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Abstract

The rapid development of artificial satellites has led to an explosion of remote sensing data
sources. Centralized storage of large data sources is becoming increasingly complex, and
decentralized storage solutions on distributed systems are increasingly gaining attention.
Traditional data mining techniques have become obsolete and are no longer suitable for
solving large, multidimensional, distributed data problems. These datasets, for some reasons
such as security, data transmission, privacy, etc., cannot be shared directly between
computers but can only share information about cluster structure. This article presents a semi-
supervised fuzzy c-means clustering algorithm based on the collaborative clustering model
(CSFCM) on distributed systems applied to the problem of land cover classification from
remote sensing data. The proposed model aims to solve the problem of land cover
classification where remote sensing data is decentralized and stored on a distributed system
of computers connected via the network. Experiments on four optical satellite image datasets
show that the proposed method provides significantly better results in both classification
quality and classification time compared to local clustering on individual datasets. This result
suggests that developing collaborative model-based data analysis algorithms can help solve
the problem of remote or distributed remote sensing image data analysis.

Keywords: Land cover classification; remote sensing imagery; distributed systems; collaborative clustering.

1. Introduction

With the rapid development of satellite science and technology, many remote
sensing data sources are collected and stored (big data) [1]. From multiple sources and
scales, complex structures and large volumes have led to an overload of centralized
storage systems. The current solution for storing large data sources is to divide them into
smaller datasets and store them in a distributed manner on a network of interconnected
computers [2]. Data processing, therefore, requires the development of algorithms and

* Corresponding author, email: maidinhsinh@Iqdtu.edu.vn
DOI: 10.56651/lgdtu.jst.v7.n02.876.sce

171


mailto:maidinhsinh@lqdtu.edu.vn

Section on Special Construction Engineering - Vol. 07, No. 02 (Dec. 2024)

methods that enable decentralized data analysis on distributed systems [3]. This approach
can have a significant impact on data clustering, especially when the datasets are related.
If these datasets are related, clustering on one dataset can impact and influence clustering
on other datasets. However, these datasets cannot be clustered centrally for many reasons,
such as data privacy, security, transmission, etc. To address these challenges, it is
necessary to develop solutions that effectively handle distributed data issues. This
approach is important to overcome the limitations of centralized storage and ensure
efficient data clustering.

Collaborative data clustering is a tool to find structural similarities between data
samples located in multiple distinct regions based on the expansion of the objective
function and the fuzzy clustering method of the fuzzy c-means clustering algorithm [4].
Pedrycz introduced collaborative fuzzy clustering to find structures and similarities
between distinct datasets (distributed) [5]. There are two important characteristics of
collaborative fuzzy clustering. One is that detailed information in datasets cannot be
exchanged; only information about cluster structure can be exchanged. The second is to
consider whether clustering on this dataset affects clustering on other datasets.

Nowadays, parallel and distributed computing is one of the research directions
many scientists are interested in [6, 7]. Parallel and distributed computing is an important
tool in reducing the execution time, and it can be suitable for detecting objects on the
land's surface in real-time or near real-time from airborne and space-based platforms to
support immediate decision-making. This paper [6] reviews recent advances in anomaly
detection from hyperspectral remote sensing images and their implementation using
parallel and distributed systems. Wu et al. provide a survey of state-of-the-art methods
for processing remotely sensed big data and thoroughly study existing parallel
implementations on distributed systems [7]. Feng et al. presented a study on applying
distributed cloud computing architecture in hyperspectral remote sensing image
classification based on big data on the Spark platform [8].

Research by O'Reilly et al. shows that a distributed anomaly detection model in
many different network infrastructures can provide better results than a centralized
model [9]. Li et al. proposed to build a distributed file system to manage remote sensing
image data, taking ordinary files as the data model and TCP as the data transmission
model [10]. Experiments show that the proposed distributed file system has stable read
and write performance compared with existing systems. Wang et al. proposed an
innovative distributed collaborative method (DCM) for training remote sensing image
classification, showing that the proposed training method has better collaborative learning
ability than the centralized model [11]. Obtaining a comprehensive view of the entire
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flooded area is an urgent issue in flood disasters. Xie et al. proposed a near-real-time
flood mapping system for automatic flood mapping with remote sensing image data and
related computational algorithms exploited in a collaborative environment [12]. Li et al.
designed and implemented a distributed parallel processing system for multi-source
remote sensing data based on a distributed cluster platform [13]. The system connects
several satellite data centers, serves several applications, and implements dynamic scaling
integration for high-performance quantitative remote sensing products.

