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ABSTRACT

The g chart is a type of attribute control chart that is effective for monitoring processes
with low defect rates. If the process parameters on the g chart are unknown, parameter
estimation is performed. The most effective parameter estimation method for data
contaminated with outliers is GKL divergence. This parameter estimation was developed
to avoid the limitations of previous robust methods, namely the truncation method and the
truncation method. However, in practice, the g chart developed from the GKL divergence
parameter estimator has weaknesses, especially if there are no nonconforming items in the
phase I sample, which causes a lack of sensitivity at the control limits. To overcome this
problem, a bootstrap-based and double bootstrap-based control limit approach was
developed. However, this approach requires high accuracy, a long time, and high
computational costs. Therefore, the purpose of this study is to develop a g chart with fast
double bootstrap-based control limits. The data used in this study were simulation data with
contaminated and non-contaminated outliers and empirical data sourced from PT. X.
regarding container weight measurements. This study found that the control limits of the g-
chart based on fast double bootstrap were more sensitive than the conventional and
bootstrap approaches. The results indicate that the container weighing process is still under
control.
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1. INTRODUCTION

The g chart is an attribute chart used to monitor the total number of occurrences. The main advantage
of the g chart is its ability to monitor processes with very small or infrequent nonconforming occurrences
(high quality), when compared to other attribute control charts such as the p, np, ¢, and u charts [1]. If the
process parameters in the control chart are unknown, parameter estimation is required. The most efficient
parameter estimation method for monitoring processes with data contaminated by outliers is Generalized
Kullback Leibler (GKL) divergence parameter estimation. The GKL divergence estimation method was
developed as a solution to the loss of information due to data truncation or cutting from previous robust
parameter estimation methods, namely the truncation and memoryless property methods [2], [3], [4], [5], [6].
This method is efficient and robust, and is designed to avoid the limitations of previous methods by using an
asymptotically efficient statistical minimum distance approach that is easy to apply to discrete distributions.

On the other hand, the use of control limits in the context of geometric distributions developed by
Kaminsky [2], based on k times the standard deviation (ko). This approach tends to increase the false alarm
rate and causes the lower control limit (LCL) to be meaningless in geometric processes. As a solution to this
problem, various researchers have developed control limit approaches based on probability limits, as done by
Xie & Goh [7], Yang et al 8], L. Zhang et al [9], M. Zhang et al [10], B. J. Kim & Lee [11]. This approach
allows for more accurate detection of process changes, especially in systems that follow a geometric
distribution. However, this approach still has weaknesses, especially when there are no nonconforming items
in the phase I sample, which causes a lack of sensitivity at the control limits [ 12]. To overcome this problem,
it is necessary to develop bootstrap-based control limits [13]. The bootstrap method is a computational
statistical technique used to estimate sample distributions when the distribution of statistical parameters is
unknown [14]. This approach is carried out by repeatedly resampling from the original data set with
replacement to obtain the sampling distribution of a parameter estimator [15], [16]. However, this method is
not optimal for large shifts. Therefore, the double bootstrap method was developed to correct bias and
improve efficiency. However, the double bootstrap approach requires high precision, a long time, and high
computational costs. As a solution, a fast double bootstrap (FDB)-based control limit was developed to speed
up processing time and reduce the computational load without sacrificing accuracy [14].

Based on the results of previous studies, there has been no development of a control chart using the
GKL divergence method with FDB-based control limits to monitor nonconforming events. The results of this
study are expected to be used to adjust control limits to be more accurate, both for non-contaminated and
contaminated outliers.

2. RESEARCH METHODS

2.1 Data

The data used in this study were simulation data with contaminated and non-contaminated outlier
conditions. In addition, empirical data obtained from PT. X regarding container weight measurements were
used to test the developed statistical method.

2.2 g Chart

The g chart is a Shewhart-type control chart used to monitor the number of conforming cases between
two consecutive nonconforming cases. This chart is one of the attribute control charts used to monitor the
total number of occurrences in a process [2].

The advantage of the g chart is its ability to monitor processes with very few or rare nonconforming
events (high quality). Suppose we are given data from a process divided into subgroups or samples of size n,
denoted as x4, x5, ..., x,,.. The events in this process are assumed to be independent and identically distributed
following a geometric distribution under controlled or stable conditions. The statistics used to create this
control chart are based on the total number of events. The random variable representing the total number of
events is expressed by Eq. (1) below [3].

