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ABSTRACT

This papcr reports results on the implementation
of a Bayesian Decision Rule to the identification of
remotely sensed data. The Bayes programs were developed
at the University of Kansas and are part of the KANDIDATS
system (Kansas Digital Image Data Cystem). A simple
Bayesian Decision Rule is one whicl assigns a resolution
cell having piatliern measuvrements d  to that ecategory
whose conditicnal probability, given measuroment d
is highest

The remotcly senscd data used in this study
consicled of very high altitude (approximately 65,000
feet} 35 mm Infrared Ektachrome and black and white
multiband photegraphy flown in thoe NASA/MSC Hi-Flight
program in March 1969, over the Imperial valley,
California.

Several approaches to the identification of a
variety of known agricultural land-usc categorics
oceurring in the study region were taken. TFirst,
multiple spot densitomeiric measurements were
obtained from the color infraved photographs in cach

B

of the yellow, magenta, and cyan cmui. jon layer:s.
These spot measuremenls integrated image deasitiles
over an arca comparoble to cxpocloed LRPS ground
resolution cells, Tdentification was performed on
the raw densitometric data an well as data stondard-
ized with respeclt to point intrnsity and lLincar
tranclformations.  The data sels wele guoantized to
cquially spaccd levels or egually prohable levels,
The probubility of corvect dddenlilication was 60
to 70 perecent for all dalta sets involved.

Sccond, identification of single cwolsion hlack
and white pholographs were digiltized to 61 grey
lovels by microdensitomelrie scanping at approximately
600 resalution ccl1ln per dneh. Ldenlilication accurary
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included to account for within ficld micro-testure,
identification improved to 65.6 percent, an increasc
of 14 percent.

Analysis of these data suggest the following
conclusions; (1) approximately 70 percent correct
identification accuracy can bhe achieved, (2} there
is no general advantage Lo any of the particular
quantizing and normalizing procedures tested, and
(3) the spectral texture effccts which occur at
an extremely small image scale, can he used to
increcase the accuracy of land-use identification.

1. INTRODUCTION

Interpretation of small-scale remote sensor imagery, inecluding high altitude
and spacecraft photography, requires that certain techniques, which differ from
larger scale imagery, be employed. Specifically, the clements of photo interpre-
tation of small-scale imagery requires greater dependence upon photographic tone
or color, shape and size, because resolution limitations often prevent the de-
tection of texture or pattern even though they may exist. The interpretation and
analysis of small-scale remote sensor imagery is complicated when one considers
the quantities of data, both available and expected, from satellites and/or high
altitude aircraft. The development of automated technigues alleviates some
problems of retrieving, processing, and analyzing large volumes of remotely sensed
data and therefore provides increasing flexibility to the reconnat ssance of earth
resources via remote sensors.

2. REMOTE SENSING PATTERN RECOGHNITION PROBLEMS

Automated analysis of remotely sensed imagery is a special problem in pattern
recognition. The human analogy to machine automation is the eyc-hrain system,
which is the most efficient and complex pattern recognizer in existence.  aAlthough
a number of decision rule technigues are available, the successful development of
an automatic pattern recognizer is still in the future {Steiner, 1970} bocause the
problem of automatically determining relevant pattern featurcs for the decision
rule is not yet solved. The present need is for studies to examince those environ-
mental and image characteristics which provide relevant identilication information
with respect to the categories of interest.

Attempts to accurately identify discrete categories from remotely senscd
imagery using pattern recognitien technigques have heen conducted by a number of
rescarchers during the past fow vears. The successes at the Universitics of Kansas,
california (Berkeley), Michigan, and Purdoe, for example, have bhoeoen encouraging and
have produced increased interest i various pibttern recognition techriques using
digitally transformed data from cameras, optical-mechanical and clectronic scannars.
{(Brooner and Simenett, 1971; Fu gt al., 1969; Haralick and Kelley, 1969; Lent, 1968:
Rib and Miles, 1969; Steiner, 1969, 1970.)

Each of these attempis have usced point valuve spectral or grey tonc density as
the relevant features and have not usced those arcal features of speckral or grey
tone distribotion which conctitute Lexture. In this study we consider small areid
spoctral or tonnl distribution paramclers which measwre wicro-texbure cffccts in
addition to grey tone or color point density.

