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Abstract. Point estimates in survey sampling only provide a single value for the parameter being studied
and are consequently vulnerable to changes caused by sampling error. In order to cope with ambiguity, inde-
terminacy, and uncertainty in data, Florentin Smarandache’s neutrosophic technique, which generates interval
estimates with high probability, offers a helpful solution. To estimate the neutrosophic population mean of the
studied variable, this research provides new neutrosophic factor type exponential estimators using well-known
neutrosophic auxiliary parameters. For the first-degree of approximation, the study derives the bias and Mean
Squared Error (MSE) of the proposed estimators. Characterising constants have neutrosophic optimal values,
and for these optimum values, the least value of the neutrosophic MSE is obtained. Notably, the proposed neu-
trosophic estimators outperform the corresponding adapted classical estimators since their estimated interval
falls under the minimal MSE and lies within the estimated interval of the proposed neutrosophic estimators.
The theoretical results are supported by empirical data from real data sets acquired by the “Ministry of Earth
Sciences” and the “India Meteorological Department (IMD), Pune, India,” as well as simulated data sets pro-
duced via Neutrosophic Normal Distribution. The estimator with the lowest MSE is suggested for practical
applications across many domains, providing greater accuracy and reliability in parameter estimation when

utilising the neutrosophic methodology.
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1. Introduction

Sampling becomes a crucial method in scientific study when dealing with big populations
and having time and resource constraints. In these situations, we use statistical techniques
and estimators to estimate the relevant parameters of interest. The sample mean (y), which
approximates the population mean (Y) of the study variable Y, is one of the most often used
estimators. The sample mean is a fair estimator of the population mean, but because of the

sample mean’s potential for significant estimation variability, the sampling distribution may
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not be highly representative of the real population mean Y. Therefore, even if adding a little
amount of bias, researchers look for ways to increase the precision and accuracy of estimators.
Incorporating data from auxiliary variables (X) that show significant positive or negative
relationships with the study variable Y is one efficient method to do this. We may improve the
effectiveness of the estimators by taking use of the correlation between the study variable and
these auxiliary variables. The ratio as well as product methods of estimate are two common
approaches for using the auxiliary variable information. The ratio between the study variable
and the auxiliary variable is calculated in the ratio method to determine estimators. Estimators
are created using the product consider by multiplying the study variable by the auxiliary
variable. These methods work especially well when the line of regression crosses the origin.
The regression technique of estimation, however, is better suited when the regression line does
not cross the origin. It entails fitting a regression line to the study variable and any auxiliary
variables, then estimating the population parameter using the regression equation. Due to
its adaptability and extensive applicability, the ratio approach is frequently used in practical
applications. It is used in a variety of sectors including agriculture to estimate crop yields,
economics to evaluate revenue and investment, and healthcare to examine hospital facilities
and health indicators. As scientific investigation advances, one current area of emphasis is the
estimate of population parameters utilising known auxiliary variables with positive relations.
With more precise and trustworthy insights into the underlying population features, this study
intends to expand and improve estimating approaches.

In classical sampling theory, estimating methods for the population parameter Y employ a
variety of methodologies, including ratio, product, and regression type estimators, when the
data consists of precise numerical values. Several researchers in the discipline of classical sta-
tistics are devoting their efforts to developing and refining various estimators for Y, especially
when information on the auxiliary variable X is available. The conventional ratio estimator,
which makes use of a positively correlated auxiliary variable called X, was one of the ground-
breaking developments in classical sampling theory introduced by Cochran [1]. As an auxiliary
parameter, we are using the known population mean (X) of X. Based on this, later scholars
investigated how to improve the estimation of Y by incorporating widely used auxiliary factors
including the coefficient of variation (CV), coefficient of skewness, coefficient of kurtosis, stan-
dard deviation, quartiles, and others. As an illustration, Sisodia and Dwivedi 2] developed a
modified ratio estimator for Y based on the known CV of X, and Bahl and Tuteja [3] offered
an exponential ratio estimator using the known CV of X to achieve enhanced estimate of Y.
Upadhyaya and Singh [4] provided two ratio estimators that both sought to more accurately
estimate Y using the given coefficient of kurtosis and CV of X. Similar to Upadhyaya and

Singh [4], Singh and Tailor [5] concentrated on using the established population correlation
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coefficient between Y and X to enhance Y estimations, demonstrating superior outcomes to
other estimators. The ratio estimator has to be changed in order to progress the estimation
of Y. To boost the estimate of Y, Singh et al. [6] provided modifications based on the well-
known kurtosis coefficient of X, and Kadilar and Cingi [7] proposed a number of modified
ratio estimators depending on well-known data regarding well-known auxiliary parameters.
Using the given skewness and kurtosis of X, Yan and Tian [8] proposed two ratio type esti-
mators for Y, which outperformed competing estimators. A method for improved estimate of
the population mean Y employing auxiliary parameters associated with the characteristic was
provided in Singh and Solanki [9]. Yadav and kadilar |[10] worked on improving a family of
ratio and product estimations for Y with known parameters of X, While Grover and Kaur [11]
concentrated on a general family of estimators for Y using transformed X. Vishwakarma and
Kumar [12] proposed a generalised family of known auxiliary parameters-based dual to ratio-
cum-product estimators for Y. Cekim and Cingi [13] used the lowest and maximum values of
linear adjustments of X to create a unique ratio estimate for Y. Both Subzar et al. [14] and
Yadav et al. [15] offered new families of Y estimators in accordance with the known population
median of the study variable, demonstrating receives over competing estimators. Subzar et
al. [14] produced numerous effective estimators for Y using auxiliary parameters. The next
step forward came from Zaman and Dunder [16], who suggested an entirely novel modified
ratio type estimator built on the exponential parameter of an auxiliary variable. To increase
the effectiveness of the estimators, Yadav et al. [17] proposed an improved family of Y es-
timators employing known Y and X parameters. In their estimation technique, Yadav and
Zaman [18] used well-known traditional as well as non-traditional auxiliary variables. These
efforts are only a fraction of the numerous attempts made by numerous authors to improve
Y estimate within the framework of classical sampling theory utilising known data regarding
both traditional along with non-traditional, robust and non-robust auxiliary variables. The
hunt for more precise and effective estimators is still an active and developing subject of study

in this discipline.

1.1. Research Gap

The standard presumption of classical sampling theory is that the data are deterministic
and that there is no uncertainty in the measurements of the observable features. However, in
actual settings, we frequently come across data for the properties that are being investigated
that are not properly specified. This happens across a number of industries, namely infor-
mation technology, systems for decision-making, financial data analysis, much more. Fuzzy
logic, developed by Prof. Lofti A. Zadeh [19] in 1965, gives a method for addressing situ-

ations when precise measurements are not available. Dealing with such indeterminate data
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demands alternative ways. Fuzzy logic can handle confusing, murky, or inaccurate data, but
it does not completely take into account measures that are not known in advance. Contrarily,
neurosophic logic expands fuzzy logic to take into consideration both the determinate along
with indeterminate aspects of observations, which is especially useful when working with un-
certain or ambiguous data. Fuzzy and neutrosophic logic have been created and extensively
used in numerous applications for decision-making and other operations. When there is any
degree of indeterminacy in the data, neutrosophic statistics, a derivative of classical statis-
tics, takes into action. It is used when observations made about the population or sample
are hazy, ambiguous, or imprecise. In systems with uncertainty, neutrosophic statistics are
especially helpful because they enable the interpretation of neutrosophic data in situations
where the sample size might not be ideal. Numerous applications of neutrosophic statistics
have been used by researchers. It has been applied to analyse impacts, make group decisions,
analyse medical data, estimate variables, track traffic accidents, create goodness-of-fit tests,
research wind speed distributions, and make judgements in challenging situations with un-
knowns. Ultimately, fuzzy and neutrosophic logic along with statistics provide useful tools
for handling ambiguous and imprecise data in real-world situations, enabling researchers and
decision-makers to conduct more thorough and accurate studies and make better choices in
challenging situations. In comparison to the fuzzy set, the neutrosophic set has performed
better when handling uncertainty in practical settings. Neutosophic parameterized hypersoft
set theory has been studied for its potential as a useful tool for applications involving decision-
making. They have created cutting-edge decision-making techniques that can successfully
manage uncertainty in complicated situations by introducing and examining the neutrosophic
parameterized hypersoft set along with its basic properties and functions. Traditional ap-
proaches in statistical analysis may be inadequate when working with interval-valued data
and uncertain situations. Modified Sign tests that take into account both the real form of
the observations and the ambiguous nature of the data have been presented as a solution to
this problem. These enhancements’ appropriateness for nonparametric decision-making with
interval-valued data has been tested using real-world data sets. Particular difficulties have
been encountered in the diagnostic and decision-making processes in the medical area. Re-
searchers have developed methods based on the generalisation of multipolar neutrosophic soft
sets to overcome these challenges. These methods include informational measurements like
distance, similarities, and correlation coefficient to offer a thorough framework for making de-
cisions in the face of ambiguity. Single-valued brittle estimates may produce inaccurate and
skewed results in conventional survey sample studies when data is presumed to be certain
and clear. Since neutrosophic data frequently appears in real-world circumstances, Neutro-

sophic statistics becomes a useful alternative to conventional methods. It is a useful option
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in a range of scenarios where standard approaches would not be enough due to its capacity
to manage indeterminacy and uncertainty. Neutosophic data, where data from experiments
or populations may be expressed as interval-valued neutrosophic numbers, is characterised by
ambiguous and contradictory values, non-clear contentions, and inaccurate interval values. In
real-world situations, ambiguous data predominates over definite data. As a result, statistical

methods that can properly handle neutrosophic data are becoming more and more important.

1.2. Scope of the Neutrosophic Study

The act of acquiring data for various variables in research can be expensive, especially when
working with unclear or confusing data. Traditional techniques can be costly and danger-
ous when attempting to estimate genuine parameter values in the context of uncertain data.
However, neutrosophic statistical computation provides a way to investigate data that is uncer-
tain or for which there is inadequate information, taking into account competing viewpoints.
Traditional statistics are unable to do an accurate analysis of the data due to the problem
of indeterminacy, where some observations fall within a range of uncertain values. Neuto-
sophic statistics, which are adaptable and all-encompassing, replace traditional statistics in
such unsettling situations. While several research have been conducted in sample surveys to
investigate neutrosophy, the particular use of ratio estimation with neutrosophic data is pretty
new and requires substantial attention to meet the issues given by uncertain data systems.
Numerous situations in the actual world find use for neutrosophic estimators. Neutosophic
statistics may be superior to conventional techniques, for instance, in analysing machine prod-
uct measurements with small errors or evaluating health parameters through various testing
processes. When observations of the research variable are not deterministic but rather non-
deterministic, reflecting the intrinsic uncertainties present, the use of neutrosophic estimators
enables improved estimate of population means.

Although fuzzy statistics solves the issues raised by ambiguous, confusing, or imprecise data,
indeterminate measures are not taken into account. Neutosophic logic, on the other hand,
extends fuzzy logic more broadly by include both the determinate and indeterminate parts of
observations. Analysis of situations involving ambiguous or inaccurate observations makes use
of neutrosophic logic Aslam ( [20] & [21]). Bellman and Zadeh [22] employed this strategy to
improve decision-making precision. Different approaches based on fuzzy logic then started to
appear, and they now play a big part in decision-making across many different areas. Similar
to Liu and Mahmood [23], who proposed the idea of advanced fuzzy sets and showed how they
might be expanded to create complicated neutrosophic sets. Interval-valued neutrosophic sets
were used in a framework described by Li et al. [24] that displayed fuzzy sets together with

their generalisations and aided decision-making. Aslam [25] included neutrosophic statistics
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in the investigation of skewness and kurtosis estimators for wind speed distributions under
uncertainty. Chinnadurai and Bharathivelan [26] developed a paradigm for making decisions
that favours badly damaged machines when assessing damages in a neutrosophic environment.
Mohanta and Pal [27] proposed a number of single-valued neutrosophic graph (SVNG)-related
ideas while emphasising the significance of fuzzy and neutrosophic sets in reducing uncertainty
in real-world contexts. Zulgarnain et al. [28] concentrated on algorithms for generalised multi-
polar neutrosophic soft sets with information measures to address issues in medical diagnosis
and decision-making. They developed the idea of multipolar neutrosophic soft sets by in-
troducing several informational metrics for hypothetical decision-making situations. Tahir et
al. [29] emphasised the drawbacks of conventional survey sample studies that rely on precise
and definite data, and it promoted the use of neutrosophic statistics in situations where the
data exhibits such features. Neutrosophic data includes ambiguous and uncertain variable
values, unclear statements, and erratic interval values. Data of this kind can be represented as
interval-valued neutrosophic numbers, where initially uncertain observed values are assumed
to fall within predetermined ranges. Neutosophic statistical methods must be developed and
used since uncertain data are common in real-world situations. It can be expensive to collect
data for various study variables, especially when dealing with unclear data. Therefore, using
conventional techniques to determine unknown actual parameter values from uncertain data
can be expensive and risky.

These factors were taken into account when Tahir et al. [29] first developed a neutrosophic
ratio-type estimate technique. For analysing data with uncertainty, limited information, and
opposing beliefs, neutral statistical analysis is useful. When observations fall inside an un-
defined value range, traditional statistics have trouble. In such circumstances, neutrosophic
statistics act as a versatile and all-encompassing replacement for classical statistics. The ratio
estimate approach is still relatively new in the field of sample surveys under Neutrosophy and
needs additional consideration when dealing with unreliable data systems. For instance, neu-
trosophic statistics may be preferable to conventional methods for measurements of machine
goods with small faults or health metrics acquired from various testing techniques. When deal-
ing with nondeterministic observations of study variables, Neutrosophic estimators frequently

outperform classical estimators.

1.3. Flow Chart of the Proposed Study

The provided flowchart (Figure - [I|) presents demonstrations of the suggested factor type
exponential estimators that fall within the aforementioned group of estimators. Divergent neu-

trosophic exponential estimators are obtained depending on the different values of d. With the
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use of neutrosophic statistics and by expanding on the concepts offered by Yadav and Smaran-
dache [30], this study develops a unique method for factor type exponential estimators. We
may modify the estimators to fit certain circumstances and gain greater performance in a
number of applications by carefully selecting the values of d. As a result of the study’s use of
neutrosophic statistics, the estimate procedure gains a distinctive component that enhances its
adaptability to ambiguous or indeterminate data. A similar strategy may have a big influence
on a number of fields, including economics, engineering, and social sciences. To evaluate these
neutrosophic estimators’ performance to more established techniques, empirical assessments
are essential. Under specified circumstances, the suggested factor type neutrosophic exponen-
tial estimators demonstrate promise in terms of providing accurate and dependable estimates,
making a significant addition to the area of statistics. It is necessary to do further study in this
field to fully explore the possibilities of factor type exponential estimators and neutrosophic

statistics, opening the way for improvements in statistical estimation and analysis.
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FiGure 1. Flow Chart of the Proposed Study In Neutrosophic Framework.

