
Original Research paper1

Robust Estimators for estimation of population variance using non-2

conventional population Parameters .3

ABSTRACT .   We have  suggested improved and robust  es t imators for  the est imation of4

f ini te  popula t ion var iance us ing non -conventiona l  popula t ion parameters as auxi l iar y5

var iables to enhance the e ff ic iency of  proposed es t imators.  A comparison be tween6
suggested est imators and exis t ing es t imators  has been made through a  numerical7

i l lus tra t ion to seek the  eff ic iency of  proposed es t imators  over  exis t ing es t imators.  The8

express ion for  bias and mean squa re e rror  has been der ived up to  the f i r s t  order  of9
approximation.  The  improvement  of  proposed es t imators over  exist ing est imators shown is10

clear ly based on the lesser  mean square error  of  proposed es t imators.11

Key words :  Simple  random sampl ing,  bias,  mean square error ,  Downton’s method,12

Decile s and eff ic iency.13

1.  Introduct ion; The improvement of  the  est imators through proper  ut i l iza t ion of14
auxil iary information has been wide ly discussed by the  Sta t ic ians when there exis t s  a15

close assoc ia t ion between auxi l iary var iable  (X )  and Study var iable  (Y ) .  Some of  them16

f rom the l i te rature  are  Isaki  [1] ,  who proposed rat io and regression est imators. Kadilar  &17

Cingi ,  (H.2006a)  [ 2]  u t i l ized the coeff ic ient  of  skewness xC as auxil ia ry populat ion18

parameter  to enhance the  eff ic iency of  es t imator .  Subramani.  j  and Kumarap andiyan .G19

[3]  used quar t i les as auxil iary informat ion  to improve the e ff ic iency of  modif ied20

es t imators over  exist ing est imators .  On the same l ines, Singh.  D,  and Chaudhary,  F.S [ 4] ,21
M .Murthy [5] ,  Arcos .  A .  M.  Rueda,  M.  D,  Mart inez .  S .  Gonza lez  and Y. Roman [6] ,22

have ut i l ized this  auxil iary informat ion in dif ferent  forms to enhance  the precis ion and23
eff ic iency of  proposed es t imators. Recently,  Subhash Kumar Yadav [7] ,  Khan.  M an d24

Shabbir .  J  [8] ,  Jee lani .  Iqbal  and Maqbool .  S [9 ] ,  have used dif ferent  populat ion25

parameters as auxi l iary var iables to improve the prec ision and eff ic iency of  var iance26
es t imators. Simi lar ly Bhat  e t  a l .  (2018)  [10]  have used l inear  combination of  skewness27

and quar t i les  as auxil iary information to obtain  the prec is ion of  est imators28
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Let the f ini te  populat ion under  survey be  NUUUU ,...,, 21 ,  consis ts  of  N29

dis t inct  and identi f iable  uni t s .  Le t  Y be a  real  var iable  wi th value Y i measured on30

NiU i ........3,2,1,  ,  giving a  vector  NyyyY ,...,, 21 .  The goa l  i s  to est imate the31
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random sample selected from a popula t ion U. . .  In this  paper ,  our  a im is  to est imate the33

precise  and rel iable  est imates for  f in i te  popula t ion var iance when the  populat ion under34
inves t igat ion i s  non-normal or  badly skewed as  non -convent ional  parameters are  robust35

measures for  skewed populat ions .36

2.  Mater ials and methods :37

2.1 Notations: N Popula t ion s ize. n Sample size.
n
1


,
Y= study var iable .  X=38

Auxi l iary var iable . YX , = Popula t ion means. yx , Sample means. 22 , xY SS39

populat ion var iances. 22 , xy ss = sample var iances. yx CC , Coeff icient  of  var iat ion. 40

Corre la t ion coeff ic ient . )(1 x Skewness  of  the  auxi l iary var iable . )(2 x Kurtos i s  of41

the auxil iary var iable . )(2 y Kurtos is  of  the study var iable .  M d = Median of  the42

auxil iary var iable .   B( .  )=Bias of  the es t imator .  MSE(. )= Mean square error . 2ˆ
RS Ratio43

t ype  var iance es t imator . ,ˆ,ˆ 22
1 jGKc SS Exist ing modif ied ra t io es t imators. D=Downton;s44

method . , D i ,  i  =1,2,…10 = Deci les.45

2.2 Exist ing Est imators  from the Literature46

2.2.1 .  Rat io type Variance  e st imator  proposed by  Isaki  [1] :47

Isaki  suggested a  rat io type var iance est imator  for  the populat ion var iance when the48

populat ion var iance of  the auxi l iary var iable  X is  known.  Expressions for bias and49

mean square  error  are  given as50

2
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2
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51

Bias ( =52

MSE ( =53

2.2.2 Rat io type Variance est imator prop osed by  Kadi lar and Cingi  [2]:54

In this  exis t ing es t imator  authors have suggested ra t io type var iance  es t imators where55

they have  used known values of  C.V and coeff ic ient  of  kur t os is as auxil iary var iables to56
improve the eff ic iency of  es t imators Express ions  for  b ias and mean square error  are  given57

as58

59

Bias ( =60

MSE ( =61

2.2.3 Rat io type  Variance  est imator  proposed by  Subramani .J and62

Kumarapandiyan.G [3] ,  where the authors have  used median, quart i les and Deciles as63
auxi l iary  variables to seek the prec ision and eff ic iency  of  est imators.64
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Where α=1 and 10............3,2,1,  iDDw ii65

