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Seed clustering can be a time consuming process and requires specific human skills
and experience to place a large number of seeds into several groups. The goal is to establish certain
groups of seeds with similar physical charateristics in a group. It was more effective to cluster seeds
automatically to reduce time and improve efficiency. The challenge of establishing
a clustering algorithm to determine the number of clusters and computational efficiency to cluster
data into the correct groups. This research aimed to study the clustering algorithms and approaches
to select the number of clusters as well as the evaluation of the feature selections. Davies-Bouldin
and Average distance within centroid were the performance vectors chosen to evaluate the accuracy

from the experments. The seed data used in the experiement were obtained from the UCI database.

The experiment using the data mining modules from Rapid Miner Studio 7.6
showed that the performance vector can be used to evaluate the accuracy of the clustering
algorithm, but was not always correct in terms of an evaluation of clustering algorithms as it
was falsely shown that the coefficient of variation could improve the clustering accuracy
performance. The kmean algorithm is the best clustering algorithm in comparision to the DBscan

algorithms for the UCI seed dataset.
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2.8.1. Euclidean distance
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2.8.2 Cosine similarity
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2.12 Rapid miner studio7.6
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2.12.3 Clustering (k-means)
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2.12.4 Clustering (DBSCAN)
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2.12.5 Performance
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2.12.6 Aggregate
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1 56 58 1 a2 40 2
2 54 54 2 3 22 9
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4.2 NM59N feature selection
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@ Y o 1 1 9 A I 1 oA A
“a991n 18%1n0151189nquA0 k-mean naziden k=3 1uarnanga azu
o = 1 . 1 A A 1 . 1 I [ dy
MINIIANYIANNUANAIUDY Attribute @113 ) 71 k=3 1119971 Attribute Tat1aziudaaed
nanlumsutiangu Fee1avihldanisnda Attribute V198299105 clustering 97
TanusudoursinsmulIvuanad
'd
4.2.1 m3lddualszansvoanisualsiu (coefficient of variation)
91 - . . A =4 1 9
M5 1¥A1 CV (Coefficient of variation) LW@Lﬂ%EJ‘IJmﬂﬂﬂiiﬂ’izmﬂ’izﬁmwﬂga
= & D] ~ P 1 A qug I
nunaNviga Taslsmsnseumeunsnizaievesvoyaszriiga o lgiunasluns
A . A I 1 d't;‘ Y I3 XK 1 1 ] [ 1 9
1@ Attribute 119391NITUANT IRIAUDINIIVUANAIVDINTLHSHITENINNQUUTDYAUDI
' . v ' - h i . ' < f o
Tuusag Attribute #9a1 CV (Coefficient of variation) nlAnTeszuanslmfiuI dnyazves
9 ' . ~ VoY = ' A ° . Z v d P
doyalunaaz Attribute Ianuuanananuiios 33 lumuzhaziii Attribute uan ldilunm i

Tumsuiangu

Attribute Mean | Std | CV
1. area 14.848| 2.903| 0.196
2. perimeter 14559] 1303| 0.089
3. compactness 0.871)| 0.024/.0.027
4. length of kernel 5.629|0442| 0.079
5. width of kernel 3.259|0377|0.116
6. asymmetry coefficient 3.7001 1500| 0.405
7. length of kernel groove | 5.408| 0.490| 0.091

AN152NOU 26 AUBI Coefficient of variation 1111AAY Attribute

nnnsneuN 26 uaaan1ued Mean, Standard Deviation t1ag Coefficient

. . 1 . 4 a o i
of variation Tunaag Attribute e 19 1umslinsizdanyuz doyan1adu (feature selection)

<3 1 . { 4 @ I v W
aztiu 1a11 Attribute 91 3 ¥ “compactness” Huni Tiunvzdneeniududy

4

usn 1ilesnniiA1ves Coefficient of variation 111U 0.027 dngadanadwinlana il

AUATUDY

< 4 oo . &
NgANDINYGUNY Attribute 81
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PerformanceVector tribute e || e || e
1. area 14.848 2903 0.196
PerformanceVector:
2. perimeter 14,559 1.303 0.089

Avg. within centroid distance: 2.041

Avg. within centroid distance_cluster_0: 2.008 3. compactness 0.871 | 002 [ 0.0Z7
Avg. within centroid distance_cluster_1: 2.083 |4 length of kemnel 5629 0.442 0.079
Avg. within centroid distance_cluster_2: 2.035 |5 .idth of kernel 325 | 0377 | 0.116
Davies Bouldin: 0.928 = B
6. asymmetry coefficient 3.700 1.500 0.405
no feature
7. length of karnel groove | 5408 0.4%0 0.091
Accuracy Total
193 210

