the phase is greater than “0”. Moreover, the rota-
tion degree depends on the phase value; that is, both
rotation degree and phase value increase or decrease
together. We can say that the rotation degree relies
on the phase value. For object detection, the phase

parameter is used to move wanted and unwanted ob-
jects into different areas in the frequency domain. In
other words, the location of unwanted and wanted ob-
jects is translated into circular direction in different
areas in the Fourier domain.

2.3 Amplitude of a Cosine Function

Amplitude of an adaptive cosine image is defined
as an α component. The relationship of the inten-
sity in the adaptive cosine image and the amplitude
in the cosine function is a linear association; that is,
intensity and amplitude increase or decrease simulta-
neously. As illustrated in Fig. 4, the brightness of
the adaptive cosine image in Fig. 4(a) is darker than
that of the ones in Figs. 4(b)-4(d), because the ampli-
tude of the cosine function in Fig. 4(a) is lower than
that of the ones in Figs. 4(b)-4(d). Additionally, the
amplitude in the spatial domain is also corresponds
to the height of the spectrum area in the Fourier do-
main. As shown in Figs. 4(e)-4(h), the spectrum
and amplitude rise or fall together. This property is
very useful for controlling the increase or decrease of
spectrums of the unwanted and wanted objects.

Fig.4: Illustration of an adaptive cosine image in
four different amplitudes in the spatial domain: (a)
α = 0.10, (b) α = 0.35, (c) α = 0.60, (d) α = 0.85,
and in the frequency domain: (e) α = 0.10, (f) α =
0.35, (g) α = 0.60, (h) α = 0.85.

3. IMPLEMENTATION OF SPATIAL-FRE-
QUENCY REDISTRIBUTION-BASED
SALIENCY REGION DETECTION

As described in section 2, the concept of the
spatial-frequency redistribution (SFR) method can
be implemented with the following two main pro-
cedures: (i) adaptive cosine image construction-and-
implantation and (ii) saliency region detection.

3.1 Adaptive Cosine Image Construction and
Implantation

In this procedure, an adaptive cosine image is syn-
thesized by the cosine function and is then implanted
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into all objects to detect a target object or a wanted
object. Hereafter, for ease of explanation, the term
“synthesized cosine image” is used. The synthesized
cosine image can be generated in a variety of pat-
terns. Thus, each object can be implanted with an
individual synthesized cosine image. This is the main
reason that it is called the adaptive cosine image in
this paper. With this concept shown in Fig. 1, it
is not only useful to separate the wanted and un-
wanted objects into different areas in the Fourier do-
main, but also to group the same objects into the
same areas. For a clear explanation of constructing
the synthesized cosine images and implanting them
into objects, a psychological pattern image as shown
in Fig. 5(a) is used as a sample. Mathematically, let
ςi be an object-implanted image, and the complete
multiple-object-implanted image can be expressed as
Eq. (3).

ς =

n∑
i=1

ςi (3)

Fig.5: Illustration of the stages of saliency region
detection using a complete multiple-object-implanted
image: (a) a complete multiple-object-implanted im-
age in the Fourier domain, (b) an accumulated ma-
trix, (c) a binary matrix or the candidate regions,
(d) a complete weighted multiple-object-implanted im-
age in the Fourier domain, (e) a saliency region in
Fourier domain, and (f) a saliency region in the spa-
tial domain.

The adaptive cosine construction-and-implantation
procedure can be described as follows.
Step 1: Detect each object of an input image by using

the Moore-Neighbor tracing algorithm modi-
fied by Jacob’s stopping criteria, which is em-
ployed to detect the wanted object and ex-
tract its structure features for generating an
individual synthesized cosine image in each
object, and then binarize the detected object
by using the Otsu algorithm [20]. The out-

come Ii of this step is a binary-object image
as shown in Fig. 5(b).

Step 2: Construct an individual synthesized cosine
image ti for each binary object by using Eq.
(4).

ti(x, y) = α× cos(ρ(x+ γ · y)) (4)

where α, ρ, and γ are the amplitude, a pe-
riod, and a phase, respectively. These vari-
ables can be defined according to applications
as described in section 4 and 5. This stage
yields the output as shown in Fig. 5(c).

Step 3: Implant ti into Ii by means of Eq. (5) to
obtain the object-implanted image.

ςi = Ii ◦ ti (5)

where ◦ is a Hadamard product operator.
Figs. 5(d) and 5(e) illustrate the results of
an object-implanted into the spatial and fre-
quency domains, respectively.

