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I. INTRODUCTION

The approach of the Statistical Reporting
Service (SRS) for using LANDSAT remote sensor data
is to use it as an auxiliary variab}e with
existing operational ground surveys. SRS
objectives have been to investigate the use of
LANDSAT data to improve crop-acreage estimates at
several levels for which acreage statisties are
needed; such as counties, groups of counties
such as Crop Reporting Districts (CRD's), and
entire states.

To determine the feasibility of these
objectives, the Illinoﬁs crop-acreage experiment
was established in 1975.° The experiment employs
LANDSAT data for the state of Illinois and data
from SRS's June Enumerative Survey (JES) for
Illinois. The JES data was collected and edited by
the Illinois Cooperative Crop Reporting Service.
In addition the JES data was supplemented by
monthly-updates conducted throughout the growing
season and by low-altitude color-infrared
photography for 202 of the 300 JES segments in
Illinois.

This paper describes:

1. The statistical methodology for the
auxiliary use of LANDSAT data to estimate crop
acreages,

2. The procedure for designing the pixel
classifier which is required by this methodology,
and

3. Results obtained by applying this
methodology for three LANDSAT frames in western
Illinois.

Software systems have been developed jointly
by SRS and the Center for Advanced Computation of
the University of Illigois which implement the
estimation methodology.

The wuse of LANDSAT data as an auxiliary
variable developed from a realization that using
LANDSAT data as a survey variable produces biased
estimates, The two major types of bias in wusing
LANDSAT data as a survey variable are:

1. Mensuration biases due to the large pixel
size of the LANDSAT data (57m x 79m), and

2. C(lassifier-related procedural biases due
to different discrimination functions (linear or
quadratic), training sets, prior probabilities,
and classification categories used in the design
of the classifier,

II. STATISTICAL THEORY AND METHOLOULOGY

A. DIRECT EXPANSION ESTIMATION (GROUND DATA ONLY)

Rerial photography obtained from the
Apricultural Stabilization and Conservation
Service is photo-interpreted using the percent of

cultivated land to define broad land-use strata.
For example, the stratum definitions for 1llinois
are given in Table 1.

Within each stratum, the total area is
divided into N, area frame units. This collection
of area frame units for all strata is called an
area sampling frame. A simple random sample of "y

units is drawn within each stratum. The
Statistical Reporting Service then conducts a
survey in late May, known as the June Enumerative

Survey (JES). In this general purpose survey,
acres devoted to each crop or land use are
recorded for each field in the sampled area frame
units, Intensive training of field statisticians
and inteviewers 1is conducted providang rigid
controls to minimize non-sampling errors’.

The scope of information collected on this
survey 1is much broader than crop acreage alone,
Items estimated from this swvey include crop

acres by intended utilization, grain storage on
farms, livestock inventory by various weight
categories, and agricultural labor and farm

econamic data,

Let h=1, 2,..., L be the L land-use strata,
For a specific crop (corn, for example) the
estimate of total crop acreage for all purposes
and the estimated variance of the total are as
follows:
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Let Y Total corn acres for a state (Illinois,

for example).

? = kstimated total of corn acres for a
atate,
“11 InIJl[wwl|:rrvﬂ hl_ﬂJ':melvuunl, in
' the hl Vst
Then
L h
Y= ¢ N (¢ vy .)/n (1)
h=1 h =1 hi h
The estimated variance of the total is:
. L NS N-n ™
V(Y) = I n [ h 1) h N h . (yh - Yh)z
h=1 "h ‘"h ~ h j=1

Note that we have not yet made use of an
auxiliary wvariable such as classified LANDSAT
pixels. The estimator in (1) is commonly called a
direct expansion estimate, and we will denote this
by y .

DE

As an example, for the state of Illinois in

1975, the direct expansion estimates were:

Corn QDE = 11,408,070 Acres = ~
Relative Sampling Error = 2.4% = W(Y) / Y
Soybeans Y £ = 8,569,209 .
Relative Sampling Error = 2.9% = ww(Y) / Y

B. REGRESSION ESTIMATION (GROUND DATA
AND CLASSIFIED LANDSAT DATA)

The regression estimator utilizes both ground
data and classified LANDSAT pixels. The estimate
of the total Y using this estimator is:

- L _
Y, = £ N_ .Y
R he h h(rep)
where
Yocrem) = i * o Ry = %)

and §, = the average corn acres per sample unjt
fram the ground survey for the h
land-use stratum
n
h
= L Y. /n
j=1 R Th

bh = the esE%mated regression coefficient for
the h” land-use stratum when regressing
ground-reported acres on
pixels for the n, sample units.
n
h - -
121(xhj - xh) (yhj - yh)

classified

Ty

L (x5 = X)
=1 hj h

2

X, = the average number of pixels of corn per
frame unit for all frame units in the h
land-use stratum. Thus whole LANDSAT
frames must be classified to calculate

X . Nole  that thin {2 the mean for the
populat ton and not. the sample,
N
h
= ¢ X,;/N
=1 hi’"h

Xhi = number oghplxels classified as corn

ighthe i area frame unit of the
h strata.
X, = the average number o{hpixels of corn per
sample unit in the h™"' land-use stratum
"h
= L X ./n, .
j=1 hj""h
X, . = number of pixels classified as co
hJ in the jgﬁ sample unit in the hER
strata.

The estimated (large sample) variance for the
regression estimator is

- L N°N -n ™ 1212
A e A
h=1 Ph h =10 h
where
rg = sample coefficient of determination

between reported corn  acres agg
classified corn pixels in the h
land-use stratum.

n
h - - a2
g;(yhj - y) (xhj -x) ]
n n
h h
- 2 -2
(£ (v, =y )0 [2 (x, = %))
jap o ThT T, hy T
Note that,
~ my, = 1 > "
viYp) = hf] =2 (1 = rp) v(Y) (2)

and so lim v(YR) =0 as r2 < 1 for fixed n_,
Thus a gain in lower varignce properties ?s
substantial if the coefficient of determination is
large for most strata.

The relative efficiency of the regression
estimator compared to the direct expansion
estimator will be defined as the ratio of the
respective variances:

R.E. = v(fDE) / v(?R) (3)

When LANDSAT passes do not cover the entire
state on one date, it is necessary to work with
analysis districts (damains) which are wholly
contained within a LANDSAT scene or pass. In this
study the analysis districts were collections of
counties wholly contained in a LANDSAT pass. The
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th analysis district

regression estimate for the i
is _ _ . - _
Yhitreg) = Yni * Phi ng = %ni)

and the entire-state estimate is

1 -
Yp = 2 N Vhigren):
h=1

When analysis districts are used, degrees of
freedom for least squares regression by strata can
become samall. Under these circumstances it is
necessary to poo%h strata, and the regression
estimate for the i“" analysis district becomes:

Viitreg) = Yki + ki Xy - Xky)

for k = 1, 2, ... ,L% andthe entire-state
estimate becomes
. L:
- N g
Yr = I Mkt YRicren)”

wgﬁre L¥ = total number of pooled strata for the
i analysis domain and N;., XE ' xgi, yE. are
ad justed for varying sizes of lhe smpl uniEé in
each stratum. (Thus, h indexes individual stratum;
whereas, Kk indexes pooled stratum. Consequently,
the * notation is redundant and will not be used
in the next section.)

C. COUNTY ESTIMATES USING A REGRESSION ESTIMATOR

Let Nk e © total numbgﬁ of area frame units
' in the k pooled strata for a
set of C counties.
Xk ¢ ® total number of pixels in the set
]

of C countiestﬁlassified as corn
for the k pooled stratum
divided by Nk,C'
Then an estimate based on the regression estimator
of the total corn acreage for the C counties is:

- L -
Yrec,e * 5 Meet * Bk R e - XKD )
- L
N =-n n, -1
v o )z N MMy K
REG,c k=1 k,c T k,y ﬁk—:——z—
-
(X -X)
n-{)mm+L+k@ k”_ )
nk nk
T (x, ., = X )2
joq ki T Tk
where
I(C) = 1 if 0(C) < total number of

counties wholly contained in the
analysis district
0 otherwise

0(C) is the cardinality of the set C.

55 y = variance for the corn report.ed
' acreage for the k pooled
stratum

‘?f Wi = 527 (g = M)
=1

I1I. DESIGNING A CLASSIFIER

The pixel classifier is a set of discriminant
functions corresponding one-to-one with a set of
classification categories, Each discriminant
function consists of the category's 1likelihood
probability multiplied by the category's prior
probability. If the prior probabilities used are
correct for the population of pixels being
classified, then the resulting Bayes classifier
minimizes the posterior probability 5of
misclassifying a pixel for a 0-1 loss function.

In crop-acreage estimation, however, the
objective is to minimize the variance of resulting
acreage estimates. Since minimizing the posterior
probability of misclassification does not
necessarily achieve this objective, optimum
acreage estimation may require the use of prior
probabilities different than the optimum Bayes
set.