1.4. Observations and Terminology in Neutrosophic Statistics

One of the main observations inside the neutrosophic environment is the use of quantita-
tive neutrosophic data, where a number may live within an unknown interval [N®;, N®y].
Interval values of neutrosophic numbers can be stated in numerous ways. Neutosophic inter-
val values are specifically specified in Yadav and Smarandache [30] as Z Ne) = Z(Ney) +
Znoy)I(vey, where I(nyey € [I(no,), [(No,)]- For the considered neutrosophic data, we
use the same notations as Yadav and Smarandache [30], which take the interval form as
Zno)y € [Z(Noy)s Z(Noy))s where Zng,) and Z(yg,) indicate the respective Lower and
Upper values of the neutrosophic variable Z(n¢, no,). We use the simple random sam-

pling without replacement (SRSWOR) approach to extract a neutrosophic random sample

of size n(ng) € [n( N@L)» 1Y Nq>U)] from the aforementioned population under the assumption
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that the neutrosophic population consists of Nyg) € [Nve,), N(va,)] unique units. For
the neutrosophic data under discussion, each observation on the " unit of the sample for
the study variable is designated as Y(ya) € [Y(na,); Y(No,))s and the secondary variable
> 1 Ny T 1 Ny
X(N@) S [X(N@L%X(NQU)]' we define YV(Nq>) =N ZiZI Y;(N<I>) and X(N<1>) =N ZiZI Xi(N<I>)
as the population means for the neutrosophic variables Y(yg) and X(yg), respectively, act-

ing as the overall averages of the neutrosophic data set. The neutrosophic study variable

Y(ne) has a sample mean of yng) = %Z?:(Tp) Yina and X(yg), has a sample mean of

T(no) = % Z?:(qm Ting) - Additionally, The neutrosophic coefficients of variation for Y{yg)

and C

T (Nw) respectively. Additionally, the correlation co-

and X(yg) are given as Cy .,

efficient between the neutrosophic variables Y(yg) and X(yg) denoted as Py ney(ne)- The
neutrosophic coefficients of skewness and kurtosis for the neutrosophic variable X(yg) are
calculated as ﬂl(x(Nq))) and BQ(I(N@) , respectively.

When the value of X (yg) is unavailable or unknown, the technique of a two-phase sampling
is used in neutrosophic framework to estimate the population mean, denoted as ynyg). To
choose the required sample in the neutrosophic double sampling technique, the following steps
are taken:

Case I: A large sample, designated as S', is drawn over the population employing SRSWOR,
having a size of n'(ng), (n'(ve) being less than N'(yg)). This sample is used to collect
observations that are entirely connected to the auxiliary variable z(yg), with the goal of
estimating the population mean X (N associated with this auxiliary variable.

Case II: A sample with the symbol S and a size of n(ye) is chosen, where (n(yo) < Nva))-
This sample is taken directly from the population, which has the size N(yg), or from the set
of S' characters. This sample’s goal is to collect data on both the primary neutrosophic study
variable and the secondary neutrosophic auxiliary variable.

Employing the neutrosophic framework, we are adopting this approach to research. The
corresponding sample mean, particularly is provided by, is the best estimate for the population

mearn.
tovey = Y(vo) (1)

We are introducing the subsequent expression within the framework of neutrosophic statistics.

The variance of to(ne) 1S Obtained as follows:

V(to(m)) = 'Y(NQ)Y(%V‘I’)CE(N@) @

where,

_ 1 1 _ Pyne) 2 _ 1 Nvey . 2
TIN®) = ning) — Nve)’ Coay = Yine) and Sy(Né) ~ Novey—1 izt Wivey — Yve))™

We are incorporating the following idea into the framework of neutrosophic statistics. In

the setting of simple random sampling, Cochran [2] proposed a conventional estimate of the
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population mean using auxiliary data. To improve our understanding, this strategy is being

included into the design of neutrosophic statistics.

X
_ (N®)
tR(vay = Y(N®) <$(Nq>) ) (3)

In this study, a new neutrosophic factor type exponential estimator is introduced for improving
the estimate of the parameter Yy, utilising known X4 parameter values. In the first degree

of approximation, the sample characteristics of the suggested estimator are investigated.

e This article introduces Florentin Smarandache’s neutrosophic technique in Two Phase

survey sampling.

Addresses ambiguity, indeterminacy, and uncertainty in data.

e Proposes new estimators for neutrosophic population mean.

Utilizes well-known neutrosophic auxiliary parameters.

Derives bias and MSE for proposed estimators in the first-degree of approximation.

Identifies optimal values for characterizing constants.

Validates theoretical findings with real datasets from Earth Sciences and Meteorological
Departments.

e Includes simulated data sets from Neutrosophic Normal Distribution.
Advantages:

e Handles ambiguity and uncertainty in data.
e Optimizes Mean Squared Error for reliability.

e Supported by empirical data from real and simulated sets.
Disadvantages:

e May introduce complexity and pose interpretability challenges.
e Computational burden not discussed.

e Generalizability to various domains requires further investigation.

While previous studies (Including more study for the reference Uma & Nandhitha [31], Jdid &
Smarandache [32], Abdel-Basset et al. [33], Gamal et al. [34,35]) have made strides in neutro-
sophic systems, our study uniquely focuses on two phase survey sampling using Neutrosophic
statistics—an area largely unexplored in survey sampling.

The full paper is divided into sections that include the introduction, some existing adapted es-
timators, proposed estimators, numerical study, simulation study, conclusssion and references.
By adding to the ongoing study of neutrosophic statistical methods and their applications, the

article is divided into these components.
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2. Some Existing Estimators

As far as we are aware, this study is a fresh and ground-breaking use of Neutroshopic sta-
tistics that incorporates two-phase sample estimators. To the best of our knowledge, this
is the first thorough investigation of the use of these estimators within the framework of
two phase neutroshopic sampling. The use of two-phase sample approaches in the context of
neutroshopic statistics, a relatively new and specialised discipline, gives up intriguing opportu-
nities for investigation and evaluation. This work presents a cutting-edge strategy to dealing
with complicated data gathering scenarios by integrating the distinctive elements of Neu-
troshopic statistics with the complexities of two-phase sampling. The use of these estimators
in Neutroshopic statistics indicates a forward-thinking and innovative approach to statistical
analysis, paving the way for future advances and discoveries in this rapidly growing subject.
We hope that this new study will benefit the larger scientific community by fostering a better
knowledge of statistical approaches in the context of Neutroshopic sampling. We are using
previously suggested estimators that have been adjusted for neutrosophic two-phase sampling
in this part. This novel method bridges the gap between traditional two-phase sampling and
Neutrosophic statistics, improving population mean estimate in the presence of uncertainties

and missing data.

2.1. Adapted Kumar and Bahl Estimators

We are integrating the conventional ratio estimator for two-phase sampling suggested by
Kumar and Bahl [36] into the Neutroshopic statistical framework. This modification attempts
to boost the accuracy of statistical analysis in this specialised sector by improving population
mean estimate under uncertainty.

x
t”}z(m) = Y(ND) (%) (4)
where

Tlne) = m i Ti(ne)-

MSE of th , for Case-I and Case-II are given as,
(N®)

d _v2 2 *k 2
MSE(tR )1 = Y(no) [V(Nfb)cy(m) +9(N0) O ay (1 — 20(N<I>)>} (5)
d V2 2 *okk 2 2
MSE(tR g )11 =Y(na) {7(N<1>)Cy(w) TYNe) Crvay — 27(N<I>)C(N¢>)CJ;(N®)} (6)
where,
’Y* — ( 1 - 1 ) *k — ( 1 o 1 ) Rk ( + * ) C —
(Vo) nve) | Novay )7 T(N®) nve) | mvay )’ [(N®) TNe) T V(Ne) ) Ve
S’”(N‘P) _ Cy(N(b)
Xvay ' ~(N®) = Pyvayz(ve) Coina)
Nve) v
Sﬂ%(N@) = N<N}I>>—1 Zi:f@ (xi(zvq)) - X(N<I>))2, and
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_ 1 N(ne) , A v
Pyneyz(ne) — N(no) Zi:l (yi(z\np) - Y(N<I>))(372(Nq>) - X(N<I>))

2.2. Adapted Singh and Choudhury Estimator

In the context of Neutroshopic statistics, we are using the dual to product estimator of pop-
ulation mean suggested by Singh and Choudhury [37] for two-phase sampling. This specialised
estimator improves population mean estimate in Neutroshopic data and is designed to manage

uncertainties, making statistical studies more trustworthy.

_ T(N
1P ey = TNG) <_( )> (7)

MSE for Case-I and Case-1I are given as,

d 9 2 Hk 2
MSE(tPWq)))I = Y(N<I>) [7(N¢)Cy<N4>) + 7(N¢)Cx(N¢) (1+ QC(N‘I)))} (®)
d 92 2 *xk 2 2
MSE(tP(Nq)))II =Yvo) [7(N<1>)Cy(zvq>) T Y(ve) Oy T 27(N¢)C(N¢)C”(N‘I’>} (9)

2.3. Adapted Singh and Vishwakarma Estimators

In the setting of Neutroshopic statistics, we are adopting Singh and Vishwakarma’s [38] sug-
gested exponential type ratio and product estimators. In two-phase sampling circumstances,
these estimators are tailored to manage uncertainties and enhance population mean estimation,

increasing the precision and efficacy of statistical studies in the Neutroshopic setting.

Nvwy — TN2) x(m)) (10)

4 =yYna)erp | = -
Re(na) ( ) $1(Nq)) + l'(Nfb)

I

(N®) — Tlye)

the(Nq,) = Y(No)erp () (11)

T(Ne) + il(N@)

MSE of both the estimators for Case-1 and Case-1I are given as,

MSE(the g1 = Fin) [1050)Cloney + 10501 C e 5~ Cove) (12
MSE(t%E(N@)” = Vi) [7(N¢)C§(N<I>> + ZV?E%)CQ%(N@) B WN@C%(N@C(N@)] (13)
MSE(the )1 = Fvay [1050)Cloner + 20501 Cr (5 + Cove) (14
MSE(the )11 = Ve [V(N@Cﬁ(w + %VE’}?’“@%N@ + ’V(N@)Ciw)c(m)] (15)
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2.4. Adapted Kumar and Bahl Estimator

We are using Kumar and Bahl’s [36] dual to ratio estimator for the population mean in
two-phase sampling in the context of Neutroshopic statistics. By addressing uncertainties in
Neutroshopic data, this specialised estimator improves the precision of population mean esti-
mate and makes it possible to make well-informed decisions in challenging sampling situations.

f?zdqu
tifiay = U(N) ( ) (16)

T1(na)

MSE for Case-I and Case-1I are given as,

MSE(tEd(N@)I = Yive) [’Y(N«p)cqu)) + g(N¢)7f§¢)C§(N¢> (9(va) — 2C(N<D))} (17)

*kokk

MSE(t}‘%d(N@)H = Y(%Vq,) [7(]\/@)05(”) + 9(N<1>)C§(N¢) (9(Ne)Y(Ne) — 2’7(N<I>)C(N<I>))] (18)

(N )

where, g(yo) = Ty

2.5. Adapted Singh and Choudhury Estimator

For two-phase sampling in Neutroshopic statistics, we use Singh and Choudhury’s [37] dual
to product estimator. This estimator is intended to deal with uncertainties in Neutroshopic
data, boosting population mean estimation accuracy and allowing for successful statistical
analysis in complicated sampling settings.

wd = T1(na)
tPine) = Y(N®) (Izﬁﬂb) (19)

MSE for Case-I1 and Case-1I are given as,

MSE(t}, )1 = Yva) [’Y(N@)CS(M,) + 9(va) V() Cr ey (I(V0) + 2C(N<I>))} (20)

*kookok

MSE(t*P‘fW))H = Yive) [7(N<1>)C§(N¢) + 9(N<1>)C§(N¢) (9ve)V(Ne) T 2'7(N<I>)C(N<I>))} (21)

2.6. Adapted Kalita and Singh Estimators

In Neutroshopic statistics, we are employing Kalita and Singh’s exponential dual to ratio and
exponential dual to product estimators [39] in two-phase sampling. These estimators manage
uncertainty in Neutroshopic data, improving accuracy and efficacy in challenging sampling
circumstances.

pxd - EFIdV@) ~ Tliva 29
Re(ngy — Y(N®)ETP W (22)
N (N®)

vd _ 1 vay ~ T(Ne)
tPe(Nq,) =YWNO)eTP | = —wad (23)
Tlne) T T(Na)
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MSE of both the estimators for Case-1 and Case-1I are given as,

* \/ *xk 1
MSE(ti, )1 = Yy [7(N<1>)C§(M,) + 9ve) (N e) Ca o (79wva) = Civa) (24)

- 1
*d 2 2 2 Hkk 2
MSE(tR@(N@))H :Y(Nq’) [V(Nq’)cy(zw) + Zg(N‘I))fY(N@)CI(N@) (25)

- ’Y(N@)Q(N@Cg%(w)C(N@)

* \/ $ok 1
MSE(the(N@))I = Y(%wp) |:7(N<I>)05(Nq>) + g(N@)V(N@Ci(N@) (ZQ(N(I)) + C(na)) (26)

—_

MSE(t}k;.de(N@)U :Y(%V‘I’) [V(NQ’)CS(N@) + ZQ?N‘?)VFE%)CQ%(N@ (27)

+ 7(N<1>)9(N<1>)C§<N¢)C(N<I>)

2.7. Adapted Subhash et al. Estimators

In Neutroshopic statistics, we use Subhash et al. [40] modified ratio and product estimators,
which are based on Kalita and Singh’s work [39]. These estimators deal with uncertainty,
improving population mean estimate in two-phase sampling and so leading to more robust

statistical studies.

*d = *d
TReinay = QYNe) + (1= )the o (28)
7L =Gy + (1 — )t (29)
Pe(na) (N®) Pe(na)

where, a and § are the scalars constant.

