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Abstract— Logistics processes are characterized by a high
degree of complexity, dynamics, diversity, and human-
centricity. The reasons are manifold - product complexity,
unexpected events (such as strikes, weather conditions,
accidents, etc.), and the high number of participants in the
logistics processes. Improving our understanding and making
the process more transparent can help to avoid risks and
increase performance. The main purpose of this paper is to show
a practical application of process mining in the specific domain
of seaport terminals. We apply process mining techniques to
real port data and discover process models without a priori
knowledge. A new framework for the improvement of process
mining results using context-aware information in terms of
seaports is proposed.

Keywords— logistics processes, seaport terminal, process
modelling, context awareness

INTRODUCTION

Logistics is a constantly developing field. It is more and
more insufficient to improve only infrastructure of
transshipment points and to make decisions based on
established statistics methods as the amount of transshipped
goods has grown significantly in recent years. Nowadays,
there are prerequisites for using more powerful mining
methods. Port Communication systems, the single window
concept, fully automated terminals (e.g. Maasvlakte2 in the
Netherlands), embedded ERP and other information systems
can provide stakeholders with necessary information about
ongoing processes. Simultaneously, they provide various
kinds of collected data which can be used to acquire valuable
knowledge that can be used further for process monitoring,
optimization, bottlenecks detection, forecasting, and risk
assessment.

The process mining approach offers new and more
effective options to deal with the above-mentioned challenges.
They extract knowledge from event logs collected during
activities in business processes and present the discovered
knowledge in the form of process models. A business process
is composed of various activities or tasks that creates values
for products and services. Dynamic change in the business
environment requires adaptive and flexible business processes
in order to compete in the market. As a result, the actual
business processes are not strictly following a single process
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model. Business processes in the real world have a very high
number of variants in order to achieve customer needs.

The discovered process model from process mining
reflects a real process model (descriptive model) and its
variants with the possibility of extension (scaling process),
determination bottlenecks (traffic jam), detection of
deviations to enable operational responses, and representation
of different perspectives (control-flow, resources,
performance). Also, the model can be used as a basis for
prediction and decision-making systems. Advantages of real
process models in terms of seaport logistics are as follows:

. Process models make the process transparent for
customers, stakeholders, port authority, and other participants
ofthelogisticsprocess. Process transparency canimprove our
understanding of the chain of the nautical handling process of
maritime ships around seaports.

e Performance analysis does mnot only detect
bottlenecks within the process but also determines the causes
of their occurrence. Therefore, analysis of the discovered
process model can lead to a decrease in waiting time and the
intensity of the exploitation of available port resources, which
also affects the processing cost.

Process mining has been deployed successfully in many
studies and real application in various domains such as
healthcare [1], software development [2], and education [3].
However, there is a limited amount of studies regarding
process mining in logisticsand only a few cases in logistics
application. Therefore, this research objective is to discuss the
application of process mining, its advantages, as well as the
challenge in the logistics domain. First, we present the process
mining state of the art in Section2. In Section 3, we discuss
the application of process mining in logistics processes from
exploring the related works. Afterwards, we evaluate the
applicationof process mining technique usinga real case from
logistics in Section4. In Section 5, we draw a conclusion and
present a framework for the future research direction of
process mining in the logistics.



PROCESS MINING

Process mining is a multi-disciplinary approach which
encompasses several domains such as computer science,
business process management, and mathematics. The goal of
process mining is to extract knowledge from event logs to
discover, monitor, and improve real processes. In business
practice, prescribed models often deviate from what actually
happens [4].

Process mining is categorized into three main types: (1)
process discovery, (2) conformance checking, and (3)
enhancement.

Process discovery is the fundamental task for process
mining. Process discovery techniques generate process
models reflecting the actual processes. These models provide
specific information such as the process bottleneck, the
delays, or process deviation [5]. In theory, process discovery
is highly useful for flexible environments as it provides
valuable information about the actual process at hand. There
are several process discovery techniques such as alpha-
mining, heuristic mining, fizzy mining, and inductive mining.
However, many studies reviewed that process discovery
methods encounter challenges when they have to deal with
complex and flexible business processes [6], [7].

