Lars Information Note 050975

COMPUTER CLASSIFICATION OF
REMOTELY SENSED MULTISPECTRAL
IMAGE DATA BY EXTRACTION AND
CLASSIFICATION OF
HOMOGENEOUS OBJECTS

R. L. Kettig
D. A. Landgrebe

School of Electrical Engineering
Purdue University
West Lafayette, Indiana 47907

TR-EE 75-24
May 1975

The work reported in this report was conducted under sponsorship of
NASA Grant NGL-15-005-112 and NASA Contract NAS9-14016.



Lars Information Note 050975

COMPUTER CLASSIFICATION OF REMOTELY
SENSED MULTISPECTRAL IMAGE DATA BY
EXTRACTION AND CLASSIFICATION OF

HOMOGENEOUS OBJECTS

R. L. Kettig

D, A. Landgrebe

TR-EE 75-24
May 1975

School of Electrical Engineering
Purdue University
West Lafayette, Indiana 47907

The work in this report was conducted under sponsorship of NASA Grant
NGL~-15-005-112 and NASA Contract NAS9-14016,



LIST OF

LIST +OF

ii

TABLE OF CONTENTS

Page

TAB LES L) L] L] L] L] L] L) ® L] L] L] L) L) . L ] L) Ll L] L) L] iv
ELGURES o2 e of wiime & % imenc i w5 @ o 2 v
ix

BBSTRACT = cio s s o & n s o 8 & ok & sem n-@mes “m s b

CHAPTER
1.4
1.2
1.3

CHAPTER

20l
2.2

2.3

1 INTRODUCTION « v o v o v v e e e e e e e e 1

Pattern Recognition Systems . . ¢« ¢« ¢« « « =« o = 1
Remote Sensing of Earth's Resources . . . . . . 5
RellatedFWork < in s s kot & @ % %ee 0w & s B s s 9

2 CITASS LENCATION o ot et s e e e e e e . 14
Statistical Model of Multi-Spectral Scanner Data 14
No-Memory Classification . « « « « « o « o « o & 18
2.2.1 Maximum A-Posteriori Probability (MAP)

Strategy . . . o 5 A w ot o« e 18
2.2.2 Maximum leellhood (ML) Strategy T 19
2.2.3 Generalized Maximum Likelihood (GML)

Strategy . . 5 e % . 20
2.2.4 Probability of Error for the GML Strategy 21
Sample Classification . . . s =ik et Bh e o e 25
2.3.1 Minimum Distance (MD) Strategy

- A Structured Approach to Classification 23

2.3.2 MAP and ML Sample Classification . . . . . 24
2.3.3 GML Sample Classification . . « &« « &« « =« 27
2.3.4 Maximum Likelihood vs. Minimum Distance . 28

CHAPTER 3. “tMAGE PARTITIONING . & & s % % . 5, % @ o & o 35

Jed
S

B

Partitioning LCZIC « ¢ ¢« ¢ ¢ o o o o« o o o « o & 35
Unsupervised Mode | o's i e « "w.% & s.m & & &= 39
3.2.1 Unsupervised Annexation . . ¢ « o« « « o =« 39
3.2.2 Unsupervised Cell Selection . . .+ « « « . L7
Supervised Mode . ¢ ¢« ¢« ¢ & o + o o o o o o o L8
3.3.1 Supervised Annexation . . ¢« v o o « o « 48
3.3.2 Supervised Cell Selection . . « « « « o . 52
3.3.3 Alternative Partitioning Logic . . . . . . 53



CHAPTER 4 CLASSIFICATION RESULTS . . . . . . . .