Step 4: Repeat Steps 2 to 3 until all detected objects
of the input image are implanted with indi-
vidual synthesized cosine images.

As mentioned in section 1, the proposed
method attempts to handle frequency-domain fea-
tures through spatial-domain controllable features.
This manipulation can be done as in the following
description. Here, the wanted and unwanted objects
of Fig. 5(a) are a longer rectangular shape and a
regular shape, respectively. In this case, the wanted
object can be viewed as a saliency region. To detect
the wanted object and group the unwanted objects to-
gether, three components, namely the period, phase,
and amplitude, of a cosine function play an impor-
tant role in generating an individual cosine image for
each individual object. This concept can be realized
by the use of the structural features, clearly described
in section 4, of each object in the spatial domain to
construct the individual cosine image. Then, each
object is implanted with its individual cosine image.
We believe that the similar objects are implanted by
the similar cosine image while the different objects
are implanted by the different cosine images, thus
making them simple to classify the different objects
and to group the similar objects. Finally, a com-
plete multiple-object-implanted image in the spatial
domain is exhibited in Fig. 5(f).

3.2 Saliency Region Detection Using a Com-
plete Multiple-object-implanted Image

This procedure is designed to identify the saliency
region of a complete multiple-object-implanted im-
age. At this stage, when such an image is transformed
into the Fourier domain, its patterns can be catego-
rized into two types: saliency and repeated pattern
regions. The repeated pattern region is a pattern that
is a more frequent occurrence in a whole image, wher-
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Fig.6: Spatial-frequency redistribution: (a) a square object image with a size of 23×23 pixels, (b) a spatial
redistribution of Fig. (a) implanted by an individual cosine image, (c) a square object image with a size
of 32×32 pixels, (d) the spatial redistribution of Fig. (c) implanted by an individual cosine image, (e) the
frequency spectrum of Fig. (a), (f) the frequency spectrum redistribution of Fig. (b), (g) the frequency spectrum
of Fig. (c), and (h) the frequency spectrum redistribution of Fig. (d).

Fig.7: Illustration of the stages of saliency region detection using a complete multiple-object-implanted
image: (a) a complete multiple-object-implanted image in the Fourier domain, (b) an accumulated matrix,
(c) a binary matrix or the candidate regions, (d) a complete weighted multiple-object-implanted image in the
Fourier domain, (e) a saliency region in Fourier domain, and (f) a saliency region in the spatial domain.

eas the saliency region is a pattern that is a less fre-
quent occurrence in a whole image. Based on this
definition, two modes of the saliency region detection
using complete multiple-object-implanted image are
proposed to support a variety of applications. The
first mode is designed for identifying the saliency
region of the object-implanted in a whole image,
whereas the second mode is designed for identifying
the repeated pattern region of the object-implanted

in a whole image. However, identifying the saliency
region in the frequency domain is sensitive to the
magnitude of the spectrum of an object-implanted
image. This phenomenon can be demonstrated by
applying a Fourier transform to two different sized
objects, 23×23 and 32×32 pixels, as shown in Figs.
6(a) and 6(c), respectively. The magnitude of spec-
trum of the smaller object in Fig. 6(e) is lower than
that of the larger object in Fig. 6(g), even though the
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shape of the two images is similar. It also occurs on
the complete multiple-object-implanted image in dif-
ferent sizes that is illustrated in Figs. 6(b) and 6(d) in
the Fourier domain and in Figs. 6(f) and 6(h) in the
spatial domain. This leads to the incorrect and in-
accurate identifying of the saliency region. Hence, to
avoid and solve this problem, the object-implanted
image is weighted by an accumulate matrix to ob-
tain an accurate saliency region. Let ξ be a complete
multiple-object-implanted image in the frequency do-
main as depicted in Fig. 7(a) and FT (·) be a discrete
Fourier transform, ξ is computed by Eq. (6).

ξ = FT (ς) (6)

The procedure can be described as follows.

Step 1: Calculate an accumulate matrix M based on
the object-implanted image by using Eq. (7).

M =

n∑
i=1

Fotsu(FT (ςi)) (7)

where ςi and Fotsu(·) are the object-
implanted image and the Otsu algorithm, re-
spectively.

Step 2: Normalize the accumulate matrix M by using
Eq. (8).