T=x+x++x, (1)

then the mean and variance are obtained as follows.



BAREKENG: J. Math. & App., vol. 20(3), pp. 1807- 1820, Sept, 2026. 1809

= n(7+ a) )
V(T) =V i
2+)
=25 G

This control chart can be used if the values of p and a are known, with 0 < p < 1. The control limit of g
chart can be modeled as follows.

CL =n(1;fp+a) )

UCL =n(=E+a) +k P2

pZ

®)

LCL =n (1_—70 + a) -k n(l;p)
14 p (6)
According to Kaminsky et al/ 2], If the value (p) is unknown, it must be estimated using conventional
parameter estimation methods, such as maximum likelihood [2] as expressed by Eq. (7) below.
A 1

p= (7

T x-a+1

Theoretically, suppose there are m subgroups (samples), each of size n, with the total number of events in
each sample denoted as #; #,...,%,». Then, the average number of events per sample can be expressed as follows.

- tyttptetty,
= ®)
so that it is obtained
s E_1p
x=-=—"+a )
Then, the control limit of g chart for unknown p (estimated by p) is obtained, namely.
CL=t (10)
o £ £
UCL—t+k\/n(;—a)(;—a+1) (11)
- £ £
LCL—t—k\/n(;—a)(;—a+1) (12)

If the estimation of process parameters in the control chart is unknown, then the Maximum Likelihood
Estimation method is used. However, MLE estimation has a weakness, namely that it tends to produce large
biases when the sample size is small. To overcome this problem, robust parameter estimation such as
truncation and generalized Kullback-Leibler divergence has been developed.

Truncation parameter estimation (P;) is an estimation method that limits the sample space, so that only
values within a certain range are considered [4]. This approach is applied to reduce the influence of outliers
that can interfere with the accuracy of parameter estimation. The restriction is done by setting an upper limit
(d) on the geometric distribution, so that the value of the random variable Y is always within a certain range,
namely between a and d [4]. The truncation approach is formulated based on the following conditions.

d>2Y—-a (13)
with

d = upper limit of the data
Y = observed sample mean
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a = smallest value of the data

To determine the smallest positive value that satisfies the inequality, the upper bound value d* is calculated
as follows.

d*=[2Y—-a]l+1 (14)

If the parameter estimate p,; yields a value close to zero or negative, then the estimate will be
recalculated using the value d* to ensure that p, > 0 remains satisfied. This approach makes parameter
estimation more stable and robust against outliers in the data. In the truncated geometric distribution, the
Probability Mass Function (PMF) for random variable ¥ with success probability p and upper bound d is
given by Eq. (15) below.

__p-p* B
f(}’)—1_(1_p)d_a+1,y—a,a+1....d 0

In this case, the maximum likelihood estimation (MLE) of parameters for truncated geometric
distributions does not have a closed-form solution, requiring a more practical alternative approach. As a
solution for estimating parameter p, a modified method of moments (MM) can be used. This modification is
formulated through Eq. (16) below.

3 (a+d)-2Y
T (W —a+Dd-Y)—S2 (16)

p
with
Y  :the sample mean, denoted by %Z?zl Y;
S§2  :the sample variance, denoted by% LY —Y)?
d  :the upper limit obtained from [2Y — a] + 1

After obtaining the parameter estimate p; using the truncation parameter estimation, the control limits (CL,
UCL, and LCL) for the g chart (total events) are set as follows [17].

CL =mny (1;ft + a) (17)

p?

A — 1
LCL =n, (1ﬁpt+ a) —k ,nk(;zpt) (19)
t t

If the LCL is smaller than the minimum value a, then the LCL value is adjusted to a, because the control
limit cannot be lower than the minimum possible occurrence [4].

. — 18
UCL =n, (1ﬁpt+a)+k i (1-Pr) (18)
t

The GKL divergence method is one of the robust parameter estimation methods based on the
statistically efficient minimum distance technique [18]. This method was then developed by Park et al [19]
in the g chart to overcome information loss due to data truncation and clipping in the truncation estimation
method. The main advantage of the g chart when using GKL divergence-based parameter estimation is that
it performs better than other robust parameter estimation methods, both in contaminated data and non-
contaminated outliers [19]. The GKL divergence concept is carried out by measuring the difference between
two density functions g(.) and f(.), which depend on a tuning parameter T € [0,1]. This GKL divergence is
formulated as follows.

