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Last Time: Classification 1

A Rationale of land cover classification

A Scale of lanecover classificatiorit a X o n 0 mi
resol uti on. 0O

A Description of several lancover classifications
A Principles of classification

A Othermethods of classification
I Image segmentation
I Fuzzy set theory
I Ancillary information: DEM, Slope, others




This Time

A Lecture3 March:Classification I

ITWhat ever welasttimel n 0t cove

AUnsupervised algorithms
I K-means
I Isodata

I Supervised Classification
I Error Analysis (Accuracy Assessment)

A Lab: Classificationll:

I Training Samples lab will do a couple, you collect
iIndependently.



o Io  To Do Do Ix

Lab Preparation: Field Work

The lab will consist of collecting several training samples with the instructor.
Then, the claswill self-organize to classif¢cainesvilleimagery.
You will decidecollectively the classification scheme.

You will divide up the classes or the area and assign different people/group:
obtain the training samples.

Each person will gather 10 training samples to provide you with a decent
sample size.

You will e-mail to me the x/y (UTM easting and northing) location of the TS
and the land cover type you named it. | need these files by Tuesday, 2
November to prepare them for the lab on Wednesday.

You will createa supervised classification alL.andsat 7 TMsceneof part of
AlachuaCounty, and analyze the error during the following lab.



Unsupervised Classification Methods

A Many different algorithms.
ISit mi | ar t o n Cbiesgsterratics A n
inPatt er namajordiéld/onvestigation
In both mathematics and sciences.

A Jensen gives a good example called the
Chain Method, which you should read
(should read whole classification chapter 8).

A Jensen also describes the ISODATA
(Iterative SefOrganizing Data analysis
technigue) method, which ENVI, IDRISI,
and Imagine use.




UnsupervisedClassification:Spectrdllasses
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B Concrete
a

%’ + Plants @
" b
d
y
D
N Urban
B
4
I Water
R

<
/g

* Centroids BandxDN (e.g. Band 3 Red)

v
o

<



Unsupervisedlassification: Spectral Classes
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Figure 8-18 Original values of pixels 1, 2; and 3 as measured in Figure 8-19 The distance (D) in two-dimensional spectral space
bands 4 and 5 of the hypothetical remotely sensed between pixel 1 (cluster 1) and pixel 2 (cluster 2) in
data. ‘ the first iteration is computed and tested against the
value of R, the minimum acceptable radius. In this
Req uires several in pUtS: case, D does not exceed R; therefore, we merge clus-

ters 1 and 2 as shown in the next illustration.

R - radius distance to determine when to create a new cluster.
C - spectral space parameter for merging clustamw far apart can cluster be?
N - number of pixels to be evaluated between each iteratimerging



UnsupervisedClassification: Spectral Classes
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Figure 8-20 Pixels 1 and 2 now represent cluster 1. Note that the

location of cluster 1 has migrated from 10, 10 to 15,
15 after the first iteration. Now, pixel 3 distance (D)
is computed to see if it is greater than the minimum
threshold, R. It is, so pixel location 3 becomes cluster
2. This process continues until all 20 clusters are
identified. Then the 20 clusters are evaluated using a
distance measure, C (not shown), to merge the clus-
ters that are closest to one another.

30
O
W ending §OO O
% 20 = ending
wn P o
= @ Cluster #2
£ & @) beginning
=i
R =
E” 10 O
2 b d
Cluster #1
beginning
0 !
0 10 20 30 40
Band 4
Brightness Value
Figure 8-21 How clusters migrate during the several iterations of

a clustering algorithm. The final ending point repre-
sents the mean vector that would be used in phase 2
of the clustering process when the minimum dis-
tance classification is performed.

Source:Jensen 1996



Unsupervisedlassification: Spectral Classes

Cluster Means for TM Bands 2 and 3 Cluster Means for TM Bands 3 and 4
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Figure 8-23 The mean vectors of the 20 clusters displayed in Fig- Figure 8-24 The mean vectors of the 20 clusters displayed in Fig-
ure 8-22 are shown here using only bands 2 and 3. ure 8-22 are shown here using only band 3 and 4 da-
The mean vector values are Summarized in Table 8- ta. The mean vectors values are summarized in Table
9. Notice the substantial amount of overlap among 8-9. Compare the spatial distribution of these 20
clusters 1 through 5and 19. clusters in the red and near-infrared feature space

with what is expected in a typical perpendicular veg-

etation index as discussed in Chapter 7 and Figure 7-
Source:Jensen 1996 4l "



UnsupervisedClassification: Information
Classes

Source:Jensen 1996