3. IMACERY
Limited availiakility of small-sneale photography restricts the selection of
Lot cindy areas st categorics Tor oorvent rescarch.  Throvgh the cooperation of

Che Porestiy Remolte Sensing Libr, Univernity of Californie, bBerlicioy, imbgory el
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gupporting ground data has beecn obtained from several high altitude missions of the
HASA Earth Resources Survey Hi-Flight Program during 1969. Multiband imagery (Pan-
26A, Pan 58, IR-B89B, and Infrarcd kKktachrome} was obtained using a cluster of four
35 mm Nikon camceras (21 mm focal-length). Flight altitude for cach mission was
approximately 65,000 fect above terrain with a resulting photo scale for the 35 mm
photographs of approximately 1/600,000. The mission usod in this study was £lown
March 8, 1969, over the Imperial valley, California. Representative photographs
are shown in Figure 1.

Ground truth data was collectad in a 12 square mile study area for the datc of
photographic coverage. These data consisted of the recorded crop-type, land-usc,
and notations of crop maturity for each of 160 field units. Although a large
variety of crops are grown in this area during a calendar year, only eight crop-
types or land uses were recorded for the March photography. Figure 2 shows the
land-use in the study area.

4. S8TUDY AREA

The study area for the high-altitude sequential photography is a 12 sguare
mile area in the Imperial valley, California. Land-use throughout is intensive,
irrigated agriculture. The Imperial Valley study area is significant to the
prescnt program for several reasons: First, and perbaps foremost, is the afore-
mentioned availability of small-scale sequential photographic coverage. Second,
the presence of several or more ficlds of the same land~use to allow investigation
of within category variations in spectral reflection. Third, the presence of a
variety of similar categories (i.c., multiple crops) to allow such applications as
training and predicting of category identification. Fourth, the absence of natural
rainfall allowing controlled scoil and vegetation moisture within field units.

5. GROUND TRUTH

Several questions need to b: oricfly considered regarding "Ground Truth" data.
First, is the time of data survey and collection relative to the photographic over-
flight. Second, is the type of crop condition data being gathered. Third; are the
problems of within field varjation in crop condition, And last, are the problems
of variation duc to soll conditiuvng, i.e. moisture, salinity, and structure.

The time factor of flight date versus ground truth date can be very important.
Of several dates given preliminary examination in this study, only in one case was
the photography and ground truth oi:tained on the same day. An extreme was reached
when the nearest date of ground trulh gathering to flight date was one in which
ground truth was gathered 12 days before the flight. The importance of these
discrepancies to the study comes when these intervals coincide with rapid crop
growth or harvesting of crops an thus cffect spectral reflectance.

Related to this is the question of the type of ground truth being gathered.
Rather than using terms varying from "very,very young to mature” which secms Lo
appear vague and indeterminant from the perspective of high-altitude photos, other
terms such as percent of fiecld cover, plant height or coloration, and maturity
condition might increase the accuracy of identification results. For example,
there is virtuallyne difference between any crop in a very youny condition in toerws
of porcent ground cover, and furthormore, this condition is essentially bare soil.

tn addition, the data must bo scehrmatized for the local region.  In the
Imperial valley, for cxample, alfallfa and rye are often planted together, the rye
scod holding the alfalfa until the latter commences growth. It is unnecessary Lo
record ficlds as separate cateqgorics of alfalla, rye, alfalfa-rye, or cven graus.
Rother, it is sufficient in this rcegion to record all as alfalfa, thus climinating
redundaney, confusion, and small sawple size probloms. Similar situvations occur in

other agracelieral veglonn and mest b Puen heene fleld survey consliderations,
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Within ficld variation of the crops is significant in a number of ficlds duc,
no deubt, to a variety of factors inherent in farming activities in the arca. Thig
crcates a problem of both reading densitometric data and gathering ground truth,
and in turn affects the accuracy of the results.

The last problem deals with soll conditions and is very noticeable in a large
number of fields. This is probably duc to poor soil structure and farming tech-
nigques. The results are ponding and deposition of salts which in turn influence
plant growth and ultimately affect the accuracy of the information obtaincd.

It is virtually impossible to account for all minute variations which can and
do occur in an agricultural region. Rather, the data collected must he used to’
best advantage, often by generalizing more mecaningful data groups. To arrive at
new data groups, decision rules must be usecd which consider the data gathering
ability of the remote sensor device being employed.

