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Abstract. Port container terminals play a vital role in global trade, necessitating effec-
tive analysis techniques to optimize operational processes. Process mining methodologies
have been widely employed for this purpose, but most existing approaches rely on single-
point timestamps, lacking detailed information on activity durations. To overcome this
limitation, this paper proposes a new methodology that utilizes the PERT-Beta Distribu-
tion to determine a double-point timestamp event log from an organization’s traditional
database. By incorporating double-point timestamps, the proposed methodology provides
a more comprehensive understanding of activity durations. The PERT-Beta Distribution
calculates the mean and variance of time for each activity by considering optimistic, most
likely, and pessimistic time estimates, along with shape parameters alpha and beta. This
approach accounts for uncertainty and enables effective management of project comple-
tion time. Additionally, the paper presents a process model discovered using an algorithm
based on the double-point timestamp approach. To validate the proposed methodology,
real-world data from Terminal Operating Systems (TOS) in Surabaya, Indonesia, are
utilized. This research contributes to the field by enhancing process mining techniques
through the introduction of a novel methodology that incorporates double-point times-
tamps and leverages the PERT-Beta Distribution. The case study conducted on a port
container terminal provides practical insights for improving operational processes and
efficiently managing project completion time.
Keywords: Double timestamp event log, Conformance checking, PERT-Beta Distribu-
tion, Port container terminal, Process discovery, Process mining

1. Introduction. Process mining analysis relies on event log data, which should include
essential elements for analyzing a process model based on real assumptions [1,2]. These
elements typically include Case ID, Activity, and Timestamp. These three elements enable
a process-oriented perspective on the data [3,4].

Initially, event logs can be categorized as single-point timestamp event logs, where on-
ly one timestamp is recorded for each event [5]. While it is still possible to analyze the
time between two process steps using a single timestamp, it is impossible to determine
the duration of each activity accurately. This limitation results in the processing time
appearing instantaneous. To overcome this, it is crucial to have both start and end times-
tamps for each activity, which leads to the concept of a double-point timestamp event log
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[5]. There are several advantages to using double-point timestamps. Firstly, in a parallel-
containing model, a single-point timestamp requires twice the number of traces compared
to a double-point timestamp. With a single-point timestamp, a minimum of n+ 1 traces
is needed, while a double-point timestamp only requires (n/2) + 1 traces, where n repre-
sents the number of parallel activities [6]. Secondly, while single-point timestamp event
logs rely on reciprocal relations to determine parallel relations, double-point timestamp
event logs utilize time intervals or activity lifespans [6]. Based on these advantages, ac-
cording to process mining standards, we automate the transformation of an organization’s
traditional databases (e.g., CSV databases) into event logs.
In this paper, we propose a method that utilizes the beta distribution to define double-

point timestamps for each activity in the event log, specifically when the organization’s
data only contains single-point timestamps for grouped activities. The beta distribution
technique allows for the recognition of uncertainty and effective management of project
completion time [7]. This method is particularly suitable for capturing the random be-
havior of proportions in our case study of a port container terminal. Furthermore, once
all three requirements for an event log are fulfilled, our approach leverages double-point
timestamps in the process discovery phase. While several process discovery algorithms
exist, such as alpha miner, genetic process miner, and inductive miner, none of these
algorithms have incorporated timestamps in the discovery of process models. Sequential
approaches still prevail. Lastly, conformance checking is utilized to evaluate the quality
of the discovered process model [3,8]. Based on our proposed methodology which assesses
the fitness, precision, and structural appropriateness between the event log and the refined
process model, we assert with confidence that the proposed method effectively identifies
a process model that faithfully represents the intricacies of the event log.
The structure of this paper is as follows: Section 2 discusses related work, Sections

3 and 4 present the proposed methodology and experimental results, respectively, and
Section 5 provides concluding remarks.

