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Abstract
In remote sensing image analysis, semi-supervised fuzzy clustering techniques improves
the accuracy of unsupervised fuzzy clustering due to the supplement of some labelled data.
However, these algorithms are often difficult to choose for the fuzzy parameter and the initial
centroids, which may affect the results of the algorithm. In this research, a hybrid approach of
fuzzy clustering and particle swarm optimization method based on semi-supervised method
for remote sensing imagery analysis (SFCM-PSO) is proposed to overcome the above disadvantages. This method consists of two main parts: using labelled data in a new objective
function for clustering, and optimizing fuzzy parameters and cluster centroids by PSO. In
this research, Landsat-8 OLI satellite imagery data of Hanoi and Spot-5 image of Chu Prong
(Gia Lai) have been classified into 6 types of land-cover. Test results were evaluated by some
indicators including S index, XB index, PC index, CE index, D index, τ index, CS index
and compared on labeled data sets, it has been shown that classification results are improved
compared to some other algorithms.
Index terms
Semi-supervised, land-cover, remote sensing, fuzzy c-means, PSO.

1. Introduction
Today, remote sensing data is used in many different areas of social life. In remote
sensing data processing, clustering is the basic problem, but it has an important role in
high-level image processing. Among the clustering methods, the fuzzy clustering method
is one of the techniques with many advantages when dealing with datasets. In this
method, clusters have complex shapes, even overlapping. The fuzzy clustering algorithm
commonly used in data clustering is fuzzy c-means clustering (FCM). However, this
method is sensitive to noise and extraneous elements [1].
To improve accuracy, supervised clustering technique [2] and semi-supervised technique [3], [18] were used. Supervised clustering techniques often require a large amount
of labeled data. In many cases, there is little labeled data, therefore, the semi-supervised
1

48

Le Quy Don Technical University

Journal of Science and Technology - Le Quy Don Technical University - No. 193 (10-2018)

clustering method is used as a solution. Another difficulty that fuzzy clustering algorithms is often encountered is the selection of fuzzy parameters and the initialization
of cluster centroids, which can greatly affect clustering results.
Several other studies on semi-supervised and spatial constraints in x-ray image segmentation in [4] and [5] were conducted by Son et al. These algorithms handle well
with medical imaging, however, the labeling on medical images is often difficult while
on remote sensing images can be easily labeled based on coordinates system.
In studies [6] and [7], there have been some improvements the fuzzy clustering
algorithm based on spatial constraints and the spectral clustering algorithm, although
classification result was better than the original algorithms (According to some cluster
quality assessment indicators). These results have not been compared with the labeled
data. In addition, the algorithms are introduced in [8] and [9], the calculation is quite
complex and takes a lot of time, the parameters are selected according to the user
experience and not changed during the algorithm implementation.
Selection of fuzzy parameter and cluster centroids can be overcome by optimization
technique such as particle swarm optimization (PSO) [10] and their variations. Some
studies related to the PSO algorithm, Shifa et al. have presented a method for optimizing
land-use based on the PSO algorithm [12]. The objective is to develop a land-use
management model based on PSO for land-use spatial optimization. Bing et al. have
proposed a multi-objective optimization algorithm based on PSO for feature selection
[11]. In addition, a other method based on PSO is introduced by Qunming et al. [13], in
order to optimize the precision when creating a sub-pixel mapping for remote sensing
imagery. Alper et al. proposed to use the PSO method to find the optimal cluster number
in unsupervised clustering for Landsat images automatic clasification [14].
Another problem is that hyperspectral images have a lot of bands. The bands have both
advantages and disadvantages with each type of problem. To remove some unnecessary
image bands, Mingyang et al. proposed to use PSO technique for unsupervised band
selection on hyperspectral image [15]. Besides, PSO algorithm is also used for satellite
image registration to optimize finding pairs of points on two images by Yue et al. [16].
It can be seen that the PSO algorithm is applied in many problems, however, most
studies using the PSO algorithm are based on unsupervised clustering techniques. This
may affect the accuracy of the problem.
A different algorithm is also used a lot of optimization, the genetic algorithms (GAs)
[17]. Both The PSO and GA algorithms begin with a randomly generated population
group. Both have the objective function for population evaluation, population updates
and the search for optimal values with random methods. Compared to GAs, the information exchange mechanism in PSO is very different. In GAs, information is shared
between chromosomes, thus, the optimal solution search is performed by the entire
population moving simultaneously as a group. In contrast to GAs, PSO does not have
genetic operators, such as crossing or mutation. Particles are updated with internal
velocity. Thus, the PSO algorithm often converges to the best solution faster than the
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GAs. The disadvantage of both methods is that finding the optimal solution does not
guarantee success.
In fact, for each certain problem can have several criteria to be optimized simultaneously. In this approach, the research proposed a new criterion by combining the objective
function of the FCM algorithm and semi-supervised method with the minimum distance
between the cluster centroid. This is considered as the criterion to be optimized to
select the fuzzy parameter and to find the centroid of clusters for semi-supervised FCM
algorithm. The paper includes 5 sections: Section 1 (Introduction), section 2 (Shows
backgrounds), section 3 (Proposes a hybrid approach of semi-supervised fuzzy clustering
and PSO), section 4 (Experiments), section 5 (Conclusion).