Any regrouping of data and generation of new categorics must mect two criteria.
First, the new categories must be meaningful to both the sensor, the user of the
data and classification scheme. Second, the new categories must restructure the
data in such a manner as to significantly increasc the accuracy of previous classi-
fications. Shown in Table 1 is an example of data regrouping. Since all land-usc
data is referenced to a five digit code, data can be generalized to the fourth
digit, and so on.

6. DENSITOMETRY

Spot densitometric measurements were made on selected Infrared Ektachrome
photographs by sampling in cach of the 160 fields present in the area. Variations
of spectral reflection for each category were then determined and compared.

Filters used in the density measurements were Wratten 47R, 92, and 99. This
enabled very crude - but acceptable for the purposcs of this study - "simulation®
of multiband photography émploying discrete bands in the green, rod, and near
infrared regions.

A Macbeth Quantalog Photographic Coler Analyzer with a 1 mm transmission
aperture was uscd to measure color density. BRecause the individual fields on the
35 mm transparencics of 1:600,000 scale were too small to be measured with a 1 mm
transmission aperture, color transparency enlargements of the study arca wore made
to a scale of approximately 1:94,000. This was a reluctant, yct nocessary, pro-
cedure because further generations of photoyraphy (particularly enlargement) may
cause image degradaition and may inerease wilthin cotegory variations. The arca
illumipated through a 1 mm aperture corresponds to a small-area yround patch of
approximitely 300 ft. diametor.

samples werc taken according Lo field size in the following manncy:  ficlds

less than 40 acres = 3 samples; 40 acrces = 5 samples: 80 acres = § samples; 160
acres = 16 samples. Table 2 shows the number of samples obtained for cach data of

photography ;- for cach samplc three measurements weore obtained representing the
yellow, magenta, and cyun valuos. Those menswroements constitute one set of raw
data.

Another sct of densitomelric measarcmenls werw made on three mulUiband Llack
and white images covering the same spectral bands as Lhe IR Brtachrome image.
Nowever, thesc densitometric measurcments were wade by a scanning densi tomeLel
designed and Puilt at the University of Kansas.  The scanning densitowmetor has o
spot size of about 70 microns and samples o grey tone abont overy 50 microns. It
digitized coch grey tone to sixty-four levels and recorded Lhe digitirzation on

mognctic tape.  Before Qigitivation ook place arnlilier qgain and of fnet wae
adeted so that Lhe dovhoesi Tioltent arey toncs were digitized to Lhe oadd ook
ard torgest binavy numbers within il ivty-tonr dowels seb. Thiu, dIn enoene s,
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provided an equal interval quantization:

7. DATA HORMALIZATION

onc serious problem in many remote sensor-environmont systems is the lack of
consistont calibration from sensor to sensor and from day to day. Pheotographic
sensors are particulary plagued with calibration problems since no controlled
Attempt is usually made to compensate for exposure, lens, film, developer, print
and off-axis illumination fall off differences. The environment compounds the
problem by varying atmospheric variables such as haze and cloud cover.

Pettinger (1969) documented this variability in image quality which occurred
from the mission used in this study and from several other missions on several
Jates for multispectral photography in the Phoenix area. He ascribed color balance
variability to exposure, film {age and storage), and processing dif ferences.

There are several ways to opcrate on such uncalibrated imagery to bring it
into various normalized forms. Onc way is to do equal interval quantizing.

To perform equal interval quantizing the lighest grey tone, 1 , and darkest
qrey tone, d , on the image are determined. The range d-l of grey tones is
then divided into K equal intervals, each of length (d-1/K) . Any grey tone
lying betwoen 1 and 1 + {(d-1/K) is assigned to the first gquantized level o1
Any grey tone lying between 1 + (d-1/K) and 1 + 2(d-1/K} is assigned to the
second quantized level Q3 . In general, any grey tone lying between 1 + (m-1)
{d-1/K) and 1 + m(d-1/K) 1is assigned to the mth quantized level Qp .

Images whose grey tones have beon discretely quantized in this manner arc
snvariant with respect to linear grey tone transformation. To explain what this
renng, let us assume for example thai we have a black and white image which we
consider calibrated. Let us also ascume that we have a second inage, just like
‘1o first, except that it is uncalibrated. (Ferhaps it had been in the developer
vt long or it is visibly pre-fogoold ote.) Tf we can assume that the gamma change

i1 be described by a simple scalivy effect and that the overall darker (or lightor)
sirpearance can be described by bhe ddition or subtraction of some grey tone, then
the guantized pictures obtained Ly caual interval guantizing will be the same for
the calibrated and uncalibrated irage.

