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Abstract. Brain disease is becoming a threat to human health. Many countries
begin to pay attention to the researchof brain science. If brain diseases are predicted
in advance, diagnosed accurately and treatedwith comprehensive intervention, the
life expectancy of patients will be greatly improved. There are many explorations
and applications in the field of computer-aided disease diagnosis, which can sig-
nificantly improve the efficiency of disease diagnosis. Medical image processing
is one of the medical imaging technology. It can help doctors improve the diagno-
sis quality by processing and analyzing the medical image data by computer. An
improved FCMclusteringmethod Sagakfcm algorithm is proposed for brain tissue
segmentation in MRI images. Sagakfcm model fully combines the advantages of
simulated annealing algorithm and genetic algorithm, so as to obtain the best initial
clustering center, reduce the iteration times of fuzzy c-means algorithm, avoid the
initial clustering falling into local optimum, and accelerate the operation speed.
The algorithm combines Gaussian kernel function to improve the robustness of
FCM algorithm.
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1 Introduction

As the pace of social life has increased significantly, the pressure on all aspects has
increased sharply, and the eutrophication of people’s diet has also brought a great bur-
den to the body. The subsequent brain diseases often cause disability and death. With an
increasing trend every year, brain diseases have increasingly become a threat to human
health, andmany countries have begun to pay attention to brain science research.Accord-
ing to incomplete statistics, about 20% of the world’s total population is suffering from
chronic mental illness. Some common brain diseases in our lives, such as Alzheimer
disease (AD) and Parkinson’s Diseases, autism, depression, etc. belong to this category
of diseases. Brain diseases are more threatening to people’s lives than other diseases
[1]. According to a research report from a foreign disease prevention and control center,
if people’s brain diseases are predicted in advance, early and accurate diagnosis, and
comprehensive intervention and treatment, then the life expectancy of the patient will be
greatly improved. With the development of medical imaging technology in recent years,
with the help of accurate deep analysis and induction of brain tissue images, results with
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imaging characteristics that are closely related to brain diseases can be found, which is
of great significance for the prevention and treatment of brain diseases [2, 3].

Due to the unique and complex brain of human beings, human beings have become
the spirit of all things. The human brain has evolved and developed about 5 million
years ago, and the maturity of the human brain has gone through millions of years. The
brain is connected by tens of billions of neurons, and there are about trillions of synaptic
connections between neurons, forming a complex information processing network sys-
tem. Each neuron contains millions of proteins that perform different functions, so that
the brain provides the most important advanced brain functions for humans. With the
advancement and development of science and technology, people are gradually aware of
the role of the brain, and more and more attention has been paid to human exploration of
the mystery of the brain [4]. The study of the brain has become the most esoteric subject
in science and the most difficult scientific fortress to overcome. One of the ultimate goals
of the research of the Brain Project is to predict brain diseases in advance, which is a
major challenge in the health field facing all mankind. The latest statistics show that
there are nearly one billion patients with brain diseases in the world, and the annual
economic burden caused by this item is about one trillion US dollars. In my country,
due to the continuous deterioration of the environment, the aging of the population,
the increasingly accelerated social rhythm and the intensified social competition, brain
developmental health, mental illness, and neurodegenerative diseases affect the health
of people of all ages in our country.

Computer-aided Diagnosis (CAD) is a product of the combination of medical diag-
nosis and artificial intelligence (AI). There are many explorations and applications in the
field of computer-aided disease diagnosis, which can significantly improve the diagnosis
of diseases [5]. effectiveness. With the development of modern medicine, a large num-
ber of different types of information are often generated during patient visits, including
symptoms, signs, laboratory examination results, physical diagnosis results, etc. How to
accurately and fully utilize this information has become a problem thatmust be addressed
in clinical work. The computer-aided diagnosis system has opened up an effective way
to make full use of various clinical information related to diagnosis [6].

At present, the auxiliary diagnosis of brain diseases is mainly performed by clini-
cians by observing brain images to perform feature extraction and judgment based on
experience. Doctors need to view a large number of pictures for analysis. This not only
greatly increases the workload of clinicians, but also because of doctors’ experience
and technical level. Different, it is easy to cause missed diagnosis or misdiagnosis. With
the aid of modern medical imaging technology for auxiliary diagnosis, it has a positive
effect on the prevention and treatment of brain diseases.