2. Literature Review.

2.1. Event log and process model. Process mining has the potential to enhance the
mapping of processes, leading to improved process performance. This is achieved through
the ease of creating, evidence-based, unbiased, and adaptable process maps in various in-
dustries, including healthcare institutions [9-11], manufacturing firms [12,13], automotive
companies [14], the study of time-resolved gene expression in biology [15], analysis of web-
site user behavior [16], and can also be integrated with advanced technologies such as deep
learning [17], streaming process [18], and robotic process automation [19] to achieve supe-
rior outcomes. However, all these studies relied on single-point timestamps and sequential
approaches.
In this study, we distinguish between two types of process models based on their use:

standard process model and refined process model. The standard process model defines
the essential elements that should be integrated into any process definition. On the other
hand, the refined process model is derived from the analysis of both the standard process
model and event logs.
To illustrate the difference between single-point and double-point timestamps, we refer

to Figure 1. The event log, denoted as EL(A), presents two sample traces consisting of
five activities along with their respective execution durations. By observing the traces, we
can easily identify that in Trace 1, activities “a” and “b” should be in a parallel relation,
as well as activities “c” and “d”. Consequently, activity “a” is followed by activities “c”
and “d”, while activity “b” is followed by activity “d”, and activities “c” and “d” converge
to activity “e”. In Figure 1(A), a refined process model using single-point timestamps
(only the Finish event type) is depicted. This model fails to capture the parallel relation
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Figure 1. Sample of event log and process models

between activities “a” and “b”, as well as between activities “c” and “d”, which is evident
in EL(A). However, when employing double-point timestamps, as illustrated in Figure
1(B), the refined process model effectively represents the parallel disjunctive state of
activities “c” and “d”. This is observed through traces where activity “a” follows activity
“c” without the occurrence of activity “d” within the same trace. Furthermore, this model
simplifies the process representation by assigning a single activity for two events.

2.2. Beta distribution and PERT. The Beta distribution, defined on the interval
[0, 1] and typically denoted by α and β, is extensively utilized across various disciplines to
analyze the behavior of random variables with finite intervals [20]. Its probability density
functions, cumulative density functions, moment generating functions, and expectations
and variances are explained in [7,20].

The Beta distribution can be found in numerous applications, including Bayesian hy-
pothesis testing, the rule of succession, task duration modeling, and project planning
control systems such as the Critical Path Method (CPM) and Program Evaluation and
Review Technique (PERT) [7,21]. In PERT, all activities are considered independent
random variables with beta distributions, parameterized by three time estimates: the
optimistic time (a), the pessimistic time (b), and the most likely time (m) [7,21].

3. Proposed Methodology. In this section, we present our approach, encompassing the
definition of double-point timestamps, process model discovery, and conformance checking
as an evaluation of the refined process model. An overview of the proposed methodology
is depicted in Figure 2.

Figure 2. Proposed methodology
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3.1. PERT-Beta Distribution. The PERT-Beta Distribution is employed to define
double-point timestamps for each activity in the event log, specifically when the organi-
zation’s data contains only timestamps for grouped activities. The methodology involves
the following steps.

1) Calculate the optimistic time (a) which represents the fastest execution time, most
likely time (m) which denotes the average execution time of an activity, and pessimistic
time (b) which indicates the longest execution time for each activity in the event log.
The estimated execution time of activity A is obtained by subtracting the single-point
timestamp of activity B from activity A. The process optimization is carried out using
Lingo tools.

2) Determine the shape parameters of the beta distribution, alpha (α) and beta (β), the
expected time duration (mean), variance, probability density function, and cumulative
probability function [9] for each activity in every case ID.

3) Calculate the Earliest Start Time (ES) and Earliest Finish Time (EF) based on the
forward pass technique. Similarly, determine the Latest Finish Time (LF) and Latest
Start Time (LS) using the backward pass technique. Additionally, calculate the Total
Float (TF) or slack [10] for each activity, as well as identify the critical path for each
case ID. We also need to determine the minimum and maximum project time duration
for each possible relationship, including symmetries and asymmetries (left skewed or
right skewed).

4) Calculate the overall project completion time for all case IDs in the event log.

3.2. Process model discovery. After obtaining the double-point timestamp event log
using the PERT-Beta Distribution, the process model discovery phase is initiated. Process
model discoveries based on activity lifespan have been introduced by [22] and [23]. A series
of definitions are used to develop an algorithm that describes how activities are related in
an event log, e.g., before, meets, overlaps, contains, equals, and has the same start time,
and has the same end time [11]. However, there are no distinctions between OR and AND
in the original algorithm. In this study, we modify the algorithm to distinguish between
OR and AND relations (shown in steps 3-5).
The modified algorithm is depicted in Figure 3. The process involves several stages.