It is easy to understand why cgual interwval quantizing is invariant with
crpeet to linear transformation:. Lot {Xlzx2:"-JXn|Xifxi+1} be the
vt of grey tones for the calibrated image and {Yl;Yz;---;YmIYiﬁYi+Lf
“rdvred set of grey tones for the uncalibrated image.
H Om

ordered

ke the

For equal interval quantizing,
of the calibrated image is defined as the set

xil;

of the uncalibrated image is defined as the set

b mth guantized level

K K

Qm_={x le + (m-1) _{irl:_hl_) < X <Xl + m (Xn_

1 the mth gquantized level Q'm
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Bechurne we assunce

the vncalibiotod image is a lincar transformiation of the

hrated image we wust have, vy axitb , where a » O. ( 2 <0 would imply
' : . 3 . : . .
thealibrated image is a negative). Row, Y ¢ Q 1f and only if
’ T
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First subtracting b from these inequalities and then dividing by a , wo obtain

Y€ o if and only if X3 + (m-1) lﬁn_i_ﬂ;L5:x< X, + m(¥, - X3}

K ]

and this happens if and only if X€ Q- This says that if we collect all the

grey tones which were put into the mth quantized interval on the calibrated image

and then transform each of thesc grey tones to what they would be on the uncalibrated
image, then we would find that thase would be the grey tones in the mth guantized
interval on the uncalibrated image. Ilence, the guantized calibrated and uncalibrated
pictures would be the sanme.

ror color images, each emulsion may be quantized as a black and white image
would be quantized to achieve a color balance normalization. However, this is not
the only type of normalization applicable to color images. Somctimes, due to
camera design, illumination across the film is not uniform. More light energy
falls on the center of the film than on the edges (off-axis illumination fall-off}.
if the assumption can be made that the relevant information is in hue and not in
color intensity, then for any place on the color £ilm, the densities of each of
the three emulsions can be divided by the sum of the emulsion densities at that
location. Since the sum of the densities is proportional to color intensity, this
intensity normalization standardizes each place on the film to the same intensity.
As with the egual interval guantization procedure, if we compared a normalized
calibrated image to a normalized uncalibrated image (one with off-axis illumination
fall-off) we would find that intensity normalization would make the two identical.

8. ‘THE BAYES DECISION RULE

One approach to the discrimination problem involves the use of a simple Bayes
pocision Rule. Such a rule assigns the data point d to the most "likely" land-
use eategory. That is, if 4 1is a three-dimensional vector, of data taken from
IR Pltachreome film, whose first component is the spectral reflectance from the
cyan emulsion (700-900 am), whosce sccond component is the spectral reflectance from
" the magenta emulsion (590-690 nm}, whose third component is the spectral reflectance
frem the yellow emulsion (490-590 nm), and if c is any land-usc category, then

the Bayes Decision Rule assigns the mcasurement d  to the category ok if and

only if the conditional probability of c¢* given d is greater than or equal to
the conditicnal probability of c given d for any category c . If we denote

the conditional probability of category < given measurement by Pgflc) , then the
above condition may be written as

*
Py {c) = Py {c) for every category ¢

Kow, by Bayes formula,

- Pc(d)P{c)

P_(c)
d 5 ()

where Po{d) is the conditional probability of d gilven < and P{c) is the
probability of ¢ . lenca, d is assigned to category cor  1f

I’C* () {o*) PC ((1)1;(:_)—

.
P ) P {d)

{for every land use category ¢ . Since 1 {d) » 0, woe may mnltiply both sides of
the incquality Ly P(d)  and obtain that the Dayes rule assigns do Lo cotegory

L
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: *
PC* {(d) p (c) » P, (a) P (), for cvery land-use category < .

