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Section |. Introduction

Hyperactive is a Matlab graphical user interfac&l()Ghat can display multidimensional data
and analyze it by running different combinationloistering methods and distance measures.
Most of the functions (labeled with ST below) imstprogram require the Matlab Statistics
Toolbox. The hyperspectral imagdgban andTerrainwe have been working with can be
obtained from the site of US Army Topographic Emginng Center at
http://www.tec.army.mil/Hypercube

Thelndian Pinesdatasets can be obtained from the Multispec prognade by Purdue
Research Foundation at

http://cobweb.ecn.purdue.edu/~biehl/MultiSpec/
The 3 sample datasets are packaged as Matlablesatdi use with Hyperactive.

To start up the GUI, navigate to the folder contagrhyperactive.m and type "hyperactive" in
the Matlab command window. A Matlab window simitarthe one shown in Figure 1 should
appear. To use thdrban dataset, the mat file should be in the same faddryperactive.m.
The Hyperactive GUI consists of 3 panels illustrgtihe 3 basic steps of image classfication:
1. Load the original hyperspectral data.
2. Cluster the image data.

3. Compare the clustered result to ground truth data.
e
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Figure 1: Screenshot of Hyperactive GUI




Section Il. PANEL 1: Load Original Data

The original hyperspectral data should be loadatienViatlab workspace as a 3D matrix. The
user can load up the image from the workspace fangyin the variable name or use thiban
dataset. Once the data is loaded, the user calhtbrough the different bands with the slider
underneath the picture.

DELETE BAND This will delete the
current band shown in the display box.
However you may not retrieve nor operate
on the original data once it has been
deleted.

LOAD FROM WORKSAPCE This button
loads a 3D matrix from the Matlab

workspace. The name of the variable, as
is called in the workspace, should be typec
in the edit box to the left.

LOAD EXAMPLE This allows you to
automatically load the sample image.
This button assumes the data files

Urban.mat and Pines.mat are in the samge

folder as hyperactive.m.

COLORMAP The user can select the
_colormap (default gray) used to dlsplay_tl S
images. Note that the same colormap is
used simultaneously for all 3 panels.

yRrEP
PCA (ST) Perform dimensionality
reduction using Principal Componenents et -]
Analysis. The number of bands is reduc
to the dimension specified in the edit boX &

right (default 10). The running time for
PCA will be displayed in Panel 2.

—
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Figure 2: Load Panel

Section lll.  PANEL 2: Cluster The Image Data

Hyperactive includes basic clustering algorithnm@uding Nearest Neighbor, K-means, and
various agglomerative methods. After selectingdésired clustering method and
corresponding distance measure, specify the nuoflmusters you want. Press CLUSTER
to complete the command. Depending on system mertie agglomerative clustering



methods may not work on large image data. In &peements, we were unable to run

agglomerative clustering on images larger than B(isels.

- CLUSTERING METHOD Select the
desired clustering method from the pull-
down menu. The available methods are ;
listed below, with the methods required the &0
Statistics Toolbox denoted with (ST).
K-means (ST) -- Class centroids are initially
picked at random and each pixel is assigned 150
to the class with the nearest centroids. The
centroids are re-computed and the process <t
iterates until the class labels are stable.
Nearest Neighbor -- Supervised clustering
where each pixel is assigned to the class|of 300 k

Clustering Result

FaTh e a o
160 200 250 300

its closest matching representative. The 50 100

user will be prompted to click on K rUntime = 3 6539sac
representative points in the original image,

where K is the desired number of clusters. Clustering Method:
Average Link Agglomerative (ST) -- In [Nearest Neighbor |
agglomerative clustering, each point is _

initially assigned to its own cluster. Distance Measure:
Clusters are repeatedly merged by [Fuciean =]
minimizing an inter-cluster distance until

the desired number of clusters K is reached. MNumber of clusters = [ 4

In average link clustering, the inter-cluster
distance is defined as the average distance
between all points in the two clusters. ™ Add spatial coordinstes
Min Link Agglomerative (ST) -- The inter-
cluster distance is the minimum distance
between any two points in the clusters. M
link tends to produce contiguous clusters,
Max Link Agglomerative (ST) -- The inter- Figure 3: Clustering Panel
cluster distance is the maximum distance betwagnveo points in the clusters. Max
link tends to produce spherical or globular cluste

Ward's Method Agglomerative (ST) -- Clusters aregad to minimize the sum-of-
squared error (SSE).

Cluster | hode Filterl

Spatial Weight = 100

n Save ToWorkspace |

DISTANCE MEASURE The choice of distance d(x,y) between two pixedgnd y can have a
large effect on the clustering. The distance megsavailable vary depending on the selected
clustering method and the pull-down menu optiorisakiange automatically with the selected
method. The distance measures available includéidean, Cosine, Correlation, and L1-Norm.

NUMBER OF CLUSTERSThe desired number of clusters can be typeddrettit box (default
4). To compare th¥rban data to ground truth, K=4 clusters should be $etec



CLUSTER After the clustering method, distance measuré,rammber of clusters have been
selected, press the CLUSTER button. The clustenade will automatically appear in the Panel
2 axes and the running time is displayed belowpddeing on the image size, the clustering
method may take several seconds to several minutes.

MODE FILTER After a clustered image is obtained, noise careb®ved by smoothing the
image with a mode filter. The mode filter examities 3x3 neighborhood of each pixel and
replaces that pixel with the most frequent valueds). It is similar in principle to a mean or
median filter. However, the mean and median ateppropriate for qualitative data such as the
class labels in the clustered image. Similar nee@n/median filter, the mode filter is a very
simple way to remove possible outliers and smoattuoeven boundaries. As an illustration,
suppose the value 1 has the following 3x3 neightaah

5 2 5
2 1 5
5 5 5

After applying the mode filter, the value 1 in ttenter would be replaced by 5, the most
frequently occurring value in this neighborhood.

ADD SPATIAL COORDINATES Checking this box will append the spatial cooati#s (X, y)
to each pixel's spectral signature in the computatiThe amount of weight the spatial
coordinates have on the vector can be fine-tunesehing the spatial weight parameter
Given a spectral signax\f(x, y) at position (x,y), this will change the vector by

(uy,u,, K ,ug)® (u,u,,K ,ug,/x,7y)

The larger becomes, the more emphasis is placed on the lsghatence between pixels in the

clustering and the resulting classes should becoore contiguous. Numerical results showing
the effect of spatial weights will be shown in $&c$ V and VI.

SAVE TO WORKSPACEThis button will write the current classified igeto the Matlab
workspace. The user can then work in the commandow to further manipulate the variable
or save to afile.

Section IV. PANEL 3: Compare To Ground Truth Data

This box is design specifically to compare datawiiteUrban sample. It is pointless if you are
working with other image file. The original groutrdth of Indian Pine is not incorporated in
Hyperactive but can be obtained from the MultiSgige. The mat file Urban.mat contains a
manually labeled image corresponding toltlban dataset. This image can be seen in Figure 4.
Each pixel was carefully labeled by hand as benagg(orange), tree (green), road (dark blue),
building (light blue), or unknown (red). We takkestto be the "ground truth" labeling for the
Urban dataset and it can be used to evaluate the paafarenof the classification process.

LOAD LABELED URBAN DATA This will display the jpeg image that we consetband
manually labeled as road, building, grass and tiges image is not the definite ground truth,
however, it can be used to compare with the clumgeesult obtained.




EXTRACT URBAN SIGNALS This will show the Ground Truth
average spectral signature of the pixels with the
position we labeled in the ground truth as road,
building, tree and grass. A cursor will appear to
allow you to click on the original picture and
compare the spectral signature. Figure 5 shows
spectral signatures before and after PCA reductian.
Note the signals become very flat after PCA and
signals are distinguished by their relative amplgu
rather than their overall shape.

COMPUTE CLASSIFICATION RATE This
compares the clustering result with the labeled.dg # o
Let u(x) denote the clustered image and g(x) denpte 0 100 150 200 250 300
the ground truth image. Assume u(x) has been
classified with K=4 clusters and is labeled 1 tiylou
4. Assume the unknown region in g(x) is labeled|as
class 5. When comparing the images, we should
only compare pixels that are not labeled g(x)=5 in
the ground truth image. The classification rate is

Clazzification rate =60.0453%

[ Load Lakeled Urkan Data ]

computed as follows: | Extract Urban Signals |
_ ey S U()) = 9(x).9() * 5
Rate= rQ%X { ( #%Q(X) 1 3 } 100 [ Compute Classification Rate ]

where denotes a permutation of the labels chosen  Figure 4. Ground Truth Panel
from the permutation group,Pf the labels {1,2,3,4}. Checking over all per@utithns allows us
to compare images with qualitative arbitrarily-chogabels.

As an illustration of computing the classificati@ate, suppose in the matrix of the clustering
result the labels are 1 for road, 2 for buildingd 8 for tree. Suppose the clustered image matrix
u(x) is

1
u(x) = 3

Suppose in the ground truth image g(x), the lahedsl for tree, 2 for road, 3 for building, and 5
for unknown. Suppose the matrix g(x) is

(%) = 213

=5 o

Taking out the unknown value, the total # pixel6-& =5 and the number of pixels correctly
labeled in u(x) is 1. So the classification rateler this choice of labels would be 1/5=20%.
However, the choice of class labels is arbitrany #tre same class may have different values in
the two pictures. Checking all possible permotagiand taking the maximum classification
rate, the permutatios ={(1—%® 2)(3)(4)} gives 100% classification. After the classificati



rate button is pressed, the user can observe tibehgvg of the label colorings in the Panel 2
image.

Ground Truth Ground Truth Ground Truth
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Figure 5. Left: Extract signals before PCA, the shapes distished different objects. Middle
Extract signals after PCA, the magnitude distingessdifferent objects. Right: A point is
selected to compare with the reference signals.

Section V. Nearest Neighbor Clustering

Starting with K reference points, each represesiseific cluster. For each other pixels in the
data set, a distance matrix is computed with tFereace points. Finally, it is assigned to be with
the specific reference point that gives the minindistance. In our program, the user selects the
k reference points.

Below are some experiments running with NearesgjiN®r using théJrban data. To be
consistent in favor of comparing the clusteringifesghe following nearest neighbor
experiments are running on the same test pointssédhe test points, simply uncommented line
222 in the M-file.

Test points: P=[212,110;180,30;139,281;136,175]
The average running time for nearest neighborreetko four seconds on this data set.

A. Noisy Bands vs. Clean Bands

The originalUrban data consists of some noisy corrupted bands. Tied&ands are labeled
disable in HyperCube. To see the effect of noigydsaon clustering, we run Nearest Neighbor
on both data. We see some horizontal lines obsherscene in the picture due to noisy bands
(See Figure 6).We do not have a good boundary jettshin this picture because some of the
information is smeared away. Although the clasatfan rate is about 50 % comparing with
ground truth, probably due to the large area o$gra this picture, the relative error comparing
with the clean data is 26.88 %abs(50.5827-69.1795)/69.1795). The following eipent will be
done with the clean data set to get more meanimgfuilts.



Figure 6. Left: Without noise 69.1795 %. Right: With Noise.5827%

B. Principal Components Analysis

How much information do we get from the 162 cleamds? In hyperspectral images, 90 % of
the variance can be explained by the first few coments that have the highest eigenvalues. This
does not mean that the rest 10 % contained in tiher 00, 200 bands are not important. It
simply says the first few components have morermédion. Taking advantages of this fact, we
may run PCA, a common dimension reduction methad,rdduce data to simplify the
classification process. Running PCA takes aboubI®) seconds.

Original 69.1795 % D=100 64.5565% D=75 66.4009%




D=50 73.8769% D=10 73.8769% D=5 743%

Figure 7. PCA dimension reduction and classification réfe.. = dimension.)

C. Mode Filter

Running mode filter smoothes out the boundary dintireates possible outliers by examining
the 3 x 3 matrix of each pixel. For discussionho$ function, refer to section Ill. It is probably
not a good idea to run mode filter binban since the man-made buildings occupied relatively
small number of pixels. It might be treated asietgland got overwrite if running mode filter
too many times. Observe the smoother boundary &pptying mode filter in pictures below.

Original 69.1795% taration 70.0206% 2 iterati@®s00009%

Figure 8. Running mode filter on clean images without PCduetion.




No Mode filter 74.3117 % 1 iteration 74.0707 %

Figure 9. Running mode filter on clean images after PCA rédado 5 dimensions first.

D. Spatial Information

For the experiments above, the spatial coordiratesot taking into account. However,
sometimes the positions of the pixels with respethe reference points should be considered in
classification. For example, pixels closer to acefpereference point should be more likely to be
in a cluster with this reference point then furthefierence points. How much weight (lamlbdpa
should we give to spatial coordinates, shouldkié tan integer or real, should it be larger or
smaller than zero, vary for different data andedéht clustering methods. Notice how
meaningless the result is whiens too large in figures below. Also observe that 13 is too

large for both cosine and correlation, but not &b Ww1-Norm.