Initially, it consists of compiling a list of all input and output activities for each trace.
Following that, it entails categorizing the sequence and parallel relationships. It concludes
with the presentation of the comprehensive activity relationships within the event log.

Figure 3. Process model discovery algorithm
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3.3. Conformance checking. To validate the proposed methodology, three types of
scoring are used to measure fitness [8] with Equation (1), precision (behavioral appro-
priateness) [3] with Equation (2), and structural appropriateness [3] with Equation (3)
between the event log and the refined process model. We follow the modification of the
appropriateness concept as introduced by [22,24], in accordance with the double-point
timestamp concept.

Qf =
casesCaptured

casesLog
(1)

b(G,L) =
| →G ∩ →L |+ |∥G ∩ ∥L|

| →G ∪ →L |+ |∥G ∪ ∥L|+ 1
(2)

s(G,L) =
|NL|+ 2

|NG|
(3)

where Qf : fitness value; casesCaptured : cases parsed in the process model from the event
log; casesLog : amount of cases recorded in the event log; G: a process model; L: event
log; →G and →L: sequence relation; ∥G and ∥L: parallel relation; NL: a collection of
activity mappings within L; NG: A grouping of nodes in G (which may include activities
and gateways). For the purpose of incorporating artificial Start and End nodes, a factor
of 2 is added.

4. Results and Analysis.

4.1. Obtaining double-point timestamp using PERT-Beta Distribution. To de-
monstrate the effectiveness of our proposed methodology, we conducted experiments
using real-world data obtained from the Terminal Operating Systems (TOS) Database
of Surabaya International Port Container Terminal. The TOS Database is an informa-
tion system that generates a CSV file containing records of all processes executed in
the port container terminal. The data used in our study were collected from January
to March 2015. The TOS Database includes various attributes such as Container Key
(CONTAINER KEY), Container Type (CTR TYPE), Vessel Berthing Process (VES-
SEL ATB), Discard Date (DISC DATE), Stack Date (STACK DATE), Quarantine Pro-
cess (HAS QUARANTINE FLAG), Job Delivery Date (JOB DEL DATE), Truck In Date
(TRUCK IN DATE), and Truck Out Date (TRUCK OUT DATE), as depicted in Figure
4. We identified there are 12 traces and a total of 159,056 cases in the port container
terminal.

Figure 4. Terminal Operating Systems (TOS) Database

Initially, activity groups were stored in the TOS Database; therefore, we needed to
obtain the detailed activity lists from experts at the Surabaya International Port Container
Terminal. An example of activity groups and the detailed activity lists can be seen in
Figure 5. To transform the TOS Database, which is in the form of a CSV file, into an
event log containing Case ID, Activity, and Timestamp, we applied our proposed method
using the PERT-Beta Distribution. We followed the steps outlined in Section 3.1. The
calculation results of the PERT-Beta Distribution are presented in Table 1 and Table 2.
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Figure 5. Example of activity groups and detailed activity lists in our case study