M ′(u, v) =
M(u, v)−mmin

mmax −mmin
(8)

where mmax and mmin are the maximum
and minimum values of the accumulate ma-
trix. The normalized accumulate matrix M ′

is shown in Fig. 7(b).
Step 3: Compute a binary matrix M ′′ by using Eq.

(9).

M ′′(u, v) =

{
1, M ′(u, v) ≥ T0
0, M ′(u, v) < T0

(9)

where T0 is a thresholding for the binariza-
tion. At this step, the result is shown in Fig.
7(c).

Step 4: Detect a set of candidate regions R =
{r1, r2, r3, ..., rn} by using the Moore-Neighbor
tracing algorithm from the binary matrix
M ′′.

Step 5: Identify a saliency region for the first mode
using Eq. (10).

M =n AVG(ξ′(ri)) (10)

where M is a saliency region in the first mode
as shown in Fig. 7(c). AV G(·) is an aver-
age function, and ξ′ is the complete weighted
multiple-object-implanted image in the fre-
quency domain in region ri as shown in Fig.
7(d), which is computed by using Eq. (11).

ξ′ = ξ ◦M ′ (11)

However, the equation (10) is replaced by Eq.
(12) when the repeated pattern region is re-
quired for detection in the second mode.

M =n AVG(ξ′(ri)) (12)

Step 6: Identify a saliency region from the out-
put region and the complete multiple-object-
implanted image using Eq. (13).

ς̃ = IFT (ξ ◦M) (13)

where ς̃ and IFT (·) are the saliency region
and the inverse Fourier transform, respec-
tively.

For testing the response to a psychological pattern
that is the less frequent occurrence of an object on
the whole image, this procedure is therefore set to the
first mode for saliency region detection as displayed
in Fig. 7(e). When the original image in Fig. 5(a)
is applied to the proposed method, the detectable re-
sult in Fig. 7(f) is the saliency region. Moreover,
the Fourier spectrum of the complete multiple-object-
implanted image is redistributed when compared to
that of the original image. The result in Fig. 8 shows
that the distribution of the original image is gathered
in the centroid of the frequency domain while that of
the complete multiple-object-implanted image is re-
distributed over the frequency domain. This is called
“spatial-frequency redistribution” which can relocate
the wanted and unwanted objects into different areas.

Fig.8: Frequency redistribution: (a) Fourier spec-
trum of Fig. 5(a) and (b) Fourier spectrum of Fig.
5(f).

4. EXPERIMENTS AND DISCUSSION

In order to evaluate the performance of the pro-
posed method, three experiments were set up for each
of the aspects. The first was designed to test an em-
pirical response to 9 psychological pattern images for
attention region detection. The second experiment
was designed to measure a precision, a recall, and an
F-value for 300 natural scene images for Thai text
localisation. The last experiment aimed to evaluate
the processing time. We implemented the tests and
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Table 2: Comparison of the responses of all methods when tested by 9 psychological pattern images.
Itti SUN SR SAL HFT MSS IASSS EHOLA USS SFR

Clear 0 0 1 1 1 1 1 0 0 4
Moderate 1 4 7 7 6 6 6 4 0 4
Unclear 8 5 1 1 2 2 2 5 9 1

ran them on a machine with Intel Core i5-830H
@2.30GHZ with DDR4 8 GBytes with Windows 10
Home Single Language.

4.1 Testing with Psychological Pattern Im-
ages

The first experiment aimed to test the empirical
response to 9 psychological pattern images including
Curvature, Number, Length, Orientation, Intersec-
tion, Closure, Density, Size, and Terminator images
as shown in Table 1, column name ”Original”. They
were used to evaluate the basic ability for saliency re-
gion detection as reported in [2, 5, 11-13, 21, 22]. A
pixel resolution of this dataset is 175×176. The pro-
posed method is compared the effectiveness against
the ability of five state-of-the-art methods, namely
Itti [11], SUN [1], SR [12], SAL [2], HFT [13], MSS
[16], IASSS [17], EHOLA [18], and USS [19]. Those
methods are implemented as baselines. For fairness
of comparison, the parameter setting of the baseline
algorithms is based on their recommendation in [1,
2, 11-13, 16-19]. On the other hand, the parameters
of the proposed method are defined by the structural
feature in each object as shown in Eqs. (14), (15),
and (16), respectively.