In order to better recognize images of patients with brain diseases, first use segmen-
tation algorithms on brain tissue images to segment the parts that need to be observed,
and then extract appropriate features for areas with research needs and lesion features,
and finally extract the features Information induction and identification. Accurate seg-
mentation, proper selection of features and classifiers can improve recognition accuracy,
which is of great significance to patients and doctors.
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2 Research Status

Since the brain science plan was put forward in the 1990s, with the advancement of
diagnostic technology and molecular biology technology, mankind has had a break-
through understanding of this complex and mysterious organ of the brain. At present,
many research units at home and abroad focus on intelligent diagnosis of brain imag-
ing. For example, overseas Harvard Medical School, Stanford University, University
of Washington, Northwestern University Molecular Imaging Center, Duke University,
Massachusetts General Hospital, etc., as well as medical imaging of Chinese Academy
of Sciences, Tsinghua University, Huazhong University of Science and Technology,
Nanjing University, Southeast University and other units in China The laboratories have
achieved certain results [7, 8].

Xiong Zhiqi, a brain scientist at the Chinese Academy of Sciences, proposed that
early diagnosis and early intervention of brain diseases are the key means to treat brain
diseases. He Yongqi thought about multi-modal neuroimaging technology and brain
connectionomicsmethods to explore the altered patterns of brain structure and functional
connection in the dementia stage and dementia stage of Alzheimer’s disease. Li Haijiao
and others use multi-modal magnetic resonance imaging for joint exercises to provide
information on brain tissue anatomy, function, and metabolism [9].

Based on the clinical data of 128 patients with cerebral infarction admitted from
March 2009 to February 2011, Huang Yuanbing screened and classified OCSP based
on their clinical signs and main symptoms. Zhang Daoqiang and others proposed to
use a multi-modal correlation vector regression machine to predict the value of clinical
variables through the learning of multi-modal features [10]. Fei et al. adopted a brain-
connected network classification method based on discriminative subgraph mining. Ke
Shanhong and others applied FCM (Fuzzy means clustering) algorithm and its kernel
method version KFCM (Kernel-basedFCM) to segmentation of MR images [11–15].
Maitra et al. used the improved orthogonal wavelet transform Slantlet transform and
proposed a new image feature extraction algorithm based on the wavelet transform. E1-
Dahshan et al. adopted a three-step joint algorithm and introduced an artificial neural
network (Artificial-NeuralNetwork,ANN).Chaplot et al. used theDaubechies-4wavelet
transform to extract the approximate coefficients and detail coefficients of the image,
and input the features obtained from the wavelet transform into the Self-Organizing
Map (SOM) [16, 17]. The experimental data showed that the result of the SOM clusterer
could reach 94%. However, the disadvantage is that after image feature extraction, there
is a lack of information screening, which leads to a feature dimension of 4761, a sharp
increase in calculation load, and a reduction in calculation performance. ForMRI images,
Wu proposed to use a forward neural network as a classifier [18–20].

3 Introduction to the Image Processing Process

Medical image processing is one of the medical imaging technologies. It uses comput-
ers to process and analyze medical image data to help doctors improve the quality of
diagnosis.

For medical imaging of the brain, only from the superficial perspective, only the
external planar imaging of the brain tissue can be seen. The detailed information inside
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the tissue is difficult to find through direct observation with the naked eye. At this time,
it is necessary to perform brain imaging. The series of processing and analysis, and the
general steps related to it are as follows see Fig. 1.

IIm age processing 
process m odel

Image 
preprocessing

Image region 
segmentation

Image region 
feature extraction

Feature 
classification and 

recognition

Image analysis

Fig. 1. Image processing flowchart

(1) Image preprocessing;
(2) Segmentation of the region of interest in the image;
(3) Perform feature extraction on the acquired region;
(4) Input the features into the relevant classifier to complete the classification and

recognition of the target area;
(5) Analyze the image according to the results; in the brain image analysis process, the

image is preprocessed to reduce the interference of the offset field on the segmenta-
tion. In the process of medical image processing, segmentation is a step that cannot
be ignored. It is the premise of other image processing. Segmentation is actually to
separate the target area in the image from the background area according to the needs
of the user. The feature extraction process is the process of extracting information
from other features such as color feature, shape feature or texture of the segmented
region of interest. The process of image recognition is to take the extracted data
information as input, and then divide the data with the same characteristics into the
same category, so as to achieve the purpose of image recognition.
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4 Key Technologies for Segmentation