MSE of both the estimators for Case-I and Case-II are given as,

\ _ . 1
MSE (]Rde(Nq,))I =Y o) [’Y(Ncb)ci(w) + 9ve) YNy Conar (ZQ(NCD) - C(Nfb)) (30)
e Al ]
(N®) 4B(N¢D)

2
g(N‘I’) oKk 2

*d V2 2
MSE(JRe gy 11 =Y (Na) [’Y(N<I>)Cy<wq>>+ 4 J(N®) Yz (na) (31)
A*Z
(N®)
—9N<1>7Nc1>05 Cino) — "
(N®)T(N®) Yz (ng) = (ND) 4B(Nq>)
MSE *d _}72 C2 sk 02 g(N@) 32
(JPqN@))I— (N®) [V(Nfb) ynay) T IN®)V (Vo) I<N<1>>( 4 (32)
D2
e Cve)
+ C(va)) V(N<1>)4B(Nq))
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9
. > IN®) _snx
MSE(J5% o)) 1T =Y (N [’Y(N@)CS(N@ + %V(N@C%(m) (33)
D*2
(N®)
+ gve) Y NayC2 - Cina »
v Y0) Oy Clve) = 5
Where
Aney = Cg%(Nq,)(g(N@) —2C(vw)), Bive) = CF 0> Dvay = CF .y, (9(va) +2C(na)),
A(N<I>) = 9(N®)Y ( )Cguvcp) 7(N¢)C§(N¢)C(N¢)’ BE‘N(P) = /YE:I*Q)CJ%(N@)’

(N®)
"Ny TTHND)

Ding) = 9ve) V(N e)Cr ey T 2780) CF g Civery and gy =
3. Proposed Estimators

We have presented a generalised class of factor-type estimators for two-phase sampling in
the setting of Neutroshopic statistics, building on previous work and driven by the generic
character of exponential and factor type estimators. This new family of estimators is designed
particularly to deal with the uncertainties and difficulties inherent with Neutroshopic. We
want to improve the accuracy and reliability of population mean estimate and progress statis-
tical studies in the field of Neutroshopic statistics by introducing this novel technique. This
suggestion contributes significantly to the knowledge and use of statistical approaches in the

field of Neutroshopic two-phase sampling.

o . (A+C)x1<N¢)+f(N<1>>B$<N<I>>] ex{ a(T1 4, — F(N0)) } (34)

St T YN N AL f 0 B)Z1 e + CT (e (1 gy + T(na)) + 20

where, A = (d—1)(d—2); B=(d—1)(d—4); C = (d —2)(d —3)(d —4), o and d are the
characterizing scalars, (a#0, b) are real constants or functions of populations parameters of
the known auxiliary variable. For the fixed value of a, we get some generalized exponential
estimators for different values of d, which is dicuss later on in this Section as a particular cases.
Members of this class of proposed neutrosophic estimators are given in Table

Note:

(i) For @ = 0, in eqaution our proposed estimator %i’cf reduces to modified exponential

estimators for suitable values of (a0, b) members of this class of neutrosophic estimators are

given in Tables ﬂ§| & .

e ~ Zovo) } (35)

Ser = Y(No)erp - =
cepve) — J(NE) (21, g, + Z(vw)) + 2D
(ii) For a = 1, in equation our proposed estimator %%’ reduces to genralized factor
type ratio exponential estimators for suitable values of (a;éO, b) members of this class of
neutrosophic estimators are given in Tables .

P _ (A + C)jl(Ncb) + f(N@B:E(Nq’)
\f’Uk N& = y(N‘:D) T T
(Ne) (A + f(N@)B)xl(Né) + Cx(Nq’)

a(xq -
exp _( (Ne) (Nq))) (36)
a(xl(z\r@) + 'T(NCD)) +2b
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Members of this class of proposed neutrosophic estimators are given in Table Particular
Cases of Proposed Estimator:

(1) When d = 1 in the values of A, B and C in equation estimator %%N@) takes the form
as

~Re - TNy | 4Z1(yg) ~T(NE)
Sltve) — YNV) {@N@) P a1 (g (0T

which is generalised ratio type exponetial estimators in two phase sampling. For suitable

values of (a#0, b), members of proposed neutrosophic estimators %?f(m)) are given in Table

6]

(2) When d = 2 in the values of A, B and C in equation estimator %%(N@) takes the form

as o
oPe _ = Z(N®) a(fl(zv@) —Z(Ne))
N = = Eex — —

ft(Nq)) y(N@) |:x1(Nq>) :| p { a‘(xl(N@) +£E(Nq>))+2b

which is generalised product type exponetial estimators in two phase sampling. For suitable

values of (a#0, b), members of proposed neutrosophic estimators %JZQ(N@ are given in Table

M.

(8) When d = 3 in the values of A, B and C' in equation 1} estimator %%N@) takes the form
as N

~DR - T gy [T (N0) a(Z1 g ~E(N))

\Sft(Nq)) - y(NCI>) |: jl(Nq:') —T(N®) ex a(il(Nq>)+f(N¢.))+2b

which is generalised dual to ratio type exponetial estimators in two phase sampling. For

suitable values of (a0, b), members of proposed neutrosophic estimators S}%?Nq)) are given in

Table [8].
(4) When d = 4 in the values of A, B and C in equation estimator %%(NQ takes the form
as
_ (Z1 ~ZT(N))
QeTp (N®)
th(]\m}) - y(NQ)) exp { a(fl(N@) +f(N¢))+2b}

which is generalised ratio type exponetial estimators in two phase sampling. For suitable

erp

values of (a#0, b), members of proposed neutrosophic estimators Ftone)

).

Similarly, Particular Cases of Proposed Estimator when a = 1:

are given in Table

=1i i i : yp
(1) When d = 1 in the values of A, B and C in equation estimator 3%} - takes the form
as
qRe g Tna) a(T1 g ~T(N D))
Sokvgy — JINP) [ T(No) } G,Ip{a(iﬁ(N(b) +Z(Na)) 2D

which is generalised ratio type exponetial estimators in two phase sampling. For suitable

values of (a#0, b), members of proposed neutrosophic estimators %%N@ are given in Table

[L1].

(2) When d = 2 in the values of A, B and C' in equation estimator i‘s?ﬁ(m)) takes the form

as
Pe = ZT(Na) a(Z1 y gy ~T(N))
JUk(N‘P) — y(N‘I)) |:jl(N¢):| exTp { a(jl(Né) +E(Nq,))+2b
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which is generalised product type exponetial estimators in two phase sampling. For suitable

values of (a#0, b), members of proposed neutrosophic estimators %ff(N@ are given in Table

[12].

(8) When d = 3 in the values of A, B and C' in equation 1| estimator %Zﬁ(m}) takes the form
as

wor _ - [Pow o o1y v

Sokvgy — JNP) |:11(N(I)) Sy | O a(Z1 gy TE(ND))T2D

which is generalised dual to ratio type exponetial estimators in two phase sampling. For

suitable values of (a0, b), members of proposed neutrosophic estimators %]%?Nq)) are given in

Table [T3].

(4) When d = 4 in the values of A, B and C in equation estimator E‘S%’(Nq)) takes the form

as

a(fl — )
CNETD = (N®) T (N®)

which is generalised ratio type exponetial ratio estimators in two phase sampling. For suitable

P

are given in Table
(N®)

values of (a#0, b), members of proposed neutrosophic estimators %j@f

.

4. Bias and MSE

To derive the expressions of Bias and MSE we have following two cases for the proposed

class of estimators.

Case I: A large sample, designated as S', is drawn over the population employing SRSWOR,
having a size of n'(y¢), (n'(ve) being less than N'(yg)). This sample is used to collect
observations that are entirely connected to the auxiliary variable z(yg), with the goal of
estimating the population mean X, (No) associated with this auxiliary variable.

Case II: A sample with the symbol S and a size of n(yg) is chosen, where (n(yo) < Nva))-
This sample is taken directly from the population, which has the size N(yg), or from the set
of S' characters. This sample’s goal is to collect data on both the primary neutrosophic study

variable and the secondary neutrosophic auxiliary variable.

4.1. Case I

To derive the expression for Bias and MSE for Case I, consider the following transformations

as follows

Jve) = Yive) (L + €oya)): T(va) = Xva) (L + €1y, )s and 214, = X(va) (1 + €204
such that E( ) = E( ) = E( )=0and E(e} ) =vweC2

€0 ) €l na) €2(nva) €0(na) Y(ND)’

2 _ 2 2 Ak 2 _ 2
E(el(Ncp)) - ’Y(N(I’)Cff(zv@)’ E(eZ(N':P)) - V(N@)Cx(zvq:)’ E(eo(N<I>)el<N<1>>) - 7(N¢)C(N¢’)C$(N¢)’

E(€0(N¢)62(Nq>)) = ’Y?N(IJ)C(N‘I’)CC%(N@’ E(61(N¢)€2(N¢)) - 72<N‘I’)C£(N¢)’
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_ 1 o 1 * _ 1 o 1 Hk _ Ak _
TNe) = (an)) Nove) )v TiNe) = <n1(m) Nove) >’ Tnve)y T TWe) T V(ne) T
1 1 y o n
<n(m> - ”1<Nq>)>’ Civey = py(N@W(N@)iC,EZ: and g(ng) = 7”1(1\,;;\?7"2(1\1@)
under the above transformations and from equation expressing estimators in terms of e’s,
we get
%yp _}_/ (1+6 ) (A—f—C)X(Nq))(].—FBQ(N@)) +f(Nq>)BX(Nq>)(1+61(N¢)) ¢ (37)
Ftvay — 7 N9) Owe) (A+ five)B) X (va) (1 + €2.yq)) + CX(va) (1 + €1 yq))
oy a(X(ne) (1 + €2 yq)) = X(va) (1 + €1 yq)))
a(X(N(I))(l + 62(N<p)) + AX(NCD)(1 + el(N@))) +2b
on simplyfying we get
up v o kve) kve)
Shtvey — Y(NE) =Y(N®) [GO(N@ + €1(yq) (Oéf(Ncb) i ) — €2(ng) (af(Ncb) - ) (38)
a(a—1) afve)kve) | 3
+ €% ) ( — AE(Na) P2way T 5 (N 5 + g’f(QN@))
2
) aa—1) .,  wekwe Ko

k(ve) k(ve)
+ €0 na) €1 (af(Ncb) Ty ) — €0(na)C2(Na) (ag(m) -y )

€1 xva) €2 e (af(Ncb)éfM(Nq,) — A&(NP) P4 ) — W — 1)5(21\@)

kZQ
N
+ ad(no)k(va) — (4 ))}

finayB & o C é _ AtC é _ Atfwe)B
Atf(NoyBtc’ V2(Ne) T Axfna)Btc’ P3ve) A+ fnvey Be’ 4ne) T A+f(naBtc’

aX
— — — (N®)

where ¢1<N¢) =
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To obtain Bias of the estimators we will take expectation of equation and then by sub-

stituting the value of the considered transformations, we get

) = 1 1 alo— 1)
QP . B ) - ala-1),
BlaS[\fft(Mb)] _Y(Nq)) [(n(]\@) N(Nq>) ) Cx(zvcb) ( Oéf(N(I))d)Q(N@) 5 S(Nq)) (39)
anoyk(Ne) | 34 1 1 )
Ty + gk‘(N@)) (nl(w) - N(N@)>C’$(M) (ag(Nq))m(N@)
M 2 . aé(Nc[))k'(Nq)) B k:(ZNCI))
S . g
1 ! kva)
* - C Cx Q —
<n(NcI>) N(N(p))p Y(N®) T T(N®) ( §(ve) 5 )
1 ! k(ve)
B o C Cx (67 —
<n1(1vr1>) N(N<1>)>p Y(N®) T T(ND) ( £(N<I>) 5 )
1 1
<”1<N<I>> N, (N@)) (N®) ( ( )ina) + nayk(na)
k

Squaring both sides of the equation and then taking expectation on both sides, the MSE

will take the structure as

_ 1 1 k 21
Yp V2 — 2 -~ A9)
MSE[“MN@] =Y(va) Kn(N@) N(Nq>)>cy(”) * <a§(Nq>) 2 ) (”(Nfb)
k N®) 1

_ C2 oo +2(a -

m(m)) ovn ¥ 2080w = 5 )(”<N<1>>

1
Mve) ) e (N¢)]

Now , we can obtain the optimal value of « by differentiating equation with respect to «

and equating its to zero we will get

1 kve) Cyinay
§(N<1>) { 9 P(N®) C ( )

we can get the minimum MSE of %?’Z(Nq)) by substituting the value of a in equation

MSE[S%]mm(M) = Y(%V(I)) C; No (V(Nq») - ’Y&@)P%N@)) (42)
(V)
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4.1.1. Properties of the particular cases of the proposed estimators

(i) When d =1 in the values of A, B and C, 3%/ , becomes e

\Sft th( N®)
Bias of the estimator %J}%e(
| ) L ala—1) | ke | 3
~Re _ o 2 _ 1.2
Bias[St ey =Yiva) [(n(m) N, N¢)>Cx(w> (O‘ > o ° Sk(N‘i’))
1 1 1) ok k?
n < 3 ) 2 (a(a ) L v <Nq>>>
nl(]w) N(N<I>) 2 2 8
1 1 k(ve)
! <"(Nc1>) B N(N¢)>p(m)cy(m)cx<m) (e-75%)
1 1 k(vo)
— — P C Cy — o —
2
1 1\ kv
- —ala—1) - 43
+ <n1(N<I>) N(Nfb))CI(N(b) < OZ(O{ ) ak(N@) 4 )} ( )
MSE of the estimator %%M))
_ 1 1 k 2 1 1
Re _ 2 _ 2 . MNe) _ 2
MBS | Yo Kn(m) N(N@))C”N‘“ e (”<N<I>> M1y i
k(vo) 1 1
+2(—a— — Cyvan Coon 44
(=a =) (s = )P0 e Cos (44
Optimal values of «
k(N<I>) C?J(N<I>)
Q= — “ PNy A (45)
{ 9 ( )Cqu))

Minimum MSE of the estimator 3¢
Tt ney”

MSE[S Imin ey = Y(Ne) [C;N@) (Yve) — Vﬁv@)p%m))] (46)

(ii) When d = 2 in the values of A, B and C, 3%/ , becomes Qe

‘yft( \yft(N@
Bias of the estimator 3£¢

Sitivae)
Bms{\yﬁ(w)] =Vove) Kn(iﬂb) N N(11v¢))C£<N<I>> < B 04(042— o ak(qu)) + gk(zzvq>)>
2
(nlw) ))Cﬁ(w (at O‘(O‘Q_l) - %k - k(g@))
(n(N<I>) N<1>)> @) Cyva Cr vy (a - k(gc}))
(nl(NCD) ))p(NCD)Cy(N(I))Cx(Nq)) (a _ k?(J;Hb))
2
+ (nl(lm) - N(jlvq)) )Cﬁ(m) ( —afa—1)+ akne) — k(zf))] (47)

Vinay Kumar Yadav, Shakti Prasad, Neutrosophic Estimators in Two-Phase Survey
Sampling