For the case of multivariate normal
signatures, the category likelihood functions are
completely specified by the population means and
covariances of the category signatures. Thus, the
calculation of category discriminant functions
involves the estimation of signature means and
covariances and category prior probabilities.

Designing the classifier for this experiment
consisted of the following steps:

1. Identification of
categories.

classification

2. Calculation of signature means and
covariances and category prior probabilities from
a training set of labeled pixels (called "training
the classifier").

3. Measurement of classifier performance on
a test set of labeled pixels (called "testing the
classifier"),

4, Heuristic optimization of the classifier
by repeating steps 1 through 3 for different
numbers of categories and/or different prior
probabilities, and then proceeding to step 5 for
the "optimized" classifier.

5. Estimation of classifier performance in
classifying the entire pixel population.

Because of the availability of ground data,
which supplied the location and cover type of
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agricultural tlields, supervised identification of
classification categories  was possible, A
classifiication category was created for each cover
type in which the number of training pixels
exceeded a specified threshold, usually 100
pixels. In addition, a classification category
for surface water was created using pixels from
rivers, lakes, and ponds.

A classifier was heuristically optimized
through a series of classification trials using
field-interior pixels to train and all
segment-interior pixels to test, The various
trials wused different combinations of the number
of categories and the method of computing prior
probabilities. These classification trials, along
with additional details on the classifier design
procedure, are described in the next section.

IV. ANALYSIS RESULTS FOR WESTERN ILLINOIS

The purpose of the Illinois crop-acreage
experiment is to investigate the effectiveness of
LANDSAT data to serve as an auxiliary variable for
crop acreage estimates. In the analysis of the
LANDSAT pass covering western Illinois, referred
to simply as the '"Western Pass", this
investigation had three major objectives. These
were:

1. To investigate the influence or lack of
influence of various factors, both methodological
and geographical, on classifier performance.

2. To compute LANDSAT-based regression
estimates for crop acreages in all counties wholly
contained in the Western Pass and for the Western
Crop Reporting District (CRD) and then compare the

precisions of these estimates to JES direct
expansion estimates for these areas.
3. To compute  crop-acreage regression

estimates plus the relative sampling errors of
these estimates for the twenty-nine individual
counties wholly contained within the Western Pass.

A. CLASSIFIER PERFORMANCE STUDY

The following factors were investigated for their
influence or lack of influence on classifier
performance:

1. Scene Domain. The northwest Illinois
LANDSAT “scene, denoted W1 (scene 2194-16035,
August 4, 1975), and the west-central scene,
denoted W2 (scene 219416042, August 4, 1975) were
first analyzed separately and then collectively
within the Western Pass joined-scene, denoted
W123, The southern scene denoted W3 was not
analyzed individually since only four segments
were on this scene,

2. Number of
This factor
intra-crop

Classification Categories.
investigated the influence of
clustering to create multiple

categories per cron  (MCPC) versus straight
supervised clustering with a single category per
crop (SCPC). The SCPC set of categories consisted
of seven categories for W2 and ten categories for
W1 and W123. The MCPC set of categories consisted
of fifteen categories and was developed by
clustering the ten-category SCPC set of covers.
This resulted in three categories for
alfalfa--cut, uncut, and dried; two categories for
hay; and two categories for oat stubble.

3. Prior Probabilities, This factor
investigated the effect on classifier performance
of using "different prior probabilities" for the
classification categories. Strictly speaking,
there is only one ~correct set of prior
probabilities for a given geographical region.
Using "different prior probabilities" actually
means using different weighting factors for the
likelihood probabilities in the class discriminant
functions, The two sets of prior probabilities
which were studied were using priors proportional
to expanded reported acres, denoted PER, and using
equal priors, denoted EP.

4. Training/test da*a sets. This factor
investigated the data sets on which the classifier
was trained and tested. The following methods were
employed to allocate the LANDSAT data associated
with JES segments between the training and test
data sets:

a. Resubstitution, in which 211 of the
segment data, denoted NB for '"mot background", was
used to both train and test the classifier.

b. Sample partition, in which the classifier
was trained on a 50% sample of segment fields,
denoted FLDS, and then tested on all of the
segment data.

c. Jackknifing, denoted JK, in which the
training set was 3/4 of the data and the test set
was the remaining 1/4. This allocation was
repeated four times so that the union of the four
test sets was the entire oollection of segment
data.

The  jackknifing technique used was that
referred to by Toussaint as the Pi-method.” Thus,
four separate estimates of classifier performance
were obtained and then averaged to yield the
Jackknife estimate.

There are two reasons why the training/test
factor was of interest. The first reason was the
desire to minimize the work involved with
evaluating a classifier. The resubstitution and
sample partition methods are easy to perform but
are known to produce biased evaluations of the
classifier in small samples. On the other hand,
the jackknife is known to give a less biased
evaluation but also involves substantially more
work to perform. Consequently, if in this
investigation the three methods give similar
results, then in future experiments of the same
size or larger the much-easier-to-apply
resustitution and sample partition methods will be
compared., If there is no difference between the
resubstitution and sample partition methods then

N
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these will be used and jackknifing will not be
investigated.

The second reason for investigating this
factor was to study the sensitivity of the
classifier to the selection of the training data.
This was the purpose of performing sample
partition and then comparing the results with
those from the other two methods of classifier
evaluation.

5. Strata poolings. Table 2 shows the
distribution o segments by stratum for W1,
W2, and W123. As can be seen, a number of strata
have zero or very few segments in them. Thus, it
was necessary to pool a number of strata together
and then compute ¥ ( on the pooled strata.
Three different strat2 Eggiings were tried and are
denoted by the pooled strata fiven in Table 2.

The purpose of the classifier performance
study was to investigate the influence of the
above factors on clagsifier performance.
Traditionally, the performance of a classifier has
been measured in terms of its confusion matrix of
percents correct and commission error rates.
However, if a classifier is being used to estimate
crop acreages, then it should be evaluated in
terms of how well it does exactly that. Thus, the
classification objective is to minimize the
variance of the resulting regression estimates,
and as shown in equatisn (2) this is accomplished
by maximizing the rp's (r-squares). Hence, to
compare classifier performance on the same
stratum, the respective r-squares were compared.
For multi-strata regions, classifier performances
were compared in terms of the relative
efficiencies (equation (3) ) of the resulting
estimates. Two types of relative efficiency were
calculated. The first type, denoted RE1, was
calculated with respect to the direct expansion
estimator which uses the same poolings as the
regression estimator. RE1 measures the gain in
terms of 1lower variance, of the regression
estimate over the pooled JES direct expansion
estimate, Of course this doesn't take into
account the strata in the direct expansion
estimate. However, a second type of relative
efficiency, denoted RE2, was calculated with
respect to direct expansion over the 11-12-20-30
pooling. Thus RE2 measures the gain, in terms of
increased precision, of the regression estimate
over the unpooled JES direct expansion estimate.

Counting the different strata poolings as
separate trials, thirty-four separate
classification trials were performed in the
classification performance study. Even this,
however, is far short of the number of trials
required for a complete factorial analysis.
Nevertheless, the influence of each factor on
classifier performance can be determined but only
on a subset of the levels of other factors. The
factor levels for the different trials are
summarized in Table 3.

Table U compares the r-squares and percents
correct for corn in twenty-seven of the
classification trials. The MCPC and JK trials are
not included in this table. Items of note in this
table are:

a. Percents correct are greater for PER
priors than for equal priors, but for r-square the
opposite is true.

b. Training on a 50% sample of fields yields
r-squares very close to those for training on NB.
c. r-square is very small in stratum 20.

d. The r-squares in W1 are generally larger
than the corresponding r-squares in W2. W123 is
in-between but closer to W2 than W1.

Table 5 presents the relative efficiencies
for corn for the same twenty-seven trials. As
expected, RE1 and RE2 have the same rankings
across factor levels as noted for r-square in
Table 4. An interaction between domain location
and the optimum strata pooling can be noted. In
W1 and W123 the 11-12=-20-30 pooling is optimum for
RE2, but in W2 the 10-50 pooling is best.

A possible explanation of the effect of
domain location on classifier performance is that
scenes Wl and W2 are markedly different
agriculturally. These differences are exhibited
in Table 6 which indicates the amount of 1land in
Wi, W2, and W123 devoted to various levels of
agricultural activity.

Tables 7 and 8 present results for soybeans
for twenty-seven of the classification trials.
Unlike corn, the effect of different priors on the
classification results for soybeans iz very
slight, with PER being slightly better than EP,
Again, an interaction between location and the
optimum strata pooling for RE2 is exhibited, and
the nature of this interaction is different from
that observed for corn.

