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Abstract: Tsallis entropy has been widely used in image thresholding because of its non-extensive properties. The
non-extensive parameter g contained in this entropy plays an important role in various adaptive algorithms and
has been successfully applied in bi-level image thresholding. In this paper, the relationships between parameter
g and pixels’ long-range correlations have been further studied within multi-threshold image segmentation.
It is found that the pixels’ correlations are remarkable and stable for images generated by a known physical
principle, such as infrared images and medical CT images. And the corresponding non-extensive parameter g can
be evaluated by using self-adaptive Tsallis entropy algorithm. The results of this algorithm are compared with
those of Shannon entropy algorithm and the original Tsallis entropy algorithm, in terms of quantitative image
quality evaluation metrics PSNR (Peak Signal-to-Noise Ratio) and SSIM (Structural Similarity). Furthermore, we
observed that for image series with the same background, the g values determined by the adaptive algorithm are
consistently kept in a narrow range. Therefore, similar or identical scenes during imaging would produce similar

strength of long-range correlations, which provides potential applications for unsupervised image processing.

Keywords: Tsallis entropy; long-range correlations; self-adaptive algorithm; multi-level thresholding; robustness

1. Introduction

In recent years, with the increasing of digital imaging devices, the image data grows rapidly.
Therefore, image processing becomes more and more crucial in machine vision. During image
processing, image segmentation is a fundamental step that divides an image into different regions by
means of intensity, color, contour and so on. It has been successfully used in various fields[1-4] and
the achievements are still growing. Technically, image segmentation mainly contains threshold-based
segmentation, edge-based segmentation[5], clustering-based segmentation[6], and region-growing
segmentation[7]. The threshold-based image segmentation becomes the most frequently used method
due to its simplicity, efficiency, and stability.

In 1980, Pun[8] firstly applied information entropy to image thresholding and it has been improved
by Kapur[9], who proposed Maximum Shannon Entropy Thresholding algorithm. Kapur’s main idea
is to treat the digital gray-level image as a matrix that contains pixels with different gray-level value.
The gray-level histogram of the pixels can be considered as a kind of probability distribution. The
entropy of the gray-level distribution can be maximized by a proper threshold, which is similar to
maximize the contrast between object and background of the image. If two or more objects exist in the
same background, resulting in a multimodal gray-level distribution, the above mentioned algorithm
can be naturally extended to multi-threshold segmentation. It is worth noting that with the increasing
number of thresholds, the computational complexity grows exponentially. In order to overcome this
complexity and yield the optimal multi-threshold solution, swarm intelligence optimization algorithms
are frequently used to solve such problems[10-15].

The concept of entropy was firstly proposed in thermo-statistical physics to deal with extensive
systems[16]. Shannon entropy[17] inherits the extensivity and has been widely used in information
theory. However, there are a lot of complex systems that presenting long-range interactions and the
extensivities of them are broken. Extensive entropies are unsuitable to describe such systems any more.
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Tsallis indicates a generalized entropic form[18] for those systems and the abnormal behaviors of them
are well fitted by the non-extensive parameter q. Over the years, Tsallis entropy has been applied
not only in physics[19], but also in financial markets[20], seismology[21], bioinformatics[22], fractal
networks[23], and so on. Regarding image segmentation, Tsallis entropy shows high adaptability
for different types of targets recognition[24-26] since the non-extensive parameter g is related to the
strength of long-range correlations among image pixels. However, to determine an appropriate value
of g for a given image is still an open question in practice, since different types of images may present
different patterns of correlations among pixels. Generally, the estimation of g values are performed
empirically[27,28] in Tsallis entropy based image segmentation, and the relationships between g values
and the pixels’ correlations need to be further discussed.

In 2009, Paulo S et al.[29] proposed a method to yield the optimal g values of images by maximizing
the difference between g-dependent entropy and the upper limit of the histogram entropy, which
sheds light on the patterns recognition of the pixels’ long-range correlations. In 2016, Abdiel et al.[30]
provided another method to obtain the non-extensive g values. It is based on the concept of redundancy
in information theory and the entropy maximization principle, and has been successfully applied to the
bi-level image thresholding[31]. While extending the bi-level segmentation to multi-level cases, with
the increasing number of objects at different gray-level, the patterns of the pixels’ long-range correlation
may also increase. In order to avoid the perturbations from uncertain interactions among pixels, the
images generated by unified imaging process should be adopted to illustrate the relationships between
g value and the long-range correlations of pixels. The rest of this paper is organized as follows.
Section 2 briefly review the g-redundancy maximization method and introduce the application of
it in multi-level image segmentation. In Section 3, according to the known physical principles, six
image datasets are adopted for testing, and the quantitative image quality evaluation metrics such as
PSNR and SSIM are introduced within multi-level image segmentation. In Section 4, the statistical
results of different image datasets are illustrated so that the relationships between g-values and pixels’
long-range correlations are further discussed. In Section 5, the conclusions are presented.