4.1 Principle of FCM Algorithm

The FCMalgorithm is obtained by Bezdek improving theHard C-Means (HCM) cluster-
ingmethod proposed byDunn in 1973. The FCMclustering algorithm divides the feature
points in the feature spaceX = {x1, x2, . . . , xn} into c categories (2 ≤ c ≤ n), the cluster
center of each category is vi ∈ R, and the cluster center matrix is V = {v1, v2, . . . , xc},
the membership of the i-th category of any feature point ci ∈ R is V = {v1, v2, . . . , xc},
U is its fuzzy membership matrix. After normalizing it, the sum of the membership
degrees of the data set is equal to 1, uij introduces Between [0,1], that is, uij satisfies the
following conditions:

c∑

i=1

uij = 1, ∀j = 1, . . . , n (4-1)

The generalized form of the objective function of FCM:

JFCM =
c∑

i=1

n∑

j=1

umij d
2
ij (4-2)

In formula (4-2), dij = ∥∥xj − vi
∥∥ is the distance between the i cluster center and the j

th data point For the Euclidean distance,m is the fuzzy index. Whenm ∈ [1,∞), m =
1, it means hard C-means clustering. With the increase of m, the result is more fuzzy,
Usually m = 2 is used in the experiment. The objective function can be expressed as
the sum of the squares of the weighted distances from all sample points in the data
set to each cluster center. The best classification result is that the sample points are
divided into the class with the smallest difference from it, so the clustering goal of the
FCM algorithm is to find the minimum value of the cost function JFCM . That is to find
the optimal clustering center and the optimal membership matrix to minimize the cost
function JFCM . Under the constraints of Eq. (4-1), the minimum value of Eq. (4-2) is
solved and solved by Lagrange multiplier method. Construct a new objective function:

JFCM = JFCM + λ

⎛

⎝1 −
c∑

j=1

uij

⎞

⎠ =
c∑

i=1

n∑

j=1

umij d
2
ij + λ1 −

⎛

⎝
c∑

j=1

uij

⎞

⎠ (4-3)

(1) The degree of membership is solved. According to formula (4-3), the objective
function JFCM is derived from the degree of membership uij to obtain 0:

∂J

∂uki
=

c∑

i=1

n∑

j=1

mum−1
ij d2

ij − λ = 0 (4-4)

From the above formula:

uij =
(

λ

md2
ij

) 1
m−1

(4-5)
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Because of
c∑

k=1
ukj = 1, ∀j = 1, . . . , n, there is

c∑

k=1

(
λ

md2
ij

) 1
m−1

= 1 (4-6)

From the above formula:

λ
1

m−1 = 1

c∑
i=1

(
1

md2kg

)(
1

m−1

) (4-7)

Incorporate formula (4-7) into formula (4-5) to obtain the degree of membership:

uij =

1

c∑
k=1

(
1

md2kj

)(
1

m−1

)

(md2
ij )

1
m−1

=
⎡

⎣
c∑

k=1

(
d2
ij

d2
kj

) 1
m−1

⎤

⎦
−1

(4-8)

(2) Find the clustering center vi, according to formula (4-3), the objective function
JFCM to the clustering center vi, find the partial derivative 0:

vi =

n∑
j=1

umij xj

n∑
j=1

umij

(4-9)

Although the traditional FCM algorithm has good stability, the segmentation effect
is poor. The algorithm in this paper has obvious advantages in both stability and seg-
mentation effect, which is about 0.02 higher than other algorithms, which can affect the
subsequent recognition effect.

4.2 Based on KFCM Simulated Annealing Genetic Algorithm

The traditional FCM algorithm ignores the spatial information of neighboring pixels
when segmenting an image, and is susceptible to noise interference during segmentation,
making the segmentation result unsatisfactory. WU and Yang proposed an improved
FCM algorithm, in which the kernel function is used for distance measurement for
the first time. Compared with the traditional Euclidean measure, the robustness of the
algorithm is enhanced.

