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,is paper is concerned with the estimation of theWeibull generalized exponential distribution (WGED) parameters based on the
adaptive Type-II progressive (ATIIP) censored sample. Maximum likelihood estimation (MLE), maximum product spacing
(MPS), and Bayesian estimation based on Markov chain Monte Carlo (MCMC) methods have been determined to find the best
estimation method.,eMonte Carlo simulation is used to compare the three methods of estimation based on the ATIIP-censored
sample, and also, we made a bootstrap confidence interval estimation. We will analyze data related to the distribution about single
carbon fiber and electrical data as real data cases to show how the schemes work in practice.

1. Introduction

,e importance of any distribution comes from its flexi-
bility, and one of the most important families is theWeibull
family as it has many applications in industry, medicine,
and many science fields. ,e first one that proposed the
Weibull generalized family of distributions using the
Weibull generator was done in [1]. ,e authors in [2] used
the Weibull generalized family to generate the new dis-
tribution by assuming exponential distribution as a base-
line distribution, which is denoted Weibull generalized
exponential distribution (WGED). According to [2], the
WGED is better than different distributions as generalized
exponential distribution (see [3]), beta exponential dis-
tribution (see [4]), and the beta generalized exponential
distribution (see [5]) in fitting many kinds of data.
Almetwally et al. [6] discussed the estimation of the WGED
parameters with progressive Type-II censoring (PTIIC)

schemes by using the maximum likelihood and Bayesian
estimation methods. ,e authors in [7] addressed the es-
timation of WGED parameters based on generalized order
statistics, and they derived the submodels of generalized
order statistics such as order statistics and record values.
,e authors in [8] introduced a heavy tailed exponential
distribution by using the alpha power method for gener-
alized continuous distribution. Teamah et al. [9] presented
Fréchet-Weibull mixture exponential distribution along
with a variety of statistical properties.

,e most commonly used censoring schemes are Type-I
censored (or time censored) and Type-II censored (or
failure-censored).,ese two censoring schemes do not allow
for units to be removed from the experiments while they are
still alive. Progressive censoring is a more general censoring
scheme that allows the units to be removed from the test (see
[10]). Progressive censoring is useful in a life-testing ex-
periment because it has the ability to remove life units from
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the experiment, so it saves time and money. Applications
under progressive Type-II censoring (PTIIC) using different
lifetime distributions have been discussed by many authors,
for example, see [11–14]þ and [15].

Ng et al. [16] suggested an adaptive Type-II progressive
censoring scheme (ATIIPCS) in which the effective number
of failures m< n is fixed in advance and the progressive
censoring scheme R1, . . . , Rm is provided. Suppose that the
experimenter fixes a time T, which represents the time of the
experiment, but the test itself may be allowed to run
overtime T. Let us denote that m is completely observed
failure times by Xi: m: n, i � 1, . . . , m. If the mth progressive
censored failure time occurs before time T, the experiment
will be terminated at the time Xm: m: n. Otherwise, once the
experiment time passes time T, but the number of observed
failures has not reached m, we will terminate the experiment.
Many authors had discussed applications under ATIIPCS
using different lifetime distributions, for example, see
[17–21] and [22].

Ng et al. [16] introduced PTIIC by using MLE.
Almetwally et al. [20] introduced PTIIC by using MPS. Basu
et al. [23] developed MPS estimator for a progressive hybrid
Type-I censoring scheme with binomial removals. El-
Sherpieny et al. [15] introduced progressive Type-II hybrid
censoring based on the MPS method with application for
power Lomax distribution. Almetwally et al. [21] discussed
the Weibull parameter estimation under PTIIC by using
MPS and MLE methods. Maximum product spacing for the
stress-strength model based on progressive Type-II hybrid-
censored samples with different cases has been obtained by
[24]. Parameters of the extended odd Weibull exponential
distribution are estimated under the progressive Type-II
censoring scheme with random removal using the maxi-
mum product spacing and maximum likelihood estimation
methods by [25]. ,e MCMC algorithm for the Bayesian
estimation, it was introduced by [26]. For more information,
see [20, 27–29] and [30].

Because of the importance of the Weibull distribution
and ATIIPCS in reliability studies, we had considered the
ATIIPCS applied to items whose lifetimes under design
conditions are assumed to follow WGED under the
ATIIPCS with the random removal. ,e removals from the
test are considered by using the binomial distribution. MLE,
MPS, and approximate confidence intervals (CI) of the
estimates are presented. Bayesian estimates, percentile
bootstrap CI, and bootstrap-t CI are obtained. Monte Carlo
simulation study, as well as application to real data, is
performed to illustrate the theoretical results.

,e paper is organized as follows: Section 2 is devoted to
model description and notations of the WGED parameters
using the classical estimation method under APTIIC. In
Section 3, we introduced the classical estimation method
under APTIIC. In Section 4, we introduced the Bayesian
estimation method under APTIIC. A simulation study is
performed to illustrate the statistical properties of the pa-
rameters in Section 5. Two real data applications are ana-
lyzed in Section 6. Eventually, the concluded remarks are
given in Section 7.

2. Model Description and Notations

Assume a random variable X> 0 hasWGED with a vector of
parameter Θ � (α, c, θ), and say that its cumulative dis-
tribution function (CDF) is given by

F(x; Θ) � 1 − e
− α ecx− 1( )θ

. (1)

,e corresponding PDF is

f(x; Θ) � αcθe
cx

e
cx

− 1( 
θ− 1

e
− α ecx− 1( )θ

. (2)

,e quantile function of the WGE distribution is

x �
1
c
ln 1 +

− 1
α
ln(1 − u) 

(1/θ)

 , 0< u< 1. (3)

In the APTIIC, the scheme can be described as follows.
Assume that we set n independent observations placed

on a life testing and the progressive censoring scheme
Ri, i � 1, 2, . . . , m. At the time of the first failure,
x1, R1∼binomal(n − m, p) units are randomly removed
from the remaining (n − 1) surviving items. At the time of
the second failure, x2, R2∼binomal(n − m − R1, p) units of
the remaining n − 2 − R1 , units are randomly removed, and
so on, the test continues until the mth failure at which time,
and all the remaining n − m − R1 − R2 − · · · − Rm− 1 units are
removed.