N9 (g (9B  f) 90 | _ (20)
GKLT(g,f)—;[ = log<f(y)> < = + - >log<rf(y)+r>]

where S is the set of values (support) of the geometric random variable Y. Meanwhile, tand T = 1 — 7 are
scaling parameters that affect the divergence calculation.

0 <t <1 is a tuning parameter that regulates the balance between two types of divergence, namely log
likelihood and kullback-Leibler divergence.
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This divergence is determined based on the following two limit cases. T = 0,

GKL divergence acts as a log likelihood function used in MLE parameter estimation.

9»)
GKLo(g, f) = lim GKL(g, ) = Z 90 log ( )
f) 21
KL divergence from g to f.and 7 — 1,
GKL Divergence changes to conventional KL Divergence.
: f»)
GKLi(g,f) = lim GKL.(g,f) = z 9) log <—
1 o 9() (22)

KL divergence from f to g.

In this case, we choose g as the empirical Probability Mass Function (PMF) based on the sample {Y1,
Y2,...,Yn}, namely.

1 n
90) = ;Z I (% =) o)

where || (Y; = y) is an indicator function, equal to 1 if ¥; = y, and 0 otherwise.

Then the parameter p, which is the probability of success in the geometric distribution, is estimated by
minimizing the GKL divergence.

ﬁgkl(r) = argmin GKLt(g: f) (24)
with theoretical PMF.
f@)=p(1-p)° (25)

The purpose of this estimation is to obtain the parameter p that produces the best fit between the observed
data and the geometric distribution. Furthermore, it should be noted that GKL (g, f) is actually equivalent to
the conventional log-likelihood function as in Eq. (26) below.

g(y)>
GKL = 1 GKL.(g,f) = l
o(g, f) = lim GKL(g.,f) = Zg(y) og <f( ) o6
and GKL, (g, f) is equivalent to the conventional Kullback-Leibler (KL) divergence [5] as shown in Eq. (27).
: f (y)>
GKL,(g,f) = limGKL.(g,f) = l 177
109, f) = lim GKL.(g,f) yze;g(y) 0g <g(y) o7

It is known that conventional KL divergence-based estimators are robust, with a breakdown point of
50%, but their efficiency in small samples tends to be low. Conversely, estimators based on the log-likelihood
function have full asymptotic efficiency [20], but lack robustness [21]. However, GKL combines the two
main advantages of efficiency and robustness. As shown by Park and Basu [2 1], parameter estimation based
on GKL has asymptotic efficiency and remains robust when 0 < 7 < 1. Specifically, the g chart for the total
number of events with n; observations have the following control limits.

CL() = (1 ; Py a) (28)

n(1—p)
k ”‘T (29)
+ a) +k nk(l p) (30)

1 —_
UCL(p) = e

LCL(p) = max{ nya, nk(
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where k = 3 is used for the American standard with a false alarm rate (FAR) of 0.27% and k = 3.09 is used
for the british standard with a FAR of 0.20%. The proposed robust parameter estimation Isgkl (1) is based on
the GKL divergence method and can be obtained from p gy () = argmin GKL.(g, f) by setting.

9 =—3m, T ||(Xi; < y) dan () = p(1 — p)? 7. (31)

Next, for the estimator p of the process parameter p, the control limits can be easily obtained by entering the
estimate p into the control limits of the g chart.

2.3 Fast Double Bootstrap

Fast Double Bootstrap (FDB) is a method introduced by Davidson and MacKinnon [20] to improve
the computational efficiency of the double bootstrap procedure without reducing its accuracy. This method
is based on the assumption that the test statistics in the first and second stages of bootstrap are independent.
With this assumption, the FDB procedure reduces the number of resamplings required compared to double
bootstrap. This reduces computation time and costs while still producing the same level of accuracy. In the
FDB method, it is assumed that s(x;") is independent of s(xj), so that each first-stage bootstrap sample is
generated only once in the second-stage bootstrap process. After obtaining the first stage bootstrap data x;,-
and the test statistic value s(x;), b = 1,2, ..., B. Next, for each first stage bootstrap sample, it is only
generated once in the second stage bootstrap process, denoted as x;+ with b = 1,2, ..., B. From this set of
second-stage bootstrap sample data, the test statistic value s(x;") can be calculated for each b =1,2,...,B
[21]. The fast double bootstrap procedure is shown in Fig. | below.