Simulated Annealing Genetic Algorithm: Based on the simulation statistics of the
annealing process of high-temperature objects in physics, the SimulatedAnnealingAlgo-
rithm (SA) is finally derived. Because this algorithm is very similar to the process of solv-
ing random problems, it is widely used Solve the global optimal solution and achieved
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good results. In addition to accepting the global optimal solution, the simulated anneal-
ing algorithm (SA) uses theMetropolis criterion to accept the non-local optimal solution
to a limited extent, and repeats the Metropolis process, so that the probability of accep-
tance is gradually oriented to 0, so as to ensure that it will not fall into the local optimal
solution. The algorithm finally converges to all the optimal solutions with probability
1, but because the search process of the algorithm is random, sometimes the algorithm
cannot search the whole world, and it may also jump out of the optimal solution. Genetic
algorithm is easy to fall into the problem of local optimization when searching for local
optimization, but its ability to search for the whole world is relatively strong. If the two
algorithms are combined to complement each other, the algorithm can be more effective
and converge to the global optimal solution. Genetic simulated annealing algorithm is
an improved algorithm that combines the advantages of traditional genetic algorithm
(GA) and simulated annealing algorithm. In principle, this algorithm has many sim-
ilarities with traditional genetic algorithm. Like the traditional genetic algorithm, the
implementation process of the simulated annealing genetic algorithm is to first initialize
the population and individuals, calculate the fitness value of the individual according to
the fitness function, and then perform operations such as selection, crossover, and muta-
tion to generate new individuals, and then be independent Perform the operation of the
simulated annealing algorithm on a single individual among them, and then evaluate the
fitness of the simulated annealing to generate new individuals, and iterate this process
repeatedly until the end conditions are met, and the output is confirmed as the current
optimal individual. Simulated annealing genetic algorithm has the advantages of genetic
algorithm and simulated annealing algorithm, so the algorithm model effectively avoids
the premature problem of traditional genetic algorithm in the optimization process. In
this paper, the simulated annealing genetic algorithm is used for cluster analysis, and
the initial clustering center is optimized by the simulated annealing genetic algorithm.
According to different situations, the coding method and fitness function suitable for
the situation are designed and used to solve the corresponding fitness. Value, so that the
global optimal solution can be solved efficiently and quickly.

4.3 KFCM Segmentation Based on Simulated Annealing Genetic Algorithm

4.3.1 Chromosome Coding and Population Initialization

Due to the uncertainty of the initial cluster centers in the clustering process, the simulated
annealing genetic algorithm used in this paper is required to initialize the initial cluster
centers. There are many ways to encode chromosomes in genetic algorithms. Choosing
an appropriate encodingmethodwill affect the subsequent calculationmethods of genetic
operators such as crossover, mutation, and fitness, and ultimately affect the evolution
speed and results of the entire genetic operator, so choose the appropriate one. Genetic
operators are very important. Commonly used genetic operators include binary encod-
ing methods, symbol encoding, real number encoding, etc. Binary encoding is simple to
operate, but has poor local search capabilities, it is difficult to achieve the optimal goal,
and it takes a long time; symbol encoding is different from general Using numbers for
encoding, using letters instead of numbers for chromosome encoding, requires higher
design requirements for subsequent operators; real number encoding is encoding in the
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form of real number solution space, and there is no limit to the length range of chromo-
somes, and each gene corresponds to A number, the advantage is that the search space
is large, it is easy to search for the optimal solution, and it does not need to be decoded
frequently. This article will choose the real number encoding method for encoding. For
n data samples, the dimension is d , and each chromosome Vi = {v1, v2, . . . , vc}, If there
are c cluster centers, it can be expressed as the length l = c × d . A chromosome can
look like this:

Vi =
⎧
⎨

⎩a11a12 . . . a1d︸ ︷︷ ︸
v1

a31a22 . . . a2d︸ ︷︷ ︸
v2

· · · ac1ac2 . . . acd︸ ︷︷ ︸
cc

⎫
⎬

⎭ (4-10)

For the gene values of all individuals in the initial population, in actual operation,
they are represented by randomly generated numbers, and these numbers are required
to conform to a uniform distribution.