Neutrosophic Sets and Systems, Vol. 61, 2023 554D

MSE of the estimator 3£¢

‘Sft(Ncp):
— 1 1 k 2 1
aPe _ 52 _ 2 _ M(N®)
MSE[‘YfQN@] _Y(N<I>) [(n(]\@) N(Nq)))cy(N@) + (a 2 ) (n(Né)
1 k(Nq>) 1 1
— C? 2(a — — Cyonar C
nl(N@)) ) i (0‘ 2 ) (n(N‘I’) N (ne) )p(N(}) s TN
(48)
Optimal values of «
k(N<I>) CZJ(NCP)
o = T PN®) ~ (49)
{ 2 ( )meq))
Minimum MSE of the estimator %}Dfm(}):
MSEISF mingxay = Vivw) |Coyay (Yove) = Viiayoinay)| (50)
(iii)) When d = 3 in the values of A, B and C, 3%’  becomes 32
ft(ve) ft(va)
Bias of the estimator %ﬁ?}vq’):
, ~ 1 1 ala—1) aRkne)y 3
«DR 1 _ _ 2 _ 2 9,2
Bias[Sfi v, =Y(ve) K”(N@) N(N¢.)>Cx(N‘I>)( 2 R 5 T 8k(N<I’))
2
1 1 ala—1) , Rkne) Ko
- - Cc? (o + N2 — —
(nl(Nq>) N(N<I>)) (N‘b)( 2 2 8 )
1 1 k(v 1
+ — p C C, al — —— ) — [ ———
(n(Nq)) N(N<I>)> (N®)=yve) (N®) ( 2 ) (nl(Nq))
1 k(va)
B N(Nc1>) )p(N(I’)Cy(N@CﬂC(N@) (aN - T)
2
1 1 kina)
- - c? —ala—1)R* + ok — ——— 51
(nl(w)) N(N@)) (N‘f’)( ( ) 4 >} ( )
Where N = — —N®)
Ny TTUN®)
MSE of the estimator %?fN@:
— 1 1 k 2 1
~DR o2 _ 2 _ M(N®)
MSE[‘Sft<N<1>>] _Y(N@ Kn(]v@) N(Né))cy(zw) * (aN 2 ) <n(N<I>)
1 k?(Ncp) 1 1
— C? 2(aR — — Cyona Co
nl(Nq))) T(N®) + (a 2 ) (n(Nq,) nl(Né) ),O(N<I>) YNe) (V&)
(52)
Optimal values of «
1 k(N<I>) CQ(N(D)
o= TPON®) A~ (53)
N{ 2 N e
Minimum MSE of the estimator %]%?N@:
MSEISE Fmin ey = Yvay | Coiay (V00 — Vi Pivey)| (54)
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(iv) When d = 4 in the values of A, B and C, 3%/ , becomes Qe
ft(Ne ft(ve)
Bias of the estimator %;fp :
(N®)
- 1 1 3 1 1
Bias[S%7 ] =Y, — C; k — C; 55
zas[\sft(m)] (N‘p)Kn(Ncp) N(N(I))) I(W)<8 (N(I))) ! (m(m) N(Nfb)) xWb)( o
k2 1 1 k
(e - _ Rve)
8 ) * <"(N<1>) N(Ncp))p (o) Cuon C‘”(N@)( 2 )
1 1 ke

k2
# (e = )G (- 5]

Mve)

MSE of the estimator %P

ft(Nq>)'
_ 1 1 k(Nq>) 2 1 1
MSE[S" ]=Y? - c? (- - c?
[ ft(N<1>)] (N(I))[(n(Nq,) N(N@)) Y(ve) ( 2 ) <n(N¢) n1<Nq)>> (N®)
k(va) 1 1
+ 2( - 92 ) <n(N‘1>) B 1 ya) )p(N(I’)C?J(N@) Cﬂﬁ(N@)] (56)
Remarks: Similarly, For the proposed Estimator when a =1
(i) When d =1 in the values of A, B and C, C‘giw becomes 3 C\kae(N@
Bias of the estimator (‘UR,f :
(N®)
_ 1 1 k
~Re _ _ 2 (N®)
Bias[ Ukwq,)] =Y(vo) [(n(]v@) N(Nq,))C“(N‘I’) (1 + 5 + Sk(Ncp)) (57)
2
1 1\ o (ke Kive
- <n1(1v<1>) N(N<I>)>Cx(m)( 2 8 )
Fve)
*(var ™ Ny 7081 o Con (=1 =5)
kve)
a <nl(N<I>) N(N@))p(m) e xm})( o T>
Kixe)
* <n1(m) ) x(N@)( (V&) =y ﬂ
MSE of the estimator C‘R,f :
vk(Na)
_ 1 1 k(Nq>) 2 1 1
MSE[S! =YA - c? -1- - c?
(S k N<I>)] (N®) [(n(m)) N(N<I>)) Yve) ( 2 ) (n(N(b) nl(N@) T(N®)
k(ve) 1 1
2(—-1- - x 58
i ( 2 <7FL(N<I>) nl(N«b))p(N@)Cy(N(P)C (N(P)} ( )
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(ii) When d = 2 in the values of A, B and C, C‘gi( o) becomes %fkiNq))
Bias of the estimator C‘Upke :
(N®)
— 1 1 k 3
Pe 2 (N®) 2
Blas[%vku\]@)] }/(Nq)) |:(n(N(I)) - N(Ncb))C T(N®) < — 9 + gk(N(I))) (59)
2
1 IR kove)  Kive)
_ 1— _
- <n1(N<I)) Nve) >Cx(m’)( 2 8 )
kve)
i <n(N<I> N@))p Coovn G (1 2 )
kve)
B (nl(Ncb) )p N@C’y“\"i’) T(Ne) (1 2 )
ke
A P Y55
MSE of the estimator C‘P,f
vk(Na)’
_ 1 1 k(ne)\2 1 1
MSE Pe YZ _ 02 1— ( _ 02
S [ Uk(Nq,>] (N®) [(n(]\@) N(Nq))) Y(NP) + < 2 ) <n(N<I>) nl(}@)) Z(N®)
k(o) 1 1
+2(1 — — C C, 60

(iii) When d = 3 in the values of A, B and C, 3"/ , becomes QDR

Uk( Uk:(Nq>>
Bias of the estimator SBF

Sukiine:
Bias[Sypic, ] =Y(ve) [(n(i@) - N(j\}q)))@im) ( - Nk(QN(I)) + gk‘(%v@)) (61)
Nk k?
! <n1(11v<1>) - N(J1V<I>)>C§<N‘I>)< (QJVq)) a (]gq)))
+ (n (N®) N(N<I>)>p o) x“”))( k(Nq) )
B (nl(zvé) )p N(P)Cy(Nq’) T(Ne) ( )
(e = ) (v - 5]

Where X = — (N9

NNy TTUNE)
MSE of the estimator SH7

'Uk(]\up)
_ 1 1 k 2 1 1
DR _ 2 2 _ MND) _ 2
MSESE ) =Yoo (5 = 3o ) G+ (8= 7572) (o — )
(N®) (ND) (N®) Live)
k(Ncp) 1 1
- Q(N 2 ) (n(N<I>) - LOTENEN) )p(N(I))CyW@)Cx(N@)} (62)
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eTp

(iv) When d =4 in the values of A, B and C, Y/  becomes &

vk( N®) vk(N®)
Bias of the estimator C‘eip :
vk(Na)
— 1 1 3 1 1
. ETP _ . 2 212 _ 2
Bias[Syp yay =Yina) [(n(m) N(N@))Cmm@ (Sk(m)) ! (”1(Nq>> N(JVfb))Cm(M’)<
(63)
k2 1 1 k
(N®) B _ Mo
8 ) + (n(Ncb) N(N@)>p(N¢)Cy(N‘P> CCU(N@)( 2 )
1 1 ko)
— — C, C, -
<”1<N¢> N<N<I>>)p(m) s G (= =57)
2
1 1 9 k(NCP)
* <n1(N<I>) N(N@))Cm(w)( 4 )}
MSE of the estimator & “zﬁ]; Ny
_ 1 1 k 2 1 1
QP _2 _ 2 _ (NP — 2
MEERukw) =i Kn(N@) Nve) )Cy(w) ! ( 2 ) (”(Nfb) (v ) G
k‘(Nq)) 1 1
+ 2( — B) ( - )p(NCD)Cy(N@)CI(N@)} (64)

N(N®) (N

4.2. Case I

To derive the expression for Bias and MSE for Case I, consider the following transformations
as follows
Jnve) = Y(va) (1 + €oya ) Z(ve) = X(va) (1 + €1(yg))s and 1 g = X(va) (1 + €2,y4))
such that E(eg yq)) = E(€1yq)) = Ele2yq,) = 0 and E(GO(N¢)) (Nq))C’y(Nq)),

E(& ) = 10000y B ) = Viray e

E(eo(N¢)€1(Nq>)) = 7(N¢)C(N¢)C£(Nq>)’ E(eO(N¢)€2(N<I>) =0,

_ _(_1 1
E(el(Nq,)QQ(Nq))) - 07 7(N‘I>) - (n(N<1>) N(N<I> ’Y(NCID (nl(Né) N(Nq>>)

*k — * = 1 1
T(Ne) T VIN®) T V(Ne) T (n(Né)  Ming >’

sokk * _ Y(NP) — Y(N®)
V(Ne) = Vo) T V(vey Cve) = Py ive) Crina) and g(yo) = T ) D)

under the above transformations and from equation (34)) expressing estimators in terms of e’s,

we get
oYP \Y (1 +e ) (A + C)X(l + 62(N<I>)) + f(Né)BX(Nq))(l + el(N‘1>)) (65)
= 0 < v
Ttovay 7 (N9) NN A+ fiveyB) X (va) (1 + €2yq)) + CX(vay (1 + e1)

eap a<X(N<I>)(1 + e2(N<1>)) - X(Nfb)(l + 81(N<1>)))
a(X(va)(1+ e2yq)) + X(va) (1 + €1)yq))) +2b
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on simplyfying we get

5 - k(ve) k(vo)
ey — Yve) =Yiva) [eouv@) T Clivay (ag(N‘P) T ) ~ C2ve) (O‘f(N‘b) T )
ala—1) asna)kne) | 3
+ e%(Ncb) ( - O45(]\7‘1’)¢2(N<b) + 9 5(2N<I>) - 9 + gk(QN(I)))
2
ala—1) o vaoykiney  Flve
+ e%(Nq)) (af(N@)¢4(N¢) + 2 {?NCI)) - 2 - ] )

k(vo) k(no)
+ €0 ) €1 va (af(N@) I ) — €0(ya) €2(va) (ag(]\@) -5 )
+ €1 030) €20 (afuv@)@m» — (o) Payay — ala — )&y
k

2
+ a(Noyk(Neo) — %)} (66)

To obtain Bias of the estimators we will take expectation of equation and then by sub-

stituting the value of the considered transformations, we get

ala—1)

_ 1 1
. yp _ — 2
Bzas[%ﬁ(m))] =Y(vo) [(n(Nq)) — N(Nq)))Cx(Ncp) {C-T(Nq>) ( — A§(ND) P2 ) T 9 £(N<I>)

alneykve) 3, ke
T T §k(N<I’)> + p(ve) Cy e (O‘f(Ni’) Ty >}

Lo )e ala=1) 5 ofwokee
" <n1(w) a N(N@))C”"(N@ (ag(N‘I’)m(N@) T §(Na)
kina)
a Tﬂ (67)

Squaring both sides of the equation and then taking expectation on both sides, the MSE

will take the structure as

_ 1 1 k 2 1
oyp _ 2 _ 2 _ MNe)
MSE[\th(Né)] _Y'(Nq)) |:(n(N<I>) N(N(I>) )Cy(f\“b) + (Oéf(]v@) 2 ) (TL(Nq))

1 > kvey (1

— ) _ -

m(w))Ox(W) + 2(aé (v o) 5 )<n(N<I>)

1

- N(Nq)))p(N'iP)Cy(N@)Cw(Né)} (68)

Now , we can obtain the optimal value of a by differentiating equation with respect to «

and equating its to zero we will get

1 ke Cy(m)
o= ~ P(N®) ~ (69)
we can get the minimum MSE of %%’(M)) by substituting the value of « in equation
2
= YND)P
MSE[ST iy Imin =Y (v Cray Yva) [1 R } o

Vinay Kumar Yadav, Shakti Prasad, Neutrosophic Estimators in Two-Phase Survey
Sampling



Neutrosophic Sets and Systems, Vol. 61, 2023 559D

4.2.1. Properties of the particular cases of the proposed estimators

(i) When d =1 in the values of A, B and C, 3%  becomes 3%
ft(ve) ftve)
Bias of the estimator %J}fte :
(N®)
. _ 1 1 ale—1) aknye) 3
aYp _ _ 2.2
Blas[‘sftmq))] —Y(Ntb) [(n(]\]q)) N(N@))Cx(N(I)) {Cx<N<1>> <Oé + 5 + 9 + 8143(N<I>))
k 1 1
Ly N®) _ 2
* p(N‘I’)CyW“”’( ‘T )} " (m(m) N(N®)>Cx<m)(
2
ala—1)  akney  Kne
S A R ﬂ (71)
MSE of the estimator %5}1&6:
_ 1 1 k 2, 1
Re _ 2 . 2 . MNe)
MSE[SF 0] =Y(va) me) N(N¢)>Cy<m> + ( @7 ) (mm)
1 k(N<1>) 1
_ 02 yo(—q- ey 1
1
Optimal values of «
k(N<1>) Cy(zvq:)
o = — O(NG® (73)
{ 2 ' Ca ey
Minimum MSE of the estimator %?f(Nq)):
2
e 5 Y(ND)P
MSE[SE lminisy = Y iva)Coa TN0) [1 - ; = >) } (74)
N&
(ii) When d = 2 in the values of A, B and C, 3%/ becomes ¢
ft(ne) TFtve)
Bias of the estimator %Jlfte :
(Ne)
, _ 1 1 ala—1) akne) 3
Pe _ 2
BZ&S[%ﬁ(N@)] —Yv(Nq;.) [(n(N(b) — N(NCD))CJU(N@) {Cx(Nq;) ( 9 - 9 + gk(Nq>))
k(na) 1 1 9 ala—1)
+ P(ve) Oy (O‘ I )} T <n1(N<I>) - N(Nq)))cxw@ <a Tt
okwae)  Kiva)
28 )} (75)
MSE of the estimator %]Iff :
(N®)
_ 1 1 k N®)\ 2 1 1
MSE[SEe | =Y2 - 2 4a— - 2
Stina) =Yive) Kn(m) N N@)) YN e) ( 2 ) (mm) nl(Nq))) (N®)
ko) 1 1
+2(e- 2 )(n(N<I>) - N(Ncb)>p(N(b)Cy(m) me(p)} (76)
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Optimal values of «

k(N<I>) CZJ(N@)
= —P(N®) ~ (77)
{ 2 ( )Cx(N@
Minimum MSE of the estimator %]Iff :
(N®)
Pe 2 2 T(ve)P
MSE[SFJmin ey = Vi) C2 iy Yova [1 - e | (78)
(iii) When d = 3 in the values of A, B and C, 3%} becomes 37}
Bias of the estimator %]%R :
(N®)
. . 1 1 ala—1) .5  REwg)
DR 1 _ 2
Blas[%ft(l\m’)] _}/(NCD) [(n(]\[q)) B N(N¢))CI(N(D) {CI(N@ ( 2 R - 2
3 k(]vq)) 1
+*k‘2 )—|—qu>0 (aN—7>}+<
](N®) (N®)~y(ve) 9 1y
2
L\ ala—1)o  Rkwe) Ky
- =
Nva) >C$<N‘1’> (a T 2 8 (79)
Where & = — —"N®)
M(Ng) TTHND)
MSE of the estimator %Jl?tR :
(N®)
_ 1 1 k N®)\ 2 1 1
R
SE[SFt ve)) =Y(va) nove)  Nova) Cyvey + (@ 5 rve T Cr v
k(vo) 1 1
208 = =) (- 5 ) v |
+ (a 2 ) n(ND) N(Ncb) p(N‘I))Cy(N<I>)C (N®) (80)
Optimal values of «
1 k(N<I>) Cy(Ncp)
o= — ey 2D (81)
N{ 2 N e
Minimum MSE of the estimator %%R :
(N®)
92 ) 7(N¢)p2
MSE[%Z;C?]WW(N@ = Y(Nd))cy(Nq))’Y(N@) [1 - i ] (82)
(N®)
(iv) When d = 4 in the values of A, B and C, %Y  becomes 397
ft(Na) ftve)
Bias of the estimator S;fp :
(N®)
_ 1 1 3
- exrp _ 2
Bias[S ] =Yive) [(n(z\/@) B N(Nc1>)>cx<“’>{cx<m> <§k<N‘I’)> + p(N‘l’)Cy(Nq’)(
k(ve) 1 L\ o ke
B 2 )}+ (nl(Né) N N(Nq;.))cz(l\hb)<_ 8 ):| (83)
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MSE of the estimator ISP