Table 9 presents the results of trial JK in
which jackknife training and testing 1is used.
Table 10 compares the results of this trial to the
corresponding resubstitution trial (Trial W123.2).
The jackknife and resubstitution r-square values
are quite similar, the major dissimilarities being
for those <cover types which have large
coefficients of wvariation and small r-squares in
Table 9. This suggests that for sufficiently
large sample sizes, the resubstitution method will
yield r-square values whose biases are acceptably
small.

Table 11 compares MCPC versus SCPC. For
corn, MCPC 1is superior; whereas for soybeans an
interaction with type of priors can be noted. For
the soybeans EP case, SCPC is better. On the
other hand, for soybeans PER the MCPC method is
superior.

Finally, Table 12 compares classifier
performance for all covers and two different
priors. Items of note are the low r-square and
RE1 values for minor crops and the fact that no
single type of prior probability, neither EP nor
PER, is optimum for every cover.
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B. Large-area Estimates

The relative efficiencies obtained in the
classification trials indicated that the auxiliary
use of LANDSAT data can reduce the variance of
acreage estimates for corn and soybeans.
Consequently, the regression estimates for these
crops were calculated for the nine-county Western
Crop Reporting District (CRD) and for the entire
twenty-nine county region contained in the Western
Pass. These large-area estimates were then
compared to the corresponding direct expansion
estimates and to estimates based on the Illinois
State Farm Census.

The Western CRD is completely contained in
scene W2 and occupies about half of the W2 land
area, Regression estimates for the CRD were
calculated by first classifying all pixels in W123
with the classifier from classification trial
W123.2; i.e., EP, SCPC with ten crops, and
training on NB in W1 + W2. The classification
results for only those pixels in the Western CRD
were then used with a 10-50 strata pooling to
compute the Xk,c values for equation (4).

Table 13 compares the regression and direct
expansion estimates for corn and soybeans in the
Western CRD. For each crop the difference between
the regression estimate and the direct expansion
estimate is less than the standard error of either
estimate. For corn the regression estimate C.V.
is 54% of the C.V, for direct expansion, For
soybeans, however, the regression estimate C.V. is
81% of the direct expansion C.V. Thus, the gain,
in terms of lower variance, of the regression
estimator over direct expansion 1is smaller for
soybeans than for corn. One reason for this is
the fact that an EP classifier was used. The
classification trials indicate that EP is optimal
for corn but sub-optimal for soybeans.

Table 13 also compares the direct expansion
estimates for the Western CRD with acreage
estimates based on the Illinois State Farm Census.
For each crop the difference between the two
estimates exceeds 1.5 times the standard error of
the direct expansion estimate. The two estimates,
however, measure different quantities--the direct
expansion estimate measures standing acres,
whereas the State Farm Census measure acres
harvested. ’

Table 14 1lists acreage estimates for the
entire twenty-nine county region contained in the
Western Pass, These estimates were computed using
the same classifier as that used for the Western
CRD.

C. County Estimates

Regression estimates for corn and soybeans
were calculated for the twenty-nine individual
counties in joined-scene Wi23. These are listed
in Table 15 and were also computed with the same
clagsifier as that used for the CRD estimates.
With two exceptions the C.V.'s for oorn ranged

between 15 and 20% on a county-by~county basis in
northwest Illinois. The exceptions were Jo Davies
county (34% C.V.), which is almost entirely
stratum 20, and Peoria county (24% C.V.), which is
largely urban.

The high C.V.'s 1in stratum 20 are to be
expected due to the very nature of this stratum.
Basically, stratum 20 is a “catch-all" stratum in
which areas of highly heterogeneous land use are
placed.

In west-central Illinois the C.V.'s for corn
ranged as high as 33% on a county-by-county basis.
Counties with the largest C.V.'s were located on
the Mississippi or Illinois rivers.

The C.V.'s for soybeans were considerably
larger than those for corn. One reason for this,
as was also the case for the CRD estimates, is
that the EP classifier is sub-optimal for
soybeans.

V. SUMMARY

In order to investigate the effectiveness of
LANDSAT data as an auxiliary variable for crop
acreage estimates, three LANDSAT frames from an
August 4, 1975 satellite pass over western
I1linois were analyzed. It was observed that the
pixel classifier used in the crop-acreage
methodology was influcenced by a number of
factors, both methodological and geographical.

Larpe-area corn and soybean acreage estimates
were calculated using LANDSAT data as an auxiliary
variable for both a twenty-nine county area and a
nine-county Crop Reporting District. Significant

increases in precision over ground survey
estimates were demonstrated.
It was also  shown that small-area

crop-acreage estimates for individual counties
with measurable precision are  technically
feasible. However, the large coefficierts of
variation of some of these estimates may make them
unsuitable for operational publications.
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Table 2. Sample Sizes within Strata and Strata
Poolings

joriginal | # segments#*| oled stratum #
tstratum #} “W1 W2 Wi23) 0 10-50 11-12-20-30_

b T30 1648 10 10 T :
b 12 6 1016 10 10 12

P20 b5 1117 10 50 20 :
i3 - R 50 30 i
32 b1 01 0 50 30 :
b33 i 0 0 0 | 50 30 d
|40 I 0 1 1 0 50 30 :
I8 i 011 10 S0 30 :

*W1 and W2 entries are on an entire scene basis.
W123 entries are for the counties wholly
contained in W1+W2+W3.

Table 3. Summary of Classifier Performance Study

H : factor J
! \domain categories| priors] train/test] strata |
! trial] WT W2 Wi237 SCPC MCFC| EF PER] NB FLDS JR! poolings |
Wil X /10 i X jall 3 )
W1.2 | X 1 X/10 ' X X ipoolings |
W1.3 | X } X/10 HED | VX H H
Wl.4 ) X 1 X/10 RS H X H H
we.l | X TX/7 X 1T X ' H
w2.2 | X T X/7 H X 1 X ' 1
w2.3 | X v X/T HIRS 1 X ! !
wWi23. 1 X 7 X/10 o X T7X H H
1W123.2] X 1 X710 ' X 1 X i :
1W123. 31} X H X715, X H X tall 3 ;
IW123.4 X X/15) X X ipoolings |
H X X/10 X X ipooling O |
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Table 4. Sample coefficients of determination (r-squares) and
percents correct for corn in SCPC classifications

1 + ]

i : | i stratum r-square {
1
1

tanalysis| train/| T 050 T 11-12-20.30 0 % |
idistrict) test | priors{ 0 ) 70 50 | 11T 12 20 30 icorrect¥|
W T NS T EP 183 1.80.36 .86 6209 T.00 1 5T |
: ! { PER .64 {.56 .50 !.65 .60 .06 .95 | 88

1 ] 1 ] 1 ] ] ¥
] ] ] ] 1 ' 1 1
: { FLDS | EP  1.84 1.82 .31 1.89 .57 .15 .00 } 57 !
: : { PER 1.70 !.62 .51 !.72 .56 .07 .97 ! Bl

: : : —_ i ! |
P W2 ! NB ! EP 1.63 .66 .19 1.66 .71 .06 .28 | 51 |
: : | PER [.47 [.55 .15 [.72 .48 25 .00 | 85 |
' ) L] ] 1 L] ] '
t [} ] | 1 L] | 1
: { FLDS | EP_ .69 i.74 .30 }.82 .58 .12 .53 | S

i i ' | | ! H ;
W23} NB ! EP {70 1.72 .21 |.78 .54 .00 .58 | 52

i i i PER 1.52 (.56 .18 1.67 .57 .00 .20 | 86

*Based on all segment interior pixels, including field boundaries.

Table 5. Relative efficiencies for corn in SCPC classifications

1 | ] i RE1 I RE2 !
tanalysis| train/| I pooling o pooling '
idistriet; test | priors;, 0 1050 1 + O 10-50  11-12-20-30]
1wl 7 NB 7 EP 15.69 3.95 | 13.03  3.78 §.25 i
H H ! PER 12.74 2.15 ) 11.46 2.06 2.6 )
] ] H ] I |
1 i FLDS | EP 15.97 4,20 4 13.18 4,02 4.58 )
H H i PER 13.26 2.44 1 V1,74 2.33 2.77 '
H ' i H N '
VW2 I NB } EP }2.66 1.68 | 11.61 1,76 1.27 ,
1 H i PER 11.65 .47 + 11,00 1.54 1.15 i
] g ] ' I ]
] i FLDS { EP 13.16 2.03 | 11.91 2,13 1.67 :
| H H 1 L i
i W123 | NB i EP 13.38 2,23 | 1.73 2.00 2.23 '
i i } PER 12.08 1.74 4 1107 1.56 1.81 H

. L Table 7. Sample coefficients of determination (r-squares) and
Table 6: Distribution of percents correct for soybeans in SCPC classifications
population segments by stratum

within analysis districts 1 i

1 stratum r-square
tanalysis} train/

E TS0 T -T20-30 ) 8 |
| 1% of population segments | idistrict] test | priors! O | 10 S50 1 117 12 20 30icorrect*]
! iin analysis district ! I T NB | EP 1.B1 /.82 .83 |.82 .70 .98 .98 | o |
! jcontained in each stratum| ! H i PER }.82 (.83 .83 ;.83 .72 .98 .98 | T
istratum} Wil W2 Wi23 1 i H ' ! ) i i H
N N 7 53.7 32.5 39.8 H ! ! FLDS | EP }.81 1.82 .84 }.82 .75 .99 .98 | A
12 1 13.0 16.6  15.7 ' ' ! ! PER !.82 }.82 .BU4 !.82 .72 .97 .98 ! T4
v 20 1 10,9 30.8  23.4 ! ! T T T T T : !
; g; | 1;.3 g.g ?.Z ' " ' NB ! EP !.62 !.60 .49 !.73 .31 .63 .55 ! 65
. i 9. . . i ! ! ' PER .63 |.62 .49 !.73 .38 .58 .55 | 63 |
P33 1 1.0 1.8 1.4 ! ; ; E ; 3 : s ; 733 | 3
5 g? 5 -g ?-} 2-8 | : | FLDS | EP .63 .61 .51 }.73 .34 .63 .02 | 65 |
! — : : ! ] i i I ' i :
. ‘00,0 700.0 T00.0 ! W23 1 NB | EP .67 !.69 .49 !.77 .44 .57 .56 | 63

i i ! PER .74 \.74 .50 ;.78 .62 .55 .66 | 67

*Based on all segment interior pixels, including field boundaries.
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Table 8. Relative efficiencies for soybeans in SCPC classifications

H : H ' RE1 HE RE2 i
tanalysisitrain/ | i pooling | | pooling H
‘districtitest |priorsi 0 10-50 y } O 10-50 11-12-20-30;
"Wl T N8B | EP 15.25 G5.26 1 4.73 GBI TB.56 ]
H : i PER | 5.42 5.43 | | 4.89 4,97 5.76 '
H ' H ! HI H
: ! FLDS | EP !5.20 5.25| ! 4.69 4.81 5.62 !
| ! ' PER | 5.41 542! ! 4.87 4.96 5.74 |
H ' H | HIH )
! W2 ! NB | EP } 2,53 2,10} 1} 2.26 2.18 1.97 |
! ! ! PER ! 2.63 2,15 ! | 2.34 2.23 1.97 |
| ) | H L H
' 'V FLDS | EP } 2,60 2,16 | 1} 1.67 2.13 1.91 :
[} T T 1 ] : : :
! W23 ! NB ! EP | 2.99 2.56 ! | 2.84 2.60  2.52 |
! ! ! PER! 3.32 2,78 ! ! 3,15 2.82 2.91 !

Table 10. Comparison of
Jjackknifed and resubstitution
r-squares (W123, SCPC, EP,
Pooling 0)

Table 9. r-squares for jackknifed classification (W123,
SCPC, EP, pooling 0)

pooled-stratum-0 r-square

; ; Jackknife group | H C.VTE E cover Etrj&n{teigi
:A falf:over ) 1 2 3 \ Ave. S.E.: (%) i :(A:(];falfa T .06@; .09;
] [ . . - [ 1 . ol ' ' 1 ]
iCorn {734 .814 1639 .680! 717} .07 ! 10.5! Domse Woods | ‘oBel o0i
iDense Woods i .097 .003 .030 .213} .0B6} .09 { 109.2! {Hay RIS
{Hay | 017 .285 .042 271} .44} 13} 92.2) !0at Stubble ! 1035 .06!
10at Stubble { .000 .016 .119 .004} .035} .06 | 163.9) 10ats ! .04 .15
i0ats i .119 .001 .069 .109! .094} .08 | 87.8! ' 266! 36!
{Permanent Pasture} .339 .304 .552 .269} .366! .13 | 3.8 Sormoane, otturel L3081 301
{Soybeans | .578 .745 .843 .520} .671! .15 | 22.2 'Wasteland L oy72) 81
iWasteland | _.8U7 .732 .062 .248! .472} .38 i 79.9! —"

Table 11. Relative efficiencies for corn and soybeans in W123

classifications
! : ! : tRE1 | RE2 :
] ' ! cate- | trair/| pooling | pooling )
lcover \priors) gories | test | O 10-50} 0 10-50 11-12—20»305
orn 1 . . 1L 1
; E ; MCPC/15§ FLDS | 3.90 2.54 {2.02 2.28 2.u48 )
] : H H H : )
} i PER | SCPC/10, NB 1 2.08 1.74 11.07 1.56 1.81 ,
' : ! MCPC/15! FLDS |} 2.32 1,86 }1.20 1.67 1.91 E
' H i H i ! i
;Soybeans: EP | SCPC/10] NB | 2.99 2.56 }2.84 2.60 2.52 H
H H ! MCPC/15]{ FLDS | 2.61 2.29 {2.48 2.33 2.31 E
H : i H ' : :
H i PER } SCPC/10} NB t 3.32 2.78 13.15 2.82 2.9 :
: , ! MCPC/15) FLDS | 3.39 2.84 13.22 2.89 2.97 :
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Table 12. r-squares and relative Table 13. Estimated acres of corn and soybeans in the
efficiencies for all covers (W123, MCPC, Western CRD
FLDS, Pooling 0)
H i Corn : Soybeans :
|_r-square RE1 H i Estimator i Acres C.V.i  Acres C.V. |
Cover \ EP i PER! EP | PER | i Direct Expansion] 1,316,000 8.5%1 562,600 13.1%}
\Water 7 .89 .84y B.707 6.231 i Regression 1 1,269,000 4.6%% S74,100 10.6%)
Waste \ .78i .82} 4.47) 5.45) { Farm Census i 1,121,000 ! 688,700 '
1Soybeans 762 LT 2.617 3.391
iCorn i 751 571 3.900 2.32)
{Permanent Pasture] .32 .357 1.047 1.57)
1Woods i.021 .24 1.01) 1.3} Table 14. Estimated acres of corn and soybeans in
iAlfalfa i .05! .13) 1.04}) 1.13} Western Pass 29-county region
‘Hay t.200 .10} 1.247 1,10}
10ats toL14) L0501 1,157 1.04) Corn ! Soybeans
i0at Stubble i .01F ,03) 1.00% 1.02] Estimator Acres  C.V.] Acres R

Regression ,125,400 2.5%) 1,681,800 5.

] ' i
i i cC.V. !
i Direct Expansioni 4,170,150 3.6%] 1,539,200 7.7% |
i i 5.2% |
! Farm Census i 3,653,800 1,707,400 :

Table 15. Regression estimates for corn and
soybeans in individual counties in Western

Pass

i ) Corn Soybeans :
i County | Acres C.V, Acres C.V.

{ Adams 166,600 24.0%, 83,600 35.3%!
! Brown i 53,700 33.4 ; 24,300 50.7 i
{ Bureau \ 254,000 18.7 ) 110,600 33.4 |
i Calhoun i 56,700 25.1} 23,3000 39.9 ;
i Carroll i 126,500 17.5 | 57,200 29.6 |
| Cass i 91,700 20.3 ! 54,100 25.5 |
i Fulton 1 172,100 29.0 } 91,400 37.8 |}
| Greene ! 136,800 19.2 } 76,000 24.8 |
! Hancock i 190,500 19.3 [ 74,800 36.2 |
! Henderson | 104,000 17.3 } 37,100 36.4 ;}
i Henry i 276,800 17.2 { 79,400 46.6 |
) Jersey } 85,700 21.6 | Uu8,900 27.0 |
! Jodaviess | 108,300 34.1 } 27,100 94.2 |
t Knox V174,100 19.5 1 79,600 31.6 |
! Mason 1 129,100 21.3 | 76,100 27.9 |
! McDonough | 162,500 17.4 | 82,500 26.3 }
| Mercer ! 139,800 18.7 : 43,900 43,4
| Morgan i 147,200 17.6 } 93,700 20.9 |
i Ogle 1 223,000 19.0 | 51,500 64.2 |
i Peoria ! 124,000 24.0 ; 65,300 32.6 |
{ Pike i 160,100 25.7 | 78,300 37.3 |
| Rock Island} 107,000 18.7 | 27,500 52.7 |
i Schuyler | 84,000 29.0 } 36,650 u46.2 |
i Scott i 61,100 19.9 31,500 28.6 |
| Stark ! 92,000 18.2 ! 40,600 32.1

! Stephenson | 172,100 18.6 { 30,600 81.8 |
| Warren i 161,800 16.5 |} 64,100 32.2 |
! Whiteside | 242,800 16.2 | 62,400 49.0 |
i_Winnebago | 121,500 21.5 , 29,600 68.0 |
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I. ABSTRACT

This paper describes remote-sensing data anal-
ysis research conducted collaboratively during the
last year by personnel of the Center for Advanced
Computation (CAC) of the University of Illinois at
Urbana-Champaign and the Statistical Reporting
Service (SRS) of the U. S. Department of Agricul-
ture. The research reported has been undertaken
by CAC and SRS to assess the practicalities of
existing high-volume earth observations data acqui~-
sition, processing, and communication technologies
such as LANDSAT, the ILLIAC IV parallel computer,
and the ARPA Network as mechanisms for improving
the accuracy of USDA annual estimates of agricul-
tural crop acreages for geographic regions corre-
sponding to U. S. states.

IT. INTRODUCTION

Throughout this research, our basic appiogch
has been to seek an integration of ILLIAC IV’
and ARPA Network3}:% software systems developed
previously at CAC for more cost-efficient machine
interpretation of LANDSAT data’s6 with geographic
information systems implemented explicitly for
interactive digitizing, storage, and retrieval of
large quantities of crop-acreage information
collected routinely by SRS in the course of the
extensive field surveys associated with its on-
going agricultural production estimation methodol-
ogy. Our primary goal has been to determine the
extent to which SRS ground survey samples may be
employed successfully as ground-truth information
for calibrating ILLIAC IV procedures for classifi-
cation of LANDSAT multispectral scanner (MSS)
imagery for regions corresponding to U. S. states.

For this exploratory application of machine
processing of LANDSAT data, the state of Illinois
was selected as the basic study area. All ground-

*This research was supported in part by the U. S,
Department of Agriculture through USDA Research
Agreement No., 12-18-04/-8-1794-X, and in part by
the Natiomal Aeronautics and Space Administration
through NASA Grant NGR 14-005-202.

1976

truth information was acquired during the Illinois
1975 growing season by SRS acting in collaboration
with the Illinois Cooperative Crop Reporting Ser-
vice. Digital data tapes for all 1975 late-summer,
cloud-free LANDSAT imagery over Illinois were made
available to the project by NASA's Office of Earth
Observations Programs acting in cooperation with
NASA's Ames Research Center.

In this paper we describe the overall method-
ology adopted for this investigation of the practi-
calities of LANDSAT imagery analysis for USDA
crop-acreage estimation purposes and report re-
search findings to date. We describe the general
strategy pursued in developing a comprehensive
LANDSAT imagery amalysis system of the scale
required for monitoring agricultural crop acreages
over a geographic region of the scale of the state
of Illinois. For a region correspounding to ten
(10) western Illinois counties (a subset of the
102 counties of 1llinois), we present preliminary
crop-acreage estimation results derived from
ILLIAC IV - ARPA Network analysis of LANDSAT data.
Assuming the practicality of similar analyses for
LANDSAT imagery covering the entire state, we
discuss a procedure for evaluating statistically
the information to be gained by estimating state
crop-acreage totals from LANDSAT imagery classifi-
cation results where SRS sample survey data are
used as ground-truth information for classifica-
tion training as opposed to estimating state crop-
acreage totals directly from SRS survey data alomne.

III. GROUND DATA COLLECTION, STORAGE,
AND RETRIEVAL

In support of this research project, all crop-~
acreage information collected by SRS within the
state of Illinois in the course of its 1975 crop
and livestock surveys was retained and reformatted
for use as ground-truth information for calibra-
tion of LANDSAT imagery analysis systems. These
data contain complete descriptions of all agricul-
tural and non-agricultural fields, i.e., areas of
homogeneous land cover, for all ownership tracts
within each of 300 area segments of the SRS
national survey sample that fall within the state
of Illinois.



In accordance with SRS survey procedures,
these 300 area segments had been selected earlier
with respect to strict statistical sampling
criteria and hence, while allocated heavily to
agricultural terrains, may be considered randomly
distributed throughout all land in the state. Each
area segment corresponds to a geographic area of
approximately one square mile. Each segment typi-
cally contains multiple ownership tracts with nu-
mevous fields ranging in aize from several-acre
farmsteads, ponds, and forested areas to several-
hundred-acre agricultural fields.

Following standard SRS survey practices,
throughout the summer of 1975 ASCS aerial photo-
graphs (at a scale of 8" = 1 mile) were taken by
survey enumerators to the location of each segment
and used for delineation of all current field
boundaries. Field boundaries for all tracts of
all segments were monitored continually throughout
the summer in conjunction with June, July, August,
and September surveys conducted by SRS personnel.
Field boundary changes from month to month were
recorded using a color-coded marking aystem.

All crop-acreage data recorded by field enu-
erators on ASCS photos and interview forms were
rechecked independently for consistency by person-
nel of the central offices of the Tllinois Coopera-
tive Crop Reporting Service In Springfield. All
crop-acreage data contained on survey forms were
put into machine readable format. Output from this
process consisted of a computer tape for which
individual records represent crop-screage Informa-
tion for all fields of all tracts,in all segments
for each of the four surveys conducted throughout
the summer,

As still another source of ground-truth infor-
mation, low-altitude infrared photography (at a
scale of approximately 5" = 1 mile) was obtained
commercially for a subsample of 202 area segments.
This current aerial photography provided directly
an accurate, high-resolution picture of the agri-
cultural crops and land uses actually existing in
late summer for the 202 segments covered. Hence,
it was possible to check the degree of accuracy
with which 1975 field boundaries had been delin-
eated on the older ASCS photos. For those segments
for which summer 1975 photography had been ob~-
tained, field boundaries (and changes) were re-
drawn directly on the current photography making
reference both to data recorded by survey enumera-
tors on ASCS photos and to features visible direct-
ly in the current infrared photos themselves. This
task was also done in Springfield by SRS personnel.
A quantitative evaluation of the relative advan-
tages for LANDSAT imagery classification objectives
of this current photography and the older ASCS
photography 1is currently being conducted by SRS.

To make all crop-acreage data thus compiled
convenient for LANDSAT imagery analysis purposes,
all field, tract, and segment boundaries recorded
on a complete set of area segment photos (202
current infrareds and 98 ASCS photos) are presently
being digitized jointly by personnel of CAC in

I11inois and personnel of SRS in Washington. This

task is being accomplished using graphics data
tablet digitizing equipment connected via the ARPA
Network to interactive DEC PDP-10 computers at
Bolt, Beranek and Newman (BBN) in Boston. Data
tablet digitizers at CAC are connected directly to
the ARPA Network through CAC's own ANTS (ARPA Net-
work Terminal System) computer facilities. SRS
digitizing equipment has been linked to BBN com-
puter systems via dial-up telephone line connection
to ARPA Network node facilities at the National
Bureau of Standards in Gaithersburg, Maryland and
at Fort Belvoir, Virginia.

All agricultural field boundary digitizing is
being accomplished using an interactive DEC PDP-10
data tablet software system developed at CAC ex-
plicitly for takeoff of SRS crop-acreage data
recorded on aerial photos. This interactive data
tablet software package was implemented as an
extension of the EDITOR system -- a general PDP-10
LANDSAT imagery analysis system developed previous-
ly at CAC as an interactive ARPA Network interface
to LANDSAT image interpretation procedures avail-
able on the ILLI%C IV computer at NASA's Ames
Research Center.

These additional procedures added to the
EDITOR system for digitizing SRS crop-acreage data
also include proviseions for on-line geographic
regiastration of all fleld boundaries digitized
with respect to USGS quadrangle map coordinates.
This task is done slmply hy mounting simultaneously
both photo and quad map on the active surfuace of
the dnta tablet (36" x 48") and digltizlag points
of geographic correspondence visible within both
the photo and quad map.

After digitization and geographic registration
of all segment, tract, and field boundaries delin-
eated on any one photo, an areal-network mask is
determined by the software system for the segment
digitized. This segment network mask is stored as
a DEC~-10 disk file in terms of a list of network
nodes and links representing respectively digitized
field corners and boundaries.

Immediately following digitization and regis~
tration of all crop-acreage data on any photo, two
line plotter displays are produced using a drum
plotter at CAC to provide a hard-copy record of
the segment mask thus created. One of these dis-
plays is plotted at the exact scale of the photo
itself and hence, by overlaying photo and plot,
the correctness of all digitized boundaries may be
conveniently checked. The other display is plotted
at the scale and cartographic projection of the
USGS quad map and by overlaying this plot and quad
map the accuracy of geographic registration may be
verified. (See Figures 1-2.)

IV. LANDSAT IMAGERY SELECTTON
AND PREPROCESSING

All LANDSAT imagery collected over Illinois
during the summer of 1975 was acquired from NASA in
the form of 70 mm film transparencies and evaluated
by SRS and CAC with regard to project objectives.
Assuming ideal meteorological conditions, only



eleven (11) frames of LANDSAT imagery are required
for complete coverage of the entire state. Given
prevailing conditions, however, a total of sixteen
(16) frames of imagery acquired between the dates
of 16 July and 7 September was deemed necessary to
obtain cloud-free coverage of all of the 102
counties within Illinois. Digital data tapes and
positive film imagery (both at 1:1,000,000 and
1:500,000) were obtained for each of these sixteen
(16) scenes.

Since one of the goals of our project is to
obtain crop-acreage estimates for the entire state
of Illinois, and since counties represent smaller
geographic units more convenient for estimation of
state-wide crop-acreages in terms of regional sub-
totals, it was decided to preprocess and reformat
all LANDSAT imagery acquired from NASA into a set
of image files such that each of the 102 counties
of I1linois was contained wholly and cloud-free
within at least one image file. 7To accomplish
this objective, the following stratepy has been
adopted.

Despite the vertical overlap of approximately
fifteen (15) miles between successive LANDSAT
frames of the same orbit, in many cases individual
counties falling on north and south frame bound-
aries are not wholly contained in any one frame.
Hence, in numerous instances it is necessary to
compile pseudo-frames of LANDSAT digital imagery
by concatenating data records of a top portion of
one frame to data records of a bottom portion of
another frame of the same orbit. Such pseudo-
frames are to be compiled wherever they are neces-
sary to achieve continuous cloud-free imagery for
a particular county.

Due to the size of counties in Illinois, the
horizontal overlap of approximately fifty miles
between frames of successive orbits is sufficient
to insure that no county fails to lie wholly with-
in the swath of at least one orbit. Thus fortu-
itously, the considerably more difficult problem
of gplicing LANDSAT imagery horizontally across
orbits does not arise.

Having obtained a completc set of image files
(LANDSAT frames and pseudo~-frames) such that each
county is completely contained in cloud-free
fashion within at least one image file, the com-
plete set of 102 counties is to be subdivided among
nonoverlapping subsets of contiguous counties, one
group of counties per each image file. These
groups of counties are to be designated for project
purposes as LANDSAT imagery analysis districts.

All subsequent data management and machine process-
ing of LANDSAT data is then to be structured in
terms of the geographic regions corresponding to
these analysis districts. Inspection of the
imagery available suggests that for 1975 Illinois
LANDSAT imagery only fourteen (14) such analysis
districts -- ranging in size from as few as two or
three counties to as many as a dozen -- are re-
quired to provide integral-county, cloud-free
LANDSAT coverage for the entire sgtate.

Once a comprehensive set of analysis districts
has been established and their corresponding

LANDSAT image files created, the digital image data
for each district is being geometrically corrected
and geographically registered to USGS topo maps
existing for the state. This task is being per-
formed using an image skew transformation procedure
developed at CAC for efficient de-skewing and
rotagion of LANDSAT digital data to map orienta-
tion® in conjunction with other systems developed
at CAC for precision geographic registration of
LANDSAT imagery.

Finally, all image files are being geographi-
cally registered to the SRS ground-truth data
available (and hence simultaneously also to the
USGS map control already associated with all
ground-truth). This step is being accomplished in
the following manner.

First, with respect to digital image calibra-
tion information avallable, all SRS area segments
are located approximately in terms of digital
image file row and column coordinates. Gray-scale
displays for windows of LANDSAT data known to con-
tain all SRS area segments are produced using a
conventional line printer and over-printing tech-
niques. Then digitized SRS segment masks (de-
scribed above) are again plotted this time at the
exact scale of the line-printer LANDSAT imagery
displays. Following manual overlay and visual
correlation of line-printer and plotter displays
on a light table, overlay positions of maximum
geographic correspondence between LANDSAT ilmage
pixels and SRS segment masks are recorded. (See
Figures 3-4.)

V. LANDSAT DATA ANALYSIS SYSTEMS

As the SRS ground-truth data is digitized and
LANDSAT imagery preprocessed for each analysis
district, LANDSAT data is beilng analyzed collabora-
tively by SRS and CAC using a common set of com-
puter facilities available via the ARPA Network.
For small-scale analyses of SRS area segment data
the EDITOR software system at BBN 1s used. For
apecific large-scale LANDSAT image analysis func-
tions, the 1LLTAC 1V at NASA's Ames Research
Center 1s employed alao via the ARPA Network but
addressed conveniently through the EDITOR system
at BBN.

All ILLIAC IV - ARPA Network image analysis
systems implemented to date have been designed and
developed in close collaboration with personnel of
the Laboratory for Applications of Remote Sensing
(LARS) of Purdue University. Hence all software
procedures implemented specifically for machine
interpretation of LANDSAT data follow closely
multispectral image interprefsti?n methods re-
searched previously at LARS.™ ™’

Specifically, ILLIAC IV procedures are now
operational for both multivariate cluster analysis
and maximum-likelihood statistical classification
of LANDSAT image samples. The speed of the
ILLIAC IV with respect to these two image inter-
pretation procedures has proven to be generally
two orders of magnitude faster than execution
times observed for the same procgssing task using
the IBM 360/67 computer at LARS.



Such LANDSAT imagery interpretation capabili-
ties available via ILLTIAC IV batch processing,
together with the availability for classifier
training operations of the interactive image pro-
cessing software of the EDITOR system, suggest that
operational crop-acreage monitoring via digital
processing of orbital remote-sensing imagery may
indeed be practical. Our project has been under-
taken to assess more exactly the potentialities
existing in this area. In the next section, we
present preliminary results of one LANDSAT imagery
analysis experiment using SRS data available for a
single analysta district conslisting of ten (10)
counties Iin western [ll{nois.

VI. EVALUATION PROCEDURE

Of central importance to our experiment is the
evaluation of the extent to which regional crop-
acreage estimates may be improved by estimation
with respect to LANDSAT imagery classification
methods as opposed to estimation directly from SRS
survey data alone. Statistical regression tech-
niques may be used to obtain estimates of the total
acreage of each crop type for each analysis dis-
trict. Following estimation of crop-acreages for
all analysis districts separately, state-wide acre-
age estimates for each crop may easily be obtained
by simply summing individual district estimates.
Such estimates may be determined both with and
without use of LANDSAT classification results and
a measure of the value of the LANDSAT data may be
computed.

Following ILLIAC IV classification of all
LANDSAT pixels contained within the counties making
up a particular analysis district, classification
results for each crop type will be aggregated to
obtain individual totals for all segments sampled
‘within the district. Also, acreage totals for each
crop type will be determined for the entire analy-~
gis district {tself.

An estimator of the total acreage for n par-
ticular crop in a particular analysla district and
its sampling error may then be computed as follows.
The total acrcage may be estimated as

g = MOy - By

Yi = NiY

and the variance for a large sample of segments is:

- X))

- 2 _ 2 ni -1
V(Yi) =Ny V(yi)(l - ri)(;;—:_f)

For the individual analysis districts, the normal
approximation for small samples is used, that 1is

1

V(Yi) for large samples multiplied by (1 + E——:—E).
i
Where Ni?i = total acres of the crop within all
area segments contained within the 1th
analysis district
Ni = total number of all segments contained

within the 1th analysis district (known
from sampling frame)

<D
L]

a regression estimate of the average
number of acres of the crop per area

R district

segment for the 1t
the number of area segments sampled in

the 1th district

average number of acres of the crop
reported per area segment for all n

I
area segments sampled in the " dig-
trict

average number of pixels classified
into the crop per area segment for all
n, area segments sampled in the ith

district
average number of pixels classified
into the crop per segment over all

possible segments for the 1th district

the regression coefficient between yij

13 based on the ny

sampled in the 1% diserict

and x area Begments

= number of acres of the crop enumerated

for the jth segment sampled in the ith

district

number of pixels classified into the

crop for the jth segment sampled in the

1th district

ri = correlation coefficient squared be-

tween yij and xij for the ith district

The formulas given are appropriate for a sim-
ple random sample within each analysis district.
However, the SRS surveys are stratified by land use
categories which require that item totals, sums of
squares, and sums of cross products be weighted and
combined in order to obtain the equivalent of a
simple random sample over the entire analysis dis-
trict.

An estimate of the total state-wide acreage
for each crop may be obtained by making use of the
additive property of the estimator and its sampling
error over all districts. The estimators are

- f .

Y= T Y
t=1 1



- £ .
V(Y) = I V(Yi) .
i=1

A measure of the gain in relative efficiency
of estimation of state-wide acreage obtained by
using machine-interpreted LANDSAT data may be com-
puted

£ 5
I Ny V(y)
i i
i=]
RE =
f 2 _ 2. My T 1
LN V(y (1 - ) C3)
i1 1 i i n, 3

where the value of RE is expected to be greater
than 1.0. A value of RE less than 1.0 would indi-~
cate that information had been lost through use of
LANDSAT data. A value of 5.0 would indicate the
regression estimator using LANDSAT classification
results is equivalent to increasing the number of
area segments by five times if costs of acquiring
the LANDSAT data are equal to the costs of collect-
ing the area segment data. For the single analysis
district analyzed, the information gain or loss is:

1 n, -3

n - 1

Q- r}zl)

where n, 18 the number of area segments sampled.