= E e eEE
¢ e *
O Ul = W DO =

Analysis Schemes . . . a L s & Ty
Run 71052800 - Crop Identlficatlon ' w

Run 72064412 - Classification of Satelllte
Run 71052501 - Forest Cover Mapping . . .
Run 72032803 - Classification of Satellite
General Observations . « ¢« « o« « o « « o o«

CHAPTER 5 CONCLUSION . ¢« ¢ ¢ ¢ ¢ ¢ ¢ o o o o« o &

5.1 Summary . o oy St b e e WP et LTe
5.2 Recommendatlonf for Further Work . . . .

LIST OF REFERENCES ¢« ¢ ¢« 4. ¢ o o o o o o o o &

APPENDICES

Appendix A: Spatial Correlation . . . « « « .
Appendix B: The Compound Decision Approach . .
Appendix C: Composite Classes . « « « o« o« o o
Appendix D: Field Listings . » ¢ « « « o o« o

.

Data

Data

° e o© »

e 9o o .

iii

55

56
61
86
98

111

124

123

129
131

133

136
157
155
162



Table

’4.2-1

h.z.

N

h,2.3

Lob,2
L.b.,3

L.b.h

L.b.5

LIST OF TABLES

Relative Influence of Each Class on Overall
Performance - Run 71052800 . . . . « « . .

Matrix of Average Error Rates (%) for Eight
Combinations of Significance Levels
= R 71052810050 = 6 e B s e as fe s e we s ae e

Matrix of Overall Error Rates (2) for Eight
Combinations of Significance Levels
=1 RunaZ 105281000 "0 0 i w L s L 2 i = e

Relative Influence of Each Class on Overall
Performance - Run 720645412 . . < « <« « & =& -«

Matrix of Average Error Rates (%) for Seven
Combinations of Significance Levels
- Run 7206“&12 - ° L] L] L] . L] L] L) L3 L) @ L) a

Matrix of Overall Error Rates (%) for Seven
Combinations of Significance Levels
= R R 5 A L ] e e el s el e e e,

Relative Influence of Each Class on Overall
Performance - Run 71052501 . . . . . . .

Classes Ordered By Generalized Variance. . . .

Matrix of Average Error Rates (%) for Four
Combinations of Significance Levels (MV mode)
- Run 71052501 . . . . .

Matrix of Overall Error Rates (%) for Four
Combinations of Significance Levels (MV mode)
o Run 71052501 L ] . - - . L ] . ° L ] - L] L] - - L] L)

Matrix of Average Error Rates (%) for Six
Combinations of Significance Levels (MUV mode)
- Run 71052501 . o . ° e . ® ° ° . . Y °

iv

Page

68

814

84

90

97

87

103
103

109

109

110



L.4h.6 Matrix of Overall Error Rates (%) for Six
Combinations of Significance Levels
= Run- 71052501 vc = .cis % 5 n s s = &5 & s & 4.4 110

4,5.1 PRelative Influence of Each Class on Overall
Performance - Run 72032803. . . &+ « « « « « « o« 115

4,5.2 Classes Ordered According to Generalized
Variance - Run 72032803, . . « « « o o o« « o« « 115

4 ,5,3 Effect of Parameters on Performance

(unsupervised mode)s « s « & = s = s s 5 s = & « 121
Appendi x
Table
D1 Test Areas’ for Run 71052800 . « « & & & & = « =« = « 185
D2 Test Areas, for" Run 7Z206H4125 5 2 00 &« & =@ s o o 1LB3
r3 Reference Areas for Run 71052501. . . . . . « . . . 171

N Test Areas for Run 72032803 . +« « « « « « s« o« » « &« 175



vi

" LIST OF FIGURES

Figure _ Page
2.3.3.1 Two Normal Densities With Low Separability . . 29
2.3.3.2 A Bound on Conditional Probability of Error

for the Maximum Likelihood Strategy as a

Function of the Sample Size. « « o« « o o =+ « = 30

Sal o d Basic Flow Chart for a Two-Level, Conjunctive
Partiitioning AlporifEhm o ol s % <t o o « o s s 38

b,2.1 Correspondence Between Channel Number and

Spectral Band for Aircraft Scanner . . . . . . 62
L,2.2 Classification Performance vs. Processing