It N<I>)'
— 1 1 k N®)\2 1 1
MSE[SS? ]=Y2 _ c2 4 (- — 2
[ ft( ] (N(I))[<n(N¢) N(N<I>)> YNe) ( 2 ) (n(Nq>) nlu\@)) (Ne)
k(no) 1 1
BN )<”(N<1>) B N(Nq>>>p(N¢)Cy<N¢)C$<N¢)} .
Remarks: Similarly, For the proposed Estimator when a =1
(i) When d =1 in the values of A, B and C, C‘gi( becomes & C‘fke( o)
Bias of the estimator C‘f,f :
(N®)
— 1 1 k 3
Re _ (N®) 2
BZ&S[C\UIC(N‘I’)] _YV(N(I’) |:(n(N€P) B N(N(I))>Cx(Nq)) {CI(N(I)) (1 + 2 + Sk(N(D))
kve) 1 L\
+ P(N@)Cy(zvé) ( —1- 2 )} + (n1<Nq>> - N(N(I)))CI(NCP) (
kave)  Mvay
2 8 ﬂ (85)
MSE of the estimator C‘R,f
vk(Na)’
_ 1 1 k N®)\2 1 1
MSE —y2 _ 2 X _ 2
S [ Sk N‘I’)] (N¢)|:<N(Nq>) N(N®)>Cy(N<I>) ( 2 ) (n(NCD) nl(N(I)))Cx(N‘P)
k(ve) 1 1
ta(=1- 2 )<n(N<I>) - N(N@))p(m))cy(m)cx(m)} (86)
(ii) When d = 2 in the values of A, B and C, C‘gi( becomes %EE(N@
Bias of the estimator 3%, ,f :
VR(Ne®)
_ 1 1 kney 3
Bias C\f =Y, — C, Cy — + k2
[ k(N<I>)] (N®) Kn(}\f@) N(N<1>)) (Nrb){ (N®) < 9 3 (N<I>)>
kve) 1 L\ e k(va)
+p(N<I>)Oy(N¢,) (1_ 2 >}+ (nl(Né) B N(N,I,))Cm(N@ (1+ 2
ko)
8 )] (87)
MSE of the estimator Opke
vk(ne)”
— 1 1 k 2 1 1
Pe 2 _ 2 _ MNe) o 2
MSE[ yk;w@] Y(N(ID) Kn(]\[@) N(N¢)>Cy<Nq’) (1 2 ) <n(N<I>) n1<N¢>>Cw(N¢’)
k(va) 1 1
+ 2(1 ) )<n(N<1>) o N(J\fq)))ﬂ(N@)Cy(N@)Cz(N@)} (88)
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(iii) When d = 3 in the values of A, B and C, 3"/ , becomes SR

vk(Na vk(N®)
Bias of the estimator %kaIfN@-
Bias[SOR 1=, ! S ORI fo vy | 310
1as[Sukya) ) =Yove) [(n(m) - N(N@) v oo (= =5+ )
kve) 1 L\ e
+ p(N@)Cy(N@ (N 9 )} + <n1(Nq>) - N(N@))Ca:(N(I)) (N
Rkve)  Fve)
Ty Ty )} (89)
Where N = HILJ_VS()W
(N®)
MSE of the estimator %ﬁﬁw).
_ 1 1 k 2 1 1
«DR _ 2 _ 2 _ M(N®) _ 2
MSE[\gvk(N‘i’)] _YV(NCD) |:<n(N<I>) N(N<I>) )Og(N(I)) + (N 2 ) (n(N<1>) nl(N@) )Cm(N(P)
k(vo) 1 1
+2(N — — C Cy 90
( 2 ) (n(Nq)) N(N<I>) )p(N‘P) Y(No) (qu)] (90)
iv) When d = 4 in the values of A, B and C, 3%/ becomes 37
’U]C(Nq)) ’Uk?(Nq))
Bias of the estimator ;7 -
vk(N o)
- 1 1 3 k
. ETP _ _ 212 o (N®)
57 o [~ € () (- 229)
1 1 k(2Nq>)
— C? - 91
+<n1(N¢) N(NCI?‘)) aj(N(ﬂ( 8 )i| ( )
MSE of the estimator %ﬁf}vq}).
_ 1 1 k 2 1 1
ETP 2 _ 2 _ M(N2) _ 2
MEE iy Yo K”(Ncp) N (N@))Cy(”) ! ( 2 ) <”(N<I>) (v )me,)
k(ve) 1 1
i 2( 2 )(”(Ncb) - N(Ncb))p(N@)Cy(N@ Cx(m)} (52)

5. Numerical Study

The study goal of this in-depth investigation study is to investigate and compare several Neu-
trosophic estimators for estimating the population mean within the context of Neutrosophic
two-phase sampling. To accomplish this goal, we chose real-world data from the open public
website “https://data.gov.in/resource/seasonal-and-annual-minimum-maximum-temperature-
series-1901-2019.” The dataset includes complete data on All India Seasonal and Annual Tem-
perature the series of circuits including minimum, maximum, and mean temperatures over a
long period of time.

The information was made available under the National Data Sharing and Accessibility

Policy (NDSAP) by prestigious organisations such as the Ministry of Earth Sciences and the
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India Meteorological Department (IMD), Pune. The diversity of temperature data enables us
to obtain significant insights into temperature variations and patterns throughout seasons and
years.

Our major goal is to compare the performance of the proposed Neutrosophic estimators to
those existing estimators in the unique situation of two-phase sampling. We aim to test the
efficiency, accuracy, and robustness of these estimators in calculating population means by
doing this research using real data from India.

The consequences of our research go beyond the specific dataset, since the findings may have
broader applicability in a variety of domains that use two-phase sampling and Neutrosophic
statistics. We think that by adding to the knowledge base in this field, we will improve
understanding and practical use of Neutrosophic estimators in real-world settings, allowing for
better informed decision-making and developing statistical approaches.

Discriptions of Datasets are given in Table . The auxiliary variable X (yg) for Population
A reflects the minimum and highest temperatures reported in January and February. The
study variable ¥(yg), on the other hand, reflects the lowest and highest temperatures reported
from March to May.

The auxiliary variable X(yg) represents the minimum and maximum temperatures mea-
sured from June to September for Population B, whereas the study variable Y y4) reflects the

minimum and maximum temperatures reported from October to December.

6. Simulation Study

The fundamental goal of this advanced scientific research was to validate and assess the
effectiveness of proposed Neutrosophic esitimators and up against adapted Neutrosophic es-
timators for the study variable Y(yg). To achieve this purpose, the researchers employed
Neutrosophic data with known auxiliary parameters and the Neutrosophic normal distribu-
tion in a rigorous simulation workouts. Neutrosophic normal distributions were used to create
the study Neutrosophic variable, designated as Y{y¢) as neutrosophic study variable, and the
auxiliary variable, labelled as X (ng).

The parameters for Y{yg) ~ NN(,u,y(Nq)), ; where puy ., stood for the mean, and oy 4,

o2 )
Y(ND)
for the standard deviation. Similar to this, the parameters for X yg)~ NN(M:E(N@), U%(N@)’
where S stood for mean, and T2 (vo) for standard deviation. Specific parameter values for
Y(ne) and X(yg) were chosen in order to aid numerical demonstration, creating a simulated
dataset with 100 normally distributed observations for each variable. The parameters were set
for Y ne) ~ NN([76.0,54.9],[(12.9), (17.2)%]), and for Xy~ NN([17.2,18.4],[(5.8)%, (6.7)%]).

For the simulated Neutrosophic data, the researchers produced descriptive statistics, giving a

thorough breakdown of the dataset’s features. The researchers intended to carefully assess the
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efficiency of the suggested Neutrosophic estimators and compare them to other estimators,
so they carried out this complex simulation study. The paper offers important new under-
standings on the use of Neutrosophic statistics to handle uncertainties and indeterminacies in
challenging real-world data analysis. In scenarios involving neutrosophic data and two-phase
sampling, the results of this study have the potential to expand statistical approaches and

improve knowledge of population parameter estimate.

7. Conclusions

We introduced a novel family of neutrosophic factor-type exponential estimators in two
phase sampling for estimating neutrosophic population mean (Y( N®)) using known neutro-
sophic auxiliary parameters in this thorough study. We thoroughly explored the neutrosophic
sampling characteristics, specifically the bias and mean squared error (MSE), with an empha-
sis on degree one approximation.

We determined the neutrosophic lowest MSE by doing thorough investigations to determine

the characterising scalars’ neutrosophic optimal values for the proposed estimator. Several

: : : d d d d
adapted neutrosophic competing estimators, such as to(na) tR(Nq)), tP(Nc})’ thNq))v tpe(Nq)),
*d *d *d *d *d *d :
tR(Nq;.)’ tP<Nq>>, tRe(Nq)), tpe(Nq)), TReonay JPeina, estimators were used to compare the perfor-

mance of our proposed estimators, %?ZN@).
QP

Our investigations indisputably showed that our suggested estimators & Frovey 35 shown by
their reduced bias and MSE values, exhibited superior efficiency than the current estimators.
Tables @, |§|, and provide specific examples of our suggested esti-
mators for various values of (a, b). Further evidence that our proposed estimator performed
better than any other neutrosophic competing estimators for Neutosophic proposed estimators
can be seen in Tables .

We strongly advise their use for the estimate of neutrosophic population mean 1_/( N@) in nu-
merous domains of application based on the excellent performance and efficiency proven by
our introduced class of estimators. It is significant to highlight that neutrosophic estimators
offer better population mean estimate in situations when study variable data are nondetermin-
istic. It is recognised that neutrosophic estimators may still be better to classical estimators

in circumstances when study variable data are indeterministic.
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TABLE 1. Descriptive statistics of the Population - 1, Population - 2 and Sim-
ulated Data

Population-1 Population-2 Simulated Data

Parameter Neutrosophic Value @ Neutrosophic Value Neutrosophic Value

Nna) [119, 119] [119, 119] [100, 100]

n(N®) (24, 24] (24, 24] [24, 24]

N (ya) [44, 44] [44, 44] [44, 44]

Yve) [20.6937, 3055933] [16.58437, 27.23613] [20.6937, 31.55933]

X(Nq,) [13.90807, 24.6737] [23.30966, 31.21807] [13.90807, 24.6737]

Cyna [0.02657039, 0.02539073] [0.03440212, 0.02580739] [0.02657039, 0.02539073]

Ca v [0.04133301, 0.03918572] [0.01435458, 0.01423702] [0.04133301, 0.03918572]

[0.6273783, 0.7201808] [0.6737446, 0.7504361]  [0.01838219, -0.05842247]

py(Nd»)l‘(N@)

TABLE 2. Mean Square Error of the Neutrosophic Estimators based on Popu-

lation - 1.
Case-1 Case-11
Estimators MSE MSE
tO(N@) [0.01005628, 0.02135852] [0.01005628, 0.02135852]
1 [0.01273596, 0.02677414] [0.02524190, 0.05277647]
R(na)
td [0.03508849, 0.07387339] [0.0644997, 0.1354970)]
P(ve)
the(N(p) [0.007932134, 0.016825020] [0.008945461, 0.018872943]
td [0.01910840, 0.04037465] [0.02857436, 0.06023321]
Pe(NCI,)
i [0.01659733, 0.03480892] [0.03663452, 0.07652684]
R(na)
txd [0.04342036, 0.09132803] [0.08374387, 0.17579148|
Pna)
t}‘%de(N@) [0.008338662, 0.017656234] [0.01081217, 0.02274252]
txd [0.02175018, 0.04591579] [ 0.03436685, 0.07237484]
Pe(N@
f;zde(N@ [0.007802574, 0.016571881] [0.007289519, 0.015482204]
j}k;de(w)) [0.007802574, 0.016571881] [0.007289519, 0.015482204]
%‘zﬁ(m}) [0.007802574, 0.015051057] [0.003104505, 0.001902523]
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TABLE 3. Mean Square Error of the Neutrosophic Estimators based on Popu-
lation - 2.