ρ =
h

w
(14)

γ =
l

2× (h+ w)
(15)

α =
4πa

l2
(16)

where a, h, w, and l are an area, a height, a
width and a number of pixels in a boundary of ob-
jects, respectively. In addition, the procedure of the
saliency region detection using complete multiple-
object-implanted image is set to the first mode by
using Eq. (10) and T0 is set to “0.001”. In pattern
recognition, the various sized objects have a great im-
pact on the performance in many applications, such
as object detection, human detection, and character
recognition. This becomes to be a key factor for struc-
tural feature selection. In order to make the proposed
method robust to size invariances, the set of the struc-
tural features is used as follows. First, a ratio between
height and width of an object is a powerful feature
as recommended in [23]. It can be represented as a
shape feature. In [23], they reported that this feature
can isolate the wanted object from the unwanted ob-
ject in a text detection application. As a result, it

shows that the ratio between height and width called
“HW-ratio” can represent the structure of an object.
For this reason, it is used to serve as the period pa-
rameter in the cosine function. Second, the number
of pixels on boundary edge is one kind of the struc-
tural features. Not only can it be represented as a
texture feature, but also it can be referred to the den-
sity of pixels on the boundary edge. This feature can
successfully separate the wanted and unwanted ob-
jects when applied to text detection in natural scene
images as reported in [24], thus making it interest
to serve as the phase in the cosine function. Last,
the compactness of an object is a useful feature that
can capture the information from an object boundary
[25]. It is frequently used in superpixel segmentation.
In other words, it can isolate the foreground from the
background. Consequently, this feature is used to set
the amplitude parameter in the cosine function. Here,
we can conclude that those features are used to feed
in the cosine function, since they can represent the
structural features invariant to object size.

In this paper, an identification criterion for
saliency region detection is defined as three levels:
clear, moderate, and unclear. Based on Table 1, it is
evident that the proposed method can clearly identify
attention areas in four images: Orientation, Number,
Length, and Curvature, and can moderately identify
attention areas in other four images: Size, Intersec-
tion, Density, and Closure. However, it cannot clearly
identify attention areas in the Terminator image. In
the same way, SR, SAL, HFT, MSS, and IASSS meth-
ods achieve only in Curvature image. Itti’s method
can moderately respond to Size and Intersection im-
ages only, while SUN method can moderately respond
to other four images: Orientation, Number, Density,
and Curvature. For other five methods, the response
results are not too much different; 7 images in mod-
erate level for SR and SAL methods, and 6 images
in moderate level for HFT, MSS, and IASSS meth-
ods. In unclear level, Itti’s method is unsuccessful
to detect an attention region in 8 images, whereas
SUN method is unsuccessful in 5 images. SR and
SAL methods have a response failure in only one im-
age. Correspondingly, the HFT, MSS, and IASSS
methods also have two response failures in Termina-
tor and Closure images. Additionally, the EHOLA
method can moderately respond to Intersection, Clo-
sure, Density, and Size images. It has five response
failures in Orientation, Number, Length, Curvature,
and Terminator images. Lastly, USS method cannot
identify attention areas in 9 psychological pattern im-
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Fig.9: Demonstration of a clear saliency region detection of the Orientation image: (a) a complete multiple
object-implanted Orientation image in the spatial domain, (b) a candidate saliency region of the less frequent
occurrence (first mode), (c) a candidate saliency region of the more frequent occurrence (second mode), (d)
the spectrum of Fig. (b), (e) the spectrum of Fig. (c), a detectable saliency region using the first mode, and
a detectable saliency region using the second mode.

Fig.10: Demonstration of a moderate saliency region detection of the Size image: (a) a complete multiple
object-implanted Size image in the spatial domain, (b) a candidate saliency region of the less frequent occur-
rence (first mode), (c) a residual region of Fig. (b), (d) the spectrum of Fig. (b), (e) the spectrum of Fig.
(c), (f) a detectable saliency region using the first mode, and (g) a detectable saliency region using a residual
region.

Fig.11: Demonstration of a moderate saliency region detection of the Terminator image: (a) a complete
multiple object-implanted Terminator image in the spatial domain, (b) a candidate saliency region of the less
frequent occurrence (first mode), (c) a residual region of Fig. (b), (d) a spectrum of Fig. (b), (e) the spectrum
of Fig. (c), (f) a detectable saliency region using the first mode, and (g) a detectable saliency region using a
residual region.

ages. Table 2 is summarized the achievement of each
method in three-level criteria.