In APTIIC, the number of failures m, with removal
probability p, and time T are fixed given by the experi-
menter. Suppose that an individual unit was being removed
from the test is independent of the others but with the same
removal probability p. ,en, the number of units removed at
each failure time follows a binomial distribution which is, for
i � 2, 3, . . . , m − 1 Ri ∼ binomal (n − m − 

i− 1
j�1Rj, p) and

Rm � n − m − 
m− 1
j�1 Rj. If the mth progressively censored

failure time occurs before T, the experiment will be ter-
minated at the time Xm: m: n. Otherwise, once the experi-
mental time exceeds time T, but the number of observed
failures has not reached m, we would terminate the ex-
periment as soon as possible. ,e data form is as follows:
X1: m: n <X2: m: n < . . . <XD: m: n <T< . . . <Xm: m: n.

,e number of units removed at each failure time as-
sumed to follow a binomial distribution with the following
probability mass function:

Pr R1 � r1(  �
n − m

r1
 p

r1(1 − p)
n− m− r1 . (4)

While for, i� 2, 3, ..., m-1,

Pr Ri � ri|Ri− 1 � ri− 1, . . . , R1 � r1( 

�
n − m − 

i− 1

j�1
rj

ri

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎠p

ri (1 − p)
n− m− 

i

j�1 rj ,
(5)

where 0≤ ri ≤ n − m − 
i− 1
j�1rj. Furthermore, suppose that Ri

is independent of Xi: m: n for all i. ,en, the joint likelihood
function can be found.
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,at is,

L xi: m: n, Θ(  � L1 xi: m: n, Θ( Pr(R � r), (6)

where Pr(R � r) � Pr(R1 � r1, R2 � r2, . . . , Rm− 1 � rm− 1),
i.e.,

Pr(R � r) �
(n − m)!

n − m − 
m− 1
j�1 rj !

m− 1
j�1 rj

p
m− 1
j�1 rj (1 − p)

(m− 1)(n− m)− 
m− 1
j�1 (m− j)rj . (7)

,eMLE of p can be derived by maximizing equation (6)
directly. Hence, the MLE of p is obtained by solving the
following equation:

z ln L

zp
�


m− 1
i�1 ri

p
−

(m − 1)(n − m) − 
m− 1
i�1 (m − i)ri

1 − p
. (8)

Hence,

p �


m− 1
i�1 ri

(m − 1)(n − m) − 
m− 1
i�1 (m − i − 1)ri

. (9)

Since, L1(xi: m: n, Θ) does not involve the binomial
parameter p, then the likelihood function under ATIIPCS
can be written as

L1 xi: m: n, Θ(  � A 
m

i�1
f xi: m: n, Θ( ⎛⎝ ⎞⎠ 

D

i�1
1 − F xi: m: n, Θ( ( 

Ri⎛⎝ ⎞⎠. 1 − F xm: m: n, Θ( ( 
n− m− 

D

i�1 Ri . (10)

,e joint MPS under ATIIPCS can be written in the
same manner as

S(xi: m: n, Θ) � S1(xi: m: n, Θ)Pr (R � r), where

S1 xi: m: n, Θ(  � A 
m+1

i�1
Di: m: n, Θ(  

D

i�1
1 − F xi: m: n, Θ( ( 

Ri⎛⎝ ⎞⎠. 1 − F xm: m: n, Θ( ( 
n− m− 

D

i�1 Ri , (11)

where A is a constant that does not depend on parameters
and

Di: m: n �

F x1: m: n( 

F xi: m: n(  − F x(i− 1): m: n 

1 − F xm: m: n( 

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

, i � 2, . . . m.

(12)

3. The Classical Estimation
Method under ATIIPCS

,is section deals with MLE and MPS methods of the pa-
rameters WGED based on the ATIIPCS data with binomial
removal.

3.1. MLE Method. Using equation (10), the likelihood
function for WGED based on ATIIPCS can be written as

L1 xi: m: n, Θ(  � A(αcθ)
m

e
c 

m

i�1 xi: m: n e
− α

m

i�1 ecxi: m: n − 1( )θ
e

− α
D

i�1 Ri ecxi: m: n − 1( )θ

× e
− α n− m− 

D

i�1 Ri(  ecxm: m: n − 1( )θ


m

i�1
e

cxi: m: n − 1( 
θ− 1

,
(13)

where A � n(n − R1 − 1) · · · (n − 
m− 1
i�1 Ri − (m − 1)) is a

constant which does not depend on the parameters.
,e natural logarithm of the likelihood function equa-

tion can be obtained as follows:
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ln L1 xi: m: n, Θ(  � ln A + m ln(αcθ) + c 
m

i�1
xi: m: n +(θ − 1) 

m

i�1
ln e

cxi: m: n − 1(  − α
m

i�1
e

cxi: m: n − 1( 
θ

− α
D

i�1
Ri e

cxi: m: n − 1( 
θ

− α n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠ e
cxm: m: n − 1( 

θ
.

(14)

For convenience, let l(Θ) � ln L1(xi: m: n, Θ); hence, the
partial derivatives of equation (14) are given as follows:

zl(Θ)

zα
�

m

α
− 

m

i�1
e

cxi: m: n − 1( 
θ

− 
D

i�1
Ri e

cxi: m: n − 1( 
θ

− n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠ e
cxm: m: n − 1( 

θ
, (15)

zl(Θ)

zc
�

m

c
+ 

m

i�1
xi: m: n − αθ n − m − 

D

i�1
Ri

⎛⎝ ⎞⎠xm: m: ne
cxm: m: n e

cxm: m: n − 1( 
θ− 1

− θα
m

i�1
xi: m: ne

cxi: m: n e
cxi: m: n − 1( 

θ− 1
+(θ − 1) 

m

i�1

xi: m: ne
cxi: m: n

e
cxi: m: n − 1( 

− θα
D

i�1
Ri xi: m: ne

cxi: m: n e
cxi: m: n

− 1( 
θ− 1

,

(16)

and

zl(Θ)

zθ
�

m

θ
+ 

m

i�1
ln e

cxi: m: n − 1(  − α n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠ e
cxm: m: n − 1( 

θ ln e
cxm: m: n − 1( 

− α
m

i�1
e

cxi: m: n − 1( 
θ ln e

cxi: m: n − 1(  − α
D

i�1
Ri e

cxi: m: n − 1( 
θ ln e

cxi: m: n − 1( .