2. Methods for Calculating Tsallis Entropy Index q and Image Segmentation

Assuming a given image size is M X N, representing the total number of pixels in it. The range of
gray-level of the image is defined asi =0, 1,2, ..., L — 1, where L represents the maximum gray-level
of the image, such as 256. Thus, the gray-level probability distribution of the image is defined as:

h;

Pi= XN @

where h; is the number of pixels that the gray-level value is equal to i, and p; > 0, ZiL:_()l pi = 1 hold.
Obviously, {p;} represents the gray-level histogram distribution of the image. And Tsallis entropy is
written as[18,19,24,32]:

_1-%ip]

St = =g )

where g is the non-extensive index.

2.1. Entropy Index q and The Long-Range Correlation

Abdiel et al. suggest that each complex system has its own entropy index, and it should not be
determined arbitrary. In practice, an image can be considered as a non-extensive pixel system so that
the long-range correlations among them can be quantified by 4. Therefore, two fundamental concepts,
redundancy and the maximum entropy principle, play important roles in evaluating the non-extensive
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parameter q. According to the non-extensive properties of Tsallis entropy, the g-redundancy of an
image’s histogram can be written as[30]:

S
Rp=1--"T, 3)
ST max
where ST max = 1:7511717. It means that the entropy reaches its maximal at equiprobability case, i.e.,

pi = pj = 1/L (Vi,j). For a given image with known gray-level histogram, the corresponding g-
redundancy can be adjusted by parameter q. On the other hand, the histogram may exhibit long-range
correlations among the pixels of the image. Therefore, maximizing the g-redundancy is a hopeful way
to recognize the pattern of long-range correlations and yields a suitable non-extensive parameter g, i.e.:

g* = argmax(Rr). 4)

With the help of g% , the gray-level histogram of the image is re-normalized to deviate from equal
probabilities as much as possible. This can result in a clearer representation of different clusters within
the image, aiding in improving the quality of the image segmentation.

2.2. Multi-Level Thresholding Using Tsallis Entropy
Assuming that the gray-level histogram of an image is divided into m + 1 parts by a set of
—
thresholds ? = (t,t2,...,tm) , denoted as C = (Cp, Cy, ..., Ci) , after normalization, the probability

distribution of each class is defined as:

.Pop Py
CO . I_TO, POI”.ITO

Pt:+1 Pt.4+2 pt:
R A N EE (5)
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where the cumulative probabilities of m + 1 categories are defined as:

Po= Y pi
i=0
ti
Pi= L i ©6)
i:fj+1
.L—l
Py, = E Pi
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Tsallis entropy of each region of c= (Co,Cyq, ..., C) is obtained by the following definition:

. tiv1 ‘ N
S = {1_i_§+1 (P—]) }/(q—l). )
m L—-1 ; q
7-{- 5,0} e

According to the pseudo-additivity property of Tsallis entropy, its multi-threshold objective
function is defined as follows:

. . m
Sq(tito,stu) =Y Sh+(1—q) Y SiSE+(1—q)* Y sisisv+..+Q-q"[]S;. ©®
i j#k u#v#w r=0

Maximizing the objective function Sy(t, t, ..., ) yields an optimal set of thresholds as follows:

(?)* = argmax{S;(t1, t2, ... tm) }, ®)

this algorithm is highly favored for its simplicity, intuitiveness, versatility, and excellent performance
in image segmentation[33-35].

3. Image Test Sets and Quality Evaluation Parameters

There are lots of evidences showing that parameter g has deep relevance with the long-range
interaction in bi-level image segmentation[24,30,31,36]. However, extending bi-level thresholding
to multi-level thresholding and drawing the conclusions seems not so straight. In fact, it is found
that if the backgrounds of the images are of random natural scenes, the above algorithm does not
exhibit significant advantages in comparison with traditional Shannon algorithm and original Tsal-
lis algorithm[12]. In order to further show the relevance between pixels’ long-range correlations
and nonextensivity during the imaging process, several different types of images are employed for
comparison.

BSDS0500 is an image dataset consisting of randomly natural scenes. This dataset contains 500
images taken from real-world natural scenes, covering a variety of views and objects, including but not
limited to modern urban landscapes, natural landscapes, animals and plants, human activities, and so
on. These images provide diverse scenes and various visual information. Here are a few examples
from this dataset.

Figure 1. Example images from the BSDS0500 image dataset
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INFRAIMGS], INFRAIMGS2, INFRAIMGS3, and INFRAIMGS4 are series of image datasets
containing lots of infrared images captured by fixed infrared cameras at different moments. These
datasets record specific activities and movements of objects in different scenes.

e INFRAIMGSI: These images capture activities of pedestrians and vehicles on two fixed outdoor
road scenes. The dataset consists of 464 images extracted from frames, with a resolution of
550 x 365 .

e INFRAIMGS2: This dataset depicts student activities at a fixed intersection near a teaching
building. It comprises 264 images extracted from frames, with a resolution of 320 x 240 .

e INFRAIMGS3: Presenting scenes fixed inside a cabin, focusing on the movement of individuals in
the area. This dataset contains 253 images extracted from frames, capturing scenes of interaction
and movement between individuals, with a resolution of 320 x 240 .

e INFRAIMGS4: Showcasing scenes fixed in squares or similar open spaces, capturing pedestrians
engaged in activities such as running, walking, or other leisure activities. The dataset comprises
118 images extracted from frames, with a resolution of 360 x 240.

CTIMGS is a collection of medical chest CT images covering scans of chests from different patients.
These images have a fixed black background, and the dataset comprises a total of 600 images, with a
resolution of 224 x 224 . Below are examples of images from these datasets.

In the same dataset of Figure 2, those images are taken from the same background and generated
by the same imaging principle, i.e., infrared imaging for INFRAIMGS1-4 and X-ray imaging for
CTIMGS. These specified types of images can help us to further understand the pixels’ long-range
correlations in imaging stage.

Figure 2. (2a) and (2b) are images in the image set INFRAIMGSI. (2c) are images in the image
set INFRAIMGS2. (2d) are images in the image set INFRAIMGS3. (2e) are images in the image set
INFRAIMGS4. (2f) are images in the image set CTIMGS.

In order to evaluate the effectiveness of this self-adaptive multi-level segmentation algorithm,
PSNR (Peak Signal-to-Noise Ratio) and SSIM (Structural Similarity Index) are adopted as quality
indices. PSNR[37] represents the ratio of the peak signal to the noise. In image multiple-thresholding,
due to the gray-level compression, the output image is generally different from the original one. PSNR
can precisely measure this difference and it is defined as:

2
PSNR = 10log,, (%) (10)
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MSE in Eq.(10) is the mean squared error between the output image and the input image, and 255 is
the maximum gray-level value in the image in general. MSE can be written as:

1 M N .. . a2
MSE = —— Ni;; [1(i,j) = K(i, )], (11)

where I(i, j) and K(i, j) represent the original image and the image after segmentation, respectively.

The typical PSNR values in image segmentation range from 10 dB to 50 dB[38]. A higher PSNR
value indicates a smaller distortion in the output image and higher quality of segmentation. PSNR
closing to 50 dB indicates that the segmented image has very minor errors. If PSNR is greater than
30 dB, it is difficult for the human eyes to perceive differences between the segmented image and the
original one. For PSNR ranging from 20 dB to 30 dB, the differences become noticeable to the human
eyes. In the range of 10 dB to 20 dB, the differences become larger. Nevertheless, the human eyes can
still recognize the main structures in the output image. If PSNR is below 10 dB, it becomes challenging
for humans to determine if there are any correlations between the input and output images. PSNR is
currently the most frequently used objective measure for evaluating image quality. However, many
experimental results have shown that PSNR scores may not fully coincide with the visual quality
perceived by the human eyes. It’s possible for images with higher PSNR to appear worse visual quality
than those with lower PSNR scores, since the human visual system’s sensitivity to errors is affected by
a lot of factors that more complicated than Eq.(10).