- *%

X={X1,X2,...,Xn} X’é 4>

Original data set /,7

Bootstrap sample Bootstrap sample  Statistics fast double
stage 1 stage 2 bootstrap

Figure 1. Fast Double Bootstrap Procedure

2.4 Research Procedures

This study develops control limits for g chart based using fast double bootstrap with Generalized
Kullback-Leibler (pgy;) divergence parameter estimators, which are then compared with truncation

parameter estimators (P;). The procedure in this study is as follows.

1. Determine the number of research subgroups.

2. Simulate data X; distributed geometrically with a number of subgroups (m = 30, 50,100) with
parameter p (0.01, 0.1, 0.2). as pcjeqn (non-contaminated outliers).

3. Simulate geometric distributed data X, as 5%, 10%, and 20% of data X; with parameters as p,y;.
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4. Combining simulation data X; and X, so that clean data and outlier data are mixed (outlier
contamination).

Take a bootstrap sample of size B from the original data: B : Ny, N, ...,Ng , B = 1000..

6. Based on the results of bootstrap stage 1, then in bootstrap stage 2 (fast double bootstrap).

9]

a. For the first-stage bootstrap sample, perform one resampling to generate a second-stage
bootstrap data set.
b. Calculate statistics from the fast double bootstrap sample s(xz").

7. Based on Step 6, next calculate the generalized Kullback-Leibler divergence parameter estimate
(Pgk1) and the truncation parameter estimate (P;).

8. Determine the value of k.
9. Set control limits (CL, UCL, and LCL) on the g chart.
10. Create a g chart based on the geometric distribution.

3. RESULTS AND DISCUSSION

This study was conducted using simulation study data to estimate Generalized Kullback-Leibler (P gx;)

divergence parameters, then determining the control limits of the g chart based on conventional methods,
bootstrap, and fast double bootstrap. Next, sensitivity testing was performed between the developed control
limits and existing control limits to determine the number of events or observations that fell into the out-of-
control (OOC) category. Subsequently, the developed g chart was applied to monitor container weighing
services at PT. X.

3.1 Parameter Estimation

Parameter estimation in this study was conducted through a simulation study to determine the
performance of g chart using the Generalized Kullback-Leibler (gx;) divergence and truncation (B)
parameter estimation methods. The results of parameter estimation are shown in Table 1.

Table 1. Parameter Estimation Results

Parameter Non-contamintaion Outliers 5% Outliers 10% Qutliers 20%
. . m P = " = . = " = -
estimation j2) Bias j2) Bias P Bias P Bias
0.01 0.154 0.1325 0.134 0.134 0.132 0.1225 0.124 0.1225
30 0.1 0.153 0.1252 0.142 0.122 0.125 0.1152 0.112 0.1352
0.2 0.147 0.1306 0.137 0.137 0.130 0.1306 0.137 0.1206
0.01 0.134 0.1425 0.124 0.144 0.142 0.1325 0.124 0.1325
Truncation 50 0.1 0.142 0.1352 0.132 0.122 0.135 0.1352 0.132 0.1252
0.2 0.147 0.1306 0.147 0.127 0.120 0.1206 0.127 0.1306
0.01 0.154 0.1245 0.154 0.134 0.142 0.1325 0.134 0.1325
100 0.1 0.122 0.1222 0.152 0.122 0.135 0.1352 0.122 0.1452
0.2 0.127 0.1336 0.137 0.137 0.140 0.1206 0.117 0.1206
0.01 0.144 0.1245 0.134 0.134 0.142 0.1325 0.124 0.1325
30 0.1 0.122 0.1222 0.122 0.142 0.135 0.1252 0.132 0.1352
Generalized 0.2 0.127 0.1336 0.157 0.127 0.120 0.1206 0.137 0.1206
Kullback 0.01 0.134 0.1245 0.144 0.534 0.142 0.1325 0.124 0.1425
Leibler 50 0.1 0.142 0.1222 0.152 0.122 0.125 0.1252 0.132 0.1252
Divergence 0.2 0.157 0.1336 0.167 0.127 0.140 0.1306 0.147 0.1106
0.01 0.144 0.1215 0.124 0.104 0.112 0.1125 0.124 0.1125
100 0.1 0.132 0.1232 0.132 0.112 0.125 0.1052 0.132 0.1252
0.2 0.127 0.1356 0.137 0.117 0.120 0.1006 0.127 0.1206