MNsgnen 27 millliﬁ1 feature selection

A Yy I3 K 1 ., R ~ Y g‘/

1NANNUszneun 27 Lmﬂﬂwmum A1 coefficient of variation NAYITAADDINUU
A . A ' s A P~ 1 o A ' S o

A9 Attribute ¥891 “compactness” 183910 WA CV NNV 0.027 IIBYAT Accuracy Nanbue

1 ' 9 9 2 o I - ) oA
NITLUNNGUUBDIVDUAYNABILI3 VINUAANWUTNINNUA 210 LUAA FIA Davies Bouldin 41

T w A (% J 9y =X o a 4 1 1 1 9 .

ININUY 0.928 tUBAA Attribute ONUAIINNINITIAUATICUNITULUINGY I@]ﬂul,iJGlﬂf Attribute

» .0 q Y ¥ a ¢ o A
“‘compactness Ml ldnansinsizn aanaaslunindsenoui 26

PerformanceVector
Attribute mean std v
Fexformancevector: 1. area 14808 | 2903 | 0.1
Avg. within centroid distance: 2.796
Avg. within centroid distance_cluster 0: 3.018(9 perimeter 14559 | 1.303 0.089
Avg. within centroid distance_cluster 1: 2,542
Avg. within centroid distance cluster 2: 2.881|d. length of kernel 5.629 | 0.442 | 0.079
Davies Bouldin: 0.753
feature 3 5. width of kernel 3259 | 0377 | 0.116
Accuracy | Total | [6. asymmetry coefficient | 3.700 | 1.500 | 0.405
191 210 7. length of kernel groove [ 5.408 | 0.490 | 0.091

NNY5ZNOU 28 NS feature selection AN “compactness”

A o . = o & . A
NNNMNYIZNOUN 28 LEAAINANIITN feature selection NITINTAA Attribute o

7 “compactness” [HaganyazNIULIINGUVad Tag 991nA1 Avg. within centroid distance
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feature selection danalin1suianguuesdoya laUAINFADUNINTIUY HANDIIAT

A AaX = Y1 ' ' ) EY
Performance vector ¥A1MNAYU D3LLA1 Accuracy VOINTTUVINQUUDIVOYAYNADI 191 N
& o 2% S &
WAaaNUTTNTUR 210 LHAANATY
v [l

HAIVTINUUNINITNA[DINITN feature selection ﬁ?ﬂﬂWﬁ@]ﬂ Attribute ’314 9 Iﬂﬂ
o A dy - . 2 A o w o 1 .. . A9
AALNNUUATIAS 1 Attribute Gﬁﬂliﬂﬂa’lﬂﬂiuﬂ’li@]ﬂﬂWﬂﬂ’l Coefficient of variation NUAUDY
d' (% d' Ad' Iy d' 9 1 1 =< 1T v A a
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Davies-Bouldin itag Avg. within centroid distance

4.3 ArUMsUsziliumave Davies-Bouldin 1182 Avg_within_centroid_distance

Performance Vector

Ave. centroid distance| |Ave. centroid distance| |Ave. centroid distance| |Ave. centroid distance| |Ave. centroid distance| |Ave. centroid distance|
2041 1.475 1.269 1.112 0.886 0.219
Davies Bouldin Davies Bouldin Davies Bouldin Davies Bouldin Davies Bouldin Davies Bouldin
0.928 0.845 0.837 0.830 0.811 0.775

No Cut feature feature 3 feature 3,4 feature 3,4,2 feature 3,4,2,7 feature 3,4,2,7,5
Accuracy| Total Accuracy| Total Accuracy| Total Accuracy| Total Accuracy| Total Accuracy| Total
193 210 191 210 191 210 190 210 189 210 184 210
Cluster | Error Cluster Error Cluster | Error Cluster | Error Cluster Error Cluster Error
0 q 0 10 0 10 0 8 0 9 0 13
1 5 1 q 1 5 1 8 1 8 1 8
2 8 2 5 2 a 2 q 2 4 2 5

