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Abstract. To describe modeling objects in Model-Based Systems En-
gineering (MBSE) tools, physical properties of these objects are often
provided only in data sheets, which are not truly machine-readable. Pre-
viously, we proposed a product data hub to exchange spacecraft product
information between manufacturers and various MBSE tools. However,
issues with heterogeneous structures and semantics of information, such
as differences in data format and vocabularies, persist. Using ontologies
to maintain product descriptions can mitigate the heterogeneity problem
by providing semantic descriptions and supporting different vocabularies
for a single concept. To automatically and semantically obtain informa-
tion from documents that contain tables, lists, and text, we developed
an ontology-based information extraction tool. We present how to use
the Data Sheets Annotation Tool (DSAT) for, either manually or au-
tomatically, extracting information from data sheets, and populating a
database with the obtained data. Particularly, we emphasize on the usage
of DSAT as a user interface for improving ontologies, which, in turn, are
used for a (better) information extraction from the data sheets. Although
DSAT is initially created for supporting collaborative systems engineer-
ing, it is not limited to the domain of spacecraft design. It can also be
applied to other domains, where information needs to be extracted from
a multitude of heterogeneous sources.

Keywords: Semantic Technologies for Information-Integrated Collabo-
ration · Ontology for information sharing · Web based cooperation tools

1 Introduction

According to INCOSE [9], MBSE has been created with the vision of using mod-
els instead of documents as the formal resource for system engineering activities.
It aims on the one hand to integrate different models, and on the other hand to
link them with a coherent digital system model, which serves as the single and
controlled source of information about the system. These models consist of many
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parts, each selected out of multiple products provided by different suppliers. The
current practice is that engineers manually enter information about components
based on the suppliers’ PDF data sheets, manually maintained spreadsheets, and
their implicit knowledge [11].

To close the gap between these scattered sources of information, in [15], we
introduced the idea of a product data hub that enables up-to-date product in-
formation to be digitally exchanged between all stakeholders. However, there
are heterogeneity issues in terms of data presentation and semantics. For ex-
ample, the information is sometimes provided in multi-column text with images
and graphs, or with tables or lists, and oftentimes mixed. Additionally, the vo-
cabulary used for the same concept can vary substantially, which may lead to
ambiguities and requires experts’ clarification. Instead of resorting to these man-
ual efforts over and over again, this knowledge can be captured inside a semantic
knowledge base. Such a knowledge base needs to be constantly updated to keep
up with new developments in the field.

Ontology-Based Information Extraction (OBIE) is one information extrac-
tion approach to mitigate these issues as proposed and discussed in [11,17,20].
Most OBIE tools are tailored to extract entities and their relationships but fall
short when it comes to extracting literal values, which are the crucial infor-
mation in the data sheets. They often appear in the form of key-value(-unit)
tuples, like weight-200-grams. Furthermore, the vocabulary used in data sheets
is highly domain-specific and not consistently used. For example, an attribute
of a star sensor, sun exclusion angle, is also called sun angle, sun avoidance,
sun exclusion, or sun keep out. This can be confusing, even for engineers who
are familiar with the domain. Missing to detect information can have fatal and
costly consequences in the later phases of design and production.

In DSAT-demo [12] we presented a system which provides a human-in-the-
loop interface for the automatic extraction of technical properties from data
sheets based on an OBIE-pipeline. This paper is a continuation of our aforemen-
tioned contribution by providing a graphical user interface. We enhanced the tool
DSAT by providing an intuitive user interface so that domain experts, who are
not necessarily familiar with ontologies, can suggest the previously undetected
attributes or provide corrections to incorrectly identified ones.

2 Related Work

Since most data sheets are provided in PDF format, the text extraction is the
first step. Yet, the task is not trivial and there are many solutions available.
PDFminer.six [14] is an open-source and actively maintained PDF Parser li-
brary in Python. It offers an extraction with customizable parameters, such as a
page to extract, or coordinations on the page. Textricator [18] is an open-source
tool to extract data from PDFs and can also handle scanned documents using
Optical Character Recognition (OCR), but requires consistently formatted in-
puts. Camelot [4] is and open source software tool to extract tabular data from
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PDF files. For an extensive review of tools for extracting data and text from
PDFs, please refer to [16].

Text, table layouts, and schematic drawings are equally important in techni-
cal data sheets. However, most of the existing tools focus on either text or tables,
and, to the extent of our knowledge, there is no unified solution that tackles all
of these. To achieve the best result, we use a combination of techniques, i.e. using
PDFminer.six to extract text, and Camelot to detect tables.

Once the raw text is extracted, we use entity recognition tools to detect im-
portant keywords and their associated information, particularly, product prop-
erties and their values. Amazon Comprehend [1] can extract property names
and values with their unit, although the relation between them is lost. DBpedia
Spotlight [6] can detect nouns, pronouns, or specific names with a corresponding
entry in DBpedia. However, it extracts words without considering the particular
domain, therefore, