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I
INTRODUCT ION

We report here on the development and testing of an

automated technique for  c l a s s i f y ing clouds in the visual imagery

from an orbiting weather satellite. This study is the core of an

effoL t to select and test certain algorithms for eventual use in

automated cloud imagery processing at Air Force globa l Weather

Central (AFGWC), Omaha , Nebraska.

In the program as originally conceived , we hoped to

exp lo i t  the h ighes t reso lu t ion da ta , fin e mode at $.3 nautical

mile (nm) per pixel , from both visua l and JR sensors on board the

Defense Meteorological Satellite Program ( DMS P )  B lock  SD s a t e l l i te s .

The approach was to be based on annularly inteqrated or averaged

Fourier spectral amplitudes, termed wave number spectra , used

as input features to a multivariate normal Bayesian classifier.

Similar prior studies (Booth , 1973 ; Si kula , 197 4 )  have ind ica ted

potential in the procedure. For a plethora of reasons ranging

from sa t e l l i t e  in s t a b i l i t y ,  to AFGWC work priorities , to Mc I DAS

hardware f a i l u r e , no Block 5D data were processed through the

classifier , despi te the best efforts of all involved . Although

Block 5C data were processed as a backup, they did not inc lude  IR

imagery at adequate resolution for classification. Resolut ion of ri
the available IR was 6 times coarser than the approximately ~ .3 to

0.7 nm resolution of the visual imagery. Thus , while conducting

the cloud classification study with visual data alone provided

— 1 ~— 
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i ns i gh t and experience irs the operat ion of a cloud class t er

based on wave numbe r spectral components as features , absen.. of

the richer source of in formation from the data base (JR imagery,

as wi tness Booth , 1973 ; Koffler , 1973 ; Lo and Johnson , 1971) ,

was a serious lim i ta tion to classifier performance.

The subsequen t body ot t t i i ~~ repo r t cons i s t s  o f a br i ef

his torical overview of the present project ~1r1 (1 p r i o r  w o r k  th ~

led up to it (Section 2); a description of the ~~
- -

classifie r that was tested here , includ i ng the specific s~~

processinq and classification al qorithms (Section 3); a

description of the test sample of cloud images and the a s ’~’ . ’

truth da ta (Section 4); presentation of the stud y results

( S e c t i o n  5 ) ;  and a d i s c u s s i o n  of the  si gnificanc e of our find i’is

for further development and study of automated techniques for

cloud classif ication (Section 6).

— 2 —
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2.0 HISTORICAL OVERVIEW

In an earlier contract effort (Pickett and Blackman ,

1976) ,  it was determined that the most  p r o m i s i ng n e x t  s t ep  f o r

AFGWC to take in upgrading its capability for automated

processing of weather satellit e imagery data was to develop a

classifier that utili zes spectral features of the data. As part

of that initial effort , demonstrations of Fourier spectral anal ysis

of three cloud types were also conducted and reviewed (Blackman and

Pickett , 1977). The present project carried the process forward.

Algorithms for spectral analysis and for classificati on based on

spectral features , were selected and programmed , wi th most

programming done by AFGL under BBN direction. The classifier

comprised of these algorithms was empirically tested on a sample

of 158 cloud images representing six different categories of

clouds.

The original aim of the present effort was to develop and

test the automated classifier on images from the most advanced

series of satellites now serving AFGWC, the DMSP 5D series. These

5D satellites can transmit coincident IR and visual imagery at nomi al

spatial resulution of 0.3 nm. Our objectives were to see not

only how good a spectral feature classifier mi gh t be for

effective and efficient digestion of data at that hi qh a

r e s o l u t i o n , but also to determine the effectiveness of a spectral

—3—
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class i t i e r  u s i n g  v t sua 1 a lone, I H ~~ ta ,r l t ne and IR ~sc I vi sua 1 -Ia t a

in combinat t u n .

The p l a n  was to do i n it i a l  d e v e l o p m e n t and tes ting o f

classi t ie r on avail ab le imagery trom a DMSP SC satellite , but to

~
;wt tc h to SD data when i t  became available. Repeated

postponements of the delivery of ~D data led te ddoption Ot

cent ingency plans t or de i su g q  r nq a r i a  t est  i ng the classifi er c i  t h e

5C data. Plans for event ually using the 51) uat . w e r e  s e v e s  -~ t

t im es r ev i s ed , bu t it wa s n e c e s s a r y  t i n a l l y  t o  ab~- .

altogether for uti l izin g the SD data , and the contrac t ett o~

eventual ! y t ecused ent i tt? 1 y on tes t i n g  and a n a l  y~ i nq per t ot

of the classifier with ‘~C data . Because simultaneous SC I

visual VHR images at equal resolutions are not available,

pr inary impact of this change in plans with respect to t h e

goals was tha t i t limited testing the classifier to just visual

data .

To ensure continuity of the present effort with cent in isine

related work at AFG L, the contract called for cod i ng of the

al gorithms by AFGL personnel on AFGL computers. Als o , the truth

data , based on visual classificati ons of the imagery samples as

described below , had to be accom p l i s h e d  by personne l at AFGL.

The success of this overall effort in spite of the difficu ities

encountered is due in no small part to the hi ghly responsive

behavior of AFG L per sonnel in adjustin g and timin g their supp or t

in these areas to suit the changing study plans and schedule.

—4—
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3.0 DESCRIPTION L)1’ TIlE AUTOMATI’D CLASSI1’lER

Our descr iption of the classifie r is i n  three parts: 1)

processing of the raw satell it e data into power spectra; 2 )

conversion of the power spectra into average wave numbe r spectra ;

and 3) computation ot  t h e  c l a s si t i c at i o n  s t a t i s t i c s .  We d i s c u s s

each step br iefl y here and refer the reader to section 3.2 of o u r

I e a r l i e r  r e p o r t  f o r  m o r e  d e t a i l .

3.]. Computation of Two-Dimensional Power Spectra

The Discrete Fourie r Trans form ( D I ~T)  in  two d i m e n s i o n s  i i ~

defin ed as

- N M -i211 [ j f  (Ax) + kf ( A y ) i
a (f ,f ) = Z a [j(Ax) , k(A y)] e X Y

X Y 
~=1 k=l 1

with ~~. ~a representing Fourier transform pairs.

