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Chapler 4

Sctl050|Sst1051] 5511052 SStl05 3| ssr1954 5511956 5511957
Numeric | Numenc | Numeric | Numeric | Numernc | Nume Murmeric | Humeric

" -0.246] -0.407] 0178 0113 0.196] -0.399] -0.3 0.271
. 0071 -0.385| 0262 0.08 025 -0175 0162 0.417
-0.087| -0363] 0277 0.092] 0292 -0185 0.122] 0.305
0.206] -0.364] 0281 0.054] 0.291] -0176] 0054 0.189
0320 -039] 0255 0015 0.273] -0187 002 0.08
0447 -0.412] 0.233] 0.006] 0.253] -0207| -0.009 0.013
-0.548| -D 438 u_zi 0.002] 0225 -0225 -0.048 -0.028
-0646] 0452 0188 0023 0.203] -u.% -0.082| -0.064
0.707] -0.451] 02011 0051] 0.186] -0276| -0.096 -0116
.0.743] -0468] 0177 0.034] 0.164] -0.303] -0.103] -0.208
0803 -0.521] 0106 -0.031] 0.121] -0.339] -0.144] -0.301
‘0873 -0.501] 0057 -0.108] 0074] -0.381] -0.188 -0.376
13 -0.013| -0628/ 0047 -0.153] 003 -0.41] -0.203] -0.415
14| 0878 -0595 0.075 -0.14 0.0 -0.435] -0.15( -0.412
15 0804 -0.517| 0103 -0.097] -0.027| -D457 -0157] -0.384
16 | -0.726] -0437] 0131 -0.044] -0.054] -0492] -0.129 -0.362
17 | -0.665 -0.363 0157 0.015 -0.088 -053 -0.085 -0.358
18 -0.616| -{:-.312! 0173 0068 -0.102] -056| -0032] -0.375

Table 4.1: Extract from the SST data matrix

nﬁsﬂﬂﬂﬂ'ﬁmhuhﬂlﬂ

Having some points in a metric space, and specific number of elusters K, the goal is to partition the
points into clusters €y, ..., Cy and find the cluster centers py, ..., be, in such a way that will allow
us to minimize some cost of clustering which is the maximum radius of its clusters Therefore, the
objective of our clustering analysis is to partition the observations of the SST data into groups that
are internally homogeneous and externally heterogenecus from group to group. The constitution of
homogeneous groups of abservations can be interpreted as a reduction of the dimension of the space

where the total number of observations are grouped into several subsets.

FARTHEST-FIRST

The final output of Farthest-First clustering is shown on Figure 4.1. This clustering approach
produced clusters that are spatially contiguous, and the geographically neighboring clusters represent
ocean areas with the relatively close SST values. The FF clustering technique that s used on S5T
data revealed relatively well-separated groups of data at various levels of detail and allowed the

cluster information to be displayed with good clarity.
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