4.3.2 Calculation of Fitness

The performance of genetic algorithm depends on the selection of fitness function to
a certain extent. According to the fitness value determined by the fitness function, it
will directly affect the adaptability of the population to the environment. It is precisely
because of it that the survival of the fittest of the population will occur. Therefore,
the choice of fitness function is very important. Usually in practical applications we
will Objective function to calculate fitness function. Suppose the objective function is
JKFCM = f (x), and generally speaking, the minimum value of the objective function is
the optimal solution of the problem, and to calculate the maximum fitness value of the
population,we needAccording to the followingfitness functionFit(f (x)) = 1/(1+f (x))
In addition, the selection of fitness function should try to avoid the phenomenon of
premature in the early stage of algorithm iteration. The purpose of this is to ensure the
diversity and diversity of individual populations. The formula of the fitness function
used in this article is:

Fit(f (x)) = 1

1 +
c∑

i=1

n∑
k=1

umik‖�(xk) − �(vi)‖2
(4-11)

4.3.3 Simulated Annealing Genetic KFCM Algorithm Flow

In order to avoid repetition, the implementation of the following algorithm is based on
the above chromosome coding, initial population and fitness. The algorithm flow chart
is shown in Fig. 2:

(1) Initialize various control parameters: population numberGsize, evolutionary alge-
bra Gmax, crossover probability Pc, mutation probability Pm, annealing initial
temperature, temperature cooling coefficient K , termination temperature Ta;
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Initialize control 
parameters: initialize 

the population

Calculate the attribute and fitness 
value of each body

T=0

Genetic algorithms are selected,
crossed, and mutated

New population

Calculate the c cluster center, the membership of each 
body, the adaptability value. The die-offset aeration 

algorithm replaces the old individual.

T<Gnmx

Tn<Tend

End

Ti+1=kTi

Fig. 2. Algorithm flow chart

(2) Initialize the genetic algebra t = 0, the fuzzy coefficientm = 0, and set their initial
values to 0, randomly generate c cluster centermatrices and use these cluster center
matrices to form an initial population representation for Vi = {v1, v2, . . . , vc};
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(3) Calculate the membership matrix U and fitness Fit (f (x)) of each body
in the population S(t) using formula (4-9) in the KFCM algorithm f =

1
Gsize

Gsize∑
k=1

f (k), if
∣∣∣f (t) − f (t − 1)

∣∣∣ < ε.

The average fitness value changes very little from the average fitness value before
evolution. When t = Gmax (that is, the set evolutionary algebra is reached),
select the individual with the highest fitness S in the population and turn to (9);
Otherwise, go to (4);

(4) Perform a selection operation on the t generation population according to the
selection operator, and get M individuals to form a subpopulation S∗(t);

(5) Perform crossover operations on the individuals in the subpopulation S∗(t)
according to the probability of the size of Pc to obtain a new population S∗∗(t);

(6) Perform a mutation operation on individuals of the population S∗∗(t) with
the mutation probability Pm according to the mutation operator to obtain the
population S∗∗∗(t):

(7) According to the simulated annealing operator, call the simulated annealing algo-
rithm on the individuals of the population S∗∗∗(t) to obtain the new population
S∗∗∗∗(t);

(8) Calculate thefitness of all individuals inS(t)+S∗∗∗(t), and eliminateM individuals
with smaller fitness values to form a new generation of population S(t + 1);
t = t + 1; return (3);

(9) If Ti < Tend, calculate the individual Vi = {v1, v2, . . . , vc} chromosome length
len, determine the initial cluster number as c = len;

(10) Call the KFCM algorithm with c and Vi = {v1, v2, . . . , vc} as the initial values,
so as to get the final. The clustering center and membership matrix of.

5 Summary

This study proposes an improved FCM clustering method—SAGAKFCM algorithm,
which is used to segment brain tissue in MRI images. The SAGAKFCM model fully
combines the strong local search ability of the simulated annealing algorithm and the
global search ability of the genetic algorithm, thereby obtaining the best initial clus-
tering center, reducing the number of iterations of the fuzzy C-means algorithm, and
avoiding the initial clustering from falling into the local maximum. Excellent, speed up
the calculation speed. The algorithm combines the Gaussian kernel function to improve
the robustness of the FCM algorithm. Under the influence of different intensities of
noise, the segmentation time of this algorithm is 1–3 times less than the traditional FCM
algorithm, ARKFCM algorithm, and FCMLSM algorithm. The segmentation accuracy
index SA is about 0.02 larger than that of ARKFCM and FCMLSM. And the algorithm
can obviously overcome the influence of noise on the segmentation result. Comparing
various algorithms to segment brainwhitematter and graymatter in clinical brain images
can also find the advantages of this algorithm, which provides a very reliable reference
basis for segmenting real brain MRI images.
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