If  we let N = M , .~ x = \y T/N (with T the anal ysis window

size), and compute 
~~~ 

f~ onl y at integer multip les et T 1 , then

a (n ,m) 
j=l k=l 

a (i ~ 
~~~~) 

e 
~~~~~~ 

(
~~ n + km)

( 2 )

which is a d e f i n i n g  f o r m  f o r  the FFT.

— 5 —
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Computing Equation 2 using the FFT algorithm product an

a r r a y  of  data representing the first quadrant in the two

d i m ens i ona l  spec t r a l  p l a n e . Because of the spectrally p eri od.~c

na t ur e of the FFT , the en t i r e  spec t r a l  p l ane  can be g e n e r a ted

fr om first quadrant data , allow ing direct computation of wave

numbe r sp e c t ra .

3.2 Computation o~ Ave r age  Wa v e N u m b e r  ~~“c’ a

Wave n umb er spec t r a l  com ponen ts a r e  compu ted ~i

spectral amplitude s ( ‘a’( n ,m) ) for those elements fall ’ wi n

corr esponding annular bands in the frequency plane. Each

one unit in width and symmetrically disposed radiall y abou L

integ er multiples of the radial w fundamenta lI~ frequen cy 1 / .

T h a t  i s , a t  l eas t  f o r  n ,m <N/2 , com p u t e

+ m~ + •~I 
( 3 )

whe re  ( J e x t r a c t s  the  qr e a t e s t  i n t eq e r  not exceed i ng the

e x p r e s s io n  w i t h i n , and add ~~(n ,m ) to the  p th  w ave n u m b e r .

is  i m p o r t a n t  to note , however , t h a t  wa ve n u m b e r s  computed  f r o m

FFT indices direc tly are not referenced to the principal part of

the (aliased) spectrum when either index exceeds the Nyquist

f r e q u en c y .

To compute wave numbe r s p e c t r a  as sums over  a n n u l a r

r e g i o n s , we s u b t r a c t  a n y  g i v e n  In d e x  f r o m  N i f  i t  exceeds N/2:

—6—



fl ’=min(n ,N—l ) (4)

m ’=min( m ,N—m) (5)

where min( ) extracts the smaller of the two values withi n the

parentheses. Equation (3) may then be appl i ed to n ’ and m ’ to

determine the prope r total wave number spectrum . Here , we are

merely exploiting the periodic nature of the FFT and representing

ii and m by their values within the princi pal part of the

spectrum . Althouqh we requite this shifted data to fall within

the Nyquist reg ion or principa l spectral part , this requirement

does not simpl y limit the useful range of p to p<N/2 , since it is

clear that = f~ = N/2 yields p =4!N . In essence , aliasing

occurs above frequencies qiven by the square reg ion constraint

( 
~
j , lf yIIN/2) and not by any equivalent one—dimensional

constraint on p. Thus , we ultimately use the NxN spectral

components of the first quadrant , i.e., all the FFT data , but

combine their maqnitudes based on first applying Equations (4)

and (5), and then Equation (3).

To generate average wave numbe r spectra , each wave numbe r

spectral component is divided by the number of terms that went

into It. The components are scaled such that the zero wave

—~~~ — ~~~~~ —‘—-
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numbe r component in the aver age vat tie of the spat tat hit ii r ay —

- Quad c at r c Di set rut t n a n t  ~~
‘ lass i t teat ton

Th e S IV e I  age W a V e  numb e r n~ieet r a a t  e t re ated as inp u t

eat ut en to a flayt ’ n ran guad r i t  i c d t n c r  tIn  i trou t c 1. ass rt i

Ti eat ing the ci ~ i~~ ; i ;  ec ritl it t o n a l  pi efi ri~ i i i t y dcii: ; it i t ’ : ;  i i  I f i t ’

t a t  u r e vet - t o r t ;  a:; mu I t i Vd t  r o t  t’ nor ma I , W e h ‘c (see 1)

liar t , ~4 13 , f o r  examp le )

g (a) — ~
•
~~)

t ~~~1 (~ — lJ~~) 
— log 

~~~~ J loq P(

‘
I,)

lie t e , a is the It’ .r t or e vec t or ( wav e  numbe r spec t r a) , I dt ’ - t e

mat  r i x  t r a nnpose  , (a) the diner t in m a u I  t ot the r th ci an~ , u

the mean vect or for that clans , P (c 1 ) t 1w a rut 1 p r o b ab  i 1 r t y of

i th clans occur r enet’ , and 
~ 

t hi ’ i t ii ¼ ’ O V , i I  t ance m at  r 1 ~< w i t

elements given by

= p : 

{
~a i .  - •~~~~~ •~~~ (.i~~ - t  I l k/i )]

The opt’ r at or K ( is t he expect it ion wi lb i enpec I to t lie

ensemble. Expand in g Equat ton (6) yields

g (1r~) — 2~ ~
t 

~~ + ci:~ t r .) ta + 9
( 8 )

- 8 —
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,1) 
( t ,)

The qene ra 1 t o  rm of Equa t Ion (8 ) i rid i cat t ’ at Ic ti I ncr I in I nan

f u n c t i o n s .

Our  c o n c e r n  in for t hi’ e ft I c I eney a rid ht ’ii ct’ I mpl I~’ i t  y of

computa  t Ion  • Si nee we need to  compute ; l 
ol it ’t ’ t or each c 1 sins and

can c o m p u t e  once and s t o re  ( an  a n ew v e ct  or  rI ’~~ for each

class , t h e  p o t e n t  La  I comput at i ona 1 coinp l cx it y r en ides in thi ’

f I r s t  t e r m  on the r ig ti t hand i di’ of Kquat ion 8 . Wh iii ’ lii

qene r a I , an Nx N m a t  r i x  wi 11 t equ I r~’ N ~~N mu l l I p1 te at tons arid -i

s Im i i  a r numbe r of add I t Ions (tot t’at’h i’ I ann ) , We ma ki’ a

r e a s o n a b l e  as sum p t  i o n  y i s  a d I aqona  I mat r ix and thus we can

scale each e l e m e n t  of i by I t s  c L a s s  cond I t  tun a I stand.i d

d e v i a t i o n  and compu te  the n o r m  ot the sea led vect or . Thin l a t t  e r

compu ta  t I on r equ  I res onl y 2N mu 1 t 1 p1 1 cat ion:; and N add i t  l o r i s  t o  i

each c l a s s.