Original 69.1795 % | =50 39.5998 % | =3 69.9297 %

Figure 10. Effects of adding spatial coordinate on Nearesgh#or-Euclidean clustering.




Original 71.3754 % | =100 63.0408 % | =13 71.1366 %

Figure 11. Effects of adding spatial coordinate on NearesgN®or-L1 Norm clustering.

Original 73.177 % miada=13 61.0453 % lambda=2 78.3705%

Figure 12. Effects of adding spatial coordinate on Nearesgh®or-Cosine clustering.




Original 66.5214 %

lambda=13 54.5079 %

lambda= 2 71.935 %

Figure 13. Effects of adding spatial coordinate on Nearesgihaor-Correlation clustering.

Here is a table of different distance measures vatious spatial weight :

lambda Euclidean L1-Norm Cosine Correlation
0 69.1795 71.3754 73.177 66.5214
100 38.2417 63.0408 38.9438 38.1662
25 45.4636 71.153 51.2661 43.5415
13 58.972 71.1366 61.0453 54.5079
6 68.1971 70.7949 72.1136 63.8545
3 69.9297 70.8037 77.7035 69.4675
2 69.3416 71.0446 78.3705 71.935
1 69.3153 71.3414 75.3959 70.0381

Section VI. K-means Clustering

Starting with K centroids(default K=4), each pixehssigned to the class with the nearest
centroids, then the centroids are recomputed tn&iprocess is stable.

Below are some examples running with K-means withlilean Distance on the Urban data.
The average running time for this algorithm is aktbree to five minutes since the size of the

Urban data is large.
A. Noisy Bands vs. Clean Bands

In Figure 14, we perform K-means on the Urban datia noise and without noise. On the left
image, there are some strip areas dues to noisisbadlearly, the image on the left is less
smooth than the image on the right. The classibioaate also improves by removing the noisy
from the Urban data.
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Figure 14 .Left: With noise 52.8958 %. RigWtithout Noise 56.336%

B. Principal Components Analysis

In Figure 15, there are two images. The one onettiés obtained simple by performing K-
means on the Urban data without noise, and theprike right is obtained by performing PCA
first and then K-means on the Urban data withoigenoThe average running time for
performing PCA first and then K-means is less tha@ minute, which is at least three times
faster than running K-means by itself. The righage is much smooth than the left image due
to PCA has smoothing effect.

Original 56.5691% D=10 61.7605%
5 5
ool | 100l
.| ] 150l
20 200
ol | 250l
) B R
Figure 15.PCA dimension reduction and classification rate=dinension)




C. Spatial Information

The spatial coordinate is useful, when considepthgtion of the pixels into clustering. The

size of lambda should be determined by the tygbeflata and clustering methods. To obtain a
better clustering result in our example, we onlgao test different lambda values. At lambda
equals fifty, the clustering result is meaningless.lambda decreases, the clustering results
become better and better.

| =50 41.592% [ =13 43.6843% =6  47.9038%

| =3 56.4848% | =2 56.4421% | =1 56.3347%

L L L L L L L L L L L L L L L L L L
EY 1m 10 0 20 0 D im 12 an = an 0 10 120 20 2 30

Figure 16. Effects of adding spatial coordinate on K-meanstering.




Section VII. List of Distance Measures and SamplPata

I q

Name Formula Description
Euclidean n *The spatial distance
(L2-norm) d(p,q):\/ (p, - qk)2 between two points

k=1 *Magnitude is important
*Where n is the number of dimensions and p_k
and g_k are the kth components of p and g
Correlation | «g(p,q)=1 . oV P.4) *Measure of the linear
Coefficient s(p):-s(q) relationship between the
Covariance attributes of the objects
1 " «Correlation is always in thg
covp,g)=—~—  (P- M)@- m) range -1to 1
(n- ,1) k=1 1 and —1 means that p ang
Standard Deviation have a perfect(negative)
T linear relationship
s(p)= -m,)?
(p) J(n_l) (- m)
Cosine : *Measure of angle betweer
(Vector | *d(P.9)=1 - W pandq
Angle) ) *Magnitude is not importan
p-q= P Ak oO£d£1
k=1
Sample Data:

Figure 17 .Left: JPEGmage of Urban

Right: JPEG Indian Pine(7 bands)




Figurel8 Left:Ground truth of Indian Pine(220bands)Right:@rd truth of IndianPine(7bands
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