While process discovery aims at automatic extraction of a
process model from event logs, process conformance focuses
on the alignment between the actual process and its model.
Several studies reveal that models often deviate from reality.
For example, in order to react in urgent situations, processes
require flexibility to take corrective actions [4]. Conformance
checking illustrates where the actions and activities are
altered. This kind of information can be used to improve
business processes to be more corresponding with the real
world. Meanwhile, in some cases, is it crucial to assure that
the actual procedure is aligned with the model such as
detecting abnormal processes or fraud. In this context,
conformance checking methods could reveal alignment
between actual procedures and models.

The thirdtype is enhancement. The discoveredmodelscan
be used in further analysis such as finding bottlenecks and
optimizing resource allocation. Furthermore, combining
process mining methods with other methods is possible to
achieve the objective of the task. The concept of data mining,
statistical, and machine learning can be integrated to discover
specific questions. For example, standard classification
methods can be applied to find the decision point in a process
model [8]. Moreover, integration with other methods can be
used for prediction and recommendation at runtime.

A. Eventlog

Even logs are the input for process mining methods.
Today’s businesses produce an enormous amount of data,
particularly generated by the use of information systems.
These information systems automatically record activities
during operational works in event logs. Event logs are
sometimes also called historical data, audit trail, transaction
log, etc. An event log contains sequences of events and their
properties.

Each event refers to an activity which is related to a single
process, often called as ‘case’ or ‘process instance’. An event
generally includes time stamps of the event such as start time
and end time. The event within a case needs to be ordered,
normallyby time stamp. It may include additional information
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such as originator, resource, cost, etc. Assuming that an event
log represents a particular process, we can describe an event
logas follows;

e A process consists of cases, and each case can be

identified by ‘case ID’

A case consists of at least one event, and each event
only relates to one particular case.

Each event refersto an activity.
Events in a case must be ordered.

Process properties refers to additional information
which are related to process instance.

In this study, we use context-aware information which
refers to process properties and other additional information
related to the behavior of the business process.

B. Process mining challenges

There are some issues regarding process discovery
algorithm. The first one is noise and incomplete data as a
common issue. In this context, noise data does not mean
incorrect data. Noise refers to the infrequent behavior or
outliers. Process discovery techniques should be able to
present the majority of traces and filter noise. The approaches
which are robust to noise are heuristic mining, genetic mining,
and fuzzy mining [9]. On the contrary, incomplete data refers
to having too little data. Similarly, in data mining and machine
learning, we cannot assume to have seen all possibilities from
training data, particularly when amount of training data is
limited.

Process models can be evaluated by various dimension.
Commonly, there are four dimensions for the determination of
the quality of the resulting models: fitness, precision,
generalization, and simplicity [9] . In this study, we do not
consider conformance checking and the obtained process
model was evaluated based on domain expert knowledge.

C. Fuzzy mining

There are some popular algorithms for discovering process
models such as alpha-algorithm [9], heuristic mining, genetic
algorithm [10], fuzzy miner, etc.

Fuzzy mining is related to heuristic mining. It aims to
extract less-structured and complex processes. The existing
approached of process mining like alpha-mining and heuristic
mining encounter problem when they have to deal with
processes fromarestrictive environment as it is often found in
reality.

In this study, fuzzy mining is deployed for our use case as
it is robust to less-structured and complex processes. As a
result, fuzzy mining is capable of providing understandable
process models from dynamics logistics processes. In
contrast, alpha-mining and heuristic mining often encounter
problems when they have to deal with processes from flexible
environments. The resulted models from these algorithms
when mining these types of process are unstructured and hard
to comprehend, resulting in so-called “spaghetti models”.
Fuzzy mining provides a high-level view on process and
abstract from undesired details.

Fuzzy process mining involves in identifying two
fundamental metrics, significance and correlation [11]. The
significance metrictakes the frequency of events into account.



The events which are more frequent are more important. The
correlationmetricisusedto determine howcloselyrelated two
events following one another are. The highly significant
activities are contained in the simplified model. The less
significant activities but highly correlated are integrated and
present as a cluster in the simplified model. The less
significant and weakly correlated activities are removed from
the simplified model.

Three metrics are used for measuring significance and
correlation: unary significance, binary significance, and
binary correlation. Unary significance is composed of two
primary metrics.

The first one is frequency significance which measures
how often a certain event class was observed in event log.
Another metric is routing significance. It helps to identify
important routing nodes. For instance, the higher the number
ofthe difference betweenthe incomingarcs and outgoingarcs,
the more important the node is in terms of routing.