Case-1 Case-11
Estimators MSE MSE

0 na [0.01082764, 0.01643405] [0.01082764, 0.01643405]
tﬁl%(w)) [0.008434704, 0.012325983] [0.007436709, 0.011372767]
t‘};(N@ [0.01536729, 0.02623753] [ 0.01961242, 0.03580566]
the(N@ [0.009362831, 0.013668091] [0.00845794, 0.01211462]
thqu,) [0.01282912, 0.02062387] [0.01454580, 0.02433106]
t}‘%‘iNé) [0.008213724, 0.012187818] [0.007405786, 0.012077748]
t};c(lm)) [0.01653282, 0.02888168] [0.02201664, 0.04139722]
tfé(Nq)) [0.009134271, 0.013285761] [0.008145817, 0.011680043]
t},dewq)) [0.01329382, 0.02163269] [0.01545124, 0.02633978]
j’j%de(m)) [0.008029139, 0.012186527] [0.007392062, 0.011219580]
]}de(m)) [0.008029139, 0.012186527] [ 0.007392062, 0.011219580)]
%@ﬁw(b) [0.008029139, 0.011164511] [0.0021953943, 0.0001796326]

TABLE 4. Mean Square Error of the Neutrosophic Estimators based on Simu-

lated Data.
Case-1 Case-11
Estimators MSE MSE
0 na) [5.636972, 9.212937] [5.636972, 9.212937]
t‘}% [14.86116, 16.35115] [27.39777, 26.10238]
(N®)
tcllg(Nq)) [15.27578, 16.81980)] [28.09102, 26.88596]
td [7.89119, 10.93891] [10.99052, 13.33735]
Re(na)
dPe [8.098501, 11.173233] [11.33714, 13.72914]
(Ne)
*Rd [18.96955, 19.54820)] [37.05571, 33.62776]
(N®)
*Pd [19.46710, 20.11058] [37.88761, 34.56805]
(N®)
*d [8.907923, 11.726456] [13.38767, 15.19911]
Re(na)
}de [9.156696, 12.007645] [5.635613, 9.210716]
(N®)
j*R‘ie(N@ [5.635832, 9.211075] [5.635613, 9.210716]
j}‘pde(Nq)) [5.635832, 9.211075] [5.635613, 9.210716]
%%M)) [5.635832, 9.194130] [5.633787, 9.160360]
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Appendix A

TABLE 5. Members of the Neutrosophic Proposed Class of Estimators %Zﬁw@.
S.No. a b Estimator
— — [e3 — —
1 1 0 aup(l) iove (A+)21 (g Hva) BIve) exp @1 e —Tve)
ft(Ne) (N®) (A+fine)B)Z1 gy TCT(Na) @1 yey T2Ne))
9 1 1 Q@) _ - (A+e)Z1 yg) +f(ve) BE(Na)  @yne)—Tve)
. Shtvey — JNP) A+ (nve) B)Z1 gy tCT(Na) exrp @1 ey TT(N0))F2
3 1 S awp(3) - (A+)T1 g+ (vey BE(va) ox (@1 o) ~T(Ne))
: T(N) ftivay = YD) | TAF N0y B)31 gy FCT (N ) P @i ya) o) 255 (g
4 1 /32(17 ) Og;g(ll) _ 1,7(]\]@) ((j'F;)il(\gI;) +f(N<I>)]-éi(N<I>) exp : (il(Nd))_)i(I;;))
. (N®) (N®) +f(Na) il(Nd>)+ T(ND) il(N(I))-Fi(Nq)) + 2@(}\7@))
5 1 C ~yp(5) _ = <A+6)21(Nq>)+f(N‘I>)Bi(N‘1’) ex (il(Ncp)*i(N@ﬁ
: T(N) ftavey = YN®) | TAFF(Na) B)1 ) TCT(Na) P @i ey Tova) F20e g
6 1 aup(6)  _ - (Ate)a1 g Hivo Bowve) |7 (@1 gy~ TN )
: Pyva)zve) Ftivay = YIND) | TAF T (va) B)T1 g +CB(a) P @i iya) T2y 0) 200 o)
7 g 1 qup(T)  _ = (A+0)Z1 g+ (na) BE(Na) - Sz (ng) (B1(vg) —Tve))
. T(ND) ftva) Y(No) (A+f(Nq,)B)571(Nq>)+C:Z'(N4>) “xp Sw(N¢)<El(N@>+£(N@)>+2
Ate)T +f BZ(; Se (Z1 -z )
Qvp®)  _ - ( vy Hive) BE(ve) vy @1y —E(ve)
s Sea) Pateia) Sitvey — YN | AT fva) B)ot (g 02wy | P Sa(yay Bl (va) T2 ®)) 7 2P2(e )
r - = T - - =
9 S C ~yp(9) = Gve) (A+0)Z1 g+ (va) BE(va) exp Sz () (B1(vg) ~T(Ve))
' e Fve) ftvey = YIN®) | (A f(Ne) B)T1 g TCT (N S ve Bl gy 1B (N T2Cs
(N®) (N®) (N®) (N TT(N®) (N®)
— — [e3 — —
10 s, Punars (\?P(lo) — G ;ﬁ*;””]um))+f<N<I>>1;I<N<I>> cep 5 (SI(NQ))(I](N‘I));I(N‘I’))
. T(N®) Y(ND)T(ND) t(No) + <N¢)B EI(N¢)+ T(NE) o (N o) il(Nfb) +Z(Na) +2PU(N<I>)'”(N<1>)
~wp(11) — (A+C)i1(N<b)+f(N<l>)Bi'(N4>) "’ (32(1(NQ))<'2.1(N¢»)7£(N‘I’))
11. Bo(w ) 1 I =Ywe) | tar B)z TCz TPy 7 z T T2
(N®) (N@) (A+f(ve) B)Z1 gy TCT(N ) Pa(a o)) @1 vy TE(N®))
A+C)T1, oy TS Bz Ba(a (Z1, vaor —T(N®))
aur(12) _ - ( (vay T va) BE(va) (@) @l (va) ~T(ND)
12. 52(1‘(1\@)) SJ?(NQ) \fft(Nq)) = Y(No) (A+f(N@)B)i1<N‘}) TCZ(na) exrp 52(1(]”)))(11(N®)+E(N@))+QST(N(I))
— — ¥ o 7
13 3 C qup(13) _ 7 (A+C)m1(N¢)+f(N¢)Bx(N¢) exp ﬁz(m(}wp))(“(}v'@) —Z(Na))
. 2(z(Na)) T(No) ftve) (N®) A+ T (ve) B)T1 g TOT(Na) Patayay) @l vy T3 ) T2C0a g
14 A p qup(ld) _ 7 (At+0)T1 g ey BI(va) cap B2z na)) @1 (va) ~T(N))
. Arave) HEHNE) Fivay — JNE) (Atfve) B)T1 (g) +OT (v a) ﬁz(””(zv@))@l(zw) TEN®)) 2Py gy (va)
yp(1 _ (A+e)@1 g T ve) BT (Na Cy (Z1, ngy —T(ND))
15. sz;@) 1 S%)( 5) = Gve) | 1o (A\l;;)? ( )C*( ) erp & (Ne) N :): (N®) .
! (Ne) (A+f(ne) B)T1 () +OT(Na) v (vay Tl nay TENe))+
16 C S qup(16) _ Fine <A+C)51(Nq>)7+f(N<I>>Bii(N<I>) cap Cx(ivq)) (il(Ai@) —Z(N®))
T(N®) T(N®) ftvey — J(ND) (A+f(Nq,)B)ml(N{,)+CI(N@) Cw(Nq))(zl(Nq}) +z(Nq>))+25£(N¢)
17 C B aup(17) =7 (A+C)i1(1vq>)+f(N‘I’)Bi(N‘I’) exp CZ(M}) (El(Nq))_‘i(Nd’))
. T(Ne) 2(z(Nva)) ftve) (N®) | TAFF ey B)Z1 gy TOB (N ) Co vy @1 vapy TEN )T 2P2(a ()
18 C P qup(18) 7 (AJ“C)il(N@)ff(N@)B%(N‘?) ezp (zm(Nq;) (5”}(1\@) —T(e)
. T(ND) Y(N®)T(N®) Ftvae) (N®) <A+f(]\7<p)B)11(]\,{))+C.T<;\]q>) - Cm(zv@) (zl(Nq>)+1‘(N‘1>))+2pi‘/(1vq>)w(1vq))
— — [84 — —
19. P, 2 1 L\?{P(lg) = §ino (A+C)z1(N<1>)7+f(N<I>)BI7(N<D) e py(N@)z(NQ)}zl(N<I>)jz(N‘I’)>
YN T(N) ftva) (N®) | TAFF ey B)Z1 gy TOB (W) Py e ey Bl ya) TEN®)) T2
20 p S up(20) _ 7 (A+)Z1 g+ (ve) BE(va) eap Pynay(va) T gy ~E(ND))
: Y(ND)T(ND) T(N®) ftove (N®) (A+f(nve)B)Z1 gy +CT(Na) | Pynayr(va) Bl e TEN®)F252 g
91 p 3 %yp(m) _j (A+c)i1(Nq)>+f(Nq>)Bi(Nq)) o Py(N‘I))z(N@)(jl(N(]))—i(Nq)))
. Y(NB)T(ND) 2(z(Na)) ftove (N®) (A+F(va)B)Z1 gy TOT(N0) Pyne) " (N ) T ) TEN D) T2P2(z ()
29 p c %yp(m) — Gine (A+6)21(N¢>7+f(1vq>)B.a’i(ﬁrl}) ox ﬂy(Nq,)w({N,)(ﬁ(z\i@)ﬂz(z\,@))
Y(N®)T(N®) T(N®) ft(va) (N®) (A+f(Nq>)B)m1(N{>)+Cm(Nq>) py(Nq))x(Nq))(ml(N{))+m<N@))+2C$(N®>
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TABLE 6. Members of the Neutrosophic Proposed Class of Estimators %%’(
for d = 1.
S.No. a b Estimator
Lo : e, = v (752 e { ey |
5 ! Seeva S, = Hove) [550] " o { (fl<N(f>l(+1éfz>vj><$;i<m> }
4. 1 ﬁQ(I(NQ)) %J}Z(E\/i) =Ywe) [Il((jvv: } ) exp { (9‘31(Nq,(:i(ij\;iip:ig;;()z(N(I,)>
5 1 C iy gﬁ((j\ri) = Yo [?fﬁff } ) exp { (il(NZlfa;Z)v;;(j;éi( o }
0- 1 Pusorrove Sfion = Tovw) [ Faar] " ean { (xluvcb)Y;Ezzi)féfl’i:v)@”w@}
L S O e [ e s )
8 Seover  Boevey ey = Iov0 [%]a crp { SI(N:(;(:?S ié}fil?fg;i)w) }
9. Sz(na) Caiyay %J]?tif; = Ywe) [%} ) crp { S‘”(N;I ((%TJL:E;J(:;?V;;Y;&)T(N® }
10. Sevay  Puinayacve) %ﬁi(zvlg = Yve) [ajfl((zjvf)) } e { Se(na) (ij((z: (J::;Eg::;z?v)@’(w@) }
U e it = o [Fom] eap { Sroeiis S|
- o ——

2 By S S =i [ 222 ey { e i)
B B G i =i (520 e (e e

T B (1 no) —T(NE))
14. 62(30(1\7@)) Pyne)z(na) (‘}?te((;@) = Yo {%}a {BQ(E(N(I)):(;:\];;;f;gzz)f;;iji@)zw@) }
B o =t [5] e { coritie |
16. Ca o Se v %ie((]vlg = Y(Na) [jﬂvi:] i erp { (oM (NZE fglfjv(:;i];;v:)ﬁgi(W) }
17. Cx(Nq)) ﬁz(x(N‘b)) %Jlfte((fjg Yve) [%} ) orp { Co(na) é:?;jigigﬁg;;iﬂ(NM) }
18 Caay  Puwresn St = Jovw [?&i)re {%N@ gliiiifiiﬁiiffﬂww
19 Pyayoiva 1 %J}?ti(zvlg =Y [21<(zjvv§)) } ) orp { p:;ivzf;j(ﬁ;fgﬁ?&:sl)ﬁ;)
0. Pywmave S “ﬁi(ﬁg vive) r;l(%?r ex {PwN:)y %2: ((“]fvlfw(::ﬁi)v;)(ﬁé)w<m> }
2L pywazvey  Prepvey) (‘\9?‘5(5@2 = Yva) {%rw py(Nq,::J((;v;)éiif i(xjfi;ﬁg;:()nm))}

Re(22) _ _ Tingy 1Y PY(N®)T(ND) (il(Né) —Z(Ne))
22. C S [7 ex 2 v
Pynoyz(ve) z ftney — Y(vo) /’y(N@)I(N@)(““1(N<1>>+$(N4’))+QC“(N<I>)
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TABLE 7. Members of the Neutrosophic Proposed Class of Estimators %%’(Nq))
for d = 2.
S.No. a b Estimator
(0% — —
Pe(1) - T(No) (Tt yoy —T(N))
1. 1 Ry = - RERSLLD I
0 ftivey — J(V@) T na) erp @1y T2 )
Pe(2) _ - T(Nw) (@1(ya) ~Pva))
ft(Nq)) y(N?) :1,‘1(]\_,(12 p (Il(Né) +Z(Nq>))+2
Pe(3) _ T(N®) (jl(qu)_j(N@)
3. 1 S, R = = ex = b
T(N®) ft(N(b) y(Nq)) zl(N<1>) P (xl(Nq,)+x(N<I>))+25w(N¢)
Pe(4) - I(Ne) (@1 ng) ~T(Na))
4. 1 R = — ex - -
ﬂQ(E(Nd))) ftovey — Y(N®) Tl N p (@1 ) TE(ND))T202(a g
(0% — —
Pe(5) - T(No) (Z1(yg) T (va))
Cx —
5. 1 Cx(N,1>) \S\ft(N@) - y(N@) il(N(I)) exrp (‘il(Nq:) +53(N<I>))+2CI<N¢,)
r T — —
Pe(6) = T(Ne) @1y TN e)
6. 1 & = = ex - .
Pyveyzve) vy — YD) | T 0 a P @i ivay T2ve)F2Pu g o var)
Pe(7) — T(N3) Sz(ne) Bl ey ~T(N))
7. S, 1 Ry = ==L ex - _
T(ND) Jtivey — J(N®) T na) p So(na) 1y TEN®)) T2
(3 — —
Pe(8) _ T(ND) Sz (N a) (“(N@)*I(N‘N)
Cx —
8. St(na) B vay) Feovay — YN T | P S gy @ (g T TPt ()
Pe(9) _ Z(Na) Se(va) @1 va) “T(ve)
Cx —
9. Sa(na) Cana ftovay — YD) |7y ot GRS (@1 ngy TEND) 200 g
I T — —
Pe(10) _ _ T(Na) Sevey (1 ve) ~T(N®))
10. S, R = = ex - _
T(ND) Pynoyz(ve) Tt(No) Y(No) 1 na) i Sm(N(I))(l'l(Nq))+x(N<I>))+2py(N<I))x<N<I,)
oPe(1l) T(N®) BQ(@(N@))(E(N@)*:?(N@))
1. Pty 1 frove) YN T | P Bao ey Crie o)) 2
(0% — —
Pe(12) - T(N®) BQ(I(N@))(xl(Ntb)_x(Nq’))
Cx —
12. Bo(a(na)) Sz na) Tiovay = Yve) |7 (-] €P B2 vy @ vy TEN®) ) T2 ()
I 1 = -
Pe( ) — i(N(P) 52(I(N<p))(m1(Nq>) 7I(N<I)))
o _
13. Bo(z(nay) Covay Srtvey T YN |7 P Baw(way) @1y T2 N D)) T2Ca g
a — p
Pe(14) _ _ T(Na) B2(anay) (T (v ~T(NE))
14. S = N2 e AL
BQ(I(N@)) Pyve)z(ve) ftovey — YND) TL(Ne) P BQ(I(A@))(x1+9”(N<1>>)+2py(N<1>)m(N<1>)
a — —
Pe(15) _ - T(N®) Cova) @1y ~T (V)
Cx —
15. C’“7(1\"?) 1 Tt ney — Yine) Tl N exp Ca oy (@1 (ngy TE(VD))+2
(% — —
Pe(16) _ _ T(ne) Co(va) @1y —7)
Ox
16. Cave) Sa(va) fravey — YWV | Fy ool P Colyay @t ey T2V #) T2 g
Pe(17) _ ERS Co(va) @1 (e ~T(Ne)
(93 —
17. CI(N‘P) ﬁz(x(NfD)) Sitvey YN T ng) erp Ca(va) @1 (ne) TEN®))T2B2(e ng))
Pe(18) _ T(N®) Co(va) @1 ve) —T (V)
18. C & = - er _ _
ey Pyverwe) Sfiey T YN F ap Cz (e @1 (ya) T2 F 2P0 vy o)
Pe(19) — T(ND) PY(N®)T(N®) (il(mp)*i(N@))
o _
19. Py(va)z(ne) 1 Stnvey Yve) Tl No) erp Py(N®)T(ND) (il(N<1>)+f(N‘I>>)+2
r T — —
Pe(20) _ - T(Ne) Py oy ve) Flve) ~T(Ne))
Cx —
20 Pyvayeve Sovay Srtove) T IV ] P buivayrve) @ ve) TE) T255 ()
Pe(21) _ - (o) PyvaeyT(ve) (Tl ve) ~T(N®))
21. R = - ex 4 o
PynoyT(ve) ﬂ2(I(N<I>)) Ttivey — J(N®) T1 ) . PY(N )T (N D) ($1<N(I,)+$(N<I>))+262(a:(Nq>))
Pe(22) _ T(Na) Pyve)r(ve) Plve) ~Twe)
o _
22. py(N<1>)$(Nq>) Cﬂ?(Ncp) ftvey — Y(N®) ;zl(N@) €x Py(N®)T(ND) (.731(N4,>+73(N<1>))+201<N@)
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TABLE 8. Members of the Neutrosophic Proposed Class of Estimators

for d = 3.

