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FIGURE 9-45. Visualization of hyperspectral image data by spatial spectrograms. A
vertical profile of the display is the spectrum measured for the pixel in that column of
the given line. These displays are equivalent to horizontal slices through the
hyperspectral image cube (Fig. 1-7). Similar displays could be made along image
columns or any arbitrary image profile. The horizontal noise lines are at atmospheric
absorption bands. The display is much like the visualization of a single line of BIL-
formatted data, shown in Fig. 1-12 of Chapter 1. The same format is also produced

directly by a 2-D array imaging spectrometer.
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FIGURE 4-5. Visualization of a three-band multispectral image pixel DN, as a vector
in three-dimensional space.
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FIGURE 4-6. Three-band scatterplots of bands 2, 3 and 4 of a TM image, viewed from
three different directions. Only every 20" sample and line of the image are used to
calculate these scatterplots, so that they are not too dense. Every dot in the scatterplot
represents one or more pixels with a particular spectral vector. Note that the image

data occupies a small fraction of the total DN volume.
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FIGURE 4-7. Reduction of 3-D scatterplots to 2-D scatterplots by projections onto the
three bounding planes. The 2-D scatterplots provide multiple views of the data, but do
not contain all the information that exists in 3-D.
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FIGURE 4-9. Two-dimensional scattergrams with density coded as grey levels and
displayed as surfaces. The data are from the TM image of Fig. 2-13. Note the two
bright “clusters” of pixels at the bottom of the DN4 versus DN2 and versus DN3
greyscale representations. These are from the Briones (left) and San Pablo (right)
Reservoirs. The units of the surface plots are number of pixels per DN.
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FIGURE 9-1. The data flow in a classification process.
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FIGURE 9-2. Classification as a data compression technique. The training step of
Fig. 9-1 has been previously performed to create the codebook. The left column is the
encoding stage that takes place at the source transmitter, and the right column is the
decoding stage that takes place at the receiver. The decoded image may or may not be

a perfect reconstruction, as discussed in the text.




‘ o
high separability low separability

FIGURE 9-3. Two possible situations for training data in feature space and candidate
decision boundaries. If the training classes are highly separable, there are many
potential decision region partitions that can separate the classes without error; either
the solid or dashed lines would do equally well. If the training data from different
classes overlap, then a smooth decision boundary is impossible without

misclassifications. The exact form of the decision boundary is then critical to the
classification error.
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FIGURE 9-4. One way to view the difference between hard and soft classification. In
both cases pixel spectral vectors from the multispectral image are passed through the
decision space for labeling. In a hard classification the decision is “winner-take-all,”
with only one label being permitted at each pixel. In a soft classification, the decision
is multivalued, with the possibility of more than one label per pixel. Each label has an
associated likelihood of being correct. These likelihoods can be interpreted in a
number of ways, one of which is that they indicate the proportion of each category
within the pixel, a la the mixing model discussed in Sect. 9.8.1.
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FIGURE 9-5. The L;, Ly, and ANG distance measures depicted for two vectors in 3-D.
Note that ANG, the arc-cosine of the normalized inner (dot) product of the two vectors,
is independent of the length of either vector. This property makes it useful for
classification of data that is not corrected for topographic shading (refer to Fig. 4-38).




Distance measure

TABLE 9-3. Distance measures between two distributions in feature space. The city
block, Euclidean, and angular measures ignore the covariances of the distributions.
The normalized city block and MH measures are extensions that include covariance
information for each class. The last five measures assume normal class
distributions for a and b. All of these distance measures are scalars. Derivations of
the normal distribution-based distance measures can be found in many books on
statistical pattern recognition, including (Duda and Hart, 1973; Swain and Davis,
1978, Richards, 1993)

name formula
¥
city block Ly = |u,—Hyl = z [0k = iy
k=1
T 172
L: = ||p'u_|'l.'i o [U'lr.’ —p'b) (pﬂ'_“h”
Euclidean K N 142
= [ Y, (my—my, )“j|
k=1
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angular ANG = acos et
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divergence
1 - - £
+ i;r[(q,' + C;,‘)(IJ“ = Hp)(Hg — Hp) ]
transformed I -D/8
divergence Die2(l-e ]
Bhattach B = ‘yms! F(Cu" C,,)z’2|1
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fid=fopen('paris.lan’,'r'’);

fseek(fid,128,-1);

A=fread(fid,[512*7 512],'uint8");

for i=1:7
Cub(:,:,)=A(512*(i-1)+1:512%,:);

end
a0 K

100
150
200 B8
250
300
350
400

450

500 Original image

a0 100 150 200 250 300 35ﬁ 400 450 500



fori=1:512
for j=1:512
dis(1)=norm(shiftdim(Cub(i,j,:))-m1);
dis(2)=norm(shiftdim(Cub(i,j,:))-m2);
dis(3)=norm(shiftdim(Cub(i,j,:))-m3);