In  the  c lass  If I cat Ion cx per I men I as cond tic I t’d with v t n u t a  I

d a ta  f r o m  Elock SC , the  c o v a r l a n t ’t ’ m a t r i x  was t ’s t  lrna tt ’d by the

sample cova r i ance mat r ix , wI th oft ~(I I ago na I tet inn  :; i ’ I 1 0 ~
‘ i ’ 1 0 •

Had we been a b l e  to process Rlock ‘~D data , a somewhat d i t t t ’ t ent

covar lance matrix est i m a t o  r we o l d  have ht’en used , compr tnt tIti •1

su b m a t r i c e s , each w i t h  n o n z e r o  t e r m s  o n l y  on i t s  m a i n  d i a g o n a l .

- - ii
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The c o m p o s i t e  m a t r i x  w o u l d  be of  t r i — d i a q o n a l  f o r m , w i t h

t e r m s  w h e r e ve r  the  c o r r e l a t i o n  coefficient involves two eler nt:;

w i t h  the  same wave  n u m b e r .  A l s o  c o n s i d e r e d  was an a d d i t i o n a l

f e a t u r e  f o r  c l a s s i f i c a t i o n, the  c r o s s — c o r r e l a t i o n  between  v i s u r a l

and IR data at zero lag . Thus , for N wave numbers , the  b a s i c

f e a t u r e  v e c t o r  w o u l d  be of size 2N+l , with the covariance ma trix

h a v i n g  ( 2 N + 1)  2 e l e m e n t s , of which 4N +l are nominally nonzero.

Because of t he  l a r q t ?  numbe r of e l e m e n t s  i n v o l v e d  I ‘ ts 53 iii the

video classi fication experiment), coalescence of wave

spectra would have been pe r formed .

— 1~0—
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4.0 THE SAMPLE OF CLOUD iMAGES

This description is divided into three parts: 1)

S p e ci f i c a t i o n  of the satel l i te and of the par t icul a r or bit s and

segments of orbits from which the images were taken; 2) a

general description of t he  t e s t  images  and the procedures for

t h e i r  v i s u a l  c l a s s i f i c a t i o n  and se lec tion; and 3) an overview of

the composition of the sample .

4.1 Satellite and Orbit Sp ec itit -a t ion

The cloud images were recorded by DMSP SC vehicle 5528

during August , 1974. The imogt’ samp les tha t were aria I yzed  were

selected f rom very  high rest) lut ion (VUR) vi su5u l records tha t Wer e

displayed on a Man—Computer  Interactive D at a  )\ct-ess System (MC i E)AS)

TV screen. In f r a r e d  h igh  r e s o l u t i on  ( f i R )  images  of the same a r e i

taken at the same time were used to assist in c loud cla ssi t i ca tion.

Details of the spatial resolution of the visua l and JR sensors on SC

vehicles are given in Nichols , et a!. (1975, p
~

u . 186—187). For the

central 2/3 of the satellite ’s cross-track scan , to which a?lection

of visual images was limited in this study, the nominal spati al

resolution for VUR visual is between 1/3 and 3/4 rim. For the HP

infrared imagery , corresponding resolution is between 2 and 4 nm.

Vehicle 5528 was a noontime satellite. The particul ar

orbits from which the images were selected were numbers 57~ 0 and

6200. Selection was from that part of each orbit where the

vehicle was passing over the vicinity of Central T~merica .

— 11—
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T a b l e  A j i v e s  t h e  g e n e r a l  l o c a t i o n , back g r o u n d  and r a n g e  F cloud

type s encountered .

TABLE 1
ORBITS OF VEHICLE 5528 FROM WHICH

IMAGES WERE SELECTED

ORBIT LATITUDE BACKGROUND CLOUDS

579 0 NORTHER N CA R I B B E A N Ci , Cb , Cu ,
LOW CENTRAL AMERICA Cs

EASTERN PAC I F I C

6200 NORTHERN GULF OF MEXICO Ci , Cu ,
LOW CARIBBEAN Ac , Sc

FLORIDA , MEXICO ,
CUBA

4.2 Procedures for Image Selection and Visual Classific5

The general approach was to have meteorologists , h i g hl ’y

experienced in the visual  in terpre ta t ion of sa te l l i te  images ,

examine full resolution TV images to find , classify, and excerpt

small square regions (75  x 75 p ixels)  of the p ictures con t a ii~~ ny

singlecloud types,to serve as the test images. Mixes of cluu :

such as might occur where regions of different cloud types at.

the same altitude meet, or where clouds at different altitudes

overlap, were strictly avoided . Mixed (shore) backgrounds were

also avoided as much as possible , and excerpted sample images

were not allowed to overlap.

In the first stage of the visual search for the test

images, large scale views of both visual and IR imagery were examined .
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For this stage , the vi sual data were t’ 1 ~~~~~ t ron i ca II y deg raded t o

match the lower resolution it the I R i n iaqei  y . These pa ii ed I a t

scale views provided a bas is  for the observer 1 o oF i out h i m s el

to the genera l  g e ogr a ph i c  loca t ion , the  b ac kgr o u n d  a g a i n s t  wh i ch

the clouds had to be i n t e r p r e t e d  and r ecogn ized  ( l a n d , w a t e r ,

s h o r e) ,  and genera l f eat u r e s  of t he  cloud d i s t r i b u t i o n  a t

mesoscale . The I P dat  a were i m p o r t a n t  i n  he 1 p i t~q t O  sep~rr ~u t e

low and h i g h  c louds .  Fl ira 1 d I st  i nct  i ons  among cloud  t y p e s  a t  a

g iven a l t i t u d e  were made on the  b a si s  of v i s ua l i n s p ect  ion  ol

f u l l  r eso lu t ion  views of the VI-I R v i s u a l d a t a  f o r  each c a n d i d a t e  im a g e .