2. Background
2.1. Fuzzy clustering
In clustering techniques, fuzzy clustering is widely applied in many different fields.
The advantage of this technique is that it can handle unclear, highly ambiguous data
well. The typical algorithm for fuzzy clustering is the FCM algorithm [1]. According
to this algorithm, each cluster is represented by a cluster centroid. To assign data to
clusters, this technique is done by considering the similarity between the data sample
to all cluster centroids.
The goal of the FCM algorithm is to minimize the objective function Jm for finding
the optimal cluster centroids:
Jm (U, V ) =

c
n X
X

2
um
ik dik ; 1 ≤ m ≤ ∞

(1)

k=1 i=1

in which, U is membership function, n is the number of pixels, dik = |vi − xk | is
the distance Euclidean from the pixel k to the center of the cluster i, m is the fuzzy
parameter.
The minimization of Jm is carried out with respect to the fuzzy partition U and the
prototypes V . By confining ourselves to the use of Lagrange multipliers technique, the
equation for uik and vi is as follows:
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Algorithm 1: FCM algorithm
Input: X = {x1 ,x2 ,...,xn }, the number of cluster c.
Output: Membership function U and cluster centroids vi , i = 1, ..., c.
Step 1. Initialize
1.1 Initialize cluster centroids v, the number of cluster c.
1.2 Initialize fuzzy parameter m, stop condition ε.
Step 2. Perform loop
2.1 Update the value of the membership function U by formula 2.
2.2 Update the cluster centroids vi by formula 3.
(t+1)

2.3 If Jm

(t)

(U, V ) − Jm (U, V ) < ε, go to Step 3, otherwise back to Step 2.1.

Step 3. Clustering results
3.1 Membership function U .
3.2 Cluster centroids vi , i = 1, 2, 3, ..., c.
Finally, defuzzification for FCM algorithm is made as if uik > ujk for j = 1, 2, 3, ..., c
and i 6= j then xk is assigned to cluster i.
2.2. Swarm optimization
PSO is a random optimization technique, which was developed in 1995 by Dr.
Eberhart and Dr. Kennedy [10], simulating the behavior of searching for food of bird
or fish. The initial intention of the herd concept is to simulate the state and shape of
the flying birds, the purpose of exploring patterns for navigational control of flying
(moving) on the population is an optimal shape. This algorithm has the advantage of
simple installation and fast convergence, which is suitable for large data sets.
Each particle in the swarm represents a potential solution. The particles move in the
search space according to simple mathematical formulas for the location and velocity of
the particles, where the location of each particle varies according to its own experience
and neighboring particles.
In swarm optimization, a swarm of n particles communicates either directly or indirectly with one another search directions (gradients). Each particle is represented by
three components: Current location, location for the best solution, and particle velocity
(direction of movement). During the move, the particle tracks their self-optimum Pibest
and entire swarm global optimum Gibest .
After each iteration, the particles will be updated with their position and velocity
according to the following formula:
(t+1)

vti

(t)