Table 1. Calculation results of PERT-Beta Distribution

Case
ID

Activity
code

a m b
Alpha
shape

Beta
shape

Mean Variance f(x) Beta(α,β) Skewness

4453526 A 17 30 54 3.065 4.581 31.833 38.028 0.059 0.011 RIGHT
4453526 B 14 28 48 3.474 4.401 29.000 32.111 0.064 0.008 RIGHT
4453526 C 5 18 36 3.523 4.372 18.833 26.694 0.071 0.008 RIGHT
4453526 D 14 29 57 3.048 4.587 31.167 51.361 0.051 0.011 RIGHT
4453526 E 4 15 31 3.446 4.417 15.833 20.250 0.081 0.008 RIGHT
4453526 F 3 16 27 4.208 3.765 15.667 16.000 0.091 0.007 LEFT
4453526 G 3 7 14 3.151 4.551 7.500 3.361 0.200 0.010 RIGHT
4453526 H 9 14 24 2.938 4.617 14.833 6.250 0.147 0.012 RIGHT
4453526 I 2 6 11 3.681 4.270 6.167 2.250 0.243 0.008 RIGHT
4453526 J 2 9 14 4.383 3.506 8.667 4.000 0.183 0.008 LEFT
4453526 K 3 13 21 4.270 3.681 12.667 9.000 0.122 0.008 LEFT
4453526 L 4 6 11 2.595 4.671 6.500 1.361 0.318 0.018 RIGHT
4453526 M 1 2 4 2.938 4.617 2.167 0.250 0.735 0.012 RIGHT
4453526 N 5 9 14 3.681 4.270 9.167 2.250 0.243 0.008 RIGHT
4453526 O 7 15 27 3.397 4.443 15.667 11.111 0.110 0.009 RIGHT
4453526 P 7 21 62 2.367 4.669 25.500 84.028 0.041 0.023 RIGHT
4453526 Q 6 13 19 4.193 3.784 12.833 4.694 0.168 0.007 LEFT
Activity name: Document Entry via PDE (A), Vessel Berthing Process (B), Discharge Container (C), Bring
Container to Yard (D), Stack Container in Yard (E), Verification Document Behandle (F), Create Document
SPPB (G), Create Job Order Document Delivery (H), Truck in (I), Dispatch WQ Delivery to CHE (J), Determine
Container Type (K), Determining Dry (L), Decide Task before Lift Container (M), Lift on Container Truck (N),
Truck Go to Gate Out (O), Check Container before Truck Out (P), Truck Out (Q)

Table 1 displays the values of alpha (α) and beta (β) for each activity, obtained after
calculating the optimistic time (the shortest time), most likely time (the most probable
time, between the optimistic and pessimistic times), and pessimistic time (the longest
time). We also derived the mean, variance, probability density function, and beta function
for each activity. Since our case study exhibits asymmetry (m ̸= (a+b)/2), we defined the
skewness, as shown in Table 1. Table 2 presents the results of the forward pass, backward
pass, critical path, and total float (slack) for each activity. For case ID 4453526, the
average time of the case completion time was calculated as 264 hours, with a variance of
506.033 hours, and standard deviation of 22.495 hours. As the final step of the PERT-Beta
Distribution, we obtained the double-point timestamps for each case ID in the event log,
indicating the start and finish times for each activity, as shown in Table 2. Our proposed
method enabled the definition of double-point timestamps for each activity in the event
log, even when only grouped activity timestamps were available in the CSV database.
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Table 2. Forward pass, backward pass, and double-point timestamp

Case
ID

Activity
code

ES EF LS LF
Critical
path

Slack Start time Finish time

4453526 A 0.000 31.833 0.000 31.833 YES 0 01/01/16 07:22 02/01/16 15:54
4453526 B 31.833 60.833 31.833 60.833 YES 0 02/01/16 15:54 03/01/16 21:23
4453526 C 60.833 79.667 60.833 79.667 YES 0 03/01/16 21:23 04/01/16 16:42
4453526 D 79.667 110.833 79.667 110.833 YES 0 04/01/16 16:42 06/01/16 01:14
4453526 E 110.833 126.667 110.833 126.667 YES 0 06/01/16 01:14 06/01/16 17:30
4453526 F 126.667 142.333 126.667 142.333 YES 0 06/01/16 17:30 07/01/16 09:33
4453526 G 142.333 149.833 142.333 149.833 YES 0 07/01/16 09:33 07/01/16 17:33
4453526 H 149.833 164.667 149.833 164.667 YES 0 07/01/16 17:33 08/01/16 08:33
4453526 I 164.667 170.833 164.667 170.833 YES 0 08/01/16 08:33 08/01/16 15:33
4453526 J 170.833 179.500 170.833 179.500 YES 0 08/01/16 15:33 09/01/16 00:33
4453526 K 179.500 192.167 179.500 192.167 YES 0 09/01/16 00:33 09/01/16 13:33
4453526 L 192.167 198.667 192.167 198.667 YES 0 09/01/16 13:33 09/01/16 20:33
4453526 M 198.667 200.833 198.667 200.833 YES 0 09/01/16 20:33 09/01/16 23:33
4453526 N 200.833 210.000 200.833 210.000 YES 0 09/01/16 23:33 10/01/16 09:33
4453526 O 210.000 225.667 210.000 225.667 YES 0 10/01/16 09:33 11/01/16 01:33
4453526 P 225.667 251.167 225.667 251.167 YES 0 11/01/16 01:33 12/01/16 03:33
4453526 Q 251.167 264.000 251.167 264.000 YES 0 12/01/16 03:33 12/01/16 16:33

4.2. Process model discovery and quality evaluation. We proceeded with process
model discovery to uncover a refined process model based on the obtained double-point
timestamps, which accurately reflects the business process model of the port container
terminal. We executed the algorithm presented in Figure 3.