C\yP

S.No. a b Estimator
— — [e3 — —
DR(1) _ -EI(N(I,)_f(IVLI))"L'(]V(IJ) (1;1(1\((1,)_1(1\/4’))
1. 1 Ry = a — _ _
0 ftva) Y(ne) T1(yg) ~E(N®) erp (’”1(1\'(1))'*'1(%?))
DR(2) _ - T ng) (N T(NE) (Z1(yg) —Fva))
2. 1 1 Ry =y = = exrp | = —
ftvae) (N®) Tl ng) —L(ND) (%1, Ngy TE(ND)) T2
(ve) (N®)
— — [e3 — —
«DR(3) _ 1 ng) S (Ne)T(Na) @1 yey —F(ve))
3. 1 Szmq, Jtovey — YN®) T exp Tt ey BN 7255
DR(4) _ _ T1 gy —fve)T(Ne) (@1 gy ~F(va))
4. 1 Baa, Ry (1 = = exrp s = =
(Ne)) ftivey — JIN®) N ) (T1 yg) TE(NE)) T2B2(2 )
5 1 C oDPRG) _ o i'([\fo)jf(N@j(N@) “ ( <)5”'(Nor5”<1\*®)>(1\1)
. T(ND) ft(zwp Y(va) Z1 —ZT(N®) TP @ +ZT(ne))+2Cz
(N®) (N®) (N2)
\DR( ) _ = T1 gy~ (N0)T(NE) (@1 gy =F(va))
6. 1 , T Q YN = = ex — —
Pyna)z(va) Shtvay = YN | TE =T - P\ @i vay T2V T2 o)
DR(7 7 T1 gy —fNe) T(ND Sz nay (B ng) —F(ND))
T Se 1 e
DR(8 _ T1 g V) T(NE) Sz vy @1 ve) ~T(Ne))
8. S, Ri 7 2 = ex < 5
T(N®) ﬁQ(T(N@) ft N®) = Ywe) Tl gy ~T(ND) P Sz(N(I,)(ZI(Nd,)+-"13(1\"<I>))+262(a:(N(I,>)
\,DR(Q) _ T ygy TN T(ve) Sz(na) (il(N@’i(N‘P))
9. Sz Cy Q 3 = = ex = = .
T(ND) T(N®) ft(v\;@) Y(N®) T ng) —E(ND) p Sa.(Ncb)(11(1\‘,4))+1:(N¢))+ZC;,,(N¢)
DR(10) _ T ya) —fv ) T(Na) Sz (na) @1 ng) ~ENe)
10. Szn . . R =Yne) | —2L | ex — -
evey  Pyverrove) ey T YN | T E S E e P Seixay @iy FEN D) T2 gy o)
— - e = =
«DR(11) _ T1 g V) T(N D) - ﬁZ(r(m(p))(xl(Nq»)*“”Wd’))
1L 62(1(1\1@)) 1 ftva = Yo 1 (g ~E(NE) erp Baleinay) Clnay TEND) T2
— — [3 = —
yDR(12 _ T gy~ (N0)T(Ne) oz nay) (T vy ~E(ve))
12. 3. . S o Q =1 = — ex . _
Ba(anay) (v ) Stvey = IN) | TE ) Fw) P SQ@(NQ))W(N@ +z<,vq,)7)+2s;,,<w)
DR(13) - il(Nq»)_f(I\‘"I’)i(N‘I’) ﬁz(’i(N@))(zl(Né)i Ne))
13. © Cyin Ry = = = ex = =
BQ(L(N(I))) T(N®) Tt(ne) y(N@) T1(ng) ~E(N®) . p 52(1(;\74;))@1(Nf11)+I(N‘I’)7)+2C’”(NLI’)
DR(14) _ w@) —fiveyT(va) ﬁZ(r(NQﬂ(xl(N@"T(WB))
14. R ex) = -
62(1(1\1@)) Pyvareve) > ftons) = Ywe) ) p Bate vy @1 (e TEN )T 200 ey (v
JDROS) _ - T1 gy S (ve)T(Na) Cona) @1 va) —T(Ne))
=4 C —
15. Cw(zvq,) 1 Sttvey — JNP) Ti () ~E(ND) €TP 7, (N L vy TEND)) T2
~DR(16 _ fz'l(N@)_f(Ndz)i‘(N(Ix) szq,)( Lne) ™ z)
16. CT(V‘I’) S‘TW‘I’) \s/L(N'-I’ = Yve) T1(yg) ~T(N®) exrp Co(nay BLinay TEVE)F250 g
DR(17) _ - T yg) —f(N)T(Na) Co(na) (@1 (va) ~T(va))
17. C, R = = = ex 2 2
T(Nw) ﬁz(ac(N@) Sttivay — YN®) ) P Co(va) @1 na) TEN)T282(2 g
~DR(18) = 171(N<1:)’f(A‘Wl’)i”(!\"cl’) G’(N&p)(il(wq)) —Z(Ne))
18. ) P < =Y ———————— | exp — ~
T(Ne) Pyvae)zve) ftva) YiNe) T1Ng) TE(ND) G Co(na) (11<N(I,)+Jv(1\'q>))+2py(,\,¢)m(hvd,>
~DR(19) _ _ 1 ngy S ve) B () Pynaye vy (1 (va) ~EW D))
19 pyvayeve 1 ftivey — JN2) Tl END) erp Prx e () Pl gy TN F2
= - o — —
DR(20) _ T1iva) —fove Tve) Py ey (va) (Tl (va) “T(NE)
20. i Sy R} = =2 - | ex = X
Py(va)z(ne) T(No) ftvey — J(N®) R ) Py ey (v ey Bl vy TE(NE)T250 ()
~DR(21) _ _ T g TN T(Ne) Pyvayr vy (Bl ve) ~Ee)
21. o 3 < E0 — — ex — =
Pyne)T(ne) [2(z(N¢)) ftve) Y(N®) Tl va) ~E(ND) . Py v ey (ve) B (way T NQ))+232<I(N¢))
DR(22) T1 gy ~fve)T(NE) Pyneyz(ve) (Tl ne) ~Eve))
22. . R e
Pyvayaovay  Cagvay ftivey = YN®) T (e —BND) TP\ buiwar e @Liya) TN T2Cx (g
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TABLE 9. Members of the Neutrosophic Proposed Class of Estimators %%’(
for d = 4.
S.No. a b Estimator

. : 0 57 = ey { Gz 2on )

2. 1 1 %ﬁfﬁg = Y(na)eTp mm}

3. 1 Seoe) ST = Govayerp { (zl(N(:%?V:;E;l(w }

4. 1 ’62(1(N<1>)) %j’ifgg) Y(No)exrp (f1(N<:;Ei(i]\$)‘l’j;ig;;<)z(1vq»))

5.1 G G0 — govenn {

6. 1 Py noyT(No) %%5\(,(2) YNe)yexp (El(qu)T;EZ::;Z’TJL)@HN@ }

T Se : A0 = sy { 5o,

8. Sevay BZ(WN@) 0%552 Yvayeop { 5 <Njéiv<?: Jlf gfigfg;;)“ww }

9. S:E(Nq>) CI(N:D) S;ff[\(]z)) = Y(no)cTp { Sz (N a) 5611((1;7,?)('0:;((7\7?))szT(N@ }

10. S.’,E(Nq>> py(N<1>)x(Nq>) %;if’;;o)) = g(Nq’)exp { Sz<Nqiz((Tl\i?7E(ﬂnl\llfifv;bJ)r;/:4((ljvi>)1(N<1> }
Ba(x -

11. 62(;10( Nay) 1 “;fiig)) = Y(Np)exp { 52(1((;;;)()5(1:15;::) )+2

2 b S S =t i e
Ba(x -

13. 62(1)(1\74») C‘”(N<I>) %;?fzf)g;) = Yve)erp { ﬂz(m(NZ:) )(gﬂf();::)lrl?\’q’;(f;éz(N<1>) }
Ba(a (1 Noy— )

4. Bowve)  Puvareae O;fﬁiﬁ) = Yve)erp Bzu(w);((ﬂﬂi?:;jf;g;)f 2(22@) (N )

B G 1 S0 = fovayeay { o) ]

16. C«’L(N@) S«’U(an) %%ﬁffg) = Y(Ne)€xp { Cz(N:j((gsjv(;l—(kj\;;v;f)(ﬁ;;i(Nq>) }

T Cow e St | g

18. Co iy PycnayT(ne) “;fﬁf)) = Y(N@)ETD Co (v (?1((];2 Ya}:g;)_f%?v)@qm)

19 e 1 ) = vwyerp | e Son

20. py(Né)x(Né) SxUV‘P) @;ifz\im = g(N‘b)exp pqu))Iii:;?{?f?::f;;j::)?ism(Nq,) }

21. Py naoyT(No) ﬂQ(CE(N@)) Oj‘gtgi\(;i,l)) = Y(No)eTp py(N¢)T((;V;>Z;iz):fi(:ilfigigz()m(Nq,))

2 b Con Sty = omern{ e e e
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TABLE 10. Members of the Neutrosophic Proposed Class of Estimators & C‘zi( N
for a = 1.
S.No. a b Estimator
A+0)Z1, o+ (No)BT(Na (T1, y gy —T(ND))
qup(l) ( vy Hve) BTy (va) “TND)
1. 1 0 Sok(vey Yvo) (A+f(ve)B)Z1 gy TOT (o) exp (@1 (ya) HoNe)
2 1 1 aur(2) i (A+C)i1(1vq>)+f(£\’4>)BE(N‘P) ex (‘il(;vlp)fi(l\"@))
: Sokngy = YNV (At+fve) B)1 gy +COZ(Na) | ‘P (@1 gy TE V) +2
3 1 s, (\Ui)(_g) :g(NQ) ((A+c)§71(Nd;)+f(;\r(1,)3.i(N(p) cap ( (il(l\vé)fi)(N@))
: T(Ne) vk(na) AT va) B gy V0T () vy TRV T (g
(A+c)zy +f(na) BT (Na) (z1 ~Z(No))
4. 1 Ba(a g _ g (Ve i exp (V@)
(Na)) vkvey  JIN®) | TA+ Ny B)T1, y gy TOT(N0) (z1 +3(na))+282( )
I (N®) I (N®D) (e(N®)
5 1 C ) _ 7o (A+0)Z1 gy Hiva) BE(a) cap (@1 gy ~F(ve)
: T(N®) vk(n o) (N®) | AT (wa) B)T1 gy TOT(N ) @1 (e TEN®) 205 g
6. 1 o - qup(6)  _ Tove (AJrC)il(N(p)f.f(N@)Bi;(wp) eapd — (f}(w,p)*i'm@))
Y(NS)T(ND) vk(ve) — J(ND) (AT (ve) B)Z1 ) TOT (v a) (@1 (ya) T2V ) 2Py gy 2 (var)
7. S 1 qup(T) Jive (AJr”:)il(/vq»)ff(Nd’)B%(N@) exp S'”(N@)i(“i”(/vq»)ii(:'\fé))
T(Ne) vk(Na) (N®) | A+ Fna) BTt gy TCE(N ) Se(nay @1 yg) TEND))F2
8 g 3 ~up(8) Ve (/1+C)11(N(I,)+f(Nq>)Bi(N4,) ox Sz(va) @1 na) ~Z(N))
. Z(N®) 2(z (o)) vkne)y Y(e) (A+f(ne)B)1 y gy +COT(Na) P Sz(Nq,)(il(Nq,)+5‘(Nq»>)+232(zmq,))
yp(9) (A+0)Z1 gy + o) BT (v a) S"(N@) ('i‘l(Nq) —Z(na))
9. S (v Ca(ya) (ka(w,) = Y(No) | (aTT, N@( /3)?75l TCona | PP S @1 yay +3 ) 120,
1 (N®) (N®) (N®) “(N®) T (Ne) TE(ND) T(N®)
yp(10) (A+e)@1 gy Hf(Nve) BE(va) Sz(va) @1 ngy ~T(Ne))
10. S-T(Ncb) Pynayz(ne) Cxuk (Ney = Yo (A+f(vo) B)a1 TCo e | TP T (@ FZ(na))+2
J J (N®) (N®) z(No) Tl (Na) N®) ﬂy(\,Q)r(Nq,)
11 B ) 1 (\?/i(ll) = Jova) ((:Jr;)il%?*ﬂN@?(W) cap Q/BZ(HN@)()(’“(N{» M’;)
. T(N®) VE(N®) +f(va)B)Z1 gy TCT(Na) Baz o)) Tl o) TT(N®))+2
! (V) (N )
12 B S ayp(12) _ - (A1 gy H(ve) BE(Na) o Pt nay) Tl vy ~T(V®))
: 2(2(na)) T(Ne) vk(vey — J(N®) (AFT (v a) B)T1 gy FCT(va) | P B2 ) @1 vy TEN ) T2y
13 B C ayp(13) (A+e)@1 y gy Hve) BE(va) - Ba(a Nq)))(ll ~Nay “E(N®))
: 2(x(Na)) T(Na) vk(nay  J(N®) (A+F(va) BIT1 gy CT (N ) p Bt (v @1 vy HE N0 T2 )
yp(14) (A+0)Z1 g Hf(va) BE(Na) Baa(nay) Flvay —F(N®))
14. o ; awp( — ) -
BQ("“(N(I))) Pyvayrve)  Svk Ywe) A+ (ve)B)T1 ) TCE (e exrp Pa(a ) @1 vy T2 ) 200 vy # ()
15 @ 1 gw(m) = Jva) (A+A)T1 gy Hiva) BE ) cxp Co(na) @1 g —T(ve)
. T(ND) vkvey  YN®) | (A fNa)B)T1 p gy TCT(NG) | Cy (Z1, ygpy FE(ND)) T2
! (N®) ) (N®) Pl (Np) TH(N®)
16 c S ~up(16) =5 (A+0)Z1 gy +ve) BT (v a) cap Ca(nay (T1(ygy ~T(va))
. T(N®) T(ND) vk(N®) (N®) (A+f(N<1>)B)i'1(NCb)+CE(N<1>) - C’”(N<1>) (i'l(N@)+E(N(p>)+25z(N{))
17 c, Bog ) (xy‘;’(17) = G ;:*fc)i'lu?))+f<N@>‘éi<N@) exp{ C(’”(Nw)(jl(m) *)’iw:))
. (N®) T(N®) vk(Ne) ~ T (Ne)B)Z1 gy TCT(Na) | o (va) TLye) TEN®) ) F202(z v g))
1 (N®)
18 c ~wp(18) - (A+0)Z1 g+ (va) BE (N a) Coyay @1 ypy —F(ve))
: Tvey  Pyve)mve) vkivay — N | T F vy Bt gy FC7 v | “P | Ty Bty T2V 2P0y o (v
9. ) 1 qup(19) _ 7 (AJFC)El(NLp)ff(N@)Bii(z\/@) exp py(N¢)I(;V¢)}Il(N‘I>)jz(‘V‘P))
YND)T(ND) vk(N®) (ve) (A+f(ne) B)Z1 gy +COZ(Na) Pyuvayr(ve) Bl ye) TEN®)) T2
20 g Syp(20) _ - (A+0)Z1 g+ vy BT (v a) o PYNT)T(ND) (771(\;«,)*5”)
© Pyveyrve) T(Na) vkivey I | TAFFvay BTt gy 70 (va) | “P Puivayeva) B vy TN ) 7255 gy
21) _ (A+e)@1 gy (o) BE(va) Pyvaye(ve) Bl ve) ~Te)
21. ) : qup(21) _ Ne) = = =
Pyvayzve) Bae) Svkvey ~ YN®) (A+Twa) BT (g +CT (N w) erp Pyva) > (ve) Tl vy TEN®) 2P v g))
22.  p C Qup() Y(N® (AJrr:)il(Nd))ff(jw)B?(‘W’) exp py(‘vcp)l(f\‘"b)(il(‘“{d’) —fve))
Y(ND)T(ND) T(N®) vk (N o) (N®) (A+F(va) B)T1 gy TOT(na) Pynayt(na) Bl e TENE) T2 g
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TABLE 11. Members of the Neutrosophic Proposed Class of Estimators %Zi(w))
fora=1and d=1.
S.No. a b Estimator
L | 0 S vy (222 e | Tzl
2 1 A, = wove [ 72 eon { e, |
3. 1 St S = fvey [ 3222 eap { e }
e Py e
- 1 CI(N@ %f’i(zil) = Yo [z(zjvv;)} crp { <51<N§1£§J)v;;(f§éi<w }
6. 1 Pyvayz(nve) %f]:((lsl) = Yve) [l;((N‘P))} exp (jl(N<1>)f;EINV:;fz(ZjJ)\J)@)E(N@) }
v Seqvay ! %5;(;;) = Ywe) [ Zve } {S S?zi:;p @(iﬁf + ;Z:;)“)L 2}
8. Squ,) BZ(x(N@) %f]:((]il) = Yo [il(g:))} exp{sw(N(b) (aii:,:)jil(jng));gl)?z(mw@))}
0 Sepe o 9 —wve [302 e { T en i1