These values for the first analysis district are
shown in the last column of table 5.

To date limited results are available for only
one analysis district of 10 counties in western
I1linois. A maximum likelihood quadratic classi-
fier using the prior probabilities for 10 land
cover categories was used for classifying each
pixel into one of the 10 categories for the entire
analysis district. The prior probabilities were
calculated from the ground enumerated data in the
10 counties.

Table 1. Prior Prob-
abilities for Land Cover Categories

: Prior probabilities
Crop or land use : (Survey land use

: July 27, 1975)

Corn : .3282 (.3097%)
Soybeans : .1602 (.2297%)
Permanent pasture : .1392
Dense woods : .0935
Alfalfa hay : .0180
Other hay : .0467
Wheat stubble .0101
Crop pasture : L0118
Water (farm ponds & lakes) : .0074
Wasteland (no agri. prod.) .1148
Other crops & land uses .0701

(Training data not available):

*Based on 1974 crop year data from Illinois
Assessor Census

A sample of fields was selected from the seg-
ments falling in the LANDSAT image. The acres in
each crop or land use type was "expanded" to cor-
rect for varying probabilities of selecting seg-
ments. Then a sample of fields was selected
independently for each crop so that each acre (or
pixel) had an equal chance of being selected for
cover types with 80 or more fields. That 1is, the
probability of a field being selected was propor-
tional to 1its expanded acres. The selection was
made from a listing of fields ordered by segment
numbers to help insure that fields would be spread
over the entire LANDSAT image. The number of
fields selected for calculating mean vectors and
covariance matrices are given in tables 2 and 3.

Table 2. Number of Sample Fields by Cover Type

Crop or : Number: Acres/: Total : Nonborder

cover type : fields: field : pixels : pixels
Corn T 425 23.3 9026 5604
Soybeans : 215 22.5 4502 2712
Perm. pasture: 163 19.7 2780 1289
Dense woods 144 16.8 2147 784
Hay : 83 11.8 1069 477
Wasteland : 274 8.7 2087 920
Alfalfa : 40 11.0 423 183
Wheat stubble: 27 11.2 259 86
Water : 17 12,1 190 73
Crop pasture : 21 13.3 280 119

Table 3. Number of Training Fields by Cover Type

Crop or : Number Nonborder
cover type : fields pixels

Corn : 50 1648
Soybeans : 50 1107
Perm. pasture : 25 297
Dense woods : 40 453

Hay : 16 153
Wasteland : 8 492
Alfalfa : 40 183
Wheat stubble : 27 86
Water : 17 73
Crop pasture : 21 119

The pixels for all the selected fields were
combined and treated as one large field for anmaly-
sis purposes; however, only the nonborder pixels
were used in calculating the mean vector and co-
variance matrix. (It is planned to investigate the
use of all fields and all pixels in developing mean
vectors and covariance matrices as well as using
equal prior probabilities in the classification.)

The estimates and their errors are based on
the 33 segments falling in the 10 western [llinois
counties comprising the first analysis district
corresponding to LANDSAT image ID#2194-16042 of
August 4, 1975. The estimates are shown in table 4
and their sampling errors squared in table 5 for
eight agricultural land use categories. The window
containing the 10 counties included 4,887,960



pixels and required less than 80 seconds for clas-
sification on the ILLIAC IV.

Table 4. Estimates of Agricultural Cover Types
Crop or : Reported E Regression : Pixel
cover type acres i ogtimate count
: July 27 : : x 1.114
: --- (000 acres) ---
Corn 1286 1390 2105
Soybeans 631 701 610
Perm. pasture : 533 434 678
Hay 179 154 104
Alfalfa : 69 71 14
Wheat stubble : 39 39 0.3
Water : 28 32 10
Crop pasture : 45 45 0
Table 5. Variances of Estimates of Agricul-

tural Cover Types for 10-County Analysis District

Vari- Variance : Informa-
Crop or ance ; regression: tion gain
cover type : reported estimate : or loss
B :(10acres ):(Ioﬁacresz): (1) (2)
: (1) (3)
Corn 17202 2459 7.00
Soybeans 5880 847 6.94
Perm. pasture 4489 1096 4.09
Hay 630 376 1.67
Alfalfa 155 135 1.14
Wheat stubble : 66 70 .94
Water : 30 11 2.71
Crop pasture : 88 94 .94
VII. SUMMARY

The four dimensional distributions by cover
types exhibited considerable overlap except for
water. In general, the distributions were unimodal
or where several modes were present, one mode was
much higher than the other. Soybeans had two dis-
tinct modes (one major and one minor), but no
factor could be isolated as a basis for grouping
fields into two categories. Based on the principal
component analysis, bands 6 and 7 (IR) explain
practically all the variation for most cover types,
but for several cover types bands 4 and 5 (visible)
were equally important. The quality of the data
for band 7 appeared to be superior to the other
bands which had discontinuities or gaps in the data
values.

The LANDSAT data for major crops or cover
types (i.e., large acreages) showed significant im-
provements can be expected in the estimates, but
minor cover types showed little improvement or even
loss of information unless their distributions were
reasonably separated (i.e., in the measurement
space) from the distributions of the major cover
types.

These results for the first LANDSAT image are
quite encouraging. Assuming LANDSAT digital tapes
and near real-time processing of the ground and
clagsification data, acreage estimates of spring
planted crops could have been significantly im-
proved for the area of this LANDSAT image by
September 1. The authors believe that similar re-
sults can probably be achieved in other areas if
the same conditions can be met; namely:

(1) excellent quality, cloud-free LANDSAT
imagery

(2) good geographic registration of ground
segments to LANDSAT imagery

(3) mean vector and covariance matrices for
each crop for each LANDSAT frame
(i.e., localized classifiers)

(4) prior probabilitles for cach LANDSAT
frame (1.e., localized priors)

(5) sufficient ground data for each crop for
classifier training

(6) an adequate number of ground segments for
each LANDSAT frame to compute the regres-
glon and correlation coefficients for
each crop.
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USE OF LANDSAT TECHNOLOGY BY STATISTICAL REPORTING SERVICE

William H. Wigton, Statistical Reporting Service
U.S. Department of Agriculture, Washington, D.C. 20250

I. ABSTRACT

This paper describes an area sampling frame
and defines the sampling error and bias of an esti-
mate. LANDSAT data is explained in the Statistical
Reporting Service fremework and the essential com-
ponents of computer classification are delineated.
A procedure is presented that utilizes satellite
data to improve an estimator with 3 percent sam

pling error.

1I. AREA SAMUOY TuAN mwmanem

The area sampling fr
tical Reporting Service (.
estimates at both state a
addition, the use of the :
cial for our applicationm ¢
improve these crop acreag¢
it is essential to spend :
its function and use in g1

The concepts of area
simple:

1. Divide the total
N small contiguou
without any overl

2, Select a random s
3. Obtain the desire

units of the popu
sample blocks.

Estimate the popuwiacivu itutais oy multi-

plying the sample totals by N. 1/

This procedure, as outlined above, is used for
crop acreage, livestock, and other farm data esti-
mation, and is a dependable method.
random numbers in selecting a sample from the uni-

verse accomplishes two things:

n

The use of

1. It gives a basis for making inference
N about the total production of all

farms in the U.S.

JunE (976

2. It provides a basis for the computation

of sampling errors which will be dis-
cugsed in the following section.

II1. CALCULATION OF THE ACCURACY OF AN ESTIMATE

To determine the accuracy of any estimate,
one requires the population target value or the
actual number which is being estimated. Of course,

ere available, it would not
the estimate of the target
becomes mandatory to use
evaluate an estimate. An
illustrates the use of an
d sampling theory.

est 18 divided into 30,000
d a random sample of 300 is
tained and an estimate of

d by multiplying the total

00 _ 100, If another 300

lected, the estimate would
1f the estimates do not
om one sample of size 300 to
- te is fairly stable. However,
- y consliderably, then we would
timator has a large variance
The variation of the estimate
DO to other samples of 300
‘manner is sampling error.
L sampling errors are most de-

here is another criterion that
is also important--the element of bias.

Bias

If there is a difference between the center
of the distribution that defines sampling error

and the true value being estimated, this differ-
ence is defined as bias.

Whether or not the true value being estimated

is at the center of the sampling error distribu-
tion is controlled by:



1. The completeness of the sampling frame.

2. The importance of giving every element in
the population a known positive chance of
selection.

3. The use of high quality control standards
of enumeration and other nonsampling
errors.

4. Technical properties of the estimators.

If the estimator that is being generated by
selecting 300 segments is centered around the true
value and the variation is small, then our one
estimate is an accurate one--one that is close to
the true value.

Often, one cannot tell about sampling errors
unless other samples of 300 segments are selected
and enumerated. However, with proper sampling
techniques the variation can be measured with only
one sample. The segment to segment variation is
used to calculate the sample to sample variatiom.
In essence, sample to sample variation is estimated

with only one sample.