The article proposes an algorithm for classifying land cover objects from remote
sensing images on a distributed system based on semi-supervised fuzzy c-means
clustering [14, 15] and a collaborative clustering model [4, 5]. This approach can
effectively solve decentralized data analysis problems, taking advantage of the power of
multiple computers on a distributed computing system. To experiment with the proposed
method, we use four optical remote-sensing image datasets stored on four computers
connected to each other via the network. The experimental results show that the proposed
method gives better results in both accuracy and running time compared to performing it
individually on each dataset.

The article is organized into four sections: Section 1 is the introduction overview
of the research content; Section 2 introduces some related knowledge; Section 3 presents
results and discussion; Section 4 gives the conclusion.

2. Materials and methodology
2.1. Materials

Landsat multi-temporal satellite images, after being collected from the USGS
database are pre-processed to remove spectral and geometric errors. Remote sensing data
used in the study are Landsat-7 TM satellite images taken from central Hanoi and
surrounding areas north of Hanoi [16], including image scenes on September 30, 2009
(Fig. 1). Satellite images are collected at a time not affected by weather. Experimental
area coordinates from 104° 39' 01.9986" E, 21° 38' 13.7121" N to 106° 27' 53.6258" E,
20° 53' 43.6835" N. Satellite image size 1916 x 831 corresponding to 1,592,196 pixels.
Landsat satellite image data is classified into six layers corresponding to six
corresponding land cover class types as follows:

Class 1: IIIIE Rivers, lakes, ponds.

Class 2: BN Vacant land, roads.

Class 3: Field, grass.

Class 4: I Sparse forest, low trees.
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Class 5: I Perennial plants.
Class 6; I Dense forest, jungle.

Fig. 1. Landsat image data in Hanoi area and surrounding areas on September 30, 2009.

2.2. Methodology
2.2.1. Semi-supervised fuzzy clustering

In data clustering problems, semi-supervised clustering is a hybrid technique between
supervised and unsupervised clustering. The advantage of this technique is that it uses a
very small amount of labeled data to improve the accuracy of the clustering results. This is
very suitable for datasets that cannot be applied to supervised learning techniques due to
difficulties in labelling or having very little labeled data. Many of these studies are semi-
supervised c-means fuzzy clustering algorithms (SFCM) [14]. The objective function of the
algorithm is supplemented with information about the labeled data.

The SFCM algorithm model is to optimize the following objective function:
J.U vV’X):ZZﬂiT(dii"‘(Vi _Vi*)z) 1)
i=1 k=1
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where V' is the centroid computed from the labeled data, U =[g, ], is a fuzzy MF,

V =(V,V,,...,V,) is a vector of (unknown) cluster centers, X ={x,,x, eR" k=1,...,n},
d, =[v; —x||- With the following constraints:
m>10< g <L ) 4 =L 1<i<c;l<k<n )
i=1

The objective function J_(U,V, X) reaches the smallest value when and only if:

Vizz m(Xk+V)/Z o ©)
1(m-1)
PRy
: ‘”%{[d L —vr)Z]} @

Equation (3), (4) can be obtained based on the Lagrange multiplier theorem with
the constraints by objective function (2). SFCM algorithm will perform iterations
according to Eq. (3), (4) until the objective function J_(U,V,X) reaches the
minimum value.

2.2.2. Collaborative fuzzy clustering model on distributed systems

The idea of collaborative clustering is to locally cluster P subsets of data at
computers, the cluster centroids obtained after clustering are shared among computers to
calibrate the local cluster centroids. This process is repeated until all local cluster
centroids do not change significantly, then stop and give the final clustering result.

