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Abstract

In this study, parallel processing codes of k-means clustering algorithm were developed and implemented in
a PC-cluster for unsupervised classification of large satellite images. We implemented intra-node code using
multicores of CPU (Central Processing Unit) based on OpenMP (Open Multi-Processing), inter-nodes code
using a PC-cluster based on message passing interface, and hybrid code using both. The PC-cluster consists of
one master node and eight slave nodes, and each node is equipped with eight multicores. Two operating systems,
Microsoft Windows and Canonical Ubuntu, were installed in the PC-cluster in turn and tested to compare
parallel processing performance. Two multispectral satellite images were tested, which are a medium-capacity
LANDSAT 8 OLI (Operational Land Imager) image and a high-capacity Sentinel 2A image. To evaluate the
performance of parallel processing, speedup and efficiency were measured. Overall, the speedup was over N /2
and the efficiency was over 0.5. From the comparison of the two operating systems, the Ubuntu system showed
two to three times faster performance. To confirm that the results of the sequential and parallel processing
coincide with the other, the center value of each band and the number of classified pixels were compared, and
result images were examined by pixel to pixel comparison. It was found that care should be taken to avoid false
sharing of OpenMP in intra-node implementation. To process large satellite images in a PC-cluster, code and
hardware should be designed to reduce performance degradation caused by file I / O. Also, it was found that
performance can differ depending on the operating system installed in a PC-cluster.
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for (iter = 0 to nMaxlter) // iteration

for (i = 0 to nRow * nColumn) // through all pixels
for (j = 0 to nClass) // through all classes
for (k = 0 to nBand) // through all bands
Dist[j] = Distance from Pixel[i] to Centerfj]

// calculate the Euclidean distance from pixel i to class center j

Classli] = argmin(Dist[j]) // classify pixel i to class j which minimizes the distance
if (isChanged(Class[il)) // if Pixel[i] is classified to a different class

nChanged++ // count no. of reclassified pixels

nPixel[Class[i]]++ // count no. of pixels of class j

update Center[Class[i]] // update the center of class j
if (nChanged < nMaxChanged) // ending condition

break

Fig. 1. Pseudo codes of k-means clustering (modified from
Han(2017))
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for (iter = 0 to nMaxlter) // iteration
#pragma omp parallel for private(i, j, k, c) reduction(+:nChanged)
//implementation of multi-thread
for (i = 0 to nRow * nColumn) // through all pixels
Classli] = argmin(Dist[j])
// classify pixel i to class j which minimizes the distance
if (isChanged(Classlil)) // if Pixelli] is classified to a different class
nPixel[Classli]]++ // count no. of pixels of class j
update Center[Class[i]] // update the center of class j

Fig. 2. Implementation of intra-node parallel processing
using OpenMP (modified from Han(2017))
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Fig. 4. Global and local declaration of nPixel[] and
Center|] variables (modified from Han(2017))

for (i=0 to nClass) // through all classes
for (j=0 to nThread) // through all cores
for (k = 0 to nBand) // for all bands
Centerfi] += Center_localli] // update global center using local ones
nPixel[i] += nPixel_localli] // update global no. of pixels using local ones
Centerfi] = Centerlil/nPixelli] // recalculate class center

Fig. 4. Recalculation of class center (modified from
Han(2017))
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Table 1. Specifications of systems

AMD FX - 8150 eight cores @
CPU 3.60GHz
Master 32 GB (DDR3)
RAM node
Slave node 16 GB (DDR3)
HDD 512 GB (7200 rpm)
Master | Windows server | Ubuntu desktop
node 2008 18.04
08 Ubuntu server
Slave node Windows 7 18.04
Compiler Visual studio 2010  g++ (mpicc)
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Table 2. Parameters of k-means clustering

Number of

classes (= k) 10
Max. number of
iterations 100
Termination 1.5% of pixels moved to different
condition classes

Table 3. Specifications of satellite images

Satellite sensor LANDSAT 8 Sentinel 2A
OLI
Image size 868.38 MB 18.92 GB
Row 7841 30978
Column 7691 40980
Number of 7 8
applied bands (1,2,3,4,5,6,7) | (2,3,4,5,6,7,8,8A)
Ground sampling 30m 10 m (5,6,7,8A
distance resampled)
Radiometric 16-bit 16-bit
resolution

<l

Fig. 7. LANDSAT 8 OLI image

Fig. 8. Sentinel 2A imge
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Table 4. Running time, speedup, and efficiency for LANDSAT 8 OLI (number of iterations = 9)

C Windows system Ubuntu system
Codes s Runnin Runnin
(nodes) time g Speedup Efficiency time g Speedup Efficiency
Sequential 1 271.37 N/A N/A 94.60 N/A N/A
Intra-node 8 (1) 51.39 5.40 0.67 19.07 4.96 0.62
16 (2) 27.07 10.25 (1.90) | 0.64 (0.95) 9.95 9.51 (1.92) 0.59 (0.96)
Hybrid 32(4) 14.03 19.77 (3.66) | 0.62 (0.92) 542 17.45 (3.52) | 0.55(0.88)
64 (8) 8.81 31.48 (5.83) | 0.49 (0.73) 3.05 31.02 (6.25) | 0.48(0.78)
Table 5. Running time, speedup and efficiency for Sentinel 2A (number of iterations = 15)
C Windows system Ubuntu system
Codes s Runnin Runnin
(nodes) time g Speedup Efficiency time g Speedup Efficiency
Sequential 1 12210.51 N/A N/A 3739.62 N/A N/A
Intra-node 8 (1) 2053.53 5.95 0.74 874.30 4.28 0.53
16 (2) 1363.53 8.96 (1.51) 0.56 (0.75) 454.15 8.23(1.93) | 0.51(0.96)
Hybrid 324 684.56 17.84 (3.00) | 0.56 (0.75) 232.39 16.09 (3.76) | 0.50 (0.94)
64 (8) 38891 31.40 (5.28) | 0.49 (0.66) 127.65 29.30 (6.85) | 0.46 (0.86)
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Table 6. Running time comparison of sequential and
hybrid codes for LANDSAT 8 OLI

Sequential | Hybrid code A/B
code (A) (B) (speedup)
. 5.30 1.78
File I/0O = 191%) (=2020%) 2.75
Classification 272.07 7.03 3870
loop (=98.09%) | (=79.80%) )
Total 271.37 8.81 31.48

Table 7. Running time comparison of sequential and

hybrid codes for Sentinel 2A
Sequential | Hybrid code A/B
code (A) (B) (speedup)
. 331.50 152.31

File I/O ©271%) = 39.16%) 2.18
Classification| 11879.01 236.60 5021

loop (=97.29%) | (=60.84%) ’
Total 12210.51 388.91 31.40

ulR|akO 2 sequential &, intra-node =, T12]1! hybrid
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