Following the execution, the refined process model is presented using the Petri Nets
notation in YAWL for all 159,056 cases of the event log, as depicted in Figure 6. Our case
study’s refined process model incorporates both sequential and XOR parallel relations,
showcasing the predetermined activity order and parallel execution branches, respectively.

Activity Label: Document Entry via PDE (A), Vessel Berthing Process (B), Discharge Container (C), Bring Con-
tainer to Yard (D), Stack Container in Yard (E), Verification Document Quarantine (F), Create Job Order Document
Quarantine (G), Bring Container from Yard to Quarantine (H), Stack Container in Quarantine Area (I), Check Goods

Quarantine (J), Create Document KH/KT (K), Send Certificate KH/KT Info (L), Stack Container in Yard from
Quarantine (M), Verification Document Behandle (N), Create Job Order Document Behandle (O), Bring Container
from Yard to Behandle (P), Stack Container in Behandle Area (Q), Check Goods Behandle (R), Create Document

LHP (S), Stack Container in Yard from Behandle (T), Create Document SPPB (U), Create Job Order Document
Delivery (V), Truck In (W), Dispatch WQ Delivery to CHE (X), Determine Container Type (Y), Determining Dry
(Z), Determining Refeer (AA), Determining Uncontainer (AB), Decide Task before Lift Container (AC), Prepare Tools
(AD), Unplug Refeer Cable (AE), Lift on Container Truck (AF), Truck Go to Gate Out (AG), Check Container before

Truck Out (AH), Truck Out (AI)

Figure 6. Refined process model



68 Y. A. EFFENDI AND M. KIM

Subsequently, the proposed methodology is rigorously validated through the quantifi-
cation of fitness, precision, and structural appropriateness, which assess the congruence
between the event log and the refined process model using Equations (1), (2), and (3).
The outcomes of this conformance checking process are summarized in Table 3. Based on
these results, we assert with confidence that the proposed method effectively identifies a
process model that faithfully represents the intricacies of the event log.

Table 3. Results of conformance checking

Conformance checking Figure 6 (Refined Process Model)
Fitness 0.894

Precision (Behavioral Appropriateness) 0.917
Structural Appropriateness 0.925

To sum up, our approach focuses on introducing an alternative methodology that dis-
covers process models by considering an activity and both its start and finish duration by
applying PERT-Beta Distribution to determine double-point timestamps event log from
single timestamp event log of a company’s database. Therefore, based on our experiments,
we can identify certain drawbacks associated with single-point timestamps as opposed to
double-point timestamps, particularly concerning the number of traces employed and the
differentiation of parallel gateways in the context of a model that includes parallel pro-
cesses.

5. Conclusions. The transformation of an organization’s conventional database into a
standardized event log holds significant importance within the realm of process mining,
as it serves as the initial step in a comprehensive series of processes aimed at analyzing
a refined process model that accurately reflects a standard process. In this paper, we
have presented a unique approach that employs the PERT-Beta Distribution to gener-
ate a double-point timestamp event log. While this method focuses solely on the time
required for executing a single case in a process, encompassing optimistic, most likely,
and pessimistic times, it does not account for other factors such as crash time, normal
cost, or crash costs associated with individual cases within the process. Furthermore,
utilizing the double-point timestamp, we have successfully derived a refined process mod-
el. The conformance checking results of our case study, based on real-world data from a
port container terminal, demonstrate that our proposed methodology exhibits favorable
fitness, precision, and structural appropriateness. As we look ahead, our future work will
involve incorporating dispatching rules specific to port container terminals, addressing
the demands of Industry 4.0, which promotes enhanced flexibility and dynamism within
production systems.
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