Binary significance relates to a precedence relation
betweentwo event classes, whichcan be used forselecting the
edges that will be included in simplified process models. The
frequency metric can be used to identify the relationship
between two event classes. The more frequent two classes are
observedin eventlogs in a sequence, the more significant their
relationship is. Another metric that can be used to identify
relationship is distance significant that is used for isolating
behavior of interest.

Binary correlation measures the distance of events in a
precedence relation, for example, how closely related two
events followingone another are. Binary correlationis the key
indicator used for the decision between aggregation and
abstraction of less-significant behavior.

Let N be the number of nodes in a process model, and let
the matrix sig: N X N, be a relation assigned to each pair of
nodes A,B € N. The relative significant of their ordering
relationis as follow.

sig(A.B) 1 sig(A.B)
erNSig(A,X)) + 2 (ZXENSig(X'B)) )

Relative significance can be used to determine the offset
between both (AB) and (B,A) relations’ relative
significances. For example, the offset gap can be express as
follow.

rel(4,B) = %(

ofs(A,B) =|rel(A,B) —rel (B,A)] (2)

Relative significance, offset between A,B € N, and
thresholds can be used to identify the relationship between
nodes and edges of the process models.

For example, if rel(A,B) and rel(B,A) exceed a
specified preserve threshold value, (A,B) and (B,A) will be
preserved for the simplified process models.

Or, in the case of one of conflicting relation’s relative
significance is below this threshold and ofs(4,B) also
exceeds the specific ratio, the relative significance of both
conflicting relations differs. Thus, we can remove the less
significant relation out of the simplified process model.

Otherwise, i.e. if at least one of the relationships has a
relative significance below the preservation threshold and
their offsetis less than the ratio threshold, both relations can
be determined as concurrent. However, both edges are
removed from the simplified process models as they do not
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meet the factual ordering relation. The algorithm is
implemented in various software such as Disco, Prom,
Celonis.

RELATED WORKS

Logistics industries require processes analysis for
continuous improvement due to the increase of the flexibility
requirements from the end customers. There are several cases
where process mining is deployed in order to take a decision.

In the work of [12], the authors proposed the methodology
for process mining to acquire logistics intelligence for a
Chinese bulk port. They gathered event logs from logistics
system as well as additional information to enhance the
knowledge in other perspectives. As logistics data may not
always come readily formatted from workflow management
systems, initial steps before applying process mining
techniques are required, such as log extraction and
preprocessing data. Afterward, process mining techniques
were deployed for process discovery, conformance checking,
and process performance analysis. The results presented that
process mining is capable of providing opportunities for
decision support for logisticians. Process mining can be used
to enhance logistics process transparency, support the internal
control of logistics firms, and improve logistics performance.
As well as in the work of[13], process mining algorithms were
deployed to discover the actual process of ship entry
processing at the oil terminal. The discovered process models
revealed the deviations and the bottlenecks which are used for
process improvement and for findingsolutions. While mostof
the studies were devoted to enhancing process transparency,
the work of [14] explored the relationship between business
processes and process properties from the event logs. The
authors deployed Naive Bayesian to analysis the relationship
between process properties (e.g., the number of process
instances which compete for the same resources and the
process lead time of the previous process instance) and
process performance (process lead time). They concluded that
process properties could be useful for enhancing process
knowledge. However, in order to answer specific questions,
selecting the adequate process properties is crucial.

USE CASE

D. Scenario

The matter of process optimization in logistics through
new mining methods remains relevant. The reasons for
applying process mining include the following: reducing the
idle time of ship handling, improving of key performance
indicators, maximizing the employment of port resources, etc.
There are usually basic patterns of work and people from
industry are not willing to waste their time without previously
known results. Analyzed process models strongly depend on
different scenarios inlogistics. In case of transport logistics,
we can define different cases such as ships, warehouses,
containers, documents, forwarders, terminals. For our study,
the ship handling process was chosen to present possibilities
of applying process mining techniques.

The ship handling process at an oil terminal is supposed to
be clear and straight. However, it remains a black box for
analysts. There are many simulations and normative models
to understand what the ship-handling process is, but most of
them do not focus on reflecting the real/descriptive model.
Using algorithms of process mining and data from timesheets,
the real process model can be constructed. The real process



model can be used for audit (comparing normative and real
models, finding deviations), training new workers, creating
ship-scheduling, prediction ofthreats, detection of bottlenecks
and their causes, and also for recommendation of
countermeasures.