(t)

(t)

= ω ∗ vti + c1 ∗ r1 ∗ (Pibest − vi ) + c2 ∗ r2 ∗ (Gibest − vi )
(t+1)
(t)
(t+1)
vi
= vi + vti

(4)
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in which, vi is position of particle ith in tth generation, vti is velocity of particle ith
in tth generation, ω is coefficient of inertia, c1 , c2 is the acceleration coefficient, with
a value of 1.5 to 2.5; r1 , r2 is the random number constant in the range (0,1).
Algorithm 2: PSO algorithm
1. for i := 1 to n
1.1 initialize vi and vti .
1.2 Pibest = vi
2. while stop conditions not satisfied do
(t+1)

2.1 vi

(t)

(t+1)

= vi + vti

2.2 update Pibest and Gibest .
(t+1)

2.3 vti

(t)

(t)

(t)

= ω ∗ vti + c1 ∗ r1 ∗ (Pibest − vi ) + c2 ∗ r2 ∗ (Gibest − vi )

In each loop, the optimal position search is performed by updating the location and
velocity of the particle. In addition to each loop, the optimal position of each particle
is determined by a fitness function.

3. Hybrid approach of fuzzy clustering and PSO
3.1. Semi-supervised method and choice of criterion
Normally, supervised clustering techniques require large amounts of labeled data for
training. However, this labeled data is often not very common; the method often used
is a semi-supervised clustering method.
Ai is the set of pixels that have been labeled for the ith cluster, with i = 1, 2, ..., c.
Calculation c centroids by the following formula:
vi∗

=

|Ai |
X

pj (Ai )/|Ai |

(5)

j=1

in which, |Ai | is the number of labeled pixels for the ith cluster. The objective function
Jm of the FCM algorithm is changed as follows:
n X
c
X
2
2
∗
Jm =
(6)
um
ik [d (vi ,xk )+d (vi , vi )], 1 < m < ∞
k=1 i=1

with d(vi , xk ) is the euclidean distance between the pixel xk and the cluster centroid vi
and d(vi , vi∗ ) is the distance between the cluster centroid according to the calculation
and the cluster centroid desired, this distance is as small as possible.
To minimize the objective function Jm , based on the Lagrange method:
n X
c
n
c
X
X
X
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2
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v
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+
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i k
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52

k=1

i=1

(7)

Journal of Science and Technology - Le Quy Don Technical University - No. 193 (10-2018)

Minimize Lagrange function by computation of derivatives uik , we have:
1/(m−1)


uik = 
c
P

1/(d2 (vi , xk ) + d2 (vi , vi∗ ))




1/(m−1)
∗
2
2
[1/(d (vi , xk ) + d (vi , vi ))]

(8)

j=1

Subject to 0 <

n
P
k=1

uik < n; 0 ≤ uik ≤ 1;

c
P

uik = 1; 1 ≤ k ≤ n; 1 ≤ i ≤ c.