Euclidean Distance

. Y, k]=min(dis);
o class(i,j)=k;

150 ; end

200 end

250 | figure

imagesc(class)

350
400

450 |

i
50 oo 180 0B 2500 300 350 400 450 500



fori=1:512
_ _ for j=1:512
City Block Distance dis(1)=sum(abs(shiftdim(Cub(i,j,:))-m1));
dis(2)=sum(abs(shiftdim(Cub(i,j,:))-m2));
dis(3)=sum(abs(shiftdim(Cub(i,j,:))-m3));

&0 [Y k]J=min(dis);
10a classl1(i,j)=k;
end

15|_| _|| - - end

200 figure,imagesc(classl)

250 i

350
400

450

50 00 160 200 250 300 360 400 450 500



K-means clustering
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FIGURE 9-6. An idealized data distribution during three iterations of the K-means
clustering algorithm with the nearest-mean decision criterion. The data is depicted as
three distinct clusters, with the current, estimated mean vector for each class located
at a, b and c. The initial “seed” locations are equidistant along the feature space
diagonal. In the bottom figure, the movement of the estimated cluster means is shown.




Ll
'|'r1

%
.I.—...—_

net mean migration (DN)

T

mTTT
a E

r
[

oo Lgilii sl liasaleasadosaaliaagl

[ o]
wd
£
h

iteration

FIGURE 9-7. Typical behavior of the net mean migration from one iteration to the
next in the K-means algorithm. The plot is for real image data.




Example

FIGURE 9-8. Final cluster maps for different numbers of clusters.
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FIGURE 9-9. Band 4 versus band 3 sc&rrergmms for Fig. 9-8 with the final cluster
means. The new cluster center that first appears for K equal to 6 represents
vegetation.
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FIGURE 9-10. Residual magnitude error maps between the original image and the
approximation given by the cluster mean DNs. Note the greatly reduced error in the
crop fields when six or more clusters are used.
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K-mean M=rand(7,3)*255; %-A"g{HE+¢ < B
fori=1:512
for j=1:512
for k=1:3
. dis(k)=norm(shiftdim(Cub(i,j,:))-M(:,k));
S end
100 b [Y,m]=min(dis);
i class(i,j)=m;
N end
s end
2508 Sf figure
s imagesc(class)
| %%% Fri| 1B
=4 for i=1:7 F %"
B0 for k=1:3
4500
o i M(i,k)=sum(sum(Cub(:,:,i).*(class==k)))/nn
S00p . . B T O . m z(class==k);
al oo 10 208 2800 3000 30 400 450 500 end

end



NN L 47 & &
M1=zeros(7,3)
while sum(sum(abs(M-M1)))>1
M1=M;
fori=1:512
for j=1.512
for k=1:3
dis(k)=norm(shiftdim(Cub(i,j,:))-M(:,k));
end
[Y,m]=min(dis);
class(i,j)=m;
end
end
figure,imagesc(class)
drawnow
for i=1:7
for k=1:3

M(i,K)=sum(sum(Cub(:,:,i).*(class==k)))/nnz(
class==k);
end
end
end
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FIGURE 9-39. Simple example to illustrate spatial mixing. A synthetic scene consisting
of three types of objects was created at a pixel size of one (upper left). Simulated
images were then generated by spatial averaging over a range of GIFOVs. The
percentage of mixed pixels for various GIFOVs is shown in the bottom graph.
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FIGURE 3-3. Detectability analysis for a single target at two different contrasts to the
surrounding background and an idealized sensor. The squares represent the area
sampled by a single GIFOV. The minimum-area detectable target results in a one DN
difference from the background. Note that the target does not have to be centered in
the GIFOV (if the sensor response is uniform across the GIFOV); the spatially-
integrated signal will be the same for any internal location. For the same reason, the
shape of the target cannot be discerned from a single pixel. If the target is linear, such
as a road or bridge, then the shape may be inferred by the context of several pixels. A
case in point is Fig. 3-2.
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FIGURE 3-4. The effect of spatial phasing between the pixel grid and the ground
target. Four adjacent GIFOVs are shown and the target area is 50% of the GIFOV
area. On the left, the target fills 12.5% of each GIFOV. On the right, the target
occupies 30%, 5%, 2%, and 13% of the four GIFOVs. The location of the grid is
unpredictable prior to imaging any given scene; it could be anywhere withint 1/2
pixel interval with equal probability. The imaging of long linear features can
sometimes allow precise measurement of the phase to a small fraction of a pixel.




one GIFOV:

class a: 65% area, spectrum E,
class b: 20% area, spectrum Ej,

"/% /W\ ZL\’\:FT jé’. class ¢: 15% area, spectrum E_

Linear |\/||X|ng Model total spectrum at pixel: DN =0.65E, + 0.20E, + 0.15E,

--------- Kentucky Blue Grass
......... Dry Red Clay (5% water)
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FIGURE 9-40. The linear mixing model for a single GIFOV. The boundaries between
objects can be any shape and complexity; only the fractional coverages and individual
spectral reflectances are important. An example using the speciral reflectance data of
Chapter 1 is shown below. The mixed signature has lost most of the characteristic
vegetation “edge” at 700nm.