The collaborative fuzzy clustering problem has the objective function that needs to
be optimized as:

NT[ii] C P N[ii] C
Quiy = Zzuizk[“]dizk + i jj]ZZZ(uik =0, [ii / jiT)*dg ®)

The above objective function consists of two parts, the first part is similar to the
objective function of the FCM algorithm [15]. The second part describes the collaboration

information between datasets on computers. In the above objective function, d,, is the
distance between the k" pixel to the i*" cluster center. The parameter S[ii/ jj] represents
the cooperation coefficient between datasets. The larger the value of S[ii/ jj], the higher
the cooperation level, and the value A[ii/ jj]=0 represents that there is no cooperation

between datasets ii and jj. u,[ii] is the fuzzy partition matrix of object k into cluster i in
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dataset ii. G, [ii/ jj] is called the collaboration fuzzy partition matrix of dataset jj into
dataset ii and is calculated by the formula:
2
e &S % iyl
a, i/ jjl= R (6)
‘ ; X, [ii]-v,[ji]
Using the Lagrange multiplier method to optimize the above objective function, we

have the following formula for calculating the fuzzy partition matrix and cluster centroids
on each data site:

}—1/(m—l)

[au[ii] - x,[iil)? + Alii / ji1(w[ii1-9, [i)?

()

uik[ii] =

) 1/(m-1)
§! 1
=\ alv il =X [iiD)* + Bl / jil(v[ii1-v; [ii])* }
N[ii]
D Ui liix [ii]+ Bl / ji1(u [ii]—a i / i)™, [ii])
Vi [“] =k NTii] (8)
D (il + plii / jil(u, fii] =g, [ii/ jiD™)
k=1
The fuzzy partition matrix of the objective function must satisfy the constraint that
the sum of the memberships of an element in clusters in the same dataset is equal to 1 as

NTii

follows: U ={u,, e[O,l],ZC:uik[ii]=l, vk; 0< Z[:]uik[ii]< N[ii], Vi}.

The results performed on the data sites have collaborated to calculate the global
centroid, which is sent back to the data sites for calculation in the next phase.

After performing clustering on the data sites, the global cluster center is calculated
by summing the local cluster center values as follows:

Clii]

> i
V. = ii=1 9
' Clii] ®)
where V ={V,,i=1,..,C} is the global cluster centroid of the entire dataset,
viii] = {v[ii],ii =1,...,C[ii]} is the local cluster centroid of the ii'" sub-dataset. C[ii] is the

number of clusters of the ii" sub-dataset. In this study, the number of clusters (classes) in
the sub-datasets is the same.

A peer-to-peer distributed system type follows a decentralized organization. Each
device can operate as both the client and server. Computer network applications use a
peer-to-peer system to organize processors that communicate with each other but
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maintain separate local memory bases. The programs and servers in this network all have
the same privileges, access and functions and communicate at the same level without a
hierarchy. The computers used in the experiment have the same configuration, Intel Core
i5 2.99 GHz, Windows 10 operating system, 16GB RAM, NVIDIA graphics card with
4.0GB device memory and Visual C** programming environment. During the
experiment, the connection, sending and receiving of data between computers using
TCP/IP protocol is used to identify and communicate between computers.
2.3. Proposed method

Figure 2 shows the proposed model on a distributed computer system. The initial

data is divided into 4 small datasets and placed on 4 computers connected to each other
via a network.

Remote sensing image data NDVI image data

band4 — band3

NDYl= band4 + band3
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Fig. 2. Proposed model on the distributed system.
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Given a remote sensing image dataset X =X, X,,....,X, with x,,1=1,...,n being the
pixels. The dataset X is divided into P sub-datasets D[1], D[2],..., D[P], where each sub-
dataset contains N[1],N[2],..., N[P] pixels. The P subsets are stored on P different
computers and are connected to each other via a network (Fig. 2).

The proposed CSFCM algorithm consists of 2 phases, phase 1 is the local clustering
step using the semi-supervised fuzzy c-means clustering algorithm (SFCM), phase 2 uses
the results in phase 1 to perform the collaboration step between data sites on computers
in the network.

The steps to implement the CSFCM algorithm are detailed as follows:
Algorithm 1: The CSFCM algorithm
Input: Dataset X, ¢, and initialize the parameters m,7;a,b;e, £, the maximum

number of iterations T_ .. , the number of data site P, the number of items in each data site

max !

i is N[ii], the number of clusters in each data site ii is C[ii], the data item in each data
site X[ii]; t=0.
Output: Clustering results.
Begin
Phase 1: Locally clustering
1.1 Put P data sites on different computers.
1.2 Run SFCM algorithm for each data site (at each computer).