i=1

Based on the clustering results, the distance between the cluster centroids are large,
the clustering results are good. Accordingly mini6=j {d2 (vi ,vj )} is the bigger the better.
Therefore, the paper proposes a objective function as follows:
n P
c
P
2
2
∗
um
ik [d (vi ,xk )+d (vi , vi )]
i=1
(9)
F = k=1
mini6=j {d2 (vi ,vj )}
Clusters are good when the numerator is small and the denominator is large. Therefore,
the problem is that need to optimize the objective function F above.
3.2. Optimization method based on PSO
In the PSO algorithm, particles never die (this is different from the genetic algorithm
[17]). Particles can be viewed as simple agents, passing through the search space and
recording the best solution they discover. The optimization process of PSO can be
accomplished through several steps as follows: Create an initial swarm, initialize location
and velocity of particles; evaluate of particles; update the location and velocity of the
particles.
An important point to consider is how particles is initialized, so it is necessary to
define the structure of the particles. For multi-spectral image including b bands (b = 3
for color image), the number of cluster is c: V1 , V2 , ..., Vc with Vi = (vij ), i = 1, ..., c;
j = 1, ..., b, the components are described in figure 1 following with conditions m > 1,
vmin < vij < vmax to limit the search space (vmin = 0, vmax = 255 for 8 bit image or
vmax = 65.536 for 16 bit image, so on). In case of parameter fuzzy m, 1 < m < 4. After
each update step of the algorithm, if vij > vmax then vij = vmax , if vij < vmin then
vij = vmin . With b ∗ c components and fuzzy parameter m, so the number of particles
to be initialized is b ∗ c + 1, see Fig. 1.
Typically, the position of the particles will be randomly generated in the search space
and the algorithm will perform a finite number of iterations of velocity and position
updates. Updating the position simply adds velocity value. The velocity value represents
the speed of movement of the particles. If velocity is too high, it is possible for particles
to move out of the search space. Conversely, if velocity is too small, particles are limited,
and the optimum solution hence may not be achieved. Let vtmax and vtmin be the velocity
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Fig. 1. Particles matrix representation

limits of the particles, in which vtmax value and vtmin value are selected by experience.
Velocity values are limited from vtmin to vtmax :
vmax − vmin
min
, vtmin = − vmax −v
vtmax =
(10)
2
2
A constraint is given, if vti > vtmax then vti = vtmax , if vti < vtmin then vti = vtmin ,
with i = 1, 2, ..., c ∗ b + 1.
There are two values should be considered, it is Pibest and Gibest , Pibest is the best
solution that it h particle has discovered so far. Gibest is the best global solution, which
means that Gibest is the best solution found by the whole swarm. These values will
be updated based on the optimization of the objective function F , and the process of
moving the particles will change the value of the objective function F . In each iteration,
if the movement of the particles optimizes the objective function F (the smaller objective
function), then the location of the particle will be saved by Pibest ; the particle that causes
the objective function F to reach the smallest value then the location of that particle
will be saved by Gibest .
An important issue in the PSO algorithm is the selection of parameters. Parameters c1
and c2 represent the influence of the best particle solution and the best global solution.
These two parameters are normally set to 2.05 as suggested in the original document
of the PSO algorithm. [10]. Parameter ω is the inertia parameter. This value indicates
the rate of change in velocity of the particle during moving, common values range from
zero to one. And r1 , r2 is the random number in the range (0,1).
Details of implementation steps of the hybrid approach of semi-supervised fuzzy
clustering and particle swarm optimization method for remote sensing imagery analysis
(SFCM-PSO):
Algorithm 3: SFCM-PSO algorithm
Step 1: Initialize swarm
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1.1 Calculation c centroids: V ∗ = [v1∗ , v2∗ , ..., vc∗ ] by the formula 5.
1.2 Set the constants: Maximum loop number T , t = 0, c1 , c2 , ω, r1 , r2 , ε.
(0)

(0)

(0)

(0)

1.3 Create random locations of particles v1 , v2 , ..., vc∗b and vc∗b+1 (m(0) ) within
the limits from vmin to vmax .
(0)

(0)

(0)

(0)

(0)

1.4 Create random velocity of particles: vt1 , vt2 , ..., vtc∗b and vtc∗b+1 (vtm )
within the limits from vtmin to vtmax .
1.5 Calculate the value of U by the formula 8.
Step 2: Hybrid algorithm of semi-supervised fuzzy clustering and PSO
2.1 t = t + 1
(t+1)

2.2 vi

(t)

(t+1)

= vi + vti

2.3 Update F by the formula 9.
2.4 Update Pibest and Gibest .
(t+1)

2.5 vti

(t)

(t)

(t)

= ω ∗ vti + c1 ∗ r1 ∗ (Pibest − vi ) + c2 ∗ r2 ∗ (Gibest − vi )

2.6 Update the value of U by the formula 8.
(t+1)

2.7 If max( uik

(t)

− uik ) < ε or (t > T ) then go to step 3 else go to 2.1.

