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SUMMARY

Ltilizing the known {1) gecgraphical areas (z) of the districts in India
and {2) those of the toral wastelands (x) therein we consider estimating
(31 the sl unknown areas (vh, under ‘Mining and Industrial Wastelands® for
the groups of districts together but separately in the Werthern, Southem,
Eastern and Westermn regions in India, restricting to districts cach possessing
at lewst 5 pereeot of 11s wal ared as a wasteland. The 1otal number of such
districts in these respective 4 regions of separate interest arc 48, 48, 42 and
91 giving a total of 229 oput of which we consider sampling a total of 73
districts  employing Rao — Harley — Cochran  (RHC, 1962) scheme of
gsampling using the known values of z above as the stze-measures. Treating
the above 4 repions of disteicts as the 4 domains of mterest we consider
utilizing known & above as 2 regressor in estimaging the ‘domain total” valees
of y above to form an idea of the distribution of these district-wise scarce
objects in these regions.

For this we employ {a) non-synthetic as well as () synthetic versions of
gencralized regression (greg) estimators motivated respectively by postulated
regression Jines of v on x through the erigin, for simplicity, with (i) damain-
specific and altematively with (i) domain-invariant “slope-parameters’ .

Next we cmploy cempirics] Bayes estimaiors {EBE) with these greg
estimators as the ‘initials” with further specifications in the models,

Finally. it order to capture more districts beyond the “initial sample’
accommodating the rare commodities namely the *mining and industrial
wastelands'  we employ the techoique of Adaplive sampling defining
approprisde {1} ‘meighbourhools’ and (2) “petworks'. Onc may tefer to
Thompson {1992}, Thompson and Seher (1998) and Choudhuri {20000} far a
discussion  on adaptive sampling  technigue.  The  resulting  relabve
performances of the alternalive estimators noled above based on “iniial” and
‘adaptive’ samples are numerically cxamined through a simulation exercise
utilizing known values of all the 3 variables noted above based on a given set
of *Remole sensed” observalions.
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The syptholic gegp estimales tased on adaptive samples wrn ol 0 be
the mansl promising anes in terms of the standard twin eriteria of [A) actual
covprape percenlape (ACP) of conlicdence imervals {CT) bagsed on agsumed
normality of o stendandized “pivotal” derived from 2 “Jomain-specilic’
estinratar and of (B) averape cocfticient ab wariation (ACY) of an estimater-
beih culeuhaled from “eeplicated samples™.

Kew wareds © Adaptive sampling, Domzin estimation, Empirical Boyes
estimnarer, Generalized regression predictor, Modelling, Unequal probability
sampling.

4 Mrrodiction

From the website ‘envfornic.in/maeb/nach bitml” entitled “The Mational
Wasteland Identification Project” {(NWIF) we gather certain data relating 1o 48,
48, 42 and 91 districes, each with at least 5 per cent of its total area as ‘a
Wasteland® area respectively in the northern region of UP, Haryana, Himachal
Pradesh, Punjab and Jammu & Kashmir states, the southern region of Karnataka,
Andhra Pradesh, Tamil Nadu and Kerala states, the eastern region composed of
Arunachal Pradesh, Mapaland, Manipur, Assam. West Bengal. Orissa and Bihar
und the western region consisting of the states of Maharashira, Gujaral, Goa,
Rajasthan and Madhya Pradesh.

Fur each of these 229 districts are separately known  the  toral
(1} peourpphical urea {2, {2) the 1wly! “wasleland area’ (x) and (3) the total
‘mining aod industtial wasteland area’ {y). Sioce the value of ¥ Tor many of the
districes & zero wiile when it is positive magnilode s subsianeial and “how {ur
the remote-sensed data on ¥ matches the grownd realives’ is unknown, we
cansider it useful to prescribe, through o peior investigation, a fruitful method
of (A) sampling of these 229 districts and of (I3) estimating the total values of y
for all the districrs together but separately within the above-noted 4 regions of
|nlcrast.

Using the known values of z as size-measures it seems plausible fo adopt a
suitable ‘unequal probability sampling” scheme e s{art with and since x-values
are known, a generalized regression cstimator secms worthy of application.
Further, since even with us high as 8 25% sample af districs we nmay not find
cnough ‘region-wise® sample-sizes, i1 may be uscful 1o apply the ‘principle of
borrowing strength’ as in small area estimation by appropriste modelliog.
Finally, since y is positive only for & very few districts region-wise, in order o
capture more disiricts with positive y's we may contemplate employing adaptive
sampling tn extend the original sample to hope for improved estimation,

In sectivn 2 we describe the procedures of sample selection and the
estitnation methods along with the motivanng madels. In section 3 wa present a
numerical evalustion of the compsting procedures by a simulation exercise, We
Eive pur recpmmendations in Sectipn 4 with which we conclde.