Phase 2: Collaboration
2.1 REPEAT

211t=t+1.
2.1.2 Compute global cluster centroid V ={V,,i=1...,C} by Eq. (9).
2.1.3 Send the global cluster centroid result V to all computers.
2.1.4 At each computer DIii]: t[ii]=0
a. Repeat
+ tfil] =t[ii]+1;
+ Compute local fuzzy membership matrices U“C™[ii] by Eq. (7).
+ Compute local cluster centroids V'T'™[ii] by Eq. (8).
b. Until max(v™[ii]—v™"[ii]) < & or t[ii]>T_, (Stop condition 1)
2.2 UNTIL max(V® -vi?P)<¢ OR t>T__ (Stop condition 2)
End.
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The collaborative process is to share the local clustering results on the sub-datasets
and recalculate the global centroid for the entire dataset. Next, use the global centroid to
cluster locally on the sub-datasets, and the results are shared again to calculate the global
cluster centroid. This process is repeated until the cluster centroid changes insignificantly
or the number of iterations reaches the maximum, then stop and return the clustering
results. From this clustering result, use the labeled data to assign clusters to the
corresponding land cover classes.

2.4. Accuracy assessment

In this study, we use some cluster quality evaluation indexes such as Partition
Coefficient (PC), Partition Entropy (PE) [17]. The larger the PC and the smaller the PE,
the better the clustering result.

l C N
PC==>>ui (10)
N i=1 k=1
1 C N
PE=—=>">"u,Inu, (11)
N c=1 i=1

The article also uses labeled data to evaluate the accuracy of experimental results.
The accuracy of the classification results is calculated by the formula:

Overall Accuracy = l:]l -100% (12)

in which the total number of labeled samplesis N”, and the number of correctly classified

labeled samples is n’.

3. Result and discussion

In each sub-dataset, we take 50 sample pixels to label each land cover class. The
total number of sampled pixels for the entire dataset is 1,200 pixels. The parameters

chosen for the experiment are m=2, stop condition & =107, maximum number of
iterations T, =1000. The sub-datasets have the same role in the whole dataset therefore
the cooperation coefficients between datasets S[ii/ jj]=1. Labeled data is used for the
SVM, RF, SFCM, CSFCM algorithms.

Figure 3 is the classification result on four computers using the proposed CSFCM
algorithm. It can be seen that the classes are relatively clear, especially class 1 describing
rivers, lakes, and ponds.
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Results on computer 1 Results on computer 2

Results on computer 3 Results on computer 4
Fig. 3. Results of land cover/land use classification at the computers.

Table 1 shows the results of land cover classification using SVM, RF, SFCM and
CSFCM algorithms according to the PC, PE, Overall Accuracy and Running time indices.
Overall, it can be seen that the proposed CSFCM method gives the best results in all the
indices. Figure 4 is the result of land cover classification using the CSFCM algorithm
after synthesizing the classification results on 4 computers (4 sub-datasets).

Table 1. The comparison of classification results of different algorithms

No. Index Algorithms
SVM RF SFCM CSFCM
1 PC 0.6643 0.7648 0.8183 0.8209
2 PE 0.5589 0.5476 0.4928 0.4876
3 Overall Accuracy 90.41% 94.12% 95.88% 96.09%
4 Running time 8m28s 9m30s 15m32s 5m46s

For the PC index, the CSFCM algorithm gives a value of 0.8209, while the other
algorithms achieve 0.8183 with SFCM, 0.7648 with RF and 0.6643 with SVM. The PE
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index achieves 0.4876 with CSFCM, 0.4928 with SFCM, 0.5476 with RF and 0.5589
with SVM.

Fig. 4. Results of land cover/land use classification in Hanoi area and surrounding areas.

The Overall Accuracy index calculated on the entire dataset (not calculated
separately on each sub-dataset) also shows that the proposed CSFCM algorithm gives
much higher accuracy than other algorithms. Specifically, the CSFCM algorithm has an
Overall Accuracy value of 96.09%, while the other algorithms are 95.88% with SFCM,
94.12% with RF and 90.41% with SVM, respectively.