4 . 3 Compos i t ion  of the image Samp l o

An at  temp t was made to f i n d  t en t i wages in each o t t he

fo l lowing  e igh t  c a t ego r i e s : cu m u l u s  ( C u )  , st r ~i to cu m u l  us (Sc)

s t r a t us ( S t)  , al t o c u m u l u s  ( A t )  , a l to s t r a t us  n i n u h o n t  r a t  u s  ( . ~ s N : ; )

cumulonimbus  (Cb)  , ci r r u s  ( C i )  , and c ir r o st r ~i t  us ( C s )  . S ev e r al

samples of clear sky were also sought . in al l , 158 c l o u d  images

and 14 clear-sky samples were selected .

Figure 1 shows the composition of the image  s a mp l e .  Mos t

numerous (66) are images of cumulus c louds .  M i d d l e - l e v e l c l o u d s

(As,44s and Ac) all by themselves did not occur wit ii any app roe i a l l  e

frequency . No As,4’~n or St and just 2 Ac sample s  WOFO found .
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5.0 RESULTS OF THE STUDY

We present Iirst what we found regarding the spectral

c h a r a c t e r i s t i c s  of the var ious  cloud types as a result of just

the si gnal processin g . We then exami rre~ the  ~ e r formairce et

the classif ier , how accura t el y it classifies , w h a t  confusions it

makes among the cloud s when it does err , and how that patt ern of

confusions may be taken into account in estimati ng accuracy of

classification were the cloud types optimall y partitioned .

F i n a l l y ,  we r e p o r t  on the procedu re and results of a

multidimensional scaling anal ysis of the error data which

provides insi ght into the numbe r of orthogonal dimension s used

effectively by the classifier.

5.1 Spectral Charac teristics of the Cloud Types

The averaqe wave amplitudes for each of the six cloud

types found is g iven in Figure 2. The discrim inatin g information

in this fami ly of curves appears to be mainly in the d.c. (zero

wave number) components and in one or two properties of overall

shape, e.g., bandwidth and/or amplitude at some representative

mid range wave number . Not surprisingly, Cb has by far the largest

d.c. component and Cu has the greatest bandwidth. The clear

category is, appropriately , the lowest i n  both of these aspects.

It is important , however , to temper interpretation of the apparent

orderliness of these data with a consideration of variability of

these functions , smooth as they are , among realization s within
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categories . The variabili ty is substantial , ~~~; is illust ra ted ira

Figure 3, which shows the six realizations for the Cs cateqory.

Breaks in the average wave amplitude spectral plo ts o f

Fiqures 2 and 3 , occurring between wave numbers 37 and 38 , have

been inserted for clarity. The abrupt change in level for many

but not all of the curves as they transit this reqion , is

believed due to the combined effects of aliasin g and minor

pattern araisotropy . As stated above , the Nyquist frequency is a

function of orien tation for two—dimensional FFTs . Here , it is

75/2 = 37.5 in vertical and horizontal directions , and increase s

to 75/ / 2~~~53 at 11 /4 mul tiples that are not multi ples of 11/2. If

a cloud pattern is anisotropic such that its spectrum extend s

further in the vertical or horizontal than at any diagonal

a z i m u t h , a i i a s i n q  w i l l  be more  s eve re  t h a n  if the pattern were

aligned wi th its maximum spectral extent coincident with the

direction of minimal aliasing (maximal Nyquist). The impac t of

anisotropy and its in teraction with aliasi rr g on the performance

of the classifier is unknown . Note , however , that the

semi—logarithmic na ture of the plots greatl y exaggera tes the

effect.

-17-
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5.  2 A~ 
- a i r  j c  y o t Au t O f t . )  t 1 C I - I t a C I t  I a )  Ii

Tb..? a c c u r a c y  o t  cl - ass it j c , , t  I o n  i: at. ~ r i v a - l I t  on t ht’ d i t  a

g i v e n  in  F i g u r e  4 i n  t h a ’ t o r n i  c f  I Wu m a t  a l e t s , W i l  I d a  I a l i t  e t r u e

(visual) classification to i u t c m i t e d  c ’ l a s s i t i c a t i o n .  The ma t r i x

on the left g ives the data in frequency l o a m .  On the ri g ht they

appear in pr obability form , which is the frequency form

normalized to unity. The columns of each matrix stand for the

true (visual) classifications . The rows stand for the

c lass i fi ca t ion as issued by the automated classifier. The main

diagonal cells (those runnin g from the uppe r left to the lowe r

r i g h t  c o r n e r )  show i n  t h e  l e f t  ( r i g h t )  m a t r i x  r a t -  f r e q u e n c i e s

( p r ob a b i l i t i e s)  of correct classification , i.e., t h e n u m b e r

(relative number) of samples of each cloud type that were

correctly classified .

Overall accuracy (probability of correct classification)

is determ ined by summ i ng over the frequencies in the di agonal

cells ar-a d dividing by the total number of samples . Thus  t h e

probabil ity of a correct classification is 72/158 = 0 . 4 6 .

Accuracy of classification within each of the cloud types

is also of interest. The cloud type with the highest p r o h a t i l i t y

of correct classification is Cs , with a probabil ity of 0.1~3.

Probability of correct classification is no less thar, 0.38 for

any of the six categories. Of course , it is important to observe

that the confidence bound s for these probabilities vary

—19—
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considerably from one class to another as a function of the

number of samples in each category. Performance in category Ac ,

where p = 0 . 5 , is not well estima ted , since it i s based on only

two samples. A similar small sample disclaimer can be made for

Cs , where p = 0.83, since it is based on only six samples.

Accuracy of classification on the sample as a whole has to

be gauged against chance performance following one or another

strateg y by a “blind observer ” . If the blind observer works

without knowledge of the a priori probabilities , and knows only

what the six possible ca teqories are , all strateg ies are

equivalent. Chance performance y ields on the average

p = 1/6 = 0.17. If the blind observer knows the a p~~ ori

probabilities , then the best strategy is to classify every sample

as a member of the most probable category, which , in this

situation, is Cu with 66 out of the 158 samples. That stra tegy

would allow the blind observer to attain p = 66 / 158 = 0.42.