E. Eventlog

An event logusually contains four important parameters:
case id, activities, and timestamps (startand end time for the
activity). For further analysis, an event log can be enriched
with an information about process attributes such as costs,
operators, ship sizes, weather conditions, etc. In our case, an
event log (Table 1) is created based on the information from
port documents — timesheets/statements (i.e. a detailed
chronological description of the activities of the vessel during
the stay in a port: arriving, taking the sea pilot on-board,
hailing in, mooring, preparing for the loading and unloading
operations, the actual loading and unloading operations,
unmooring, departure). For the ship-handling process, every
ship case at the terminal is referred to a case. While the
operations are activities and timestamps are start and end
times. Process mining techniques simulate process models,
extracting necessary information from event logs.

TABLE L. FRAGMENT OF THE EVENT LOG FOR SHIP-HANDLING
PROCESS
Ca§e ID/ | Events Ac?ivity/Ope Start time Fnd time
Ship case | ID rations
. 02/01/2012 02/01/2012
9997 1 Arrival 00:00 0830
05/01/2012 05/01/2012
9997 2 Nor tendered 00:00 00:01
9997 3 Piloting for | 06/01/2012 06/01/2012
mooring 18:35 19:15
Mooring 06/01/2012 06/01/2012
9997 4 maneuvers 19:15 19:50
9997 N Pﬂot.age for | 07/01/2012 07/01/2012
leaving 23:20 23:50
. 03/01/2012 03/01/2012
10000 n+l Arrival 00:00 06:30

F. Filteringdata.

The event log (see Table 1) is obtained from timesheets
documents that comprise required information about full ship
handling process at an oil terminal for subsequent financial
settlement between the ship and the port.

The data was pre-processedinorder to avoid the following
problems:

e Removing noise: ship cases with start activity “ship

arrival” and end activity “Pilotage for leaving” are
defined as a process with a normal behavior. The ship
cases that do not belong to a confidence interval are
referred to noise and outliers (for example, ship cases
with turnaround time less than 12hours or more than
22 days). In this way, problems with incomplete cases
and noise in data were partially solved. Despite the
data preprocessing, the results should be interpreted
with caution, as there can be remaining noise in the
data.

Duplicated labels: Raw data is obtained from an old
database and does not have a unified standard. For
instance, two similar operations «Weather conditions
and «Weather conditions (Other)» (or «NOR
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tendering-berth» and «NOR tendering-road») have
two different identifications. This problem could be
tackled by aggregation of operations according to
experts’ knowledge or based on international standard.
For example, two different operations «Mooring with
Operatorl» and «Mooring with Operator2» can be
combined into one operation «Mooring» and adding
additional resource parameter Operator. Reducing the
number of operations improves quality and
representation of final process model.

Anotherissue of equal importance is uncertainty in the

data. There are duplicates with different timestamps
within a case, which may affect the results of
algorithms. For example, we can find two the same
operations in one case with start and end times (1:00;
2:00) and (1:00; 3:00) respectively. This uncertainty
can be solved by help process owners or using the
common time frame that covers both times (for our
example, the operation has time (1:00; 3:00)).

G. Discover the process model

To provide insights into the process structure, a process
modelis presentedbelow. The event logis composedof2,659
ship cases, 62,245 events and 135 different
operations/activities for four years. We took data for one year
to discover the process model. Eventually, there were 324
cases and 6,405 events which means each ship case has on
average approximately 20 events. In case we show all
operations, the discovered model will be complex and
unreadable. Therefore, Figure 1 presents the most frequent
activities in the process. (Since the analyzed terminal doesn’t
have any standards for operation names, only frequent
operations were translated and others are labeled with original
names). We chose the Fuzzy miner as a suitable algorithm for
discovering the logistics process model. The process is
presented by help an oriented graph with nodes-activities and
arcs-relations between them. The first operation is always
Ship arrival, next is Nor-tendered, and the whole process is
finished with the operation Pilotage for leaving.

Numbers on arcs indicate the number of different ship
cases, which go through this part of the process. Thick arcs, in
turn, show the most common way for all cases. Moreover,
nodes of the diagram detect frequency of operations with
colors: grey nodes are less frequent operations and blue ones
are the most frequent. It is important to note that in the
obtained process model infrequent activities have been
removed and only the main flows are presented.