Step 3: Finished
3.1 Given U = [uik ].
3.2 Defuzzification and assign pixels to the cluster: if uik > ujk for j = 1, 2, 3, ..., c
and i 6= j then xk is assigned to cluster i.
Note that if the objective function of formula 1 is optimized, the SFCM-PSO algorithm becomes the FCM-PSO algorithm.
Compared to the FCM algorithm, in the SFCM-PSO algorithm, the calculation in
steps 2.2, 2.4 and 2.5 is quite simple. Obviously, the compute complexity of the SFCMPSO algorithm is similar to the FCM algorithm.

4. Experiments
Experiment on the FCM [1], SFCM [18], FCM-PSO and SFCM-PSO algorithms.
The PSO algorithm: c1 = c2 = 2.05; ω = 0.9 and decrease to 0.1 when the maximum
number of loops (generation number) is reached T = 10000. With FCM and SFCM, the
maximum number of loops is set to 100, m = 2 and experimental results were averaged
over 10 runs of the algorithm.
Remote sensing imagery is the Landsat and the Spot imagery. Fig.1(a,b) displays the
original images. These are two distinct areas of land-cover one of which is city center
and the other is mountainous. The data is clustered to 6 classes as follows: Class 1:
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Rivers, ponds, lakes
; Class 2: Rocks, bare soil
; Class 3: Fields, grass
;
Class 4: Planted forests, low woods
; Class 5: Perennial tree crops
; Class6:
.
Jungles
The clustering results have been evaluated by some validity indexes including Bezdek’s
partition coefficient index (PC-I) [19], Dunn’s separation index (D-I), Classification
Entropy index (CE-I), S index (S-I), CS index (CS-I) [20], Xie-Beni index (XB-I) and
τ index (T-I) [21]. Large values are with indexes PC-I and D-I for good clustering
results while small values with indexes DB-I, CE-I, CS-I and S-I for good clustering
results.

(a)

(b)

Fig. 2. Data study: a) Hanoi center area; b) Chu Prong area

4.1. Experiment 1
Experimental data from Landsat-8 OLI image is region center of Hanoi, Vietnam (see
Fig. 2a) with 8 image bands, so the number of particles is 49. The size of each image
band is 512x512 and the number of pixels is 262.144. The number of samples labeled
is 7982; 327; 78; 97; 142 and 56 for class 1; 2; 3; 4; 5; 6 respectively. Test results on
the SFCM-PSO algorithm show that m = 2.18642, on the FCM-PSO algorithm show
that m = 2.08265 corresponding to the minimum value of the function F .
Fig. 3(a,b,c,d) shows land-cover classification results for Hanoi area by 4 algorithms
including FCM, SFCM, FCM-PSO and SFCM-PSO, respectively. Detailed statistical
data are shown on Table 1 and Table 2.
Table 1 show that the SFCM-PSO has better quality clustering than the FCM, SFCM,
FCM-PSO algorithms in most cases. Accordingly, the SFCM algorithm gives the best
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(a)

(b)

(c)

(d)

Fig. 3. Hanoi area dataset: a) FCM; b) FCM-PSO; c) SFCM; d) SFCM-PSO

clustering result at S-I index with value 0.543766; the SFCM-PSO algorithm is 0.545145
while SFCM-PSO algorithm gives better clustering results than other algorithms in the
index PC-I, D-I, DB-I, CE-I, CS-I.
Table 2 shows the correct classification rate on labeled pixels. The results show that
the proposed method (SFCM-PSO) gives the highest accuracy rate, especially with class
1 (Rivers, ponds, lakes) with the accuracy of 99.949% while the class 6 (Jungles) for the
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Table 1. Validity indices obtained for Hanoi area of FCM, SFCM, FCM-PSO and SFCM-PSO
Methods
FCM
SFCM
FCM-PSO
SFCM-PSO