Since the automated classifier is Bayesian , i.e., uses a

priori probabilities , it is appropriate to compare its

performance to the performance of the blind observer using the a

p r i o r i  probabilities. Thus , the unconditional comparison of the

automated classifier to chance classification is 0.46 to 0.42.

On the face , the classifier perfo rmance is not ver y impressive , r
but there is considerably more to be said. First , it is clear

from the pattern of classifications , that the automatic

—21—
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classifier is not leaning heavil y on the a ~~ iori  probab i- ties.

Note  t h a t  i t  a s s i gns  o n l y  39 samples to the Cu category. A.a ~O ,

of par ticular significance is the pattern of confusions when the

a u t o m a t e d  c l a s s i f i e r  e r r s , and how i t s  pe r f o r m a n c e  i m p r o v e s  when

certain cloud categories are combined . Finall y, we mus t consid ?r

the class conditional pe r formance taken as a whole and compared

wi th the class conditi onal performance of the blind observer.

For Cu , of course , the blind observer is perfecil~ - .  - c- irate ,

whereas for any other class , he is always wrong . In

except for Cs which is a smaii class with 6 occurrences ,

performance of the automated classifier is closely

class—independent as regards accuracy. While the accura cy ac

automated visual classifier leaves something to be desired C ..

data , perhaps) , its perfo rmance is consistent with the 1,0 cos~

function implicitl y used (all errors equally bad , all correc t

answer s  equa l l y good) .

5.3 Information in the Pa ttern of Confusions: Partitioning

The off—diagonal cells in the matrices of Figure 4 show

how the classifier per forms when it errs. The pattern of err ors

is clearly not random . Cer tain cloud types are more probabl y

confused than others. Note that the errors tend to cluster in

the upper left and lowe r ri ght quadrants. Thus , for the supe r

categories (ScCuAc Versus CICsCb), performance is rather hi ghly

accurate. The automated classifier calls a samp le from ScCuAc

—22—
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either bc , Cu , or Ac with p = 68/8~) = 0. ~1 4 .  ~ imi l ,a r l y, i t cal Is

a sam ple from the CiCsCb either Ci , Cs or (‘h w i t h

p 61/69 0. 88 . The ov er a  1 1 ace ur ic y  o f  t ho .a U t  oma ted

classi fier with respect to these’ supe r cat eqor ivs i s  t hus ,

p = 129/158 = 0.R~~.

This level of accuracy, ct cour se , a 1 sc has  t o ha ’ g a ug e d

re 1 at i ye to c h a n ce  , t he’ per fo rma nec of ~a [~ I i r d observer wh i ch

assi gns every sample to the super c at  eq or y wit h t he’ I a rq or a

prior !  probabi l i t y, which in this case’ is ScCaiA c , w i t h  its 8~

samples ou t of t he tot a 1 of 1 58 (p = 0.  ‘h ) . T h u s  , t he’ compa r I son

of the automated cla s sifier to c h a n c e  c l a s s i f i c a t i o n , t a k i n g  t h e

pattern of confusions into a c c o u n t  in t h i s  part i c u l a r  way, is

0.82 to 0.56. Now we’ can SOt ’  a subst ant i i i  advant age’ of I ha ’

cl a s s i  f i cr  over  ch a n c e ’ . Of c o u r s e ’ , we h a v e ’  t o  a c k r a o w l  edge ’ that

t h i s  p a r t i c u l a r  p a t t  em of  c o n fu s i o n s  w o u l d  i t s e l f  he -’ su bj e c t  to

var lat i o n  over  r ep e at o e l  t e st s , and  t h e  e x a c t  n a t  u r t ’ o f  t h e

pattern of confusions and how best to part it ion the s a m p l e  so a~

to opt I m i ze per fo rman ’e of t he c L .a ss if i e t wo ul (1 depend  on

obtaining mor e reliabl e ’ est ima t i ’ s o t t h e  co n t  us i o n  N ob ,ah  i t  it los .

We can on I y 1 11 us t r a t  e’ here I he’ puss i hi e g a i n s  t rum sue h

opt imization.
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These me’asu r o:; o I si tail ! a r I t y are input t o  a eompii It ’ t

p r o g r a m  E see  T a k a n e  a’t a l .  ( 1 9 7 7 ) and s p e c i t i c i t i o n s  i n  A p p e n d i x

A of this repot -t i ) for nonmet t-ic mul t idime ’nsiorial scaling . T h a t

program treats these inputs as traeas ur es of the’ distance , i n

n—space , am ong the cate gorie s , it I inds , for :;a ’ I e ’ e’t abl e ’ valu es

of n , t h a t  p o s i t i o n i n g  of t he  s i x  c at e q o r  I a ’:; w h i c h  best  a c c o u n t : ;

f o r  t he  d i s t a n c e s  i n  t e r m s  o t s j ut  i (  a t t ~ i t y , md It m e a s u n  C’s how

much of the variance of these di stanca’s i :; •a c c o u n t  Oal  for by the

model. For n = 6 , by definit ion , 100% of the v a t  janet’ can be’

accounted for. Is ther e a dimensionatity la ’~ s than Ia which

accounts for ess enti all y all of the v a t  taai c a ’ .‘

What we find in this case is that only dimension s t i e ’

needed to accoun t for over 98% of the vat janet ’. Thu s, t h o ug h t h e

classifier nominally utilize s ‘~~~ d i m e n s i o n s  in cl a ssifying Ihe

stimul i , the pattern of confusions suqqest:; that th e  e f f e c t i v e ’

• number of orthogonal dimensions be i ng utili zed (not nece-’ssaril y

one to one with any of the or iginal wave n u m be r input s ) is no

more than three . Each of those three dimensions could 01 c o t l t :; a ’

be d e r iv e d  f r o m  some c o m b in a t i o n  of  t he  wave  number i n p u t s , and

we have no way of t e l l i n g what. t hose der i v ~a t i o t a s  , r r a ’  W i t  b o ut

conducting fur t h e r  St ud ies beyond t h e  se -op t ’  e a t  t ho pr e s oit t

contract . However , we can look to see 1 f t h e t e ’ I : ;  a n y  o b v i o t i s

r e l a t io n s h i p  be t ween a n y  one of the  three ’ ai imt’aisiola: ; in t he’

c o n f u s i o n  model  and o b s e r v a b l e’  d i m e n s i o n s  of diff e ren ces among

the s i x  av e r a g e  spect  r a l  t e i n e t  i o t a : ;  shown I r a  I ” i q a i t  e ~
‘. We’ h~avt’