The process model was evaluated by dispatchers and
process owners. Therefore, we did not use Conformance
Checking in this study.

RESULT FRAMEW ORK

When building complex and unstructured processes like
logistics processes the analysts can obtain “spaghetti models”
in the end. The incomprehensible and unreadable model
cannot be used for representing real process flow to
stakeholders or for enhancement with additional process
attributes. For this specific issue of process mining, we offera
framework for logistics processes (see Fig.2) which can help
to avoid complexity in process models. We offer to use
context information according to two main types of process
mining — discovery and enhancement. By “context-aware
information” we mean characteristics which describe the



process instance. It can refer to a person, place, time,
frequency of events, operators, and other attributes of the
process. In this article, we follow a direct way in the
framework, which is marked with a solid line. Two dotted
lines show possible solutions for improving process mining
techniques in terms of logistics processes.
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Fig. I. A Common process model of the ship-handling process at the oil
terminal with the most frequentactivities (Fuzzy Miner algorithm)

Discovery type: Process Mining techniques are flexible but
strongly depend on input data. Therefore, context-
information can be used to detect sub-processes, find
relationship among process instances, and enhance the result
of discovered models in various perspectives. For example,
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in our case, we propose to use such additional parameters as
lay time (i.e. the amount of time specified in a charter party
for a vessel's loading and unloading) for building cargo
handling process or information about documents type to
discover document-flow process. Then, all the sub-process
models can be used for making different perspectives of the
general process model and avoiding “spaghetti-like models”.
Moreover, context information can provide specific point of
view for a certain objective of analysis.

Lay time
e 4 Subprocess model 1 . Making process model
| (Cargo process made\) | with d|ﬂerent
Context-aware
i i Documents
|.nfnrmat|on — — — | Subprocessmodel 2 |— J
Discover type) | (document flow PM) l |
Other data j |
== = —| Subprocess modeln [

Input data | Result
Seaport dala Process Model
(Jimcshecls, | EV ent l 0 g (dlifferent notation)
Statements) | —

Datn e Number Mining ™
pre-processing * . techniques
fties | Arning, Mooring.
B e Satandindine | ee— z
Resources Operators
Others Cost,cargo ype, weather.. Bablkeneik =
| detection
Context-aware Process attributes
information | (ship type, cargo type, weather
conditions, cost, duration time, T Domain expert
(Enhancement type) ) Optimization | | icdee
Strategies, decision '
______ and prediction rules, ¢ 3
recommendations

!

Enriched process model,
decision-support system,
recommendation system

Fig. 2. Framework for acquiring an enriched ship-handling process model

Enhancement type: For this type of process mining, we can
combine context-aware information with different data
mining and machine learning techniques. Port terminals’
activities have the multitude of information available behind
the observed process. Type of cargo, type of ship, weather
conditions, related operators, etc. — all these attributes have
inner dependencies, which can be utilized for making decision
rules, recommendationrules, andpredictions[15]. Eventually,
the main goal is to obtain an enriched process model with
different perspectives interms of a process map. The process
model reflects a real process behavior (descriptive model)
with the possibility of extension (scaling process),
determination bottlenecks (traffic jam), detecting of
deviations for the operational response, representation of
different perspectives (control-flow, resources, performance).

CONCLUSION AND DISCUSSION

Business processesare the core competence of enterprises.
Improving business and operational processes is an essential
task in logistics industries. In order to stay competitive in the
market, flexibility is required. Generally, business process in
logistics are designed beforehand. However, in real situations
there are many factors that affect and change the regular
processes to support the current conditions.

In this paper we discussed the application of process
mining in the logistics domain, especially for seaport
terminals. The real case of logistics in ship handling process



at oil terminal was explored to evaluate the application of
process mining. The obtained process map presents ship
handling process from operation Arrival to operation Pilotage
for leaving and helps to detect general process for different
ship cases.

We integrated the concept of context awareness to
enhance the performance of traditional process mining
approach. The integration of context-aware information was
illustrated in the proposed framework. The obtained process
model can be used as a basis for making recommendation,
decision-support and prediction systems. In the future work,
the proposed framework will be extended to fit various types
of logistics processes.
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