Based on Table 1, it can be seen that the parameter estimation results using the number of subgroups
(m = 30, 50, 100) with parameters (p = 0.01, 0.1, 0. 2) under conditions of non-contaminated outliers and
contaminated outliers (A = 5%, 10%, and 20%), shows that the parameter estimation pgy; has a smaller bias
value when compared to the parameter estimation p; under both contaminated and non-contaminated outlier
conditions. These findings also show that the larger the number of subgroups, the better the estimation of the
generalized Kullback-Leibler divergence parameter (P gx;).
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3.2 Determination of Control Limits in g Chart

After determining the best parameter estimator Pgy;, the next step is to determine the control chart
limits based on that parameter estimator. Control limits are determined to test the sensitivity of the developed
g chart, using conventional, bootstrap, and fast double bootstrap methods. The results of determining the
control limits of the g chart for non-contaminated outlier data conditions are presented in Table 2 below.

Table 2. Control Limits of the g Chart Based on Conventional, Bootstrap, and Fast Double Bootstrap Methods

Non-contamination outliers

Probability Control limits m=30 m=50 m=100

UCL LCL UCL LCL UCL LCL

Conventional 1674 0 3657 0 5485 0

p=0.01 Bootstrap 1534 0 3527 0 5450 0
Fast Double Bootstrap 1517 0 3501 0 5430 0
Conventional 248 0 374 0 317 0

p=0.1 Bootstrap 224 0 361 0 312 0
Fast Double Bootstrap 229 0 360 0 311 0
Conventional 92 0 178 0 224 0

p=02 Bootstrap 83 0 173 0 215 0
Fast Double Bootstrap 81 0 177 0 214 0

Based on Table 2 in the simulation study results of no contamination outliers, it shows that the control
limits of the g chart based fast double bootstrap are more sensitive, the number of subgroups (m = 30, 50,
100), when compared to other control limit methods. Furthermore, the results of determining control limits
for 10% contamination outlier data conditions are presented in Table 3 below.

Table 3. Control Limits of the g Chart Based on Conventional, Bootstrap, and Fast Double Bootstrap Methods

Contamination outliers 10%

Probability Control limits m=730 m=50 m=100

UCL LCL UCL LCL UCL LCL

Conventional 4892 0 3015 0 6598 0

p=0.01 Bootstrap 4461 0 2902 0 6509 0
Fast Double Bootstrap 4374 0 2909 0 6501 0
Conventional 289 0 334 0 444 0

p=0.1 Bootstrap 259 0 326 0 437 0
Fast Double Bootstrap 256 0 323 0 437 0
Conventional 60 0 150 0 247 0

p=0.2 Bootstrap 54 0 145 0 242 0
Fast Double Bootstrap 53 0 143 0 241 0

Based on Table 3, the results of the simulation study of 10% outlier contamination data show that the
control limits of the g chart based fast double bootstrap are more sensitive to the number of subgroups (m =
30, 50, 100) compared to other control limit methods. Furthermore, the results of determining the control
limits for the 20% outlier contamination data condition are presented in Table 4 below.

Table 4. Control Limits of the g Chart Based on Conventional, Bootstrap, and Fast Double Bootstrap Methods

Contamination outliers 20%

Probability Control limits m=30 m=50 m=100

UCL LCL UCL LCL UCL LCL

Conventional 3229 0 8242 0 7222 0

p=0.01 Bootstrap 2952 0 8004 0 7092 0
Fast Double Bootstrap 2939 0 8005 0 7065 0

Conventional 197 0 180 0 552 0

p=0.1 Bootstrap 174 0 175 0 542 0
Fast Double Bootstrap 162 0 174 0 529 0
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Contamination outliers 20%

Probability Control limits m=30 m=50 m=100
UCL LCL UCL LCL UCL LCL
Conventional 142 0 283 0 238 0
p=02 Bootstrap 131 0 269 0 235 0
Fast Double Bootstrap 128 0 268 0 235 0

Based on Table 4, the results of the simulation study of 20% outlier contamination data show that the
control limits of the g chart based fast double bootstrap are more sensitive to the number of subgroups
(m =30, 50, 100) when compared to other control limit methods.