ANsznou 29 MIfSeuMeuranIsii feature selection 98 Coefficient of variation

A ~ o . S Y
naMnYszneui 29 uaasmsifFeuReunanisn feature selection aztdin 1@
1 Ao A X o I o
91 WITUIU Error “l‘u cluster_0 tNNVUIN 4 ITUIU 1 13 91UIU, cluster_1 aaAad1n 5
o A J o A g ° A o . A
NUI maodu 4 ag cluster_2 afaad91n 8 1UIU wiaelu 5 MUY WoeA Attribute ¥9"
compactness”, "length of kernel", "perimeter", "length of kernel groove" tta e "width of

kernel" mud1au 921471 Davies Bouldin NiiA119ead1i011 feature selection daaana 1y
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[ 1 9 = ] o d’f o - o I v v Aa
NITUINNQUUDIVDYANAITUUNUITNINUU Iﬂ&lmi“}m Coefficient of variation ﬁlzgﬂum’mm
o (3 v A d‘ [ A . S o dy
f‘TTViTLImiﬁﬂﬁ‘lﬂmﬂﬂ’(]ﬂumimﬂﬂ Attribute ¥ANU
gﬂ d' o U . ‘ﬁ' ”
ATIN 1 NMINTAA Attribute ¥ “compactness
A = o Y . oA 1 o =2 1A
Lu’memJﬂHﬂu 0 VIﬂ‘ﬂfﬂ Davies Bouldin ¥AUNINU 0.845 HIANIUAN 0.083
) H 1
A59% 2 1IN13AA Attribute ¥ “length of kernel”
A A g o Y . = Y 2 A 1A
Wesndandu o ylva Davies Bouldin AUNINDY 0.837 FIUAUNUAY 0.008

24 o o , A , .,
ATIN 3 NIN1IAA Attribute ¥ “perimeter

A A o Y . . A 1w = 1A
Woeniandu o vl Davies Bouldin HAUNINY 0.830 FIANIUAY 0.007

9 H
v A o 9

A59N 4 M3Aa Attribute ¥ “length of kernel”
A A g o Y " ,ooAa 1w = 1A
Wesniandu o vilvia Davies Bouldin HAUNIAY 0.811 FIANIUAN 0.019
Y

A5 5 MMIAA Attribute %0 “width of kernel”

A A g o Y . = 1w 2 A 1T Aa
L‘Ll’ENflﬂﬂiJﬂ'lLﬂu 0 ﬂﬂﬁ?ﬂ Davies Bouldin ¥AUNINU 0.775 HIANIUAY 0.036

23 193
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2 190
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1 184
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4.4 MAiA DBSCAN Clustering

g o 9 Y a 4 o
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DBSCAN Clustering tilumatialunisiin Clustering danarsandiuiudeyaioglusaiin
Y

o =\ a S 0w v A . = [ 9 .
myua Taglnisiiwesndn WASUEpsilon RNGGRIMER] N133SYTANTDUIDYA LAS min

@

. A I o 9 v AR A [ A
points A9 Lﬂumﬁizummmmuuaglmﬁu FIPanyUzAINNYsznouN 31

Process Parameters
¢ - v Clustering (DBSCAN
) Process » 100%°2 P L 4o # H <] g ( )
epsilon 1.0
Read CSV Muitiply
. L g , { , min points 10
¢ QY oo ) o | { e t' o |
= n I . 3
i1 Aggregate /' add cluster attribute
ﬂ s
add as label
remove unlabeled
measure types NumericalMeasures v (I
numerical measure EuclideanDistance v

nmisgnou 31 N5 DBSCAN Clustering Tu Rapid Miner Studio7.6

Tunisnaaes DBSCAN 1dv1n15A1Muan1 parameters a4 ¢ 1oAY
] o 1 v o I .
HANTZNUUDY parameter ADNITIANGY FI310151a00 measure types 111U Numerical
A o 9 I (Y 9 [ 1 k4 .
Measures tiipaninanbazvoyaiunuuaiay Taslenisinnnuuana1adie Euclidean

distance ez Cosine Similarity wamsnaaosasuaadlunmilsznoun 31 uag 32
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cluster O cluster 0 cluster 1 cluster2 cluster 3 cluster & cluster 5

seeds 1 70 seeds | 54 (] 10 0 0 0
seeds 2 70 seeds 2 56 0 0 1e 0 0
seeds 3 70 seeds 3 a1 0 0 0 21 8
(a)
uster 0 uste uster £
seeds | 69 0
ceds 2 a 6 5
ceds3| 2 68 0
(c) (d)

AMilszneu 32 M3nfSeuiisy DBSCAN a8 “Euclidean distance” #1 Epsilon 0, 0.5, 1 U8 2

T@® minpoint N1V 5

1IN Mszneud 32 wan1sianguale DBSCAN Tasld Euclidean Distance
A 1 ; . ; I o w [ Y1
oA Epsilon, minpoint set 11U (a) 0,5 (b) 0.5,5 (c) 1,5 (d) 2,5 MUAIAL azrin 1
Y
Tunsuiiangy DBSCAN Clustering lauaaswa Confusion matrix vesdeyaasil
4 1 . . | o 1 I
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