From one sample, then, the sampling distribu-
tion is estimated.

Figure 1.

Let us assume that the distribution looks like
che distribution curve illustrated in Figure 1.
We do not know where in the distribution our sample
point lies, We only know that it was drawn from
this distribution at random. We know, also, from
the sampling procedure and the estimating formula
that the statistic is unbiased. We have a better
estimate if it comes from a distribution curve such
as Figure 2, than from a curve such as Figure 3,
tecause the values are clustered closer to the
center.

Figure 2.

Figure 3.

If we improve the currnet estimates from the
area frame with LANDSAT, then we must alter the
distribution of the possible estimates by reducing
the spread.

IV. APPLICATION OF LANDSAT CLASSIFICATION

Description of LANDSAT Data

The satellite data used in this report is
LANDSAT Multi-Spectral Scanner (MSS) data and is
described in Section 3 of data User's Handbook. 2/

The MSS is a passive electro-optical system
that can record radiant energy from the scene
being sensed. All energy coming to earth from the
sun 1s either reflected, scattered, or absorbed,
and subsequently, emitted by objects on earth. 3/
The total radiance from an object is composed of
reflected radiance forms, a dominant portion of
the total radiance from an object at shorter wave-
lengths of the electromagnetic spectrum, while the
emissive radiance becomes greater at the longer
wavelengths. The combination of these two sources
of energy would represent the total spectral
response of the object. This, then, is the
"spectral signature" of an ohject and it is the
differences between such signatures which allows
the classification of objects using the statisti-
cal techniques about to be discussed.

Classification Techniques

Let us suppose that we wish to classify a
LANDSAT frame. The wav this is done in the com-
puter is by use of discriminant functions. Com-
puters must differentiate between crops on the
basis of reflected energv. To start, we must have
two or more crops and a sample of individual pix-
els for each. The problem is to set up a rule
using the sample pixels for each crop, which will
enable us to allot some unknown crop pixel outside
the sample to the correct crop type given only the
amount of reflected energy of that pixel.

This can be formulated statistically, but
let me introduce some notation.

If all data in a LANDSAT frame were plotted
in a scatter diagram it might appear as Figure 4.

Figure 4. Scatter Diagram of All Values
in One LANDSAT Frame for Three Crops. C-Corn, S-

Soybeans, W-Water
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Figure 5 shows confidence limits for above data.

Figure 5. Confidence
Limits for Data in Figure 4

If we study Figure 5, it does not take long to
make some observations:

1. The location of the center of these con-
centric circles directly effects the
type of rule to be followed.
2. The data looks quite elliptical (often
this is not the case for actual data).
The spread of the data varies considerably
for the crops. Soybeans has wide vari-
ability for example.
It will be impossible to tell with cer-
tainty which crops we have, if the re-
flected energy comes from the overlap
region of corn with soybeans, because both
are possible.
It would be ideal if the data for each
crop were as far apart as water from corn
if the spread were as small as the spread
for water and elliptical in form and
there were no areas of overlap.

However, it appears that these items are not
under our control. The sensor (bands and bands
width) determines the location of the centers of the
spread of points.

The spread of the data and its contour are
determined by factors such as soil conditions, vari-
eties of crops, amount of fertilizer used, planting
dates, atmospheric conditions, NASA preprocessing,
and many more things.

As far as the overlap areas, where mislabeling
or misclassification is inevitable, nature herself
is the problem. Some items that we would like to
be able to tell apart reflect solar energy similar-
ly. We can not change the nature of things but
simply to estimate what is there.

The best we can hope for is to estimate from a
sample the scatterdiagram of the population and
this we know how to do if we treat it like anything
else that we estimate.

We want a valid statistical estimate that re-
quires a random sample from the population of in-
terest. This requires that all parts of the pop-
ulation of interest must have a chance of selection
and the size must be large enough to adequately re—
present the population. If the population structure
is as complicated as water in Figure 4 or if esti-
mates are needed that are quite accurate, as in corn
and soybeans, then, a fairly substantial sample
size is required.

The area sampling frame is ideal because a
valid statistical estimate can be made for the
LANDSAT frame. In addition a random sample of all
possible segments is available and reflected
energy for the crop types can be determined for the
sample fields inside the segments. These signa-
tures are estimated for the scene they are in, so
it 18 valid to use these values for computer train-
ing of the discriminant functions. After popula-
tion scatterdiagrams have been estimated, rules
are set up to allot pixels with known energy read-
ings but unknown crop labels to crop categories.
Rules are simple; they amount to drawing lines that
partition the space. Figure 6 shows an example of
this

Figure 6. DTartioned Space
Showing Population Scatterdiagram

The rest is simple. All pixels that need crop
labels should be plotted on the partitioned space.
If they fall in partition one, give it a label of
corn, even though some soybeans will creep in;
obviously, we will do well with water.

Incidently, it turns out that the locationm,
size and shape of these population scatterdiagrams
shift relative to each other in different scenes
and even different parts of the same scene. Hence,
LANDSAT scene to label pixels from another locale
is hazardous.

There are two cases, both are quite different.
One is reasonable, and the other is not. Let us
divide an image into two parts. Fipure 7 shows a
possible division of a LANDSAT scene.

Figure 7. LANDSAT Frame Divided Into Two Parts.




Let us imagine that we have divided Section A
into 600 small parts. We then draw a random sample
of 60 parts from the 600. This may or may not be
truly representative. [f it 1s, then, the reflec-
tive and emitted energy (the signature) from these
60 segments adequately represents the reflected
energy in all of Section A. We do not consider
the use of the signature in the sample of 60 seg-
ments to classify the 600, a signature extension.
This is simply a valid statistical inference. It
is a commonly misunderstood notion that one does
not have to sample from the population of interest
to make an inference, for that population.

Should we wish to classify crops in Section B,
it would be necessary to divide Section B into seg-
ments and draw a random sample from these segments
as representative for signatures in Section B. One
must sample the population of interest or the in-
ference will be erroneous.

Model Utilizing LANDSAT

In order to make use of LANDSAT to reduce the
sampling variation we shall first estimate the
linear relationship between classified pixels for
a crop and acres of the crop.

Figure 8 illustrates this relationship.
Figure 8. Population Relationship Between

Classification Results and Reported Acres of the
Same Crop for One LANDSAT Scene

Crop A

Acres

Pixels

Crop B

Acres

Pixels

Again, these relationships are population re-
lationships that we do not know, so we wish to esti-
mate them from a sample,

Our area frame sample segments can be used to
estimate this relationship. The sample observa-

tions for Crop A are shown in Figure 9 and Figure
10.

Figure 9. Sample Data Points for Crop A
Showing Relationship Between Pixels and Acres

Crop A
i
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o
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i
<
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Figure 10. FEstimated Population Linear

Relationship Based on Sample Data in Figure 9
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Figure 10 1llustrates the relationship that is
needed in order to use LANDSAT results.

This is on a per segment relationship., There-
fore, we can locate a segment in LANDSAT, classify
the segment and count the pixels of Crop A. If the
pixels for Crop A turn out to be at point 1 then we
read the corresponding value on the y-axis. If on
the other hand, the classified pixels for the seg-
ment turn out to be at point 2 then we read that
value on the y-axis.

This procedure could be completed for each
segment in the population and we could sum up all
the segments to get an estimate using satellite
information across the whole area. However, all
this 1is unnecessary.

Since we know M, the total number of segments
in the LANDSAT frame, we can classify every pixel
in the frame and divide the total number of pixels
in Crop A by the number of segments in the frame.
This then would equal the average number of pixels
in Crop A for the average segment.

Also, we know total number of pixels of Crop A
in sample segments (n). With this information we
can adjust the direct expansion estimate for the
difference between the pixels in Crop A for the



sample (n) versus the total of the population (N).
That is, the difference between the mean number

of pixels for the sample (n) and the mean number of
pixels for the population (N) parts is a measure of
how unrepresentative the selected sample is.

Figure 10 illustrates how the adjustments
would be made. Say a difference between the aver-
age pixels for Crop A for the sample is at point 1
and the average for the universe is at point 2.

The adjustment in acres is made on the y-axis. The
formula is:
Y+b (X

Yreg total ~ ¥sample)

Yreg is the adjusted number of acres in the average

segment. Yreg is then multiplied by N to get an
estimate for the total.

The variance for Y is n-1 1 - r2)
reg n - 2
times the variance of the direct expansion. This
regression model reduces the spread of the sampling

error distribution by a factor of (1 = t2).

In summary, we have ground data for a properly
selected statistical sample, as well as the computer
classification for the same. Thus, the necessary
information is available to adjust a full frame
classification for all systematic errors. If there
is a good linear relationship between ground data
and what the computer classifies as being on the
ground, the sampling error will be materially re-
duced as compared to not having remotely sensed data.
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