3.3 Comparison of Sensitivity in the Control Limits of the g Chart

Comparison of the sensitivity of control limits using conventional, bootstrap, and fast double bootstrap
methods to determine the number of events that are out of control. The sensitivity comparison in this study
was conducted using 30 and 100 subgroups, with contaminated and non-contaminated outlier data conditions.
The results of the sensitivity comparison of control limits for the number of subgroups m =30 and p = 0.01
are shown in Table 5 below.

Table 5. Comparison of the Number of Out-of-Control Points with m =30 and p = 0.01
Number out of control

Eg;?nn;;ts; Control limits Non- Outliers Outliers
Contamination 10% 20%

Conventional 1 1 2
Truncation Bootstrap 1 3 3
Fast Double Bootstrap 1 4 4
Generalized Kullback Conventional ! ! 2
Leibler Divergence Bootstrap 2 4 4
Fast Double Bootstrap 2 4 5

Based on Table 5, it shows that the number of out-of-control points for non-contaminated outlier data
on the g chart using conventional control limits is 1 out of control, bootstrap is 1 out of control, and fast
double bootstrap is 1 out of control. Furthermore, for 10% contaminated outlier data, it shows that
conventional control limits have 1 out of control, bootstrap has 3 out of control, and fast double bootstrap has
4 out of control. Furthermore, for 20% contaminated data, it shows that conventional control limits are 2 out
of control, bootstrap is 3 out of control, and fast double bootstrap is 4 out of control. These findings show
that fast double bootstrap-based control limits are more sensitive when compared to other control limit
approaches. This is because the fast double bootstrap-based control limits produce more out-of-control events
compared to other control limits, both in contaminated and non-contaminated outlier conditions. Furthermore,
the results of the comparison of the sensitivity of control limits for the number of subgroups m = 100 and p
=0.01 are shown in Table 6 below.

Table 6. Comparison of the Number of Out-of-Control Points with m =100 and p = 0.01
Number out of control

E:;ii::it :::; Control limits Non- Contamination Contamination
Contamination 10% 20%

Conventional 1 1 2
Truncation Bootstrap 1 2 3
Fast Double Bootstrap 2 4 4
Generalized Conventional 1 1 3
Kullback Leibler Bootstrap 1 4 4
Divergence Fast Double Bootstrap 2 4 5

Based on Table 6, it shows that the number of out-of-control points for non-contaminated outlier data
on the g chart using conventional control limits is 3 out of control, bootstrap is 3 out of control, and fast
double bootstrap is 3 out of control. Furthermore, for the 10% contaminated outlier data, it shows that the
conventional control limits are 4 out of control, bootstrap is 4 out of control, and fast double bootstrap is 5
out of control. Furthermore, for 20% contaminated data, it shows that conventional control limits are 3 out of
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control, bootstrap is 4 out of control, and fast double bootstrap is 5 out of control. These findings show that
the fast double bootstrap-based control limits are more sensitive when compared to other control limit
approaches. This is because the fast double bootstrap-based control limits produce more out-of-control events
when compared to other control limits, both in contaminated and non-contaminated outlier conditions.

3.4 Empirical Study

Maritime transport plays an important role in supporting global economic growth, with around 90% of
world trade carried out by sea. Every day, millions of containers move from one port to another. However,
there are still major challenges related to shipping safety, especially in container transport. Recognizing the
importance of this issue, the International Maritime Organization (IMO) established amendments to the 1972
International Convention for the Safety of Life at Sea (SOLAS), which is an important regulation and a key
foundation for maintaining international shipping safety. This amendment requires every container to be
loaded onto a ship to have a Verified Gross Mass (VGM) document, which is enforced globally.

The container terminal under PT. X plays a strategic role in both national and international logistics
flows. One of the important activities at the TPS is the receiving process, where each container must undergo
physical weighing to ensure the accuracy of the VGM document. Container VGM documents, which include
the total weight of cargo, packaging, and containers that have been accurately verified, are crucial data in
container terminal operations. VGM is not only used for service cost calculations, but also as a guarantee of
shipping safety.