The probability P(e)} , called the prior probability, is the probability that
the land-use category ¢ OUCUrs.

when the images are quantized, to say K levels, then each component of 4
can take on K possible values. If therc are N components to ciach measurcoent,
then the number of possible measurcments is NK . If there are M 1land-use
cateogries, then M 8K  is the number of memory locations nccessary to store the
sot of conditional probabilities Pc(3d) . This number exponentially increases with
x and is often so large that it is either uncconemicnl or inconvenient to provide
guick access to that number of computer memory leocations when making estimates of
pe{d} . In this case it is convenient to assume that P.(d} takes some particular
functional form of a continuous distribution where the distribution can be specified
py a few paramcters. The usual distributional form is the multivariate normal
distribution (Fu, et atl., 1969) that is,

. o (due) £ @)

e
@t 21g 2

P (d)=

vhere tc = E[(d-uC)(d-uc)']. is Lhe covariance matrix for measurements coming

from category ¢ and B = E[d] is the mean value of the measurements coming
from category ¢ .

The covariance matrix is estimated by

s
]
=)
=
[ ]

RCEERICR )

and the mean is estimated by

vhere dp,d2,...dy are all measurcements coming from land-use category ¢ and x
denotes the transpose of the vector X .

The advantage of using the Baycs rule in the discrete form is that no
assumplions need be made about the form of the conditional prebability distributions.
Thus, it is a very general technigue. The advantage to using the Bayes rule in the
continuous form is that only a small awocunt of mewory storage is nceded to store
the conditional probabilities. Thus, it is an efficient technique. The dis-
advantage of the discrete form is the large numbeyr of memory locations ncedoed to
Store the conditional probabilitics in addition to the Fact thalt often there are
not enough samples available to get good estimates for the conditicenal probabhilities.
The disadventage of the conlinuons form is the rectricted condition under which it
Fay he used -- the datn must fit the distribulbional form for the results to bo
valid,

In this paper we will make somc comparisons between the continuous and discrete

formes,
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g, ANALYSIS AND PESULTS

The raw spot densitometric data consinting of B3 points for cach of the
three cmulsions of the Infrared Bkitachrome £ilm, and the intensity normalizcd spot
densitomctric data were quantized Lwo ways: by ten level equal interval and ten
level equal probability quantizing. The data were then processcd by the discrete
payes rule where the prior category probiabilitics were set to their actual fre-
quency of oceurrence in the study arca. The data set was divided in half. The
first half (called the training set) was used to estimate the conditional proba-
pilities and the second half {called the proediction set) was identified using the
gdiscrete Baycs rule determined by the first half.

The classification results for the Infrared Ektachrome £ilm and spot densito-
metric data using a discrete Bayocsian approach arc shown in Tables 3 through 6.
Table 3 presents contingency tables showing the full classification matrix for the
prediction set of each data sclb. Summary results are shown in Table 4 for the
training and prediction set of various data sets.

The results in each examplec are gencrally aimilar. In the training sets the
identification accuracy was consistently in the middle 70 poreent, wilth the normal-
jzed data generally slightly higher percentage than the raw data (74 percent
compared to 76 percent) . The prediction set resuelts were 5 to 10 percent lower,
ranging from 61 percent to 71 percent correct identification.

Also shown on the contingoney tables are the Type I (omigsion) and Type IX
(commission) errors for each caltegory. The probability of Type I errors in class
i is defined as the nurber of dats elements belonging but not: assigned to category
i divided by the total punber of oclements belonging to category i. The probability
of Type IL €crrors in catogory 1 is defined as the number of elements assigned hut )
not belonging to category i, dividad by the total numbcr of elements assigned to
category 1i.

The performance of wvariou: ! scosoing technigues on difforent categeries
(crops) may he comparcd by cxi. g the Type T and Type 1I errors, Taubles SA and
53, There are several differor s 7, 8% exomplified by the Alfalfa category. Tho
egually spaced guantizing and normalization procedure yieldad the lowesh percentage
of Type I errors (14 percent), lut also the highest percentage of Type 11 crrors
(35 perccnt) for the Alfalfa category .  Type T ecrrors may often be traded for Type
1] errors and vige versa. gimilay comparisons may be made for othor categorics.