The two semi-supervised clustering algorithms, CSFCM and SFCM, outperform
the two conventional machine learning algorithms, SVM and RF. The proposed CSFCM
algorithm performs best on all four metrics, followed by SFCM and RF. The SVM
algorithm performs worst among the four experimental algorithms.

For the Running time index, the proposed algorithm gives the smallest execution time
among the four experimental algorithms with a time of 5m46s. It is almost 3 times faster
than the SFCM algorithm. The execution time of the SVM algorithm is 8m28s, the RF
algorithm is 9m30s, while the SFCM algorithm has the highest execution time at 15m32s.
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From the above experiments, the application of data analysis problems based on the
collaborative model of distributed systems not only reduces the calculation time but also
improves the accuracy. This also shows that the research in the article has a lot of potential
for development, expansion, and application in practice.

4. Conclusion

This article presents a collaborative semi-supervised fuzzy clustering (CSFCM)
algorithm on distributed computing systems for land cover classification from satellite
image data. The proposed algorithm allows the clustering of data placed on multiple
computers, sharing clustering results to improve accuracy without sharing raw data.
Moreover, the algorithm also helps reduce computation time since the computation is
performed on computers in the network instead of being performed centrally on a single
computer. Experiments on land cover classification from Landsat-7 TM remote sensing
data using SVM, RF, SFCM, and CSFCM algorithms show that the proposed CSFCM
method gives faster classification results and achieves higher accuracy than other
algorithms. The results also show the potential of the research direction of developing
collaborative clustering/classification models for decentralized or distributed data
analysis problems. In the future, we will develop collaborative data analysis algorithms
applicable to large, distributed remote sensing datasets on cloud computing platforms.
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AP DUNG THUAT TOAN PHAN CUM C-MEANS MO
BAN GIAM SAT DUA TREN MO HINH PHAN CUM CONG TAC
DE PHAN LOAI LOP PHU PAT TU ANH LANDSAT-7

Mai Pinh Sinh', Nguy&n Tuin Kiét?, L& Chi Hiéu?, Trinh L& Hung*
Wien Ky thudt cong trinh ddc biét, Truong Dai hoc Ky thudt Lé Quy Dén
2L ép Pia hinh quan sy Khéa 56, Truong Pai hoc Ky thudt Lé Quy Dén

Tém tit: Sy phat trién nhanh chéng cua céc vé tinh quan sat trai dt da dan dén sy bung né
V& c&c ngudn dir liéu vidn tham. Viéc luu trit tap trung cac ngudn dir liéu 16n ngay cang tré nén khé
khin, cac giai phap luu trit phi tap trung trén cac hé thong phan tan ngay cang duoc chi y nhiéu
hon. Cac k¥ thuat khai pha dit lidu truyén thong da tro nén 18i thoi va khong con phd hop dé giai
quyét cac van dé dir liéu 1on, da chidu va phan tan. Céc tap dit liéu nay vi mot vai Iy do nhu bao
mat, dudng truyén dit liéu, tinh riéng tu... nén khdng thé chia sé truc tiép giita cac may tinh ma chi
c6 thé chia s¢ thong tin vé& cau tric cum. Bai béo trinh bay maot thuat toan phan cum c-means mo
ban giam sat dya trén mo hinh phan cum cong tac trén cac hé thong phan tan &p dung cho bai toan
phan loai I6p phu dét tir dir liéu anh vién tham. M6 hinh dé xuat nham giai quyét van dé phan loai
I6p pha d4t ma di liéu anh vién tham phi tap trung duogc luu trit trén mot hé thong phan tan cac may
tinh duoc két ndi qua mang. Cac thir nghiém trén bén tap dir liéu anh vé tinh quang hoc cho thay
phuong phap dé xuat mang lai két qua tot hon dang ké ca vé chat lugng phan loai va thoi gian phan
loai s0 v&i viéc phan cum cuc bo trén cac tap dit liéu riéng lé. Két qua nay cho thay viéc phat trién
céc thuat toan phan tich dir liéu dya trén md hinh cong tac co thé gilp giai quyét tét van d& phan
tich dir liéu anh vién tham tir xa hodc phan tan.

Tir khéa: Phan logi I6p phui; anh vien tham; hé thong phan tan; phan cum céng tac.
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