(17)

,e MLE of Θ for the WGED parameters is the solution
of equations (15), (16), and (17) by using the
Newton–Raphson method. Furthermore, the asymptotic
CI (ACI) can be approximated numerically by
inverting Fisher’s informationmatrix.,us, the 95%ACI for

α, c, and θ is easily obtained, respectively, as α ±

Z0.025
������
Var(α)


, c ± Z0.025

������
Var(c)


and θ ± Z0.025

������

Var(θ)



.

3.2. MPS Method. With the use of equation (11), the product
spacing function forWGEDbased onATIIPCS can bewritten as

S1 xi: m: n, Θ(  � A 1 − e
− α ecx1: m: n − 1( )θ

 e
− α 1+ n− m− 

D

i�1 Ri( (  ecxm: m: n − 1( )θ

× e
− α

D

i�1 Ri ecxi: m: n − 1( )θ


m

i�2
e

− α e
cx(i− 1): m: n − 1( )

θ

− e
− α ecxi: m: n − 1( )θ

 ,

(18)

where A is a constant which does not depend on the pa-
rameters. ,e natural logarithm of the product spacing
function is
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ln S1 xi: m: n, Θ(  � ln A + ln 1 − e
− α ecx1: m: n − 1( )θ

  − α
D

i�1
Ri e

cxi: m: n − 1( 
θ

+ 
m

i�2
ln e

− α e
cx(i− 1): m: n − 1( )

θ

− e
− α ecxi: m: n − 1( )θ

  − α 1 + n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠⎛⎝ ⎞⎠ e
cxm: m: n − 1( 

θ
.

(19)

Let s(Θ) � ln S1(xi: m: n, Θ), then the partial derivatives
by the MPS method of equation (19) are given as follows:

zs(Θ)

zα
�

e
cx1: m: n − 1( 

θ
e

− α ecx1: m: n − 1( )θ

1 − e
− α ecx1: m: n − 1( )θ

− 
D

i�1
Ri e

cxi: m: n − 1( 
θ

+ 
m

i�2

e
cxi: m: n − 1( 

θ
e

− α ecxi: m: n − 1( )θ
− e

cx(i− 1): m: n − 1( 
θ

e
cx(i− 1): m: n − 1( 

θ

e
cx(i− 1): m: n − 1( 

θ
− e

− α ecxi: m: n − 1( )θ
− 1 + n − m − 

D

i�1
Ri

⎛⎝ ⎞⎠⎛⎝ ⎞⎠ e
cxm: m: n − 1( 

θ
,

zs(Θ)

zc
�
αθx1: m: ne

cx1: m: n e
cx1: m: n − 1( 

θ− 1
e

− α ecx1: m: n − 1( )θ

1 − e
− α ecx1: m: n − 1( )θ

− αθ
D

i�1
xi: m: ne

cxi: m: n Ri e
cxi: m: n − 1( 

θ− 1
+ αθ

m

i�2

xi: m: ne
cxi: m: n e

cxi: m: n − 1( 
θ− 1

e
− α ecxi: m: n − 1( )θ

e
− α e

cx(i− 1): m: n − 1( )
θ

− e
− α ecxi: m: n − 1( )θ

− αθ
m

i�2

x(i− 1): m: ne
cx(i− 1): m: n e

cx(i− 1): m: n − 1( 
θ− 1

e
− α e

cx(i− 1): m: n − 1( )
θ

e
− α e

cx(i− 1): m: n − 1( )
θ

− e
− α ecxi: m: n − 1( )θ

− αθ 1 + n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠⎛⎝ ⎞⎠xm: m: ne
cxm: m: n e

cxm: m: n − 1( 
θ− 1

,

(20)

and

zl(Θ)

zθ
�
α ln e

cx1: m: n − 1(  e
cx1: m: n − 1( 

θ
e

− α ecx1: m: n − 1( )θ

1 − e
− α ecx1: m: n − 1( )θ

− α
D

i�1
Ri e

cxi: m: n − 1( 
θ ln e

cxi: m: n − 1( 

+ 
m

i�2

α e
cxi: m: n − 1( 

θ ln e
cxi: m: n − 1( e

− α ecxi: m: n − 1( )θ

e
− α e

cx(i− 1): m: n − 1( )
θ

− e
− α ecxi: m: n − 1( )θ

− 
m

i�2

α e
cx(i− 1): m: n − 1( 

θ ln e
cx(i− 1): m: n − 1( e

− α e
cx(i− 1): m: n − 1( )

θ

e
− α e

cx(i− 1): m: n − 1( )
θ

− e
− α ecxi: m: n − 1( )θ

− α 1 + n − m − 
D

i�1
Ri

⎛⎝ ⎞⎠⎛⎝ ⎞⎠ln e
cxm: m: n − 1(  e

cxm: m: n − 1( 
θ
.

(21)

,e MPS estimates for the WGED parameters can be ob-
tained using the Newton–Raphson method. Moreover, we use
the approximate 95% CI for α, c, andθ, respectively, as follows:

α ± Z0.025
������
Var(α)


, c ± Z0.025

������
Var(c)


and θ ± Z0.025������

Var(θ)



.

Also, we propose different bootstrap CIs of population
parameters under the MLE method based on ATIIPCS data
with binomial removal for the WGED as a bootstrap per-
centile (BP) and bootstrap-t (BT). For more information
about this algorithm, see [31, 32] and [15].
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4. Bayesian Estimation

In this section, we consider the Bayesian estimation for the
parameters of WGED based on ATIIPCS under the as-
sumption that the random variables Θ � (α, c, θ) have an
independent gamma prior distribution. Assume that
α ∼ Gamma(a1, b1), c∼Gamma(a2, b2), and
θ ∼ Gamma(a3, b3) (see [6, 33]); the prior joint density of
α. c, and θ can be written as

π(Θ)∝ αa1− 1
e

− αb1c
a2− 1

e
− cb2θa3− 1

e
− θb3 . (22)

,e posterior likelihood can be represented to be pro-
portional to the product of the likelihood given in equation
(13) and the joint prior’s densities given by equation (22).
,at is,

Π Θ|xi: m: n( ∝ L xi: m: n|Θ( π(Θ). (23)

,en, the posterior joint density ofΘ is

Π Θ|xi: m: n( ∝ αm+a1− 1
c

m+a2− 1θm+a3− 1
e

c 
m

i�1 xi: m: n− b2( 

· 
m

i�1
e

cxi: m: n − 1( 
θ− 1

× e
− α n− m− 

D

i�1
Ri  ecxm: m: n − 1( )θ

· e
− α 

m

i�1
ecxi: m: n − 1( )θ+

D

i�1
Ri ecxi: m: n − 1( )θ+b1 

e
− θb3 .