The above data illustratc the results Lor the identification ol crops thraovgh-
out the study arca. Esscontially, this is a frogquency accuracy which, as Steiner
(19692) has stated, is "a statinbical summary for the study arca only and nol in

the actual location of (land v:e catoqories}...”. Location accuracy ie o noeoronaly
prerequisite for the implement. on of =scquential remote seraor ang environ .1
data in some sort ol a wgooyr.aphienl Information System.” gince cach data voint

is examined and classified individually in this analysis it 1s also possible to
consider location accuracy. rigure 3 shows thase fields in the study arca which
were correcltly and incorrectly identificd in the Egually Spaced puantizced raw dati
prediction sct. jather than illustrate the identification [or cach ficld, only
four catogories are chown:  correet identification; twWo catoegories of incorroot
identification consisting of compleloly wWXond, and undecided, whore thoroe wah il
egual deciuion beiween correct and incorrect CaenUification  of dnta points i thin
the field; and a fow ficlds which were not csmanine.d and identi fied.  The P g
cyop-types in the correct Fieldn may bo found by referring to the Ground Trutie Iiagp
(Figure 2). of the 10O ficlds i Lhe stady arci, 100 woero carrcclly identiflied,
yiclding a loecation accuracy i this exawple of 68 percent.

Nisc cve med ohos
+ 1
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this data regrouping, consider the results of the Equally Spaced DQuantirzed raw
data shown in Table 3A. These eight categorics are of the fifth digit order.
regrouping to the fourth digit order yields the same results since no categories
are combined. Regrouping to the third digit order, however, reduces the eight
crop-type categories to four crop-group catcegorics and yields a higher percent
correct identification. While previously there were 307 of 441 or 70 percent of
the data points correctly identified, now there arxe 392, or 88 percent, corrcctly
jdentified data points, as shown on Table 6. Similarly, in the Equal Probability
ouantized raw data, there were 61 percent correctly identified crop-type data
points. Regrouping to the third order digit yields a corvect identification of 806
percent. Regrouping by combining categorics will always yield correct percentage
results which are equal to or greater than the uncombined categories. Justification,
howcver, must consider the advantages and benefits, if any, of such aggregate data.

The raw scanning densitometric data of the multiband photography were
processed by two methods. In each method the data set was divided randomly in half,
the first half being used for training and the second half being used for prediction.
one method used approximately 20,000 grey densities obtained on a resolution cell
by resolution cell basis to make land-use decisions on a resolution cell by
resolution cell basis. This method treats each resolution cell independently,
ignoring the local dependence of nearby resolution cells. The discrete form of the
payes rule yielded 55 percent correct identification on the prediction set, and the
continuous form of the Bayes rule also yielded 55 percent. Figure 4 depicts the
decision rule boundaries used by the discrete Bayes rule,

"The other method was to make decisions on a small area basis taking into
account that micro-texture is producecd by tonal variations as well as by the
average tone. The training set was divided into small area patches of 25 randomly
chosen resolution cells and the first, second, and third moments of these samples
were estimated. The nine measurement components then consisted of the first three
moments for cach small-area patch for cach multiband photograph. The continuous
form of the Bayes rule yielded 66 percent correct identification on the prediction
sct. To test Lf the mean averaging (first moment) causcd the accuracy increoase
and whether the additionnl discrimination had been provided by the sccond and third
monents, we reprocessedthe data sct using only first moment and using only first
and sceond moments. The continuous form Bayes rule yiclded 58 percent corrcct
identification on the prediction set using only the first moment and 65 percent
correct identification on the prediction set using only the first and sccond moments.
lence, the sccond moment (variance) provided the most significant increase in
identification accuracy.

Image texture is cencerned with the frequency and range of tonc change and/or
with the spatial geometric arrangement of tones. The micro-texture effect found
in this photography is not due to any spatial geometric arrangement of tones, nor
is it due to the frequency of tone change. Rather, the texture effect is one of a
range of toncs. The heterogeneity of both alfalfa and bare 5011, for example,
refleeted itself in a wider range of grey tones around its rospective means than
of the other more homogencous land-use catedories in this data. Jence, the grey
tone variance {sccond central moment) in any small-arca patch was relatively highar
for alfalfa and barc soil than for the othcer land-usc catcgories. This higher
variance provided additional information for a 15 percent increase in identification
accuracy.

Phe elassification rocullts Lo the meltiband photography densitomelric data
are shownin Tables 7 through 9. As in the previous discussion of the Infrared
Phtachrome film, contingency tables are shown in Table 7. Thesc display the Tull
classification matrix for the prediction sct of the various data sets and analysis
techniques.  Summary results are shown in Table £ for the training and prediction
sets for each technique.
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The range of results is much larger than in the previous discussion.  The
training set data varies from 49 percent to 82 percent correct identificatlion of
land-use categories, and the prediction scet data has a similarx range from 43 poreoent
to 66 percent correct identification.