SSIM[39] is another quality metric that measuring the similarity between two digital images. The
recognition criteria of human visual system, such as luminance, contrast, and structural information,
are taken into account[40,41] to yield the expression of SSIM as:

(2uxpy + C1) 200y + C2)

SSIM(x,y) = (y§+y§+cl) (g§+(7§+cz)’

(12)

where x and y represent the images before and after segmentation, y» and yi, denote the mean intensity
of the corresponding images, 02 and (75 represent the standard deviations respectively, oy, denotes the
covariance of the images before and after segmentation, C; and C, are two constants to avoid zeros
appearing in denominator. Eq.(12) shows that SSIM is a dimensionless value between 0 and 1, where
smaller differences between the original and segmented images yield closer value to 1. Due to its
simplicity and effectiveness, SSIM has been widely used in various applications related to image and
video processing in recent years, such as image compression[42], image watermarking[43], wireless
video streaming[44], and magnetic resonance imaging[45].

In practice, PSNR is more sensitive to additive Gaussian noise, while it exhibits lower sensitivity
to JPEG compression. Conversely, SSIM is more sensitive to JPEG compression but relatively less
responsive to additive Gaussian noise[46]. Therefore, we employ both PSNR and SSIM to assess the
quality of the self-adaptive multi-level segmentation.

4. Experimental Results and Discussion

In order to show the detailed relevance between pixels’ long-range correlations and non-extensive
entropy index g within multi-level segmentation case, Shannon entropy and traditional Tsallis entropy
are adopted as benchmarks to show the performance of the proposed self-adaptive algorithm. As
mentioned above, Shannon entropy neglects the long-range correlations among image pixels and
showing the extensive property. Tsallis entropy generalized the application scope of Shannon entropy
by linking the strength of long-range correlations to non-extensive index g.

Images from the 6 datasets mentioned in section 3 are processed by using three different multi-
level segmentation algorithms, i.e., Shannon, Tsallis (§=0.8), and proposed, to yield the optimal results
respectively.
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Figure 3 shows the 4-level segmentation results of sample images from 6 datasets. For image
from BSDS0500, the result of Shannon algorithm looks closest to the original image, which indicates
that the long-range correlations among image pixels can be neglected. Since the images in BSDS0500
are generated from random scenes, it is inadequate to say that the pixels of different images should
always exhibit the long-range correlation. However, for images from other 5 datasets, the segmentation
results of proposed algorithm consistently show the superiority to the other two algorithms. Images
in INFRAIMGS1-4 are generated by infrared cameras so that the infrared radiation plays important
role during the imaging process. It is well known that infrared radiation depends closely on the
temperature of the objects. Therefore, the patterns of pixels’ long-range correlations actually reflect
the temperature distributions of different objects in infrared images. And this kind of long-range
correlation can be successfully captured by the self-adaptive multi-level segmentation algorithm,
which is more flexible than the traditional Tsallis entropy with fixed g index. The evidence can also
be found from the dataset of medical CT images, in which the pixels’ gray-level directly depend on
the absorption of X-ray by different organs inside human body. Therefore, the gray-level values of
pixels belong to the same organ should have strong correlations and it is suitable to describe this kind
of correlation by adaptive g index rather than fixed 4.

Original images

Shannon Tsallis g = 0.8 proposed

il

(BSDS0500)

(INFRAIMGS1)

(INFRAIMGS2)

(INFRAIMGS3)

(INFRAIMGS4)

(CTIMGS)

Figure 3. The 4-level segmentation results of the typical images from 6 datasets by using three different
algorithms.

In order to show the segmentation results quantitatively, the output images of three algorithms
are compared with the corresponding original images in terms of PSNR and SSIM. Table 1 shows part
of the PSNR results of BSDS0500 images by using Shannon, Tsallis (4=0.8), and proposed muti-level
thresholding algorithms, in which the number of thresholds is 4. In each line of Table 1, the maximum

d0i:10.20944/preprints202408.0511.v1
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PSNR value (with bold font) indicates that the corresponding algorithm is the most suitable one for
the image named at the beginning of the line.

Table 1. Part of PSNR results for images in BSDS0500 with different 4-level thresholding algorithms.