(24)

Using the squared error loss function (SE), the Bayesian
estimators of the parametersΘ are obtained as follows:

α � 
∞

0
αΠ α|θ, c, xi: m: n( dα,

c � 
∞

0
cΠ c|θ, α, xi: m: n( dc,

θ � 
∞

0
θΠ θ|c, α, xi: m: n( dθ.

(25)

,ese integrals are very hard to be solved analytically, so
that the MCMC approach will be used. An important
subclass of the MCMC techniques is Gibbs sampling and
more general Metropolis-within-Gibbs samplers. Metrop-
olis et al. [26] were the first to introduce this algorithm.

,e Metropolis–Hastings (MH) algorithm and the Gibbs
sampling are the two most popular examples of an MCMC
method. It is similar to acceptance-rejection sampling; theMH
algorithm considers that, to each iteration of the algorithm, a
candidate value can be generated from a proposal distribution.
,e MH algorithm generates a sequence of draws from
WGED under ATIIPCS as follows: Algorithm 1 and 2 .

According to [34], we obtain Bayes credible intervals of
the parameters Θ � (α, c, θ) as follows:

Furthermore, for different bootstrap CIs of population
parameters under the Bayesian estimation method based on

ATIIPCS data with binomial removal for the WGED as BP
and BT, see Tables 1 and 2.

5. Simulation Study

In this section, Monte Carlo simulation was done for
comparison between maximum likelihood and Bayesian
estimation methods under censoring scheme, for estimating
parameters of WGED in a lifetime by R language. Monte
Carlo experiments were carried out based on the following
data generated from WGED, where X is distributed as
WGED for different shape parameters:

Case -1. True values for (α� 3.5, c � 3, θ� 2.5, and T � 0.25).

Case-2. True values for (α� 0.5, c � 2, θ� 2.5, and T � 0.5 ).
We made this simulation using different sample sizes

n � 50 and 150, different censored sample sizesm, and set of
different sample schemes, and p is 0.25, 0.5, and 0.75.

We could define the best scheme as the scheme, which
minimizes the mean squared error (MSE(Θ)), bias of es-
timation, and length of CI (L.CI) of the estimator. For Bayes
confidence credible intervals, denoted as CCI, the CI of
MLE, MPS, and Bayesian estimation and associated CI are
calculated.

Relative efficiency is calculated as follows: RE1 � (MS
(MLE)/MSE(MPS)), RE2 � (MSE(MLE)/MSE (Bayesian))

and RE3 � (MSE(MPS)/MSE(Bayesian)).
We conclude remarks on the simulation as follows:

(1) ,e simulation outcomes are recorded in Tables 1–4.
,e following concluding remakes are noticed based
on these tables as follows.

(2) As m increases with fixed values of n and p, the Bias,
MSE, and the L.CI associated with the parameter
estimates decrease for both methods of estimation.

(3) For fixed values of m and p, the Bias, MSE, and the
L.CI associated with the parameter estimates de-
crease for both methods of estimation as n increases.

(4) For fixed n, m, and as p increases until 0.5, the Bias,
MSE, and the L.CI associated with the parameter es-
timates decrease for the MLE and Bayesian methods.

(5) In approximately most situations, we notice that the
measures of Bayesian estimates are more accurate
than the measures of MLE and MPS estimates.

6. Application of Real Data

In this section, we will apply the numerical results of the
parameter estimation of WGED under ATIIPCS on two cases
of real data, namely, electric data and carbon fibers data.

6.1. Electric Data. Balakrishnan and Cramer [35] discussed
this electric data, which are 19 failure times (in minutes) for
an insulating fluid between two electrodes subject to a
voltage of 34KV: 0.19, 0.78, 0.96, 1.31, 2.78, 3.16, 4.15, 4.67,
4.85, 6.50, 7.35, 8.01, 8.27, 12.06, 31.75, 32.52, 33.91, 36.71,
and 72.89. We computed the Kolmogorov–Smirnov (KS)
distance (D) between the fitted and the empirical
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distribution functions for the data to be 0.16538, and the
corresponding p value is 0.6182. Figure 1 discusses the plot
of the max distance between the two CDF curves, histogram,
PP-plot, and QQ-plot forWGED.,erefore, it indicates that
WGED can be fitted to the electric data set. Table 5 shows the
estimation of parameters and standard error (St.E) for
complete electric data. Table 6 displays the sample of pro-
gressive Type-II censored data with R removal for electric
data. Table 7 gives the estimation of parameters and standard
error under the censored sample for electric data.

Histogram plot, approximate marginal posterior density,
and MCMC convergence of α, c, and θ are represented in
Figure 2.

Histogram plot, approximate marginal posterior density,
and MCMC convergence of α, c, and θ are represented in
Figure 3.

6.2. Carbon Fiber Data. Bader and Priest [36] discussed
carbon fibers of 69 observed failure times. ,ese data sets
represent the strength of items measured in GPA for single
carbon fibers and impregnated 1000 carbon fiber tows. We
computed the KS test distance is 0.07408, and the corre-
sponding p value is 0.8605. ,erefore, it indicates that
WGED can provide a good fit for the data set by using
empirical cumulative distribution function (ECDF), histo-
gram, PP-plot, and QQ-plot for carbon fiber data in Figure 4.
Table 8 shows estimation of parameters and standard error
for complete carbon fiber data.

Histogram plot, approximate marginal posterior density,
and MCMC convergence of α, c, and θ are represented for
carbon fiber data in Figure 5.

,e data are under progressive censoring with random
removal when p � 0.25 andm� 20.,en, the R is 10, 7, 9, 7, 0,

Table 1: ,e length of the different intervals of the WGED parameters based on ATIIPCS with various random removal of removing items,
in case-1.