Scheme = Run 71052800. . . & ¢« &« « o « o & & 67
253 Performance By Class (Run 71052800). . . « . . 70
L.2.4 Gray~-Scale-Coded Classification Map

- Produced by CLASSIFYPOINTS . « « « o « o & = 76
4L.2.5 Gray-Scale-Coded Classification Map

T Produced by ECHO - L] » L) L) - L ] - ® L ) L3 LY - L 76
L,2.6 Logogrammatic Classification Maps. « « « « « . 77
4,2,.7 Ciass Improvement vs. Log-Generalized Variance 79
4L.2.8 Effect of Annexation Threshold (t) on Average

Performance = Run 71052800 . « . & « o « « « 81
b ,2.9 Effect of Annexation Threshold (t) on Overall

Performance = Run 71052800 . . . ¢ o« « « « « 83
2,10 Error Rate and CPU Time for Four

Classification Schemes - Run 71052800. . . . 85
= 3esl Correspondence Between Channel Number and

Spectral Band for LANDSAT-1 Scanner. . . . . . 87



] sl

4.3.2 Classification Performance vs. Processing

Scheme - Run 72064L412. . . . ¢ ¢« « « o « o = 89
4,3.3 Performance Ry Class (Run 72064412) . . . . . 91
b.3.4 Effect of Annexation Threshold (t) on Average

Performance - Run 720064412 . . . . . . « . . 95
§,3.,5 Effect of Annexation Threshold (t) on Overall

Performance - Run 72064412 . . . . . . . . . 96
bL.3.6 Error Rate and CPU Time for Four

Classification Schemes - Run 72064412. . . . 99
L.4,.1 Classification Performance vs. Processing

Scheme = " Run 7105250L. « < % « + « « & « « - 101
b .2 Performance By Class (Run 71052501) . . . . . 104
b.4.3 Effect of Annexation Threshold (t) on Average

Performance - Run 71052501 . . . . . . « . . 107
4.4, 04 Effect of Annexation Threshold (t) on Overall

Performance - Run 71052501 . . . . . . . . . 108
b, 5 Error Rate and CPU Times for Five

Classification Schemes - Run 71052501. . . . 112
L,5.1 Classification Performance vs. Processing Sc

Scheme == RUR 72032805 c i o s = e es e BTG
4,5,.2 Performance By Class (Run 72032803) . . . . . 116
4L .,5.3 Effect of Annexation Threshold (t) on Average

Performance ~ - Run 72032803 . . + « s « « « « Ad18
4 ,5.4 Effect of Annexation Threshold (t) on Overall

Performance - Run 72032803 . . . . . . . « . 120
4,5.5 Error Rate and CPU Time for Four

Classification Schemes -~ Run 72032803. . . . 123
Appendix
Figure

Al Spatial Correlation Coefficients - Run 71052501
Region: 1lines 501-800, columns 1-100. . . . . . . 1lu2

A2 Spatial Correlation Coefficients - Class FORAGCE
-~ Wl FINE2508 w o v % % 5 2.5 v bewm ® v kW s b o« cw JbE3



A3

Al

AB

A8

Al10

cl

C2

)

Spatial Correlation Coefficients
= Run 71052501 . « « o« o @« o o =

Spatial Interchannel Correlation
- Class FORAGE - Run 71052501 .

Spatial Interchannel Correlation

- Class DECIDUOUS

. ° - . ° ®

Coefficients

Coefficients

- Class DCECIDUOUS = Run 71052501. . . . . .

Spatial Correlation Coefficients
Region: 1lines 260-559, columns

Spatial Correlation Coefficient
= Run 72032803 . . . . . . . o”o

Spatial Correlation Coefficients
- Run 72032803 . .« + « « o o o

Spatial Interchannel Correlation
- Class CORN - Run 72032803 . .

Spatial Interchannel Correlation
- Class TOWN - Run 72032803 . .