Shannon  Tsallis qg=0.8 proposed

BSDS00065  27.7979 27.8888 28.0085
BSDS00109  28.0865 28.0865 27.4921
BSDS00116  26.9156 26.9787 26.9286
BSDS00203  29.1844 29.0696 29.1492
BSDS00474  29.5335 29.3923 23.0752

Therefore, for all 500 images of BSDS0500 one can statistically obtain the most suitable rates of
three algorithms. They are 32% for Shannon algorithm, 24.6% for Tsallis algorithm with 4=0.8, and 55%
for proposed self-adaptive algorithm. It is worth to mention that the sum of above three most suitable
rates slightly exceeds 100%, because there are a few images, such as BSDS00109 in Table 1, happen to
obtain the same best result by using different algorithms. Nevertheless, the probability of such case
is small so that the images in other 5 datasets can be processed by the same way. And the statistical
results are shown in Table 2.

Table 2. The most suitable rates of three algorithms suggested by PSNR for 6 datasets when the number
of thresholds is 4.

Shannon  Tsallis qg=0.8 proposed

BSDS0500 32% 24.6% 55%
INFRAIMGS1 7.9% 13.1% 84.3%
INFRAIMGS2 0% 0% 100%
INFRAIMGS3 7.9% 13.8% 87.3%
INFRAIMGS4 14.1% 16.3% 73.7%

CTIMGS 14.1% 15.6% 75.8%

Interestingly, unlike the distribution of the most suitable rates in BSDS0500, all the other 5 datasets
show a notable tendency (the corresponding rates are far larger than 65%) to the proposed algorithm.
Especially for INFRAIMGS2, all of the 264 images in it recognize the self-adaptive g as the most
suitable values to present the pixels’ long-range correlations. The experimental results also show that
the distribution of 264 q values ranges from 0.490 to 0.513, a very small interval. In fact, all images
in INFRAIMGS2 have the same background and the ratios of foreground (moving objects) to the
full image size are small. It is reasonable to say that the strength of long-range correlations in each
image of this dataset should be quite similar, but cannot be empirically determined by a fixed value.
Other datasets that have the same characteristics with INFRAIMGS2, all exhibit the consistency in
the range of g. Such as 0.512 < g < 0.602 for INFRAIMGS1, 0.509 < g < 0.580 for INFRAIMGSS3,
0.381 < g < 0.512 for INFRAIMGS4. These behaviors coincide with the imaging principles mentioned
above.

The validity of self-adaptive g can be further confirmed by SSIM. Table 3 shows part of the
SSIM results for the same images adopted in Table 1 by using three different multi-level thresholding
algorithms, in which the number of thresholds is still 4. Since the definition of SSIM is totally different
from that of PSNR, their responses to the same output image may not always consistent with each
other. Such as BSDS00116, according to the results of PSNR, Tsallis algorithm with 4=0.8 is suggested
as the most suitable one, while Shannon algorithm yields the highest SSIM score. Nevertheless, the
statistical results of the most suitable rates suggested by SSIM can also be obtained in the same way as
Table 2, and it is shown in Table 4.
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Table 3. Part of SSIM results for images in BSDS0500 with different 4-level thresholding algorithms.

Shannon  Tsallis qg=0.8 proposed

BSDS00065 0.7484 0.7466 0.7374
BSDS00109 0.6423 0.6423 0.6383
BSDS00116 0.7257 0.7237 0.7181
BSDS00203 0.7199 0.7185 0.7205
BSDS00474 0.8066 0.8063 0.7166

Table 4. The most suitable rates of three algorithms suggested by SSIM for 6 datasets when the number
of thresholds is 4.

Shannon  Tsallis g=0.8 proposed

BSDS0500 36.8% 23.2% 52.6%
INFRAIMGS1 12.7% 19.8% 77.6%
INFRAIMGS2 0% 0% 100%
INFRAIMGS3 10.6% 19.3% 78.6%
INFRAIMGS4 6.7% 16.9% 89.8%

CTIMGS 29.5% 25.8% 53.5%

The sum of the most suitable rate for each dataset also slightly exceeds 100%, and the reason is
similar with that in Table 2. It is found that all of the infra image datasets show their preferences to
the adaptive g as a measure of the strength of pixels’ long-range correlations under the criterion of
SSIM. The statistical result of INFRAIMGS2 is the most notable one. All of the images in it adopt the
proposed algorithm to achieve the highest scores defined by not only PSNR but also SSIM. Besides
Table 2 and Table 4, the results of the most suitable rates over 6 datasets can be extended to the cases of
larger number of thresholds, as shown in Tables 5-8.

