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Abstract. With regard to the recommissioning of damage caused inoperable
complex capital goods, a high logistics efficiency is a very important competitive
factor for regeneration service providers. Consequently, fast processing as well
as a high schedule reliability need to be realized. However, since the required
regeneration effort for future damages may vary and is usually indefinite at the
time of planning, capacity planning for the regeneration of complex capital goods
has to deal with a high degree of uncertainty. Regarding this challenge, the eval-
uation of prior regeneration process data by means of data mining offers great
potential for the determination of load forecasts. This paper depicts the develop-
ment of a data mining approach to support capacity planning for the regeneration
for complex capital goods focusing on rail vehicle transformers as a sample of
application.

Keywords: Capacity Planning, Data Base, Data Mining, Complex Capital
Goods, Logistics Efficiency.

1 Introduction

Complex capital goods consist of numerous expensive components [1]. Due to the high
value of goods and components, regeneration processes (maintenance, repair and over-
haul) are used to increase the product service life along with their value-adding poten-
tial [2]. Some manufacturers of complex capital goods, such as rail vehicle transform-
ers, thus additionally offer those regeneration services. However, there is a challenging
uncertainty in terms of planning and synchronizing the capacities required for the re-
generation processes that needs to be managed in order to achieve high schedule adher-
ence and reliable delivery times [1, 3]. This uncertainty is caused by the fact that the
regeneration effort varies due to the good’s condition and is usually not known when
the planning is conducted [1, 4, 5].

The increasing availability of data due to progressive digitalization provides the oppor-
tunity to gain new, valid and relevant information from extensive databases, which may



be used to support business decisions [6, 7]. Research by Eickemeyer has shown that
data mining methods may support capacity planning when there is uncertain load in-
formation. Data mining methods may be used as a tool in planning capacities by gen-
erating load forecasts regarding the anticipated expenditures for the regeneration tasks
that are to be conducted. The underlying data need to be provided by a database of
already completed regeneration orders which includes information about the damage
incident, diagnosis as well as conducted regeneration measures and the related expend-
itures. [6, 8, 9]

With regard to the knowledge discovery in data bases (KDD) process by Fayyad et al.
[8] current research is thus focused on developing a database and identify a suitable
data mining method for generating reliable load forecasts to improve capacity planning
in the regeneration of rail vehicle transformers [10].

Following the KDD process, the first step is to define the objective and identify avail-
able data [8]. During data selection, relevant data are chosen and integrated in a data-
base [9]. These data are also referred to as target data and over the course of the KDD
process, they form the core for the gained data based knowledge. In the next step, this
data is prepared and pre-processed. [8] This step is critical because the data quality
strongly influences the analysis results. During the subsequent transformation, the pre-
processed database is transformed into a suitable database schema. [11]

Following this introduction section 1, section 2 focusses on the development of the data
base model regarding the regeneration of rail vehicle transformers in detail. In this data
base all relevant data collected during the regeneration processes of prior regeneration
orders is stored. It contains information about the damage incident, diagnosis, measures
used and scope of the regeneration. In order to gain new information from this data,
section 3 describes the next step in KDD process that focuses on identifying an appro-
priate data mining approach to generate load forecasts.

Regeneration Process for Rail Vehicle Transformers

SL: Service Life, D: Damage Incident, Di: Diagnosis, B/C: Bid Estimation / Contract,
MP: Material Procurement, DA: Disassembly, R: Regeneration, A: Assembly, QA: Quality Assurance

Data Base »

Interpretation
and Evaluation

Expenditure Forecast

(((

Fig. 1. Regeneration process for rail vehicle transformers (above) and approach to support ca-
pacity planning by means of data mining (below), based on [10]



For the sample of application described in this paper, data mining is used to generate
reliable forecasts regarding the anticipated expenditures for the regeneration tasks to
support capacity planning when regenerating rail vehicle transformers. With the aid of
these forecasts, capacity requirements can be better planned and measures for aligning
capacities can be introduced early on. Since new and different information becomes
available as the regeneration process progresses, load forecasts can be re-generated over
the course of planning [6]. The determination of a suitable data mining approach to
support capacity planning when regenerating rail vehicle transformers is depicted in
section 3. Figure 1 briefly depicts the regeneration process of rail vehicle transformers
[10] and summarizes the approach of the research described in this paper.

2 Development of a Rail Vehicle Regeneration Database

In order to be able to analyze historical data and gain new information, there has to be
a relevant data basis [8, 9]. Therefore, a database of damages and corresponding regen-
eration tasks was created for rail vehicle transformers as the addressed sample of appli-
cation.