Furthermore, the achievement of the proposed
method comes from the following reasons. In clear
level, all object-implanted images of Orientation,
Number, Length, and Curvature have much difference
in spatial domain features as an example illustrated in
Fig. 9(a). When such an image is transformed into
Fourier domain, the candidate saliency regions are
evidently clear-cut as shown in Figs. 9(b) and 9(c),
thereby making them simply to identify the saliency
regions as shown in Figs. 9(d) and 9(e). In this case,
the saliency region of this image is an object that has
the less frequent occurrence. The final saliency region
is clearly detected as illustrated in Fig. 9(f). When
regarded Fig. 9(g), the rest objects implanted with
individual cosine images are also identified as demon-
strated in Fig. 9(g). At this point we can say that the
more clear implantation, the more simply identifica-

tion. On the other hand, the baseline methods like
SR, SAL, and HFT can achieve in Orientation image,
since such methods use only the low-level features in
frequency domain for detecting the saliency region.

In moderate level, as a sample illustrated in Fig.
10(a), all objects in Size image are implanted with
individual similar cosine images. Consequently, the
candidate saliency regions of the less and more fre-
quent occurrences are almost occluded. Figs. 10(b)
and 10(c) show a candidate saliency region of the
less frequent occurrence and its residual region, re-
spectively. When precisely consider their spectrums
in Figs. 10(d) and 10(e), it is found that the spec-
trum sidelobe of Fig. 10(e) is radiated to surrounding
area that excludes from a candidate saliency region of
Fig. 10(b). Especially, the spectrum sidelobe of the
more frequent-pattern occurrence is more radiated
than that of the less frequent-pattern occurrence. As
shown in Fig. 10(f), the intensity value of attention
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area in the final saliency region is brighter than that
of the residual area, since the spectrum of the less
frequent-pattern occurrence is able to maintain more
energy than that of the more frequent-pattern occur-
rence. When looking at Fig. 10(g), the brightness
of a detectable saliency region spreads over a whole
image. This is a reason why the saliency region of
Size image is still detectable, even though both spec-
trum of saliency regions of the less and more frequent-
pattern occurrences are largely occluded. We also
can say that the adaptive cosine image implantation
makes efficient frequency redistribution for object im-
ages and provides a strong discrimination for similar
object-implanted images.

In unclear level, when all objects in Termina-
tor image are implanted with individual similar co-
sine images as shown in Fig. 11(a). The spec-
trum and its sidelobe of the more and less frequent-
pattern occurrences are almost identical. This makes
a complete occluded spectrum between the more and
less frequent-pattern occurrences. When a candidate
saliency region in Fig. 11(b) is used and its spec-
trum shown in Fig. 11(d) is inverse-transformed into
the spatial domain, as expected, all objects implanted
with individual similar cosine images are detectable,
but the saliency region is not detectable as resulted
in Fig. 11(f). Moreover, Figs. 11(c) and 11(e) ex-
hibit the residual region and spectrum sidelobe, re-
spectively. When the residual region is employed, the
brightness of the saliency region spreads over a whole
image as displayed Fig. 11(g).

Fig.12: Three experimental schemes designed for
evaluating the performance of Thai text localisation:
(a) conventional Thai text localisation scheme, (b)
the use of state-of-the-art methods as a preprocessing
stage, and (c) the use of the proposed SFR method as
a preprocessing stage.

4.2 Thai Text Localisation

The second experiment aims to evaluate the ef-
fectiveness of applying the proposed method to de-
tect Thai text in natural scene dataset. As schemat-
ically presented in Fig. 12, the experimental frame-

work is designed for two main purposes: (i) to eval-
uate an impact on the use of saliency region detec-
tion as a preprocessing stage of Thai text localisa-
tion scheme, and (ii) to compare to the efficiency
of state-of-the-art [1,2,11-13] and proposed methods.
The dataset comprised of 300 images with a pixel res-
olution of 480×360. It is divided into three groups:
(i) GROUP#1, (ii) GROUP#2, and (iii) GROUP#3.
Examples of this dataset in each group are shown in
Fig. 13. This dataset is categorised in background
complexity as reported in [26]. Text and background
in signs of GROUP#1 dataset have a uniform color.
The scenes of the GROUP#2 dataset have complex
backgrounds. In the GROUP#3 dataset, scenes have
illumination effects. The recall, precision, and F-
value as described in [23],[26] are metrics used to eval-
uate the performance in text character localisation of
each method. In this paper, modified connected com-
ponent analysis (MCCA) is used as Thai text detec-
tion [23]. Based on Fig. 12, all methods play a role in
identifying the candidate text region before feeding it
into the Thai text localisation method. The parame-
ters of the proposed method are defined by Eqs. (17),
(19), and (20), respectively.