Re(10) _ _ T na) Se(na) (@1 (ve) T e)
10. gfett0) E v 2
0 Sxa Pyvorzvey  Svkvey = YIN®) | Fya) | P Sr(yg) (T ng) TENS)T200 gy 7 (v )

11. 52(1(1%)) 1 (\\YUR;(S;)) = ?(N<I>) [%} exr { Bii(;:;)();itg?;?;,Z;)iQ}
12, Bt yay) Sone) P = giya [?g ;)} exp { ﬂw(ijjj&‘fjj:jiﬁf;;f;f;éiM) }
- By = —

B By G Sl = tove [78 ] enp{ e oy

- 3 2 —
W Prava)  Puvaysove) C“\f/;%)) = Yve) E&i)] “p {%M)ffiiivi;ifiiﬁi§>f2(§yf§@z<w}
B kit = oo [ ] v | oo et |
6. Coy Swwy OB =iy [308] e { o Spmtem iy
17. Co(na) Pa(a(na) Sﬁ:&z =Y(No) [2((11::)))] exp { To, N:(;iv(?: lgi;ﬁgzi( ) }
18- Cqu,) Pynayzve) gf]:((fii)) = Yve) [z(;fv;)} «rp C”"(N@)(C;EZZ))féigzi;fégff:¢)m(N¢)
19 Puvayecvay ! 055&2 = Ywe) [?((fvv;)} o {P;yN(ZT)<N<Z;I)<);:XT)+;Z$Z;&2
20. Py Ny (No) SZ(NcL) 351:((1\2,2 = Q(N@’) [?((]C{;))} € Py(N::/:\17\:;E((glfz)v(:;'("];f])\f;;(ﬁ;;i(N<1>) }
21 Pyvayz(ne) BQ(x(Nq’>) Sf]:((jl)) = Ve [21((1\%))} c {p!/(N<1>)ijj((zif\,:é(ziﬁjﬁé\(]ig;ggz()xm‘b)) }
22. PynayT(Ne) CI(N@) %11}?]:((]\272 = Y(Neo) [21((1]\;7:))} exp{py(N;y:g::(%TLZY\;})V;;T;C)Q(Nd}) }
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TABLE 12. Members of the Neutrosophic Proposed Class of Estimators

for a =1 and d = 2.

xYp
\S’Uk(Nq))

S.No. a b Estimator
L : 0, = v |70 ] enp { e}
2 I | SE, = ey 2 e {2
> ! Saava Of&fi) = Yve) :1(<11Vv?> o { (5”1<N<:>1(+];TJ)V‘_:;$;1(N@ }
4. 1 /82(96(1‘“1’)) 05]:((13;) = Y(ne) ;1((NT{:I’)) “p (il(qu)Iigf’;;;igZ()w(Né))
- 1 Cx(“’) Of’:((fi; = Yve) ;1((?:) o { (i%zvzlgflzf;;(fjéi(m)
6. 1 Pywa)zne) %vplf((sl) = Yine) ;l((lj\:) P (il(Ncb)f;z:;f;’z?v)@)’w@)
A N o B
8. Sz(Nq:) 62($(Nd=)) gvpki(sl) =Y(No) s’i(:]v\:) exrp Sz(Nq))(;ji\jv;)izti\]f\:?);j;%zwm)}
b Suw G SN =i |20 ey e
10. Sx(N«p) Py(Ne)T(Ne) (\5];(]\1,2)) = Y(ND) :1((];]\:) exp SI(N@)(f;g?)fgiz:;)_:;;\;fjv)@zuwp)}
: G
1 Bateryey) 1 Sikirny = Tva) |52 Ef’fp{ﬁsz(N(Z;?);f;izfi;g;iz}
. Pate vy @y 3
12. 62(96(1\1@)) Sﬂf(N@) 05];(1\1;)) = Ywe) ;fx;: E-TP{Bz(m\:))((I;TET();VZ)I-(«-A;J)V;)(j—v;S)l(M,) }
; - Boa z —z
) Crova) C\fkegz ~ v ;((]zvv?) “r B2(m(Nz;(gf()IiI:;j—];‘(b;’q’;(iv;él(Ntb)}
14. Paainey)  Puvarzcva %51:&2 = Yve) ;(:v?) exp ﬂm(m)ﬁfgifi;igiig:ﬁf&,)z(w
B o ity =t |20 e { et
16. Crva) Sz ova) %f,; (;?) = J(ve) ;f:v q:) €T\ 7, (N:: ((glfjv(:ﬁr]\;;j)(ﬁ;;i(W) }
1 Cx(Nq’) ﬁz(x(m))) (\5];(’\1’1)) = Yva) gi((IVT?) oo { Cz(NcIu)C&(iv(i)c:jigzgig;:mmﬂ> }
18. Ox(N'l)) Py(na) T (va) Of]:((plzi)) =Yve) 51((11\::) erp Cm<N¢)(ijEZZ; Ef;x:i)_fég/i;)m(m)
9 e 1 O = g |00 | ey { e B T
N g Se SN — ey [ 50 | { [ LoerpmBon i)
YR o) T o T
2 ey Covw St = vy | 222 ey [ PPt

Vinay Kumar Yadav, Shakti Prasad, Neutrosophic Estimators in Two-Phase Survey

Sampling



Neutrosophic Sets and Systems, Vol. 61, 2023

57SD

TABLE 13. Members of the Neutrosophic Proposed Class of Estimators &

for a =1 and d = 3.

oYP
’Uk( q))

S.No. a b Estimator
L R e e (e
R S s ]
SR - e e . e oy
4 1 [52(1(,”))) Oﬁ“ﬁiﬁ) = Yive) zl(;fll(l;f(:\:zfi)w)) erp (fl(N::igi;;:)zi;;;()”(N@))}
5. 1 Cornay S = Gva) Tu;v;ﬂ&;r;)%) clp{(zﬁ';fiijféfjin
6. 1 Pyvarne) C\{r)k?i?) = Yo Il(rvut;;)[(f;);g@ erp (il(N(I,)(j;j::;:;::j\,)mz(,\,@)
A e
8. SI(N@) B2(1‘<N<1>)) gﬁcﬁ\i) Yva) 21(;\.11,;:(};:)\2?@) exp{Sz(m,)(:::r:;)gl(;i)(mgz(z(N(,,))}
9. Seiva Caiya “iﬁiﬂ,) = J(Na) Tl(;\lf)\;)f(_w;:xw) exp 5,(1\:H(T?.Ti,:ﬁi?i;;(i;é;W)
0 S v O = v [ e [ S Tl
TR o L= o)t e
~f(no)T(Na Ba(x Tl ng) —L(N®
12 BQ(E(‘W’)) SI(N(I)) 03515{’ ~ Yve) “(:f()m@ff:(’\“(‘)vl) exp{‘ﬁ 2(1(N:)r;é‘f();\r(:)lr;;\"P?)(i;‘;i(Nq:)}
I e T L e
z . 2, N
U e Prsmrov Stk = Tove) | G e { SR S
5. Gy ggﬁgg — s |zt oy fFag Boa_tngy, |
16 G Suw St =i | M5 e (o T B e
17. Corvny  Potaia) Wﬁ?y«: = Ywve) m(g%:gﬁ?m ”'p{C*(w<g:j:;)i;w;;;:éw(.w@>}
18, Coney  Pueron St = Tvey | GBI | o § e G o)
N e oA It CIEC] P T
0 e Sare S = | S oy [ g ] Y
21. Pyne)T(ne) ﬂ2(z(N<p)) 3&?,52)):1J(N¢> 11(211()\;{(7\7:;;”;)\7@ exp{py<NQ)i,y((::(E%:zip(:ig:;)ﬁg;:ir(NQ))
29. Pyvareine, CI(N@) oﬁﬁ\;):y(z\y) i'(gf)jf(j\:)?(N@) o . f’y;ij)z((;lcp)(ili«%@r’i(ﬁ;& }
(N®) ~F(N®) YND)E(ND) T (Ng) TT(ND) (N®)
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TABLE 14. Members of the Neutrosophic Proposed Class of Estimators & Sk v

for a =1 and d = 4.

S.No. a b Estimator
aerp(l) _ - @1y a) ~T(va)
1. 1 0 Sokvey . JNO)ELP { @1 nay TRV )

~erp(2) _ - (@1 ng) —T(N®))
2. 1 1 \ka(Nfb) - y(NCD)emp (il(Nq))Jri(Nq)))JrZ

3. 1 S S = govayeap { e }

4. 1 Bo(znay) SZZ’&?) = Y(No)eTrp (51(N(::igigﬁgz()z(w))

5. 1 G 37 = svayenn { e

6. 1 Pyiva)e(na) %22252) = Yve)erp (il(Né)fgixi;:;[])i’f;\3¢)z(N®) }
T Se L e, = Hve)erp { ss( ;Zj’éiﬁif;fi;f;liﬁg}

S Se B O —sowen | seeten a1
9. Sz ina Crixa) %ﬁ”,ﬁf}vi = Y(vo)exp S"”(m)(i ((z}vvj)f;((f;?))fgcl(w }
10. Sevey  Punarsne) S Llf)) = y(Nq>)exp{ (N:};ﬁiifﬁgfl;,iﬁ) v

ezp(1l) Ba(a gy (@1 (va) ~E(Ne))
11. Bo(z(way) 1 Svokvey — JN®)ETP | 3, Gy 1, N‘Dﬁzwq)))w

B2(z(n oy ) (@1(yp) —E(Ne)) }

~exp(12)

12. 52(37(N<D)) SZ<N<1>) \yvk(N(b) - y(N(b)ffJUp Bz(@(N@))(ll(N(b)+1(N(I’))+251‘(N<I>)
~erp(13) ﬁQ(l(N(p (ml(Nq:)im(N@

13. 52(95)(1\,@) Cz(N(I,) \ka(m)) = Y(No)eTP B2 (v ) ) @1 ey TV E) T2z g

~exp(14) ﬁZ(z(z\w )(xl(mp)_x(N‘i’))
14. Poainey)  Povereve)  Sukyg = UNS)ETD Bote vy @l (v TEN®) T 2P0 vy 2w

B Oy S = Toveer | S

6. G Sww S —ieenn { oo pmtpm i)

17. Cx(/\w) 52(1(1%)) SZii(vl;) = Yveyerp { 01(N@)C(;ii);jigi;;ﬁgzgxw‘b))

18. Ca ey Pyvayz (e (\iﬁsfﬁ) = Yve)eTp Co(va) gggz%EZZ;SZTLVW«»

19 Pyvayeva 1 C\zzi(vf)) = Yveyerp p:(iil;f?’::”;:;P&(il]if;’;bjr;;z;);

20. Pyve)T(ve) Sx(w) %Zii(v?)) = Yveyerp f’y(Ncp):(t::jg;l((g:g‘t;x‘g?;&<N<I>> }

2 e Brane) St = dvapenp | LoszonTion S Y

22. Pyva)yz(Ne) Cf”(N<I>) %iiifj)) = gj<N¢)exp { Py(N;y::jvq;j((“glfjv:c)lj:\;;\’;;(f;él(N<I>) }
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