α � 3.5, c � 3, θ � 2.5, andT � 0.25

P (n, m)
MLE MPS Bayesian

ACI BT BP ACI BT BP CCI BT BP

0.25

(50, 30)
α 5.0281 0.1518 0.2139 2.8130 0.0920 0.0876 2.3053 0.0932 0.0859
c 1.8528 0.0591 0.0653 1.4089 0.0435 0.0463 0.9311 0.0461 0.0451
θ 1.6220 0.0536 0.0514 1.4535 0.0465 0.0460 1.5228 0.0462 0.0472

(50, 45)
α 2.2339 0.0685 0.0695 2.7294 0.0838 0.0880 1.7615 0.0889 0.0865
c 1.1134 0.0353 0.0371 1.3269 0.0433 0.0416 0.7910 0.0416 0.0430
θ 1.1839 0.0377 0.0379 1.1152 0.0366 0.0362 1.1347 0.0360 0.0365

0.5

(50, 30)
α 2.6530 0.0840 0.0787 2.8534 0.0894 0.0958 2.0821 0.0860 0.0950
c 1.1874 0.0383 0.0366 1.3609 0.0442 0.0454 0.9093 0.0430 0.0420
θ 1.6475 0.0527 0.0535 1.5203 0.0493 0.0464 1.5795 0.0483 0.0471

(50, 45)
α 5.4329 0.1721 0.2769 2.9217 0.0933 0.0938 1.8254 0.0985 0.0877
c 1.9696 0.0622 0.0708 1.4695 0.0456 0.0483 0.7633 0.0484 0.0488
θ 1.2258 0.0388 0.0379 1.1214 0.0353 0.0359 1.1382 0.0373 0.0331

0.75

(50, 30)
α 3.8944 0.1229 0.1380 2.7236 0.0825 0.0884 2.2240 0.0887 0.0876
c 1.5368 0.0479 0.0502 1.2724 0.0398 0.0403 0.9838 0.0415 0.0396
θ 1.6526 0.0534 0.0523 1.4974 0.0462 0.0474 1.5582 0.0484 0.0454

(50, 45)
α 2.3122 0.0711 0.0703 2.6791 0.0879 0.0871 1.7218 0.0855 0.0846
c 1.0808 0.0343 0.0336 1.2658 0.0422 0.0409 0.7405 0.0410 0.0421
θ 1.1806 0.0351 0.0365 1.1096 0.0352 0.0354 1.1346 0.0343 0.0364

0.25

(150, 90)
α 4.5602 0.2127 0.2406 3.9598 0.1329 0.1204 2.4745 0.1243 0.1230
c 1.9321 0.0568 0.0732 1.0677 0.0339 0.0363 0.6765 0.0356 0.0345
θ 0.8876 0.0278 0.0279 0.7957 0.0244 0.0270 0.8081 0.0244 0.0244

(150, 130)
α 1.0331 0.0341 0.0341 1.3191 0.0425 0.0429 1.6192 0.0425 0.0405
c 0.4880 0.0157 0.0158 0.6561 0.0213 0.0203 0.5414 0.0212 0.0216
θ 0.6758 0.0206 0.0216 0.6632 0.0224 0.0213 0.6589 0.0209 0.0217

0.5

(150, 90)
α 3.8998 0.1207 0.1221 4.0729 0.1314 0.1266 2.1824 0.1237 0.1322
c 1.0967 0.0353 0.0349 1.1471 0.0356 0.0351 0.6868 0.0368 0.0377
θ 0.8480 0.0272 0.0257 0.8184 0.0261 0.0254 0.8331 0.0257 0.0269

(150, 130)
α 3.1909 0.1261 0.1141 1.2513 0.0414 0.0412 1.7332 0.0383 0.0400
c 2.5951 0.0708 0.1221 0.6555 0.0212 0.0212 0.5664 0.0217 0.0210
θ 0.7472 0.0253 0.0240 0.6617 0.0214 0.0205 0.6627 0.0216 0.0213

0.75

(150, 90)
α 4.7341 0.1543 0.1553 3.9317 0.1307 0.1306 2.3038 0.1210 0.1259
c 2.0889 0.0688 0.0726 1.0134 0.0324 0.0330 0.9657 0.0334 0.0331
θ 0.9048 0.0293 0.0305 0.8221 0.0269 0.0266 0.8598 0.0255 0.0269

(150, 130)
α 1.2868 0.0416 0.0388 1.6027 0.0485 0.0517 1.6520 0.0486 0.0521
c 0.6521 0.0208 0.0209 0.8475 0.0269 0.0272 0.5677 0.0270 0.0284
θ 0.6765 0.0201 0.0213 0.6669 0.0212 0.0213 0.6599 0.0215 0.0211
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Table 2: ,e length of the different intervals of the WGED parameters based on ATIIPCS with various random removal of removing items,
in case-2.

α � 0.5, c � 2, θ � 2.5, andT � 0.5

P (n, m)
MLE MPS Bayesian

ACI BT BP ACI BT BP CCI BT BP

0.25

(50, 30)
α 2.8215 0.1226 0.1379 1.5409 0.0698 0.0678 1.5324 0.0663 0.0696
c 2.6097 0.1112 0.1318 1.3167 0.0602 0.0602 1.5651 0.0588 0.0588
θ 1.6916 0.0711 0.0735 1.5437 0.0631 0.0712 1.5893 0.0705 0.0680

(50, 45)
α 1.4167 0.1159 0.1250 1.7756 0.1457 0.1508 1.3004 0.1481 0.1512
c 0.9602 0.0860 0.0785 1.0800 0.0906 0.0877 0.9251 0.0945 0.0976
θ 1.0417 0.0892 0.0843 1.0036 0.0800 0.0840 1.0116 0.0835 0.0840

0.5

(50, 30)
α 1.6983 0.0896 0.0875 1.7943 0.0881 0.0837 1.2839 0.0921 0.0836
c 1.1643 0.0553 0.0584 1.3444 0.0687 0.0671 0.9898 0.0688 0.0630
θ 1.4032 0.0698 0.0697 1.3988 0.0704 0.0692 1.3573 0.0674 0.0642

(50, 45)
α 1.4527 0.0721 0.0744 1.3228 0.0666 0.0653 1.1848 0.0651 0.0644
c 1.6195 0.0799 0.0985 0.9865 0.0493 0.0489 1.0898 0.0505 0.0507
θ 1.2685 0.0635 0.0642 1.1417 0.0536 0.0549 1.1424 0.0568 0.0565

0.75

(50, 30)
α 1.5826 0.0603 0.0624 1.6656 0.0586 0.0633 1.3443 0.0619 0.0625
c 1.1616 0.0444 0.0447 1.4141 0.0520 0.0541 1.0675 0.0517 0.0548
θ 1.4538 0.0540 0.0552 1.4689 0.0561 0.0571 1.4140 0.0540 0.0565