ρ = f(
h

w
) (17)

f(s) =

{
1
s , s > 1

s, s ≤ 1
(18)

γ =
l

2× (h+ w)
(19)

α =
ρ+ γ

2
(20)

where ρ, α, and γ are period, amplitude, and phase
parameters, respectively. f(·) is the structural ob-
ject function for separating the unwanted object and
text character into different areas and for grouping
same type of objects together. Based on the con-
straint in [23], the ratio of height and width of a text
character is nearly equal to “1” whereas the ratio of
an unwanted object is nearly equal to “0” or “∞”.
Therefore, the structural object function and period
are unavoidably defined to relocate the location of
text character and unwanted object into different ar-
eas in the frequency domain. On the other hand, the
amplitude, α, is defined by averaging between period
and phase parameters instead of a roundness metric.
Additionally, the procedure of the saliency region de-
tection using complete multiple-object-implanted im-
age is set to the second mode by using Eq. (12) to
detect the saliency region in case of the repeated pat-
tern and T0 is set to “0.001”.

As depicted in Table 3, the Itti’s, SUN, SR, SAL,
HFT and proposed methods achieve an average pre-
cision value of 81.97%, 81.19%, 83.34%, 81.03%,
83.06% and 81.91%, respectively, when compared to
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Table 3: Comparison of the performance of all methods tested by a Thai text dataset categorized into three
groups.

Method
GROUP#1 GROUP#2 GROUP#3 Average

Recall Precision F-value Recall Precision F-value Recall Precision F-value Recall Precision F-value
MCCA 82.42 82.21 82.32 76.04 74.91 75.47 52.16 70.69 60.03 70.21 75.94 72.61

Itti 74.20 88.98 80.92 43.59 80.07 56.45 35.15 76.87 48.24 50.98 81.97 61.87
SUN 82.38 89.39 85.74 64.13 79.42 70.96 48.94 74.75 59.15 65.15 81.19 71.95
SR 81.99 89.51 85.59 61.27 84.60 71.07 40.93 75.91 53.18 61.40 83.34 69.95
SAL 70.74 88.32 78.56 56.03 79.01 65.56 44.68 75.76 56.21 57.15 81.03 66.78
HFT 79.51 90.02 84.44 56.82 82.86 67.41 46.74 76.31 57.97 61.02 83.06 69.94
SFR 80.40 88.53 84.27 71.89 79.97 75.71 50.07 77.22 60.75 67.45 81.91 73.58

Table 4: Comparison of the performance of all methods tested by Thai text dataset categorized into three
groups.

Method
GROUP#1 GROUP#2 GROUP#3 Average

Recall Precision F-value Recall Precision F-value Recall Precision F-value Recall Precision F-value
MCCA 86.16 86.08 86.12 80.23 75.89 78.00 56.30 68.51 61.81 74.23 76.83 75.31

Itti 75.07 95.39 84.02 49.03 83.22 61.71 41.17 77.16 53.69 55.09 85.26 66.47
SUN 90.19 93.39 91.76 70.19 83.86 76.42 53.59 74.74 62.42 71.32 84.00 76.87
SR 88.91 93.98 91.38 76.06 86.71 81.04 51.06 76.22 61.16 72.01 85.64 77.86
SAL 75.66 94.95 84.22 62.47 84.62 71.88 52.27 76.13 61.98 63.47 85.23 72.69
HFT 84.89 94.74 89.54 64.40 86.60 73.87 53.02 78.00 63.13 67.44 86.45 75.51
SFR 89.79 94.23 91.96 81.16 83.95 82.53 58.02 77.50 66.36 76.32 85.23 80.28

Fig.13: Examples of Thai text scene dataset of (a)
GROUP#1, (b) GROUP#2, and (c) GROUP#3.

that of the MCCA method. However, a trade-off
between precision and recall occurs; that is, the re-
call values of Itti’s, SUN, SR, SAL, HFT and pro-
posed methods are 19.23%, 5.06%, 8.81%, 13.06%,
9.19%, and 2.76%, respectively, lower than that of
the MCCA method. This leads to the performance
of state-of-the-art methods in overall (F-value) is de-
creased except the proposed method that is 1% higher
than the MCCA method. In this experiment, al-

though all methods can correctly detect candidate
text regions on natural scene image, the MCCA
method cannot retrieve Thai text character from
those regions due to the constraint in MCCA itself.
This constraint effect appears as displayed in Fig. 14.
Therefore, in order to set up a fairness of experiments,
the 150 selected images from that Thai text charac-
ter dataset are used to evaluate the performance of
all methods.