A relational database was used as a model. In contrast to a large hierarchically struc-
tured data sheet, the data in a relational database is acquired in groups for individual
topics. In technical language, these topics are referred to as entities. Subsequently, re-
lational databases are more flexible than hierarchical databases. This flexibility applies
both with regards to expanding the database and to changing its structure. [12, 13]
The regeneration database was built in accordance with the database design process
developed by Steiner [12]. The sequence of the individual steps for the selected design
process are depicted in Figure 2 and are clarified below.

Define Function: The regeneration database for rail vehicle transformers is responsible
for systematically acquiring information relevant to damages in order to generate load
forecasts and regeneration measures that are to be executed.

Form Entity Sets: The regeneration database for rail vehicle transformers is comprised
of the following entities: transformer, project information, damage incident, diagnosis
results and regeneration expenditure.

Define Relationships: The entities of a relational database can be linked with one an-
other in a number of ways. These links are defined by their relationship type. Types of
relationships result from the combination of the following types of association: simple
association ‘1’ (exactly one linked data set), conditional association ‘c’ (no or exactly
one linked data set), multiple association ‘m’ (at least one linked data set), or multiple
conditional association ‘mc’ (any number of linked data sets) [12].

Every manufactured rail vehicle transformer is assigned to a project. A project is a cus-
tomer’s collective order and consequently can include multiple transformers (1-m). A
damage incident recorded in the database belongs to exactly one transformer. Theoret-
ically, a transformer can be damaged a number of times during its lifecycle, whereby a
transformer might have to be assigned to a number of damage incidents (1-m). For the
diagnosis of damage incidents in the observed rail vehicle transformer application, the
individual analyses are only conducted when instructed by the customer. The results of



a test may in turn be identical for a number Start
of transformers (1-c). This implies, that *

there can be either a diagnosis result or no
diagnosis result for a saved damage inci-
dent and that a diagnosis result can be allo- {
cated to at least one damage incident. In

Define Function

. . . = Form Entity Sets
contrast, exactly one expenditure is regis-
tered for the repair work entailed in regen- *
erating a rail vehicle transformer, whereas - Define Relationships
the specific timespan required for the repair *
can theoretically be allocated to multiple
damage incidents (1-m). Define Identification Keys
Define Identification Keys: A clear identi- *
fication key has to be set in order to classify o
the entities and the data sets contained [~ Global Normalization
within them [12, 13]. In our sample of al- *
location, this is the transformer’s article | Define Local Attributes
number and the project number. For dam-
age incidents, case numbers are created and *
internal job numbers are used to unmistak- ~—  Formulate Consistency Requirements
ably identify the diagnosis results and ex- *
penditures.
Global Normalization: In the global nor- 7 ezt lbiz ThEEEasiiery
malization step, the conceptual data model {
is converted into a physical data model End
with corresponding spreadsheets. To do so,
auxiliary entities may be added [12]. To
concretize the diagnosis, the results of the Fig. 2. Process for designing a database
individual analyses are separately rec- [12]

orded in the database. The mechanical and

electrical tests as well as the oil test are therefore assigned separate entities. On the
relationship level, these are described as 1-c because the three named tests are con-
ducted for each individual transformer only when instructed by the customer. Conse-
quently, there can either be a result or there can be no result. The three test entities can
also be assigned different individual results and are therefore defined by a 1-m relation-
ship. Moreover, in the database, the regeneration expenditure is subdivided into four
separate auxiliary entities (winding, prefabrication, final assembly). Figure 3, depicts
the entity block diagram that results following these transformation steps. The individ-
ual entity sets are linked via so-called foreign key attributes [14].

Define Local Attributes: The local attributes describe the information that corresponds
to the entities and thus define the content of the data sets, to which specific values can
be assigned. Furthermore, as previously described, individual attributes serve as iden-
tification keys or foreign keys [12, 14]. In addition to the article number, the project
number is also given for every transformer. A project is described by both its project
number and the attributes customer and site of operation. The project number attribute



consequently is the foreign key between the transformer and project information entity
sets. The damage incidents with the identification key damage case number are further
described for example, by means of the service duration up to the time at which dam-
ages occurred. The damage categories include attributes such as module failure loca-
tion, component failure location and cause of failure. The diagnosis results entity in-
cludes the possible analyses with their corresponding results. For electrical testing, pos-
sible attributes entail results of resistance or ratio testing. The damage case number is
added as a foreign key attribute to link the entity sets damage incident, diagnosis results
and regeneration expenditure.

Project
Information
1
Re‘zl:llg:;ﬁon T o— Visual Inspection/ |[m 1| Visual /Mech.
E end Mech. Testing Inspection Results
xpenditure 1 c
1
m m 1
Prefabrication -
. . . . 1
Regeneration l_m Damage Incident L_c! Electrical Testing Elecl;rlcillt"l“ests
Expenditure esults
m m 1
1
Final Assembly Testing c . .
i . . . m 1
Regeneration Regeneration Oil Analysis OﬂRAnSlltyS]S
Expenditure Expenditure esults

Fig. 3. Entity relationship diagram for the physical data model of the regeneration database

Formulate Consistency Requirements: During this step in the design process, we had
to formulate requirements to ensure the consistency of data in the database. Among
these, is the necessity for well-defined coding [12]. Thus, for example, in the trans-
former spreadsheet, a project number can only be entered when a corresponding data
set is find in the project information spreadsheet. Moreover, the data quality can be
ensured by setting specific value ranges for the individual attributes.