(50, 45)
α 1.8404 0.0827 0.0873 1.4767 0.0653 0.0662 1.2576 0.0677 0.0668
c 1.9936 0.0852 0.1015 1.1505 0.0467 0.0528 1.3852 0.0531 0.0524
θ 1.1563 0.0517 0.0501 1.0515 0.0481 0.0482 1.0972 0.0475 0.0496

0.25

(150, 90)
α 3.4917 0.1996 0.1972 2.0333 0.1130 0.1154 1.4602 0.1115 0.1126
c 3.0419 0.1640 0.1818 1.2409 0.0715 0.0645 1.7235 0.0683 0.0679
θ 1.1229 0.0584 0.0649 0.8407 0.0458 0.0443 0.9857 0.0452 0.0465

(150, 130)
α 3.4100 0.2276 0.3452 1.1130 0.0823 0.0866 1.1313 0.0849 0.0826
c 2.9281 0.2013 0.3400 0.7831 0.0562 0.0590 1.4864 0.0579 0.0569
θ 1.0169 0.0798 0.0865 0.6260 0.0465 0.0477 0.8743 0.0469 0.0494

0.5

(150, 90)
α 3.0771 0.2313 0.2694 1.6110 0.1245 0.1253 1.3156 0.1271 0.1248
c 2.1543 0.1644 0.2014 1.1711 0.0838 0.0867 1.1085 0.0873 0.0934
θ 1.2831 0.0975 0.1007 1.0304 0.0785 0.0838 1.0378 0.0803 0.0789

(150, 130)
α 2.8276 0.2045 0.2572 1.2477 0.0784 0.0727 1.8901 0.0782 0.0708
c 3.0523 0.1741 0.2241 0.9132 0.0570 0.0548 1.1321 0.0540 0.0575
θ 1.0939 0.0669 0.0682 0.6853 0.0407 0.0408 0.7206 0.0401 0.0413

0.75

(150, 90)
α 3.3820 0.2318 0.2783 1.6746 0.1197 0.1175 1.2440 0.1136 0.1178
c 3.9865 0.2525 0.3649 1.4019 0.0999 0.0967 1.6823 0.0977 0.1047
θ 1.2103 0.0783 0.0873 1.0119 0.0738 0.0681 1.0804 0.0707 0.0717

(150, 130)
α 0.8889 0.0782 0.0832 1.1486 0.1104 0.1037 0.8854 0.1011 0.0986
c 0.7358 0.0675 0.0690 0.8441 0.0698 0.0746 0.8303 0.0758 0.0712
θ 0.7044 0.0631 0.0642 0.6814 0.0603 0.0616 0.7032 0.0634 0.0588

(1) Start with any initial values (Θ0l );Θ � (α, c, θ); l � 1, 2, 3 satisfying π(Θ0l )> 0.
(2) Using the initial value, sample a candidate point (Θ∗) from the proposal q(Θ∗).
(3) For t� 0 to N (a huge number 10,000, for example), given the candidate point (Θ∗), calculate the acceptance probability

Al � min(1, (L1(Θ∗l |x)π(Θ∗l )/L1(x|Θl)π(Θl))q(Θl)/q(Θ∗l )); l � 1, 2, 3.

(4) Draw a value u from the uniform (0, 1) distribution Θt+1
l �
Θ∗l ifu≤Al

Θt
l ifu≤Al

 .

(5) Repeat steps 2–4, t + 1 times until we get N draws.
(6) ,e Bayes estimate of Θl, with respect to squared error loss function is 

N
t�1((Θt− 1

l )t/N).
(7) Repeat the above steps l times to get a Bayesian estimate of Θl.

ALGORITHM 1

(1) Arrange Θl
j; l � 1, 2, 3 as α[1], α[2], . . . , α[L], c[1], c[2], . . . , c[L]and θ[1], θ[2], . . . , θ[L] where L is the length of simulation generated.

(2) ,e 95% symmetric credible intervals of α, c, and θ become (α[L(0.05/2)], α[L(1− (0.05/2))]), (c[L(0.05/2)], c[L(1− (0.05/2))]) and
(θ[L(0.05/2)], θ[L(1− (0.05/2))]).

ALGORITHM 2
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2, 3, 1, 1, 2, 0(10).,e xi: m: n is 0.101, 0.332, 0.403, 0.550, 0.596,
0.597, 0.645, 0.654, 0.722, 0.859, 1.056, 1.117, 1.128, 1.196,
1.325, 1.532, 1.577, 1.701, 1.754, and 2.052. ,e time of the
adaptive model is 1.5. By using the KS test and MLE estimate,
the distance of the KS test is 0.1451, and the p value is 0.133. If
p � 0.5, m� 20, and the time of the adaptive model is 1.5,
then the distance of the KS test is 0.13734, and the p value is
0.1756. If p � 0.25,m� 50, and the time of the adaptive model

is 1.5, then the distance of the KS test is 0.07134, and the p

value is 0.8882. And if p � 0.5, m� 50, and the time of the
adaptive model is 1.5, then the distance of the KS test is
0.0784, and the p value is 0.8121. ,erefore, it indicates that
WGED can be fitted to the data set based on APTIIC. Table 9
shows estimation of parameters and standard error for
WGEDbased onATIIPCS for carbon fiber data whenm � 20,
p � 0.25, and T � 1.5.

Table 3: Parameter estimation for WGED under ATIIPCS with random removals in case-1.

α � 3.5, c � 3, θ � 2.5, andT � 0.25

P (n, m)
MLE MPS Bayesian Relative efficiency

Bias MSE Bias MSE Bias MSE RE1 RE2 RE3

0.25

(50, 30)
α − 0.0353 1.6448 − 0.0584 0.5179 0.0273 0.3462 3.1949 4.7573 1.4891
c 0.0751 0.2288 − 0.0377 0.1305 0.0343 0.0575 1.7294 3.9595 2.2895
θ 0.3323 0.2814 0.1060 0.1486 0.3238 0.2556 1.2454 1.1345 0.9110

(50, 45)
α − 0.0759 0.3302 − 0.1571 0.5090 − 0.0402 0.2033 0.6699 1.6083 2.4008
c 0.0848 0.0878 0.0299 0.1154 0.0517 0.0434 0.7042 1.9815 2.8141
θ 0.1029 0.1017 − 0.0737 0.0863 0.0982 0.0933 1.1270 1.0886 0.9659