The experimental results in Table 4 shows that the
precision values of the Itti’s, SUN, SR, SAL, HFT,
and proposed methods are 8.43%, 7.17%, 8.81%,
8.40%, 9.62%, and 8.40%, respectively, higher than
that of the MCCA method, since the candidate text
region detected by all methods is more accurate as
empirically illustrated in Fig. 15. This improve-
ment mainly comes from the reduction of a num-
ber of unwanted objects. However, the recall val-
ues of the Itti’s, SUN, SR, SAL, and HFT methods
are 19.14%, 2.91%, 2.22%, 10.76% and 6.79%, respec-
tively, lower than that of the MCCA method. On the
other hand, the recall value of the proposed method
is 2.09% higher than that of the MCCA method. In
this case, it is proved that the proposed method can
clearly identify the text region and also can reduce
a large number of unwanted objects as demonstrated
in Fig. 16. Moreover, the F-values achieved by SR,
SUN, HFT, and the proposed methods are 0.20%,
1.56%, 2.55%, and 4.97%, respectively, higher than
that by the baseline methods except Itti and SAL that
are 8.84% and 2.26% lower than the MCCA method.
This success mainly comes from: (i) spatial-frequency
redistribution and (ii) the definition of similar and
different patterns. It is evident that spectrum of un-
wanted object and text character is redistributed into
different areas when the proposed method is served
as the preprocessing stage. This leads to the more
accurate text region identification. It is evident that
the performance of Thai text localisation in terms of
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Fig.14: Example of MCCA’s constraint effect in which it cannot retrieve text characters from the text
regions: (a) objects detectable, (b) MCCA, (c) Itti’s method, (d) SUN, (e) SR, (f) SAL, (g) HFT, and (h)
SFR.

Fig.15: Example of the experimental results to show that how the precision value achieved by all methods:
(a) objects detectable, (b) MCCA, (c) Itti’s method, (d) SUN, (e) SR, (f) SAL, (g) HFT, and (h) SFR.

recall, precision, and F-value is significantly improved
when the proposed method is applied.

4.3 Computational Time

This section compares the computational time of
the proposed method to baseline methods [1, 2, 11-
13, 16-19]. We experimented with five image sizes
including 64×64, 128×128, 256×256, 512×512, and
1024×1024. The result is presented as a line graph
in Fig. 17. This graph consists of two axis including
time (seconds) in the y-axis and image size (pixels) in
the x-axis. The computational time of each method
is denoted with a different line-and-color style.

There are two types of computational time trends
including (i) relatively stable and (ii) steadily increas-
ing. In the first type, there are four methods includ-
ing EHOLA, USS, IASSS, and HFT that have trends
which are relatively stable on a log scale. All methods
of this type handle a range of image sizes and they still

take less than 10 seconds to process. This is an ad-
vantage of those methods although its computational
time average is higher than one second. In the second
type, the trend of the SUN, MSS, SAL, SR, Itti, and
SFR steadily increased. For image sizes lower than
256 ×256, the computational time is nearly stable.
Runtime increased after the image size became larger
than 256×256. This means that they cannot main-
tain computational time stability. The performance
depends on the given image size. Furthermore, the
SUN method got the highest computational time line
while the Itti method got the lowest line, which is less
than one second, to execute a single given image.

In other words, we can divide the time in the y-
axis into three ranges–(i) 0 < t ≤ 1, (ii) 1 < t ≤
10, and (iii) t > 10. The first group consists of three
methods including the SAL, SR, and Itti methods.
The computational time are lower than one second
for all image sizes. In the second group, there are five
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Fig.16: Example of the experimental results to show that how the recall value achieved by all methods: (a)
objects detectable, (b) MCCA, (c) Itti’s method, (d) SUN, (e) SR, (f) SAL, (g) HFT, and (h) SFR.

Fig.17: Comparison of the execution time of all
methods when tested by the given images at five dif-
ferent size.

methods in this range–IASSS, USS, MSS, HFT, and
SFR. Their processing time is in a range of [1 10].
They require setup time for hypercomplex Fourier
transform and filtering generation, thus making the
time longer than one second. In the last group, the
EHOLA method takes more than ten seconds to pro-
cess the given image because it spends time generat-
ing the six filters before applying them to each chan-
nel image. The EHOLA method uses the LAB color
domain composing the L, A, and B channels. There-
fore, the six filters are applied to the three channels
separately. This is the main reason why the EHOLA
takes more than ten seconds.