Formulate Transactions: When in operation, the database is continually expanded by
all of the regeneration orders that arise. To ensure data consistency, operations need to
be defined in the form of transactions that uniquely specify entering, editing or deleting
data sets. Processually, access rights are also set for individual persons or groups [12].

3 Determination of a Suitable Data Mining Approach

According to the KDD process, once the database that is to be analyzed is created, a
suitable data mining method has to be selected [8]. In view of the targeted implemen-
tation in the industrial practice, we can derive the following criteria for selecting an
approach:



e  Forecast quality: The method should be able to generate reliable load forecasts
with a high predictive value for planning capacities.

® Robustness: The method should also be able to process incomplete input infor-
mation. This criterion is particularly relevant because usually, not all of the infor-
mation or only imprecise information about the damage incident is available at the
start of a regeneration process.

e  Scalability: The method should be applicable to a variant quantity of data in the
damages database. This requirement ensures that the method will deliver valid fore-
casts even with a growing amount of data.

e  Transparency: Users should be able to understand and interpret the application of
the method and the targeted results. This requirement should ensure that users can
identify discrepancies, for example resulting from input errors, and undertake ap-
propriate correction measures.

e  Time Expenditure: The time required for the user to prepare and operate the method
should be reasonable and proportionate to the obtained benefit.

o Flexibility: The method should be able to be adjusted to changed conditions as
quickly and easily as possible.

Within the framework of the research activities, different approaches from the fields of
statistics and artificial intelligence were examined with regard to their suitability for
determining load forecasts. Figure 4 briefly summarizes the results of our literature-
based evaluation.

Requirements not met
® Requirements met slightly
D Requirements met partially
@ Reguirements met predominantly
@ Requirements met completely
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KN: k-next Neighbor, DA: Discriminant Analysis, BN: Bayesian Networks,
CBR: Case-based Reasoning, KNN: Artificial Neuronal Networks, FL: Fuzzy Logic

Fig. 4. Evaluation of possible data mining approaches

According to this assessment, the approaches from the field of artificial intelligence are
particularly characterized by a higher potential in terms of forecasting accuracy. For a
sustainable application in industry, especially transparency and time expenditure as
well as robustness are of decisive importance. That is why Bayesian networks are cho-
sen as the most promising approach when comparing approaches from the field of arti-
ficial intelligence.



Bayesian networks are among the visual models and result from a combination of graph
and probability theories. The mathematical model underlying Bayesian networks is the
Bayesian theorem, which links conditional and marginal probabilities of individual
events. The symbolic or graphic representation of Bayesian networks is easily under-
stood by users and transparent. [15, 16] Moreover, the forecasts of Bayesian networks
are fairly accurate even with a minimal amount of data in the training set. Bayesian
networks also fulfil the robustness requirement, since they can process incomplete data
sets. Bayesian networks are therefore suitable for modelling and drawing conclusions
when there is uncertainty resulting from unknown or incomplete information. [17] With
regard to processing input information, Bayesian networks can work with continual or
discrete variables [16]. Compared to simulation models, conducted queries are thus
quickly answered by the Bayesian networks’ analytical calculation [17]. To sum up,
Bayesian networks fit the requirements described above comparatively best and will
thus be implemented to determinate load forecasts to support capacity planning when
regenerating rail vehicle transformers.

4 Summary and Outlook

Planning capacities for the regeneration of complex capital goods such as rail vehicle
transformers is a tremendous challenge due to the imprecision of load information [1].
Methods from the field of data mining have proven to be useful tools to support plan-
ning processes for regeneration process [6]. Since logistics efficiency is a very im-
portant and competitive factor in regeneration business, more reliable planning benefits
sales and profit [6, 18].

In order to support planners by means of data mining, it is necessary to have an under-
lying, suitable database with already conducted regeneration orders [6, 9, 10]. We thus
detailed the process we took to develop a database model for regenerating rail vehicle
transformers as well as the selection of a suitable data mining approach to generate load
forecasts as a basis for capacity planning and throughput time estimation.

Following research activities will focus on determining load forecasts by Bayesian net-
works using real data from the regeneration industry to verify the general evaluation of
this approach with regard the specific sample of application. Subsequently, the load
forecasts may be used to enable automated decision support for capacity adjustments.

Furthermore, additional fundamental research activities may also address an empirical
comparative analysis of different data mining approaches using data from different
samples of application to review the so far literature-based evaluation.
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