The implementation of VGM at TPS serves as an effort to mitigate the risk of accidents on land and at
sea. Some of the main benefits of implementing VGM include improving ship safety, preventing accidents at
ports, and reducing the risk of economic losses. However, in practice, there are often discrepancies between
the physical weighing results at the TPS and the weight data listed on the Container Announcement Message
(COPARN) document from the service user. These discrepancies not only have a financial impact, as they
can affect the calculation of service costs and company profits, but also have a serious impact on shipping
safety due to the risk of ship load imbalance.

Even though container terminals use high-quality measuring instruments, inaccuracies in recording
container weights between TPS and Shippers in VGM documents still frequently occur. This has led to
complaints from service users because it results in additional costs that must be paid for every kilogram of
difference. Technical measures such as routine calibration, maintenance, and procurement of new equipment
can help, but they are not entirely effective. Therefore, statistical quality control is needed to monitor the
stability of the container weighing process and increase the trust of TPS service users. In this context, the
control chart was chosen because it is suitable for analyzing the frequency of inaccuracies (number of
incidents/differences) that follow a geometric distribution, thus complementing the limitations of the
technical approach even though the measuring instruments used are of high quality.

Table 7. Number of Itmes Until a Nonconforming Item

Defect Number Defect Number Defect Number
Sequence of Items Sequence of Items Sequence of Items
1. 229 22. 307 43, 297
2. 361 23. 430 44. 422
3. 483 24, 441 45. 644
4. 515 25. 408 46. 671
5. 443 26. 419 47. 624
6. 86 27. 152 48. 129
7. 185 28. 286 49. 208
8. 399 29. 392 50. 307
9. 362 30. 346 51. 408
10. 493 31. 447 52. 620
11. 456 32. 473 53. 650
12. 491 33. 452 54, 394
13. 109 34, 141 55. 120
14. 301 35. 345 56. 296
15. 368 36. 362 57. 443
16. 397 37. 401 58. 530
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Defect Number Defect Number Defect Number
Sequence  of Items  Sequence of Ttems Sequence of Items
17. 411 38. 477 59. 431
18. 454 39. 498 60. 547
19. 430 40. 334 61. 530
20. 130 41. 62 62. 166
21. 267 42. 273

The research variable in the application of the g chart in VGM services at PT. X is to monitor the
number of containers weighed until the first discrepancy is found between the weight stated in the VGM
document and the weighing results carried out by the service user. This variable was chosen because it is in
line with the characteristics of the geometric distribution in the g chart, where the focus of observation is on
the number of container trucks monitored until a discrepancy in container weight between PT. X and the
service user arises.

Sampling in this study was conducted by PT. X over a three-month period, from June to August 2025.
The samples collected were the differences between the gross weight of the containers listed on the VGM
documents reported by the shipping line and the results of reweighing conducted at the TPS. Every container
entering the TPS must undergo a gross weight verification process. The initial data was obtained from the
VGM documents submitted by the shipping line. Meanwhile, the comparative data came from the reweighing
results using official weighing facilities at PT. X. The difference between the two data sets was then recorded
as the research sample value to be analyzed further. The data structure used in this study presented the
container weight for each observation unit. Based on the calculation results using the parameter estimator
Dgr1»> the control limits for the g chart results were then determined as follows.
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Figure 2. g Chart with Control Limits Using the Fast Double Bootstrap Method

Based on Fig. 2, it shows that container weighing by PT. X with service users is still under control.
This study successfully evaluated the effectiveness of quality control in maintaining container weighing
service quality standards. In general, the findings in this study indicate that the fast double bootstrap-based
control limits have advantages over other control limits, both in non-contaminated and contaminated outlier
conditions.

4. CONCLUSION

Estimation of generalized Kullback-Leibler divergence parameters (9y;;) [shows better performance
compared to truncation parameter estimation (p;), both in conditions contaminated with outliers and non-
contaminated with outliers. The control limits of the g chart set using the fast double bootstrap method proved
to be more sensitive than the existing control limits, both in conditions with contaminated outliers and
without. The results of monitoring container weighing at PT. X show that the process is still under control.
Further research is recommended for the development of multivariate g charts and testing them in various
sectors such as health, the environment, and so on.
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