138 JOURNAL OF THE INDIAN SOCIETY OF AGRICULTURAL STATISTICS

2. Sampling and Estimation Methods
For a simple presentation we need the following notations. Let
U={l,....i,..., N} denote a population of units labelled i = 1, ..., N and let this
be a union of D non-overlapping sets of units U, called ‘domains’, with known
sizes N, d=1, .., D. Let y, x, 2, ie U be the values of the variables
tespectively y, x, z with (1) totals ¥, X, Z and (2} domain totals Y, X, Z,

d=1, ..D. By p =£—z‘ we shall denote the ‘normed size-measures’ of the
units.

From U lel a sample of n units be chosen employing the Rao-Harley-
Cochran (RHC, 1962) scheme. For this, U is randomly divided into n groups of
M, ., M, ., M units with M5 as integers closest to N/n with their sum

£ M. over the n groups equal to N. From the ith group so formed one unit, say,
ij is chosen with a probability E'i-, wriling 1, = p, + ... + D, this is repeated
r.

1

independently over all these n groups.

Let} =1if i€ Uy: Oelse and (p, y.) be the normed size-measure and the

y-value for the unit chosen from the ith group. Let 2 denote summing over i in
U. Then

Y, = Zy;ly and RHC's unbiased-estimator for Y is

. N
Y, =1, p—'ll'r'iIdi
. T M2-N : ) _ 5
Writing B=——-——=, RHC's unbiased estimator of W(Y,), the
N -E M
( 2
variance of Y, is v{{f’d}=BEmZ“riri o Tgly, writing £, X, as sum
LPi Py

over pairs of distinct groups with no overlaps. Let us postulaie a model so that
we may write

y, =Byx; +€;,,ie Uy, d=1...,D

with 3, as constants and €;'s as random variables. Following Chaudhuri
¢t al. {1995) we may employ the following version of a possible improvement
upon Yy, namely
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T, b o i
g = Z, il hm[xa -Z, inldij =X, o, Bavila

1 1

Here bwsm with Q. as a suitably assignable positive

ZxiQly
1 1 P
constant, for example, s —, —, e b ete, and
X x; Fi% Pi y.
Ii 1
i \! xiQi%
Bai =1+[xd - Ly Laly o
"B ) ExIQly
f 2
[1-Bi
In this article we shall mostly take Q, as | -—?—5- =itk Leting e, =
Hio PiXi :
Ex B

¥~ bgex;, following Samdal (1942) the mean sgquare error (MSE) of T,E.d about Y‘I
may be estitnated by

2
Bolen  Sqplpd .
My =BEHE=1';rJ[i£'- b | lglg k=12 on writing a , = 1 and
B Pj

a, = g, !n order to improve upon (" by ‘borrowing strength’ from outside the
‘intersection of the sample with U,' but within the initially chosen sample s, let
us postulate an alternative maodel for which [, above is replaced by [ for
every d but keeping everything else intact. This revised model motivates the
‘synthetic’ greg predictor for Y, us L, which is L with b, replaced by
20 ¥i%iQ;
E'|1 E?Qi

2

by = . Then we may wrile

TR, L T O R
d npi i'd )EHKEQiJ

Tj
besg =2, "];'__}"i Ly +

1

[ \xiQi&-!

T
= z'|1 _Iyigsdi ] Sﬂy

1

with g . as ‘within the square brackets’. Then, following Samdal (1982),
MSE-estimators for o, are
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1
My gy = BEmEnrirj[ﬂL - Ejh"*”] Iy k=12
Ps Pj
on wriling
i =¥ ~PgXibi = L. Prg = Boai _
In contrast with 1 o, the t_; is a ‘non-synthetic” greg predictor.