Based on the SFR method, the trend of the com-
putational cost is steadily increasing. Although the
processing time is higher than ten seconds when the
image size is larger than 512×512, it is in a range of
1 < t ≤ 10 if the image size is smaller than 512×512.
The processing time of the SFR method is in the same
range as the IASSS, USS, MSS, and HFT methods

and it is still lower than the EHOLA method. The
proposed SFR method spends processing time on the
object detection in Sect. 3.1 at Step 1. The Moore-
Neighbor tracing algorithm, which is used to detect
the object in our work, processes the image pixel-by-
pixel. This is more time-consuming. The process-
ing time is higher if the given image size is larger,
whereas the processing time is lower if the image size
is smaller. However, it is not a contribution to our
work. It can be replaced by more efficient object de-
tection to reduce the processing time in the future as
explained in Sect. 5.

5. LIMITATIONS

In this paper, we aim to apply the concept of the
saliency region detection to the Thai text Localisa-
tion task. Based on our analysis, we believe that the
characteristic of the Thai characters is closely simi-
lar to that of the repeated pattern in the frequency
domain. Therefore, a spatial-frequency redistribution
(SFR) method is designed to mainly support the Thai
text Localisation task by using the saliency region de-
tection concept. However, our performance depends
on three factors as follows:

Firstly, the SFR method requires an algorithm
that can detect the objects in an input image. This
is not the focus of this paper. Nevertheless, to show
the performance of the proposed SFR method, the
Moore-Neighbor tracing algorithm modified by Ja-
cob’s stopping criteria was used based on our previous
study on Thai text localisation as discussed in [26].
For other applications, the detection algorithm can
be changed. It is not limited to the Moore-Neighbor
tracing algorithm if there is a method that is more
appropriate.

Secondly, the amplitude, period, and phase param-
eters for generating the adaptive cosine image should
be defined from the structural features of the object
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in the spatial domain. Although our performance has
increased, it may decrease when applied to another
application that our recommended feature cannot dis-
criminate. This means that the method to define the
parameters is important for the SFR method. There-
fore, the solution to define our parameters can be
changed when applied to another application. For
the second experiment of this paper, the amplitude,
period, and phase parameters were computed from
the Thai text features recommended in [23, 26].

Lastly, there are two modes in the SFR method
that can identify the saliency region and/or the re-
peated pattern region depending on the application.
For example, in the first experiment, the psycholog-
ical pattern images were used to show the perfor-
mance when an area that is different from another
area is required. The SFR method was performed
by identifying the saliency region for this case. In
the second experiment, the characteristic of the Thai
text is closely corresponding to the concept of the
repeated pattern region. Therefore, to detect Thai
text, the SFR method was performed by identifying
the repeated pattern region. Consequently, users can
choose the appropriate mode by themselves in step 5
of section 3.2.

As mentioned above, these three factors directly
impacted our performance. Users can choose or mod-
ify them accordingly, depending on the application
used.

6. CONCLUSION

In this paper, a spatial-frequency redistribution
(SFR) method is proposed for improving saliency re-
gion detection and Thai text localisation. In the
saliency region detection, the proposed SFR method
includes two steps: The first step generates an adap-
tive cosine image based on a structural target object
and then implants it into an object detectable. The
first contribution is the spatial redistribution that
occurs in this step. When an object in the spatial
domain is implanted by the adaptive cosine image,
its intensity, as spatial domain information, is redis-
tributed into an easy-to-control platform. In the sec-
ond step, when a complete multiple-object-implanted
image is transformed into the Fourier domain, its
spectrum is also redistributed. This phenomenon is
called a frequency redistribution. This property pro-
vides a simple method to identify the target object
from the unwanted objects and background. The sec-
ond contribution occurs in the second step, which is
that the similar and different patterns are designed to
be incorporated with the accumulate matrix to detect
the saliency or repeated pattern region. Based on the
experiments, the proposed SFR method can improve
the performance when tested with a response to psy-
chological pattern images and can effectively identify
the attention area in Thai text images with no prior
knowledge.

In future work, we plan to use the deep learn-
ing technique to estimate the amplitude, period, and
phase parameters in each object automatically. More-
over, we will develop a solution to extend the adaptive
cosine image to support the complex objects.
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