Table 5. The most suitable rates of three algorithms suggested by PSNR for 6 datasets when the number
of thresholds is 5.

Shannon  Tsallis q=0.8 proposed

BSDS0500 32.6% 28.2% 39.2%
INFRAIMGS1 21.3% 38.8% 66.2%
INFRAIMGS2 0% 0% 100%
INFRAIMGS3 19.3% 32.8% 53.4%
INFRAIMGS4 6.7% 16.9% 89.8%

CTIMGS 14.7% 15.7% 75%

Table 6. The most suitable rates of three algorithms suggested by SSIM for 6 datasets when the number
of thresholds is 5.

Shannon  Tsallis g=0.8 proposed

BSDS0500 34.6% 27.6% 50%
INFRAIMGS1 11.9% 22.2% 87.1%
INFRAIMGS2 0% 0% 100%
INFRAIMGS3 2.3% 8.6% 93.3%
INFRAIMGS4 2.5% 8.4% 94.9%

CTIMGS 30% 28.2% 50.3%
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Table 7. The most suitable rates of three algorithms suggested by PSNR for 6 datasets when the number
of thresholds is 6.

Shannon  Tsallis g=0.8 proposed

BSDS500 32% 30.2% 52.2%
INFRAIMGS1 20.9% 37.7% 66.8%
INFRAIMGS2 0% 0% 100%
INFRAIMGS3 40.7% 25.2% 40%
INFRAIMGS4 5.9% 11% 89.8%

CTIMGS 13.3% 18.6% 74.5%

Table 8. The most suitable rates of three algorithms suggested by SSIM for 6 datasets when the number
of thresholds is 6.

Shannon  Tsallis g=0.8 proposed

BSDS0500 38.4% 27.6% 48.8%
INFRAIMGS1 11.8% 21.7% 87.1%
INFRAIMGS2 0% 1.9% 98.1%
INFRAIMGS3 18.9% 32.4% 56.6%
INFRAIMGS4 5% 10.1% 91.5%

CTIMGS 27.5% 24% 56.2%

Tables 5 and 6 list the most suitable rates for 5-level segmentations to different datasets, where
PSNR and SSIM are adopted as the criterions, respectively. And increasing the number of thresholds
from 5 to 6, the results are listed in Tables 7 and 8. Impressively, images of INFRAIMGS2 show their
robust preferences to the proposed algorithm in spite of the increasing number of thresholds. This
kind of robustness can be also found in other datasets, such as INFRAIMGS1, INFRAIMGS4, CTIMGS.
Therefore, it is suitable to adopt the self-adaptive g value to measure the strength of long-range
correlations within images generated by known physical principles. In other words, the physical
properties of objects shown in the images can be connected to the non-extensive parameter g by
maximizing the redundancy of the histogram distribution. It is worth to mention that for INFRAIMGS3,
the most suitable rate of proposed algorithm yields by PSNR keep decreasing when the number of
thresholds grows. Since the gray-level gradations of images in INFRAIMGS3 are not plentiful, the
increasing number of thresholds may lead to over segmentation and the results evaluated by PSNR and
SSIM become unstable. Nevertheless, in most cases the proposed algorithm shows the effectiveness
(with the most suitable rate higher than 65%) and robustness (keep fixed when the number of thresholds
increases) in automatically detecting the long-range correlations among pixels of infrared images and
medical images.

5. Conclusions

In image segmentation, determining the non-extensive parameter g of Tsallis entropy is an
intriguing task. Since the value of g represents the strength of long-range interactions among pixels of
the images that generated by some known physical principles, it cannot be determined empirically. At
present paper, with the help of maximizing g-redundancy, we further study the connections between
physical properties of objects shown in the images and the self-adaptive value of g in multi-threshold
image segmentation. In comparison with Shannon entropy algorithm and traditional Tsallis entropy
algorithm with g=0.8, it is found that the self-adaptive algorithm shows highly effectiveness and
robustness to infrared images and medical CT images. The superiority and consistency of present
algorithm are qualitatively illustrated by means of PSNR and SSIM when the number of thresholds is
set as 4, 5, and 6, respectively. In addition, for a series of images that generated by the same process
and sharing the same background, the long-range correlations pattern among pixels should be quite
similar. And the self-adaptive g values of those images are also quite similar, as expected. All of
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these advantages will be helpful for the further applications of Tsallis entropy in multi-level image
segmentation.
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