0.5

(50, 30)
α 0.0329 0.4587 − 0.0098 0.5294 0.0411 0.2835 0.8645 1.6236 1.8781
c 0.0758 0.0974 − 0.0241 0.1210 0.0490 0.0562 0.7612 1.7053 2.2401
θ 0.3011 0.2671 0.0759 0.1560 0.2917 0.2473 1.1744 1.0879 0.9264

(50, 45)
α − 0.1250 1.9345 − 0.1581 0.5800 − 0.0344 0.2178 3.4576 8.8582 2.5619
c 0.1038 0.2630 0.0405 0.1420 0.0507 0.0404 1.7964 6.6583 3.7065
θ 0.0910 0.1060 − 0.0822 0.0885 0.0883 0.0920 1.1947 1.1598 0.9707

0.75

(50, 30)
α 0.0158 0.9863 0.0080 0.4823 0.0518 0.3242 2.0446 3.0663 1.4997
c 0.0922 0.1620 − 0.0262 0.1059 0.0574 0.0662 1.4589 2.4400 1.6725
θ 0.2629 0.2467 0.0473 0.1480 0.2582 0.2245 1.2181 1.1249 0.9235

(50, 45)
α − 0.0934 0.3563 − 0.1708 0.4958 − 0.0130 0.1929 0.7448 1.8034 2.4211
c 0.0807 0.0824 0.0237 0.1047 0.0375 0.0371 0.7290 2.1300 2.9218
θ 0.0907 0.0989 − 0.0842 0.0871 0.0857 0.0910 1.1321 1.0827 0.9563

0.25

(150, 90)
α 0.2779 2.8751 0.3296 1.1280 0.1102 0.4102 2.7446 7.0288 2.5609
c 0.0130 0.2429 − 0.0578 0.0775 0.0195 0.0301 3.2746 8.1563 2.4908
θ 0.1559 0.0755 0.0635 0.0452 0.1544 0.0663 1.2443 1.2063 0.9694

(150, 130)
α 0.0168 0.0697 − 0.0132 0.1133 − 0.0056 0.1705 0.6134 0.4071 0.6636
c 0.0183 0.0158 − 0.0098 0.0281 0.0240 0.0196 0.5532 0.8122 1.4682
θ 0.0593 0.0332 − 0.0188 0.0289 0.0569 0.0315 1.0384 1.0519 1.0131

0.5

(150, 90)
α 0.3311 1.0983 0.3788 1.2220 0.1473 0.3313 0.9168 3.1933 3.4830
c − 0.0078 0.0783 − 0.0689 0.0903 0.0043 0.0307 0.9141 2.5497 2.7894
θ 0.1254 0.0625 0.0310 0.0445 0.1218 0.0600 1.0736 1.0359 0.9648

(150, 130)
α − 0.0780 0.3891 − 0.0168 0.1021 − 0.0325 0.1964 3.7041 2.6819 0.5212
c 0.0415 0.0440 − 0.0120 0.0281 0.0306 0.0218 1.9674 2.9887 1.3391
θ 0.0458 0.0384 − 0.0293 0.0293 0.0455 0.0306 1.2752 1.2713 0.9969

0.75

(150, 90)
α 0.3233 0.5615 0.3882 0.1556 0.1340 0.3630 1.4498 4.2225 2.9124
c 0.0023 0.2837 − 0.0770 0.0727 0.0133 0.0608 3.2485 2.6787 1.1013
θ 0.1190 0.0674 0.0281 0.0447 0.1154 0.0614 1.2112 1.1073 0.9142

(150, 130)
α − 0.0111 0.1078 − 0.0455 0.1691 − 0.0123 0.1776 0.6446 0.6067 0.9412
c 0.0262 0.0283 0.0018 0.0467 0.0229 0.0215 0.5920 1.3195 2.2289
θ 0.0333 0.0309 − 0.0447 0.0309 0.0317 0.0293 1.0290 1.0511 1.0215
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Table 4: Parameter estimation for WGED under ATIIPCS with random removals in case-2.

α � 0.5, c � 2, θ � 2.5, andT � 0.5

P (n, m)
MLE MPS Bayesian Relative efficiency

Bias MSE Bias MSE Bias MSE RE1 RE2 RE3

0.25

(50, 30)
α − 0.0321 0.5181 0.0489 0.1566 0.1109 0.1648 3.3530 3.3901 1.0111
c 0.0445 0.4443 − 0.0061 0.1126 − 0.0237 0.1597 3.9283 2.7804 0.7078
θ 0.3359 0.2987 0.1195 0.1690 0.3290 0.2723 1.2009 1.1329 0.9434

(50, 45)
α 0.0775 0.1357 0.1566 0.2282 0.1771 0.1406 0.6366 1.1870 1.8646
c − 0.0169 0.0599 − 0.0493 0.0778 − 0.0669 0.0598 0.7904 1.0773 1.3630
θ 0.1073 0.0816 − 0.0630 0.0690 0.1064 0.0774 1.0774 1.0603 0.9842

0.5

(50, 30)
α 0.0746 0.1928 0.1303 0.2260 0.1120 0.1196 0.8958 1.7499 1.9534
c − 0.0249 0.0886 − 0.0453 0.1194 − 0.0457 0.0657 0.7500 1.3836 1.8448
θ 0.2984 0.2169 0.0721 0.1322 0.2896 0.2035 1.0064 1.0688 1.0620

(50, 45)
α 0.0411 0.1387 0.0891 0.1215 0.1289 0.1077 1.2062 1.5034 1.2464
c 0.0230 0.0708 − 0.0097 0.0633 − 0.0145 0.0773 1.6951 1.2084 0.8194
θ 0.1069 0.1159 − 0.0630 0.0886 0.1093 0.0967 1.2344 1.2329 0.9988

0.75

(50, 30)
α 0.0545 0.1657 0.1114 0.1927 0.1275 0.1337 0.9028 1.3861 1.5353
c 0.0078 0.0877 − 0.0108 0.1301 − 0.0277 0.0748 0.6747 1.1841 1.7550
θ 0.2755 0.2132 0.0527 0.1430 0.2675 0.2015 0.9795 1.0570 1.0792

(50, 45)
α 0.0403 0.1216 0.1024 0.1521 0.1191 0.1169 1.5531 2.1416 1.3789
c 0.0345 0.0593 0.0010 0.0860 0.0137 0.0248 3.0025 2.0714 1.6899
θ 0.0704 0.0918 − 0.0986 0.0815 0.0704 0.0832 1.2093 1.1106 0.9184