.Express ions  for  b ias and mean square error  are  given as66

Bias ( =67

MSE ( =68

4.32 Modif ied and suggested est imators:69
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71

72

73

We have der ived the bias and mean square er ror  of proposed es t imator s74

up to the f ir s t  order  of  approximation as given below:75

Let and .  Fur ther  we can wr i te and76

and from the def ini t ion of and we obtain:77

, , ,78

79

The proposed es t imator is  given below:80

81

Where82

83
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85

86

Expanding and neglec t ing the terms more than 3 r d order ,  we ge t87

88

(5)89

By taking expecta t ion on both  sides of  (5) ,  we get90

91

92

(6)93

Squar ing both  sides  of  (5)  and (6) ,  neglect ing the terms more  than 2 n d order  and taking94

expectat ion,  we ge t95

96

97

3. Eff iciency  condit ions : we have  der ived the eff ic iency condi t ions  of  proposed98

es t imators with other  exis t ing es t imators  under  which proposed est imators99

 ........3,2,1ˆ 2 PS P are performing bet ter  than the exis t ing es t imators  ........3,2,1ˆ 2 KS K100

The bias and Mean square e rror  of  exis t ing rat io type  es t imators up to  the  f i r s t  order  of101

approximation i s  given by102
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(2)104
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Where106

Bias,  MSE and constant  of  proposed est imators i s  given by107

(3)108

(4)109
110

111

From Equat ion (2)  and (3) ,  we have112

113

114

(5)115

(6)116

(7)117
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(11)123
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124

(12)125

126

(13)127

By solving equat ion (13) ,  we ge t128

129

4. Numerical  I l lustrat ion:130

We use the data  of  Murthy (1967)  page 228 in which  f ixed capital  is  denoted by X(131
auxil iary var iable  )  and output  of  80 fac tor ies  are  denoted by Y(s tudy var iable) .we apply132

the proposed and exis t ing es t imators to th is  da ta  se t  and the data  s ta t i s t ics i s  given below:133

N=80,Sx=8.4542,  n=20,  Cx=0.7507, 11.2624, 2.8664, 51.8264,134

2.2667,  , 0.9413 , 1.05, 2.2209,  S y=18.3569,  D= 8.0138,  D 1 = 3.6, D 2  =135

4.6,D 3 = 5.9,   D 4 = 6.7,136

D 5 =7.5,     D 6 = 8.5,       D 7 =14.8,      D 8 = 18.1 ,       D 9 = 25,137

D 1 0 =34.8.138

Table-1 Bias and Mean Square  Error of exist ing and proposed est imators139

Est imators Bias Mean Square Error

Isaki [1] 10.8762 3925.1622

Kadi lar&Cingi [2] 10.4399 3850.1552

Subramani&Kumara

pandiyan [3]

6.1235 3180.7740

  12 x 
  
  KPKP

KP

RRRR
RR

12 22

  12 x  KP RR    12 22 

      
2

1
1ˆˆ 2

22
22 

 xKP
KP

RRifSMSESMSE 


X )(2 x Y )(2 y

 )(1 x 22
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Proposed (  MS1) 4.1794 2330.0997

Proposed (MS2) 3.9258 2297.7372

Proposed (MS3) 3.6113 2258.5616

Proposed (MS4) 3.4257 2236.8446

Proposed (MS5) 3.2468 2215.5535

Proposed (MS6) 3.0290 2191.7075

Proposed (MS7) 1.8584 2078.8646

Proposed (MS8) 1.3512 2041.8180

Proposed (MS9) 0.4832 1999.2338

Proposed (MS10) 0.4143 1999.2353

Table-2 Percent relat ive ef f ic iency  of  proposed est imators with exist ing est imators140

Est imators Isaki [1] Kadi lar&Cingi

[2]

Subramani&Kumarap

andiyan [3]

P1 168.4543 165.2356 136.5089

P2 170.8272 167.5629 138.4315

P3 173.7929 170.4693 140.8327

P4 175.4776 172.1243 142.2000

P5 177.1639 173.7784 143.5665

P6 179.0915 175.6692 145.1285
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P7 188.8127 185.2047 153.0060

P8 192.2385 188.5650 155.7824

P9 196.3331 192.5813 159.1004

P10 196.2593 192.5089 159.0407

Decis ion and conclusion:141

In this  manuscr ipt , empir ical  s tudy c lear ly reveals that  our  proposed es t imators a re  more142

eff ic ient  than exist ing est imators which can be  seen from tables  viz ;  table -1,  and table-2143

as bias and mean square error of  suggested es t imators is less  than the a lready exis t ing144

es t imators in the l i tera ture . and also by the percentage relat ive eff ic iency cr i ter ion.  Hence145

the proposed es t imator  may be  preferred over  exis t ing est imators  for  use in pract ica l146

applicat ions .147
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