Tables 9a and 9b summarize the Type I and Type 11 errors for these prediction
set data. The percentage of error for each category was generally the same for
both Type I and Type II. The only land-usc catcgory identificed with minimal
omission (Type I) errors was bare soil, which occurred when using both the first
moment, and the first and second moments, and all throe moments in the analysis.
The highest occurrence of omission (Type I) errors geuerally occurred when only @
single parameter was employed. This also resulted in large commission (Type II)
errors,

When all three moments were used in the classification analysis, the result
was 66 percent correct identification. When only the first and second moments were
employed in the classification analysis, 65 percent correct identification resulted.
The best results occurred when the first moment was used with the second moment or
the second and third moments. Any combination without the first moment gencrally
resulted in relatively inferior results.

A comparison of results from the Infrared Ektachrome film and the multiband
films suggest that the Infrared Ektachrome film yielded slightly higher results.
The difference, however, between the best results from the Infrared Ektachrome
film (normalized data, Equal Probability Quantizing = 71 percent correct identi-
fication), and the best result from the multiband film (all three moments = 66
percent correct identification) is a differcnce of only 4 percent.

Several other studies have recently beon conducted with these and similar data
in the Imperial valley, and with similar data in the Phoenix, Arizona region. Tho
high altitude overflight acquiring imagery used in this study concurred and sup-
ported the Apollo IX S50-65 cup.viment. In a recent study by Wicgand ct al. (1971}
at the Agricultural Research Station, Weslaco, Texas, Apollo IxX photographs of the
Imperial Valley were examined, Densitometric data from isodensity traces on the
photographs were used to classify rural land use and yielded results similar to
those presented above. Overall correct identification was 68 percent fox Infrarcd
Fktachrome film and 72 percent for the multiband films. Wiegand discriminated
among five categories, four of which are the same as the present study (sugar beets,
alfalfa, bare soil, and barley; the fifth was salt flat}. Among Wicgand's con-
clusions were: (a) crop heights varnry considerably but do not scem related to proper
crop identification; and (b) larger fields secem casier to identify than smaller
fields.

Steiner has recently boen working with the same spot densitometric data of the
Infrared Ekxtachrome f£ilm of this study. & varicly of discriminant analysis expori-
monts have been performed for land use identification, all yielding gencrally
inforior results. A Cosince-Theta classification, whereby group cenlroids aro
caleulated and classification of test data is bascd on angular proximity to
controids, yiclded a 41 percent correct identification. A Lincar Discriminant
Analysis, using the assumption of normal distributions and egual covariances,
vielded a 37 percent correct identification. A Hearest Meighbor Clussification,
whereby classification of test data in bosed on winipsme distance to andividual
sample points, also yiclded a 37 poypeent corracl identification, Steiner's resulls
suggest that the spot densd tome U be data cansisla of categorics whose houndarics
were non-lincar. Examination of the oplimzsl decision boundaries in rigure 4 show
categorics such as alfalfa and barley not separable by linear boundarices and this
ipndeed was one arca where Steinerts lincar discriminant functicn failed to achicve
good ident [fication. Using the same data in continuous Bayes program with
quadralic boundarics yielded 45 percent idenbification.
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- pinally, recent efforts at the University of california, Berkeley, and
ruportcd by Laucr {1971}, have been directed toward the use of photoninterpretors
Lo discriminate land-use categorics from high altitude photography of the sama
misnion ured in this study. The test site, Phoenix, Arizona Was different, but
contalns several common characteristics as an arid agricultural region. Thesec
ctudics have found that the usc of multiband photographs on single dates produce
gcncrally low overall photo—intorpretntion results. In March for example the red
consitive emulsion (Pan 25A7) yielded 448 percent and the near-infrarced sensitive
emulsion (IR a9p) yiclded 45 porcent correct identification. overall interpretat
results improved whoen single date photographs were viowed in multi-cmulsion form
{(i.c. tnfrared Ektochrome oOr optical coler combination) and when multiband photo-
graphs taken on two dates wele optically color combined. The March Infrared

pktachrome photograph yiclded a 64 percent correct photo-interpreter identificati
10. CONCLUSIONS

The data analysis discusscd above has considered a Bayesian pecision Rule b
the automated identification of remotely scnsed data. These data consisted of
dengitometric measurements of Infrared Ektachrome -and multiband small scale acric
photographs. It has been demonstrated that approximately 70 percent accuracy cai
Le achicved when identifying certain land-use categories from Infrared Elitachrom
films. When using multiband films, results of 66 percent accuracy have been
achieved. The use of various guantizing and normalization procedures yielded
generally similar results. pheir differences do not secm to justify the exclusi
use of any particular procedure. Finally, when collecting point density data fr
small scale imagery, minute spectral texture information exists. The informatio
when added to tonal (or density) data can be used to increase the accuracy of
land-use identification.
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TABLE 1.