) t~ --  

.- - ~~~~ 
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It t ’t d y ub~~t’ r V a ’d t h a t  t f i t ’ y tend t a a d i  ft ci In t e’ itt:; of  t ha .  . c

c o m p o n e n t  tnd  i n  t a’ in:; ~~) I a ft’ w qa ’ n i t ’ r a! f e a t  u t  e S o t shape ’ I t -  it  c a ;

o lit i (I rang a ’ I eve’ I or bc~ttdw i d t ii . Co ci I d  t f a t -  : ; e ’  I aSa t Ut o: ; e e l  I a ’: - a

o •t r a y  o f  the d i moo s ions i n  he con (cas I on mode’ I

urn Fi gu re .‘ we’ :;a’e t h a t  w i t h  r e s pec t  t o  m a e j n i  tude of tt ,a.

d .c. c o m p o nen t  (heig ht a t  wa~~ ; a i n i b e r 0 )  1 t a o  c l o u d  type :; ordL’a

f t o i t r  low t o  h i g h : Ac , ~ c , Cu , Ca , C~ ar i d  ~~‘ . Tak lug hei gh t o(

t ite curve s ~t t  wave’ n um ba.’ ~ ~ a:; out po I nt of r e ‘ ‘ t j -a

that t h e  o rd e r  of c l ou d  c a te g o r  i t ’ : ;  from low to h i~~h i s :  C.

Ac , ~e , Ch , arid Cu.

Our i n sp e c t  i o n  of t h e  pos it ion I ra q of thc’ cloud t ypos I

the cool  us ion m o d e l  showed t hat t h e  or dot ot  st i r n u )  I i n  d l i n e ’

1 et  the model is alanaost i den t  jet .! t o  their oaslei w i t h  a 0S[e ’ e ’ t  ( t a

magn L tude of the d .c .  component ;  and tha t their order er a  d ime ’ns  a en

.3 is almost i dentical to their order at the r e p re s e n t a tI v e  h i  a i b  I t i  a ’
• range wave nu m be r . The plot (at t he’ cloud types on dirn etis i on— - 1

and 3 of the confusion model is t a  (von i n  f i gu r e  5 , and the a

c~t ai s’it isfy himself regarding t h~~ t ’  ~c sse’rt ions .

I
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Figure 5. Plot showing locations of each cloud
type in two of the three dimensions
of the scalinq model.
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INTERPRE TATL ONS, CONCLUSI ONS AND RECOMMENDATI ONS