0.25

(150, 90)
α 0.3257 0.8972 0.3340 0.3798 0.2828 0.2183 2.9491 5.7178 1.9388
c − 0.1838 0.6342 − 0.2081 0.1432 − 0.1475 0.2145 6.0092 3.1150 0.5184
θ 0.1167 0.0954 0.0259 0.0465 0.1145 0.0762 1.7842 1.2978 0.7274

(150, 130)
α − 0.0282 0.7532 0.0615 0.0839 0.1177 0.0967 9.3874 9.0850 0.9678
c 0.0447 0.5568 − 0.0177 0.0400 0.0072 0.1430 13.9802 3.8808 0.2776
θ 0.0644 0.0711 − 0.0002 0.0254 0.0670 0.0540 2.6390 1.3528 0.5126

0.5

(150, 90)
α 0.1114 0.6250 0.1539 0.1916 0.1422 0.1322 3.6481 5.4704 1.4995
c − 0.0210 0.3007 − 0.0603 0.0924 − 0.0329 0.0806 3.3839 3.7766 1.1161
θ 0.1470 0.1281 0.0595 0.0722 0.1518 0.0927 1.5507 1.5286 0.9857

(150, 130)
α − 0.0632 0.4375 0.0902 0.1091 0.1130 0.1249 3.0109 4.8205 0.4358
c 0.0460 0.6063 − 0.0195 0.0545 − 0.0021 0.0783 3.1722 3.2697 0.6507
θ 0.0328 0.0787 − 0.0307 0.0314 0.0490 0.0361 2.5475 2.3045 0.9046

0.75

(150, 90)
α 0.1431 0.7612 0.1730 0.2115 0.1684 0.1286 4.0788 7.3907 1.8120
c − 0.0199 1.0295 − 0.0541 0.1302 − 0.0391 0.1848 8.0864 5.6152 0.6944
θ 0.1651 0.1221 0.0592 0.0698 0.1622 0.1019 1.4304 1.2549 0.8773

(150, 130)
α 0.0372 0.0524 0.0666 0.0896 0.0802 0.0570 0.5989 1.0081 1.6830
c − 0.0063 0.0350 − 0.0109 0.0461 0.0045 0.0445 0.7597 0.7853 1.0337
θ 0.0668 0.0365 − 0.0149 0.0302 0.0661 0.0363 1.0687 1.0035 0.9390
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Figure 1: Continued.
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Table 7: Estimation of parameters and standard error under the censored sample for electric data.

MLE MPS Bayesian
St.E Estimate St.E Estimate St.E Estimate

α 0.4656 1.2150 0.4009 0.8323 0.4883 0.2438
c 0.1535 0.3445 0.1785 0.4064 0.2039 0.1062
θ 0.7808 0.4457 0.5950 0.3781 0.5964 0.2064

Table 6: Data of progressive Type-II censored data with censoring for electric data.

i 1 2 3 4 5 6 7 8
R 0 0 3 0 3 0 0 5
xi: m: n 0.19 0.78 0.96 1.31 2.7 4.85 6.50 7.35

Table 5: Estimation of parameters and standard error for complete electric data.

MLE MPS Bayesian
Estimate St.E Estimate St.E Estimate St.E

α 15.1210 0.0002 15.3220 0.0001 15.0352 0.0887
c 0.0022 0.0012 0.0013 0.0009 0.00208 0.0011
θ 0.7565 0.1263 0.6623 0.1190 0.6676 0.0842
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Figure 1: Plot of the max distance between two ECDF curves, histogram, PP-plot, and QQ-plot of WGED for electric data.
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Figure 3: ,e MCMC plots based on a censored sample of WGED for electric data.
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Figure 2: ,e MCMC plots are based on a complete sample of WGED for electric data.
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Figure 4: Plot of the max distance between two ECDF curves, histogram, PP-plot, and QQ-plot for carbon fiber data.

Table 8: Estimation of parameters and standard error for complete carbon fiber data.

MLE MPS Bayesian
Estimate St.E Estimate St.E Estimate St.E

α 157.9900 0.00004 158.7400 0.00003 157.9880 0.00005
c 0.05706 0.011395 0.04877 0.01084 0.05804 0.00418
θ 2.0544 0. 18489 2.9323 0.17909 2.07308 0.00842

Table 9: Estimation and standard error for WGED based on ATIIPCS for carbon fiber data when m � 20, 50, p � 0.25, 0.5, and T � 1.5.

m P
MLE MPS Bayesian

Estimate St.E Estimate St.E Estimate St.E

20

0.25
α 0.9001 4.0209 0.61040 2.2957 0.7170 0.6955
c 0.5491 0.9001 0.62583 0.9917 0.6955 0.2640
θ 1.9092 0.8464 1.64328 0.7814 1.7813 0.3383

0.5
α 36.7260 0.0003 36.729 0.0002 36.7269 0.0096
c 0.0851 0.0204 0.06707 0.0197 0.0763 0.0200
θ 1.8743 0.237 1.6899 0.2241 1.7765 0.2188

50

0.25
α 65.2522 0.0001 65.2566 0.0002 65.2418 0.0001
c 0.0828 0.0145 0.07128 0.0142 0.0637 0.1103
θ 2.0128 0.1911 1.8779 0.1842 1.76834 0.1813

0.5
α 80.5530 0.0001 80.5570 0.0001 80.5505 0.00007
c 0.0767 0.0142 0.0657 0.0138 0.0457 0.0084
θ 2.0160 0.0192 1.8826 0.1854 1.6629 0.0960
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7. Conclusions

In this paper, we discussed MLE, MPS, and Bayesian esti-
mation to estimate the parameter problem of the WGED
based on ATIIPCS with random removal. We used Bayesian
estimation under the square error loss function to calculate
the unknown parameters for WGED under the assumption
of independent gamma priors. ,e performance of the
different estimator optimal censoring schemes is compared
based on a simulation study to determine the optimal
censoring schemes by using MSE, the Bias, and the L.CI. It is
noticeable that the Bayesian estimation is better and more
efficient than the MLE and MPS estimation according to the
MSE. We applied two real data applications based on
ATIIPCS of carbon fiber and electric data which are ob-
tained, we deduce that these sets provide an excellent fit for
the proposed distribution according to the p value, and also
we plotted the PP-plots and other kinds of plots to make sure
that the distribution is a good candidate to these real data
sets.
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