S-I
0.767353
0.543766
0.687522
0.545145

XB-I
0.175231
0.187632
0.157295
0.128746

PC-I
0.687263
0.779824
0.576231
0.782632

CE-I
0.562283
0.498472
0.389745
0.319768

D-I
0.198275
0.276914
0.321874
0.348723

T-I
12.983643
10.037451
9.917653
9.187425

CS-I
0.037862
0.088651
0.108743
0.128743

Table 2. Results of the percentage area of Hanoi area
Class
1
2
3
4
5
6
Sum

Samples
7982
327
78
97
142
56
8682

FCM
True
7343
284
60
69
97
42
7898

%
91.994%
86.850%
76.923%
71.134%
68.310%
75.000%
90.970%

True
7954
313
70
86
122
49
8594

SFCM
%
99.649%
95.719%
89.744%
88.660%
85.515%
87.561%
98.986%

FCM-PSO
True
%
7783 97.507%
297
90.826%
67
85.897%
76
78.873%
114
80.282%
48
83.928%
8386 96.567%

SFCM-PSO
True
%
7978 99.949%
320
97.247%
73
93.589%
94
94.845%
137
96.479%
50
89.286%
8654 99.608%

lowest accuracy with 89.286%. This indicate a confusion between the planted forests,
low woods; perennial tree crops; and the jungles. The average accuracy of the total
number of pixels labeled is 99.608% for SFCM-PSO algorithm, 96.567% for FCMPSO algorithm, 98.986% for SFCM algorithm and 90.970% for FCM algorithm.
4.2. Experiment 2
The second experiment is selected in area of Chu Prong district, Gia Lai province
(Central highlands of Vietnam, see Fig.2b) with 3 image bands, so the number of
particles is 19. Remote sensing data used in the classification is the SPOT-5 multispectral
image. The number of samples labeled is 261; 129; 172; 82; 102 and 93 for class 1; 2; 3;
4; 5; 6 respectively. Test results on the SFCM-PSO algorithm show that m = 2.37864,
on the FCM-PSO algorithm show that m = 1.94764 corresponding to the minimum
value of the function F .
Fig. 4(a,b,c,d) displays the clustering images obtained when running each of the
algorithms for Chu Prong area. The results in Table 3 show that the SFCM-PSO has
better quality clustering than the FCM, SFCM, FCM-PSO algorithm.
Table 3. Validity indices obtained for Chu Prong area of FCM, SFCM, FCM-PSO and SFCM-PSO
Methods
FCM
SFCM
FCM-PSO
SFCM-PSO
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S-I
0.976452
0.786532
0.797625
0.687265

XB-I
0.463852
0.277341
0.221844
0.187651

PC-I
0.338713
0.397653
0.427562
0.538762

CE-I
0.376192
0.327897
0.297846
0.276122

D-I
0.089362
0.168431
0.148914
0.187235

T-I
11.687542
9.876745
8.915434
7.287652

CS-I
0.187465
0.366524
0.476524
0.468753
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(a)

(b)

(c)

(d)

Fig. 4. Chu Prong area dataset: a) FCM; b) FCM-PSO; c) SFCM; d) SFCM-PSO

In tables 3, the FCM-PSO algorithm gives the best clustering result at CS-I index
with value 0.476524; the SFCM-PSO algorithm is 0.468753 while the other clusters
show the SFCM-PSO algorithm for better clustering.
Table 4 shows the correct classification rate on labeled pixels. The results show that
the proposed method (SFCM-PSO) has the highest accuracy rate, especially with class
1 (Rivers, ponds, lakes) with the accuracy of 99.617%, while the class 5 (perennial
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Table 4. Results of the percentage area of Chu Prong area
Class
1
2
3
4
5
6
Sum

Samples
261
129
172
82
102
93
839

FCM
True
242
110
127
72
80
74
706

%
92.720%
85.271%
73.837%
87.805%
78.431%
79.570%
84.148%

True
259
121
167
81
97
89
815

SFCM
%
99.234%
93.798%
97.093%
98.780%
95.098%
95.699%
97.139%

FCM-PSO
True
%
258
98.851%
117
90.697%
160
93.023%
77
93.902%
89
87.255%
83
89.247%
787
93.445%