In this conclud i ng section ci the report , we at tempt t~

p l a ce’ the  pre sen t st u d y in its prope r context. The original aim

was to deve l op and test a cloud class i f let based on wave numbe t

Spect t~~a as I e’.at  ur t ’:; , .
~~~~ lo t I y explo it t  flej v i s u a l and IR fine mode

d a ta  M :.ives N f r o m  B l o c k  P sa t~ 1 1 i t  e s.  We h a v e , as discussed iti53

Icr the’ reas ons S t a t e d  above , d ev t ’ le p t ’~l a r a i  I a ’ ’ : t  t ’d a c l o a a a l

c lass it let based on b l o c k  SC V 1 SU~l 1 d a t  t~ t a b u t ’

6.1 Interpretation :;

G i v e n  t h a t  v a n  lou: ;  ~author s have found v i s u a l  data in t h e

ahse’nct’ of IR data to be without much virtue vis a vis auto a ad ~ e

Bayesian cl a ssifi cation (e.g., Booth , l 9 7~~; and Pa r ikh , 1977 ,

l’ t 7~ who c l a i m s  no s i g n i t  t c a n t  value in textur a l discrimin a toa ~

for c l o u d  t y p i n g )  , the’ 4 6 %  c l a ss i  t ic ation accuracy found her o ~ :‘

hardl y surprising . W h i l e ’ Booth quotes , for the dependen t d a t a

Se ’t , a ’ las :; j f l C c l t I a ) l l  . ) a ’a ’ I I r , i a ’ I t ’S of /6% and  R l %  f o r  the respect ave

6 c a t a ’q o r y  and  5 - c a t e g o r y  sc e n a r i o s , t h e s e  r e s u l t s :

1)  usc’ b i v a r  i a t e  d a t a  ( v i s u a l and I R )

~ m c i  tide clear sky ~is a ca t e q ot  y .

Tab! e .~ shows the t eseu l t s f rum Boot it ’ s c l a s s  iii a ’ r , when

class ification Is based on v i s ua l data a l o n e .

-
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TAR LE 2
BOOTH ’S CLASSIFIER BASED ON VISUAL ALONE

6—Category S—C ategory

Type * cases % correc t Type * cases % correct
C l e a r  113 75 C l e a r  1 1 3  65
Cu 258 60 Cu/Sc 41 59
Sc 155 35
Cb 117 63 Cb 117 65
Ci 174 55 Ci 174 4 6
Ci+low 233 46 Ci +low 233 38

Totals: 1050 54 1050 54
No Clear: 937 52 937 52

Note t h at  the  6— and S—category classifiers each operates at

roughly 54% accuracy, or a t 52% if the cl ea r cat egory i s

artificia lly expunged from consideration. For comparison ,

Table 3 shows results from the wave numbe r spectral classifie r we

have utilized , with 6—category, quasi 5—category, and q u a s i

4—category variations on the basic theme .

TABLE 3
WAVE NUMBER SPECTRAL CLAS SIF IER

6—Category Quasi S—Categ ory Quasi 4-Category

Type *cases %cor. Type *cases %cor. Type *cases %cor.
Sc 21 48 Sc 21 4 8 Sc/Cu 87 76
Cu 66 48 Cu 66 48
Ac 2 50 Ac 2 50 Ac 2 50
Ci 34 38 Ci 34 38 Ci 34 38
Cb 29 38 Cb/Cs 35 69 (‘b/Cs 35
Cs 6 83 r

Totals : 158 46 158 51 158 66

Here , note that our 6 cateqories are all pure cloud types. Th e’

quasi—S classifie r refers to formall y combining C’s and Cli i n t o

-29— 
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one class , thereby representing a realizable thoug h subo~ m a l

approx imation to a 5—cateqory system . Comparing the quasi—

c lass if i e r  to Boo th’ s “6-category—minus—clear ” results shows

close parity, i.e., 51% to 52%. Combininq Cu and Sc

classi fications produces the quasi—4 classifier. Comparing t he : . c

results (66% correct) to Booth’s 5—categ ory—minus—clear (52%

c or r e c t I  shows the v i sua l wave numb ea  spectral classifier it’ a

b e t t e r  l i g h t .  Taking all the above factors anti ~ “a;a i; is ons ~~~
accoun t , we view the present experiment as being coat .. -

pri or results and with our reasonable expectations , gi ’en t h e ’

lack of IR data.

6.2 Recommendations

It is difficult to avoid the temptation to recommend L L I . .*~~ .

the ori g inal question of bispectral classifier pe r formance be

answer ed , when Block SD data and the facilities to process t h e

da ta a re simultaneously a v a i l a b l e .  Recent  s t u d i e s  ( P a r i k h , 1977

and 1978), suggesting that textural features are of l itt 1e v~a~~~c

for cloud classification , are not highly relevant to the success

of c lass i f ying Block 5D imagery via wave numbe r spectra because

these studies used low resolution data and did not use wave

numbe r spectral components as textural features. Certainl y,

P a r i k h ’ s c l a s s i f i e r  a c c u r a c i e s  using only first order visual a n i

IR statistical measures as features are impressive , but the

n u m b e r  of c loud  c l asses  (3 o r  4 )  and the c lass def in i t ions were

—3 0—
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not overly ambitious . There is an irony in Parikh’s findings tha t

texture is not important for aut omated classifiers , despite th e

central importance of texture to the weather expert who is

providing the truth against which the classifiers are judged .

6 .3  Conclus ions

One small and preliminar y experiment does not motivate the

drawing of many profound conclusions . We have found strong

morpholog ical similarities in the wave number spectra of all

cloud classes , but also quantitative differences sufficient for

moderate classifier performance. Clearly, use of IR wave number

spectra is expected to improve classifier per fo rmance , perhaps by

some 20 to 30% as in Booth’ s study. The potential impact of the

IR—visual cross correlation feature cannot easily be assessed , as

we have  been u n a b l e  to f i n d  p r i o r  s t u d i e s  in  w h i c h  t h i s  o b v i o u s

f e a t u r e  was used .

—31—
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JOB T I T L E :  CLOUD CONFUSIONS

DATA S P E C I F I C A T I O N S -
NB — N U M B E R  OF STIMULI  6 S T I M U L I
NS - NU MBER OF SUBJECTS 1 SUBJECTS
N DTYP — M E A S U R E M E N T  LEVE L 3 = OR D I N A L
N S I M  — DATA TYPE 3 ASYMMETRIC—SIMILARITY
NPS - M E A S U R E M E N T  PROCESS I = D I S C R E T E
NWC — M E A S U R E M E N T  C O N D I T I O N A L I T Y  1 = SUBJECT C ON D I T I O N A L
NDMX — N U M B E R  OF CELLS FOR TIES 36 C E L L S

A N A L Y S T S  S P E C I F I C A T I O N S —

NWE - MODSL TYPE 2 ASYM M ETRIC EUCLIDIAN (ASYM ECAL)
NOIM — NO OF DIMENS!Y4S (MAX) 3 DIMENSIONS (MAX)
NDMN - NO OF D I M E N S I O N S  ( M I N )  2 D I M E N S I O N S  ( r ’l I N)
NNC - NEG WEIGHTS P E R M I T T E D  0 NEGATIVE WEIGHTS NOT P E R M I T T E D
MAXIT .- MAX NO OF ITERATIONS 30 ITERATIONS (MAX)
EPSI — CONVERGENC E C R I T E R I O N  0 .0 0 1 0  = M I N I M U M  SSTRES S I M P R O V E M ENT

I/O OPTIONS-

NDT — PRINT DATA , DISTANCES AND DISPARITIE S I DO PR INT
NPT — PLOT RESULTS 1 = DO PLOT
NPH — PUNCH RESULTS 0 DO NOT PUNCH

IND A TA— DATA INPUT UNIT NUMBER 1 = DATA FROM CARDS
IWITX — INITIAL STIMULUS COORDINATES 0 = COM PUTE
INI1~4 

- INITIAL SUBJECT WEIGHTS 0 = COMPUTE
INITWS— INITIAL STIMULUS WEIGHTS 0 = COM PUTE
TOTAL MEM ORY REQUIRED FOR THIS PROBLEM IS 5963  WORDS.
INPUT DATA FORMAT—

(6F)
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I NPUT DATA MA TR I X
SUBJECT I

1 2 3 4
1 0.0V~ 0.1~~0 0.001 0.058 0.001 2.1 ~
2 0 .190 0 .000 0. 001 0. 0 58 0 .0 0 1
1 0 .00 1 0 .015 0. 000 0. 001 0 .001  0 .00 1
4 0 .3 3 3  ‘~.] 36 0 .0 0 1  0 .0~4~1 0. 001
5 0.001 0.045 0.500 0.500 0.000
6 0.001 0.015 0.001 0.001 0.166

SUBJECT 1 HAS 0 MISSINC OBSERVATIONS.