Writing t, for an initial estimatorf predictor for Y, let us now postulate the
more sophisticated model permitiing us o write
imek
() 5] Y, ﬂ N{¥y4, my), with m_ as a known MSE-estimator fort,

ind
(i) Y, ﬂ N{8X,, A), 8, A as unknown constants

(i) €4 =(ty3 - Y;) “independent” of 1, =Y, —0X, ford=1,...D
Then, from Fay and Herriot {1979} we have

f A my 1
tag J[“+[ﬂ+ (6X,)

kh‘l’md Iy

r

a5 Ihe Bayes estimator of Y ,d= |, ... D

5 :
Z:,,xd/:ﬁ+ m,)
d=l

Writing f= -
X3 /m +my)

d=1

and solving by iteration for 8 and A starting with a “zero value for A', the
equation

D
» (1 —ﬁ}{djz/{h +m)=D-1

d=]

we may derive momeni estimates 8, A respectively for 8, A, Then

A ( &
teRd =[A fmﬂ ]td | J'{Exal

LAy

pivesthe EBE for Y .
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From Prasad and Rao { [990) we get the MSE-estimator for bepy 25

Mepg = BialA) + g2g(A) + 2855 (A)

where _gm(.l‘;i;}:'fdmlj

-

Yo = A
“ A+m,
P !
i 2
BulAl=(-Y)5—1
b
dTl{JSt‘F]Tl,J}

2
- m —
Az ——— V(A
gﬁd{ } |: d:]_;l_ E .}

T T LL N 5
where  W{Al=— ) (A+m,)
D? Z’ :

For the validity of m,, . D is required (o be large. But in the present case
we employ this even though [¥ is only 4 hoping that this may still work.

Suspecting that the initial samnple & drawn as above may not yield enough
units with positive values of y 'respective domain-wise’, we may apply in the
following way the technique of adaptive sampling to enhance the caplure of
mote sampled units with positive and possibly high positive y-values.

For cvery unit, namely district in the present investigation, let a
‘neighbourhood’ be defined as the collection of districts including this unit itself
and those with & common boundary with it as is determined from the map of the
226 districts we are considering.

Any unit, rather district with a zero value for y ts called an ‘edge’ unit ora
singleton netwaork. For any unit with a positive y-vitlue one should cheek for the
positive/ zero-value of y for each of its neighbouring units and proceed with this
checking until every neighbouring unit has a zero value. The ‘set of units thus
checked starting with the positive y-valued wnit’ constitutes a ‘cluster’ for the
unit including itself. Those units with positive y-values in the cluster constitute a
‘network’ for the initial unit. Writing A{i) for the *network’ to which the unit i
belongs and m, for its cardinality, let

L :mi Z:"‘Ihli - L Zlk

1 ke Al ke ALl
Then, as is recorded by Chaudhure (20007, one may check thar
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T= Zt,- equals Y and L= ZIi equals X
i€ U el

Similarly, letting

Z 71 W8 Z xily

_ g E Al il & Adi)
by = r,’ and
ol |z
Ly € Adi) ilgs Al |

it follows that

Y= Z[iﬂ =T,. say

ey

X, = Z!i“ =L, say

el

The collection of the units in the original sample s together with those in
their respective clusters constitutes an adaptive sample.

Cotresponding Lo ?d the RHC-estimator fur Y, based on the adaptive
sample is

Y Ay=2, Sl
P

Similarly corresponding to Ly the non-synthetic greg predictor for Y, based

on the adaptive sample is

tw[h}=[3n ;itl-dldi)+qu{)\)[}(d —En;—iljdldi] writing
i i
boa(A) = E‘ntid;idqildi

1 Qily

Since L, is often zero, we shall take Q, as [1 —ﬂ)/ﬂ omitling L, in the
RAh
denominator which we might use as eguivalent 1o x.,

The variance estimator for ‘;’d{hj is given by

; 1
- . L

V(Y (A)) = BEnEnr,-eri'- - H*] Iglg k=12
i P
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The MSE estimators for riim‘] are I'I'Lt!dliﬁ} obtained from ", replacing
therein y, by t.,, x, by 1, b, by b(A):

Instead of 1 o, we shall employ 1, {A) for the adaptive sample oblaired on
replacing y., x, by t, L, in the former. The MSE estimater for tgﬁm} will be
taken Bs mﬁl{ﬁ.} obtained from m, , on replacing v, %, in the Jatter by t, and 1,
respectively in the terms involving I, and by t, | for the terms free of 1.
Because of the form of rnm{h} it is not possible to use a second MSE-estimator

corresponding 1o m gsa because

i . Z 1.Q.
t {A}:Eni1il.+[L -—Enili]i][ nkidi |]
gSd p i d B dld —-—En!iz i

cannot be expressed as a weighted sum of (t I )-values. Corresponding to
(e ™pnads (egeyr Mpps,) We obviously have (L (A). m . (A)), k=1,2and
{tengal M), Mg {A)) with obvious notations for the EB estimators based on

adaptive sampling and the MSE-estimatars corresponding o m k=1L1,2and
m

L

KEHS?

|ERSd’