SFCM-PSO
True
%
260
99.617%
126
97.674%
170
98.837%
80
97.561%
98
96.078%
90
96.774%
825
98.093%

tree crops) for the lowest accuracy with 96.078%. The average accuracy of the total
number of pixels labeled is 98.093% for SFCM-PSO algorithm, 93.455% for FCMPSO algorithm, 97.139% for SFCM algorithm and 84.148% for FCM algorithm.
Through two experiments above, based on the indicators S-I, XB-I, PC-I, CE-I, D-I,
T-I, and CS-I, in most cases, the proposed algorithm SFCM-PSO is for better results
other algorithms FCM-PSO, SFCM, and FCM. Furthermore, based on the labeled data,
the results classified by SFCM-PSO algorithm for accuracy 99.608 % with Hanoi area
and 98.093% with Chu Pong area. This percentage is reduced by the SFCM, FCM-PSO
and FCM algorithms.

Fig. 5. The value of the objective function F by Hanoi area

Fig. 5 and 6 show the changes in the value of the function F by the number of
iterations by 2 areas Hanoi and Chu Prong.
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Fig. 6. The value of the objective function F by Chu Prong area

5. Conclusion
In this research, the PSO optimization technique is used to optimize the centroid
of clusters and the fuzzy parameter in the semi-supervised fuzzy clustering algorithm.
Good performance of the semi-supervised fuzzy clustering method in PSO for such
remote sensing image data shows that it may be motivated to use this algorithm in
remote sensing image data processing applications. Experiments on two remote sensing
images of Hanoi area and Chu Prong area showed that hybrid method of semi-supervised
fuzzy clustering and particle swarm optimization method for remote sensing imagery
analysis (SFCM-PSO) for higher accuracy the FCM-PSO, SFCM and FCM algorithms.
This suggests that it is possible to use optimization techniques to improve the accuracy
of semi-supervised clustering algorithms.
In the future, the technique of multi-objective optimizations with other objective
functions needs to be studied. The next research being done in this direction by the
authors.
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MỘT TIẾP CẬN LAI GIỮA PHÂN CỤM MỜ
VÀ PHƯƠNG PHÁP TỐI ƯU HÓA BẦY ĐÀN
CHO PHÂN LOẠI LỚP PHỦ
Tóm tắt
Trong phân tích ảnh viễn thám, kỹ thuật phân cụm mờ bán giám sát giúp cải thiện độ
chính xác của phân cụm mờ không giám sát do bổ sung thêm một số dữ liệu được gán nhãn.
Tuy nhiên, các thuật toán này thường khó khăn trong việc lựa chọn tham số mờ và việc khởi
tạo các trọng tâm cụm, điều mà có ảnh hưởng đến kết quả của thuật toán. Trong bài báo này,
phương pháp tiếp cận lai giữa phân cụm mờ và tối ưu hóa bầy đàn dựa trên phương pháp
bán giám sát cho phân tích ảnh viễn thám (SFCM-PSO) được đề xuất nhằm khắc phục các
nhược điểm trên. Phương pháp này bao gồm hai phần chính: Sử dụng dữ liệu đã gán nhãn
trong hàm mục tiêu mới để phân cụm, và tối ưu hóa tham số mờ và trọng tâm các cụm bởi
thuật toán PSO. Trong nghiên cứu này, dữ liệu ảnh vệ tinh Landsat-8 OLI khu vực Hà Nội
và SPOT-5 khu vực Chư Prong (Gia Lai) được sử dụng để phân loại 6 đối tượng lớp phủ bề
mặt. Kết quả thử nghiệm được đánh giá bởi một số chỉ số bao gồm chỉ số S, chỉ số XB, chỉ
số PC, chỉ số CE, chỉ số D, chỉ số τ , chỉ số CS và được so sánh với các tập dữ liệu đã gán
nhãn, cho thấy kết quả phân loại là tốt hơn so với một số thuật toán khác.
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