An example of land-use data regrouping hased on a five digit

hierarchical classification. Source: §Standard Land Use Coding

Manual,

CATEGORY

Alfalfa*
Barley
Safflower
Sugar beects
Lettuce
Onions
Pasture
Bare soil

*Includes
secded with rye grass.

TABLE 2. Distvibuticn of crop-typos and cpob densitometric
data poinks in each coulsion layer of the Tnfra
Ektachrome image used in this study.

Total

Urban Reneowal Administration.

1941

% # DATA POQINTS %
40.6 365 41.3
20.6 181 20.5
5 3.1 20 2.3
9 5.6 57 6.4
7 4.4 36 4.1
3 1.9 15 1.7
5 3.1 20 2.3
33 20.6 189 21.4
160 883
both cut and mature alfulfa, as well as alfalfa
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TABLE 3. Classification results
data. The contingency tables

prediction scts of:
equal space quantized; (C} raw data,

{p) raw data, equal spacc quantized; (B)

for the Infrared Ektachrome spot densitometric
show the full classification mutrix for the

normalized data, egual probability guantized.

normalized data,

cgqual probability guantived; and (D)

PREDICTION SET

TRAINING SET
DATA #1o AL lzconreey % |#ToTa . |#conneer] %
Raw, E.S.Q. 442 392 |74 441 307 |70
Normalized ES.Q.| 442 337 |76 441 308 {70
Raw, E.P.Q. 442_& 329 |74 441 268 |61
Normalized, EP Q] 4472 334 |761 44) 311 |71

TABLE

4.

Sunmary of training and prodiction resulls for

the Infrared Ektachrvome spot densitometric data sets..
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TABLE 5- summary of () Type b (omission) and (B) Type 11 (commission) errors for

the Infrared gktachrome spot densitomwtric data sets.
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TABLE 7. Classification results for the multiband densitometric data. The con-
tingency tables show the full classification matrix for the prediction scts of:

(A) data of the first moment;

(B} data of the sccond moment:
first and second moments; and (D} data of the first, second,

{C)} data of the
and third moments.

the multiband densitometric data sets.

1944

TRAINING SET PRECICTION SET
DATA #ToTA L |rcorneer] % |#ToTa L |#oonrect] %
1*" Moment 346 235 |68| 3456 199 |58
2™ Moment 346 | V71 |49 346 | 149 |43
18 2™ Moments | 346 | 270 |78) 346 | 224 |65
L]:'Q“d&I}'dMomenfs 34 6 28“)%_2;2 346 227 |66
TABLE 8. Summary of training and prediction resnlts Lor




the multiband densitometric data sets.
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TABLE 9. Sumﬁary of () Type I {cmission) Type II {commission) errors for
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xamples of the high altitude multiband aerial photography

of the Imperial valley, california, uscd in this study. The above photographs
are enlarged from 35 mm film format. Left is the Pan + 252 image; right is the
IR + 898 image with the study area outlined. WNot shown are the Pan -+ 58 and the

Infrarcd Ektachrome images. Source: NASA.

FIGURE 1. Representative e
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FIGURE 2. Land-usec of the 160 fields in the twelve sguare
mile study area in the Imperial valley, california, as
recorded by grounid survey, march 8, 1969. (Hote: On
this map, Pasture and Ryc have been combined. In the
analysis Rye was combyinad with Alfalfa {Forage) as
discussed in the toxt. )
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R iNCORRECT UNDECIDED [ Jnot crassinen

CORRECT XX

of the classification of the
Infrared Ektachrome raw spot densitometric data, eqgual
space quantized {prediction sot). Of the 160 fields,
108 were correctly jdentified yielding a location

accuracy of 68 percent.

FIGURE 3. Location accuiacy
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used by Discrete Bayes Rule
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