A Case of Spatial Texture on the
Pixel Size + « v« v ¢« « o o o o

Texture in One Spatial Dimension

Two Densities and Their Compound

- Run 72032803

898=1097. -

- Class CORN

. . . o . °

- Class TOWN

Coefficients

. . . . .

Coefficients

Order of the

Oplyoscte .

NDensity for

Spatial Texture on the Order of a Pixel., . .

viii

144

145

146

147

148

149

150

151

157

158

161






ix

ABSTRACT

A inethod of classification of digitized multispectral
imaces is dJdeveloped and experimentally evaluated on actual
earth resources data collected by aircraft and satellite.
The method is designed to exploit the characteristic
dependence between adjacent states of nature that is
neglected by the nmore conventional simple-symmetric decision
rule. Thus contextual information is incorporated into the
classification scheme. The principle reason for doing this
is to improve the accuracy of the <classification. For
zeneral types of dependence this would generally require
more computation per resolution element than the
simple-symmetric classifier. But when the dependence occurs

"redundance", the elements can be classified

in the form of
collectively, in groups, thereby reducing the number of
classifications required. Thus a potential exists for
increased, rather than decreased, efficiency.

rasically, the method can be thought of as an image

partitioning tfansformation' that delineates (extracts) the

statistically homogeneous groups (samples) of elements and a



sample classifier that classifies them. Various
possibilities are considered for both operations.

The main result is that 2 combination of the two is
found which consistently provided the lowest error rates,
rivaling those obtained when ground observational data was
used to dJdelineate the samples manually. The relative
efficiency of this method depends tlargely on the complexity
of the classification task. For relatively complex
classification, the time saved by sampie classification more
than coinpensates for the extra time required for
nartitioning. DBut for‘relatively simple classification the
simple=symmetric classifier is faster. Of course in the
latter case, efficiency 1is not as great a consideration
since the total CPU time involved is much less than in the

former case.



CHAPTER 1
INTRODUCTION

The general objective of thi; thesis is to advance the
state of the art of pattern recognition as it is applied in
remote sensing technology. This -chapter opens with a
Jdiscussion of pattern recognition and remote sensing systems
that leads up to the specific problem under investigation.
In the process much of the prevalent terminology s
introduced. Other work that is related to this probhlem is

discussed in Section 1.3.

1.1 Pattern Recognition Systems

Man's riost abundant source of information about a scene
is the radiant electromagnetic energy which emanates from
it. The information 1is embodied in the spatial, spectral,
and temporal variations (patterns) of the radiance. The
reneral process of extracting information from patterns
(r;diance or otherwise) 1Is known as pattern recognition.
The most common form of pattern recognition is
“"classification", the assignment of an observed pattern to
one of severa} prespecified categories (classes). This

requires a certain degree of experience; i.e. the

recognition system must know the possible classes and have



i | b 2
some sort of unique characterization for each one.
Typically this experience is "learned" from representative
"training" patterns (or sets of patterns) that are supplied
as references for each class. In the simplest case, each
set of patterns is a complete characterization of the class
it represents. Then classification is a straightforward
matter of comparison, More generally, a statistical
characterization might be the only adequate approach, and
the training patterns imight be wused to estimate statistical
quantities. Classification then becomes a problem in
statistical decision theory.

Of course it s not always possible to prespecify the
categories that a pattern might belong to. This 1is often
true in scene analysis, where the number of possibilities
can be enormous. Then pattern recognition can take the form
of "“description". In general, pattern recognition can
involve beoth classification and description. A complex
scene composed of relatively simple objects is often
described by classifying the objects and recording their
relative positions and orientations in the scene. This
description might be considered the final result, or it
micht in turn be used to classify the scene itself.

A1l systems that extract information from a scene
consist of a data collection system and a data processor.
The purpose of the data collection systém is to reduce the
scene to a manageable number of measurements (features)

without losing the desired information. Further reduction















































































































































































































































































































































































































































































































































































