3. Simularion-based Numerical Evaluation of Relative Efficacies
Given an estimator/predictor £, for Y, with an MSE-estimator v, we shall
treat s, =(f; =¥, }).'" ..I,l'vd as a4 standard normal  deviate and lake

(f; —1.96,fv, . f; + I.QEE ) as the 95% confidence interval (C1) for Y. To
compare alternative choices of (f, v} we shall calculate, based on R = 1000

replicates of the samples, the criteria measures (I} ACP the actual coverape
percentage which is the percent of the replicated samples with CT's covering Y -

the closer it is to 95 the better and {I1) ACY, the averape coefficient of variation

Iv

namely the average over the R replicates of the values of 100 *— —the less it
<
i5 the less the width of CI and the more aceurate is the point estimator {, for Y,

For the NWIP data menticned earlier our numerical observations are as in
the table below.

It may be noted that the number of districts to be covered by adaptive
sampling varies between 117 and 146 with an average of 134 while ihe initial
sample size is only 73, Adaptive sampling always involves additional costs,

The question iz whether and how much it pays in terms of pain in accuracy
in estimation,
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Table. Relative Efficacies of alternative procedures

ACP/ACY Values
% Ne Domain Specifications North Sonth East West
"N numbeted (d) (1 {2y (3 (4}
__ Domain size -
N, 48 48 42 o1
fyfva - _

I. ¥, vy, 64.3/11.1 6RS/146 625132 61126
2. ‘;’,‘,{A}f\f{‘}d{.ﬂjj 41106 705113 6590129 T1.6M9.8
& 1306"1'“133 A0.2420.0  B34f241 B06M23D BT.I14.1
4. LMy 82.1/21.3 8441272  ¥357222  BRONT2
5, tEdl{A].l'm]Ed(Aj BT.I/156  B94/193 B6.321.4 9308
&, tad{ﬂfl-"mh.,{:‘!’t} 89.4/19.1 9263 BE.1/2590 93.6/10.3
7. teg 90.3/23.5 9L1/320 B4L3YN 9217222
B, LEBd'fmzrﬂid 925314 83Vl B3.1A323 97.1/31.6
9, epg AN po (A) 046413 9014292 BEI4L4  96.329.5
10. o (AN, (A) G4.4/374  92.1/322  BBIMIS  95.1124.7
11. lsgd-"m]g&j EER27.]  B2.129]1 B5.6025.1 §O.6/18.2
12. tz_gd"rmgl_gd 91.3/28.5 849293 §3.4/249 S0.0¢ 19,1
13. [gm{ A}u"mgsﬂ{h} 93.G8/185 0242001 B9473 R & 1/101.5
14, LEBs.J’rm”T_Bg,l 954243 903349 E9.1/40.2 95.1/24.1
15, Eoncd Mo 95.8/32.9  U0&29.6  G483T1  96.1/29.5
16, (apsal AV Mg (A) 95.3/42.1  94.9/30.1 912432  95.1/26.3

4. Concluding Remarks and Recommendations

If guided by the criterion of ACP, one may be convinced that empirical
Bayes estimators for adaptive samples as well as the original samples fare better
than t_, and t_o, and more so if coupled with My e Wy TEsPectively rather than

with m, ., m

1pd* T gsd:

Moreover. adaptive sampling coupled with non-synthetic, syathetic greg
estimators and the empirical Bayes estimarors based thereupon seems (o have an
edge over the original one.

In terms of the ACV criterion empirical Bayes methods perform poorer
than the initial ones on which they are based. Bur adaptive sampling achieves

improvements when combined with L with both m, g My and also with Ls

but the ACY increases when it 15 used with empirical Bayes versions of their
greg estimalors. Taking both the criteria wogether, the synthefic grep estimaior
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tgH{A] based on adaptive sampling seems o be the most promising one. So, if

the resources, permit, our recommendation 15 in favour of adaptive sampling
even al an additional cost. Compared Lo ':Lgsa' mkw‘}, k = 1, 2 the pair
{tﬁd(gﬁ.}‘ m_.{A)) is a better choice - this vindicates the efficacy of adeptive
sampling, Keeping in mind simultaneously the width of the confidence interval
and the accuracy in point cstimation, empincal Bayes procedure does pob séem
1o be & right option in the present exercise. But adaptive sampling coupled with
synthetic greg estimator is a promising choice.

A possible reason for a partial failure of the empirical Bayes estimation
approach in the present excrcise may be the inadequacy of m,, as an MSE-

estimator in view of the oumber of domains here being too small-only four.
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