FIGURE 3-2. Example of sub-pixel object detection. This is part of a TM band 3 image
of San Francisco showing the Berkeley Pier. The pier is 7m wide and made of
concrete. An older extension of the same width, but made of wood with a lower
reflectance than concrete, is barely visible. (Acknowledgments to Joseph Paola for
providing details on the size and construction of the pier.)
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FIGURE 3-5. A contrast-enhanced enlargement of Fig. 3-2 and DN profile plots along
three adjacent scanlines near the center of the pier, illustrating the sample-scene
phase effect. The pier’s profile is different in each line. (The linear interpolation

between individual pixels is only to aid visualization of the graph)
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fori=1:512
for j=1:512
abd(i,j,;)=inv(M*M)*M"*shiftdim(Cub(i,j,));

300 5o
A0p

&00

o0p - o
SO0 B B,

e e end
e e end
. a| figure
- ] fori=1:3
iy subplot(2,2,i)

W 0 w0 @0 a0 imagesc(abd(:,:i))
end
colormap(gray)
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FIGURE 9-22. Maximum-likelihood decision boundaries for two Gaussian DN
distributions in one dimension. The class statistics are: |, = 34, 6, = 9, [, = 50,
gy, = 4. Note the decision boundary on the right is not visible in the upper graph
because of the ordinate scale, but becomes clear in the discriminant function graph
below.
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FIGURE 9-23. Maximum-likelihood decision boundaries for three classes in iwo
dimensions, with Gaussian distributions for each class. The boundaries are quadratics
in 2-D. Their dependence on the covariance matrices of the individual classes is
shown in (Duda and Hart, 1973).
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FIGURE 9-24. Nearest-mean decision boundaries for three classes in two dimensions,
using the L,-distance measure. Distance thresholds could be implemented either as in
the level-slice algorithm, or as circular boundaries, centered at each class mean, at a

specified radius.
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FIGURE 9-25. Nearest-mean classification results in image and feature space.
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FIGURE 9-26. Maximum-likelihood classification results in image and feature space.
Note the disjoint decision regions for the class “light soil” if no probability threshold
is used. A threshold limits the distance from the mean. The threshold is specified as the
percentage excluded volume under the Gaussian model distributions of each class.
The fact that a low threshold of 1% results in such a large population of unlabeled
pixels implies that the distributions for each class are highly localized near their
means.
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Cl=(reshape(Cub(318:322,51:55,:),25,7))*(
reshape(Cub(318:322,51:55,:),25,7))/25
SRR -m1*m1’

B~ PR E C2=(reshape(Cub(279:281,265:270,:),18,7))
*(reshape(Cub(279:281,265:270,:),18,7
))/18-m2*m2";

C3= (reshape(Cub(225 230,291:300,:),60 X 7))
*(reshape(Cub(225: 230 291: 300 1),60,7

o ))/60-m3*m3"
200 [ |
100 el for i=1:512

' for j=1:512

400

: y(3)=1/sqrt((2*pi)7*det(C3))*exp(-
500 M

: 1/2*(shiftdim(Cub(i,},:))-

100 200 300 400 500 100 200 300 400 500 m3)*inv(C3)*(shiftdim(Cub(i,j,’))-m3));

y(2)=1/sqrt((2*pi)\7*det(C2))*exp(-
1/2*(shiftdim(Cub(i,},))-

#o m2)*inv(C2)*(shiftdim(Cub(i,j,:))-m2));

1 / ' ] y(1)=1/sqrt((2*pi)*7*det(C1))*exp(-
200} 4 , T 1/2*(shiftdim(Cub(i,},:))-
r - R—— m1)*inv(C1)*(shiftdim(Cub(i,j,:))-m1));

g ¥ ey il abd(i,j,:)=y/sum(y);

- .
400} / ' ) end
e S end

100 200 300 400 500 fori=1:3

subplot(2,2,i)
imagesc(abd(:,:,i))
end
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FIGURE 9-42. Three possible choices for endmembers for the classes “dark soil,”
“light soil,” and “crop.” The inner triangle is defined by the supervised class means
used earlier. The middle triangle is defined by extreme pixels along each DN axis. The
outer triangle contains all the pixels, but the endmembers are not actually present in
the image. Only the outer triangle is consistent with Eq. (9 — 26).
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