~~~~~~~~~~~~~ W A R N I N G  I N C O N S I S T E N T CON T ROL P A R A M E T h~~ ’-
THE N U M B E R  OF PARA M ETERS BEI NG COM PUTED ( 3~~~~

MAY BE TOO LARGE FOR RELIABLE RESULTS

ITERAT I ON HISTOR Y FOR THE 3 D T M E N S~~ONA L S O L U T I O N
(I N SQU A R E D  DI STAN CES)

ITERATION STRESS IMPROVEM ENT

1 0.26705
2 0.16220 0.10486
1 0.13219 0.03001
4 0.11 630 0.01589
5 0.10211 0.01420
6 0.09262 0.00949
7 0.08805 0.00457
8 0.08565 0.0021°
9 0.08410 0.00155

10 0.08312 0.00098

STRESS AND PHI ( I N  DISTANCES)

STRESS = .129 PHI = .983

-A2-
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0~ 1F 1 U R A T  t ON PER I ~ N 3 P l M E N S  ~

~~1’ IMULIJS Ct M4DT NATES DIMENS I ON
ST I M tIt tiS I 7

1 (Sc)  0.1 ‘-hI I ~~ — - 0 .  ) ‘~~8’
(Cu ) tI . ‘-~‘-~ci7 I • : ‘-i~ 4 — 1 .

I (Ac) —1 • ~~~~~~~~~ — 0 . ~4 04 ~1 0 . ~(I) 7
4 (Ci) 314 0 • 2 I ’ d) I . 71 l~~)

5 (Cs) ~l .Rf. 1 7 ~~~~~
o (Cb) 11 .8448 — - 0~~~s 6 1  I — 1 .  2 1 ° ?

ST IMULIIS W E I ~~HT5 D I M E N S I ON
~ T I M t J L t I 5  1 -~

1 . •
1 ‘~hI (s 0 • 7 ’ s 1 ~ 0 . I4 (~ 

t~ 3

2 I . 1 9  4 0 • 0 0 0 0  0 • 0 0 0 0
3 0 . 1q05 0. ~1 ‘~) 0 . 1 4 1 8
‘1 0 . 2 1 1 4  I • ( ‘3  0 0 . 0 ( 10 0

5 0 . 00110 Ci • 4 0 1  q 0 . 1 ~hI -
,

1 . 7 381 0 • 0 . 4 ‘ -
~ 79

‘~ I STAN C FS
~ U R 3 E C T  I

1 ‘ 4 4
1.0 38 1. 7 1 3  1 . ‘

~~~“‘ I ~~~~~~~

7 14 . 9514 0 . (104’ I . H 7 ’~ I . 4 8  1 . 8 3 5  1 . 8 0 1
1. 784 1. ’’l ’ s (1 . 14(1 14 1 7 3 8  1.  ~ l s

4 1 .04 1 1. 74*~ 1 . 1 ) 4  0 . (I t l I l  I .  ~ s~~~s 0.017
5 1 . 4 7 7  1. 7 1 1  0 . 7 9 1  0 . 8’~~7 0 .1100 (~ . 98~ s
6 1 . 1 . 1 . 8 U5 1 .814 1 . ‘~ 0 1

P15 PAR IT I ES ( O P T I M A L L Y  SCA1.i :D DATA
SU R ~lE ( ’T I

1 7 4 .1 Is
1 0.1)1 0.985 1~~

7 3~ I. ’s 3 4  1 . /  4~ I .
7 .985 Il . 4 7 1 1 . 4 (4 1 5 3. 1 1 . 7 49
1 1. ‘ 4 9  1 (l • 3 7 1  1. 119 1. 7 3~~ I .  1°
4 0. 9135 1 . 1 . 7 39 Ii . 37 1 1 . ‘ 1  0 . 05
S 1. ’lQ 1, ’~99 14. 471 0.171 0. 471

1.7 1’) .699 1. 7 4 9  1. ’ 4 9  1 . 0 . ~~~

- 1 .
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~~~** ~~~~* WARN ING INCONSI STENT CONTROL PARAMETER S
THE N U M B E R  OF P A R A M E T E R S  B E I N G  COMPUTED C 2 4 )
MAY BE TOO LARGE FOR R E L I A B L E  RESULTS

I T E R A T I ON H I S T O R Y  FOR TilE 7 D T M F . N S I O N AL S O L U T I O N
(IN SQUARED DISTANCES)

I T E R A T I ON STRESS I M P R O V E M E N T
1 0. 41595
7 0. ’0’C~6 1 . 12968
1 14 . 16 9 0 1 3  (4 .0 1718
4 14.14875 14.02081

0.1 4 1 17 0.01691
14 .1~~47’~ 0.140660

1 14.I:’30(s (1.00166
B ~3)747 0.140059

STRESS ANT) PHI (IN DISTANCES)

STRESS .174 PHI = .9714

: 
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CONFIGURATIO N DERI VED IN 2 DIM ENS IONS

S T I M U L U S  C O O R D I N A T E S  D I M E N S I O N
STIMULU S I 2

1 1.1 775 —0.0604
2 1 . 17 1 0  0 . 1 35 1
3 —1.3 885 0.4608
4 0.2992 1.7649
5 —1.0 943 —1.2011
6 —0.1649 -1.0993

STIMULU S WEIGHT S DIME NSION
STI M ULUS 11 2

1 0.4631 0.44114
2 0.4448 0.5558
3 0.45614 0.8171
4 1.1502 0.0479
5 0.5102 0.0000
6 1.5282 0.2687

DISTA NCES
SUBJECT I

1 2 3 4 5 6
1 0. 000 0 . 13 0  1. 780 T . ~~S’l 1 . 7 2 2  1 . 1 4 5
2 0.146 0.000 1.724 1.147 1.810 1 .281
3 1.797 1.754 0.000 1.6’-~0 1.534 1. 64 9
4 1.023 1.001 1.832 0.1400 1 .629 0.8140
5 1.623 1.618 0.2114 0.995 0.1400 0.664
6 1.745 1.771 1.715 1.597 1 .1514 (4.000

D I S P A R I T I E S  ( O P T I M A L L Y  SCALED DATA )
SUBJECT 1

1 2 3 4 5 6
1 (1.360 0.658 1. 7 10 1. 4 4 9  1.7 1 0  1. 10 1
2 0.658 0.3 6(1 1.710 1.149 1.710 1. -15 9
1 1.710 1.710 0.160 1.710 1.710 1.710
4 0.658 1.1 01 1.710 0.360 1 . 7 1 0  0 .658
S 1.710 1.459 0.160 0.160 0. 3’0 0.658
6 1.710 1.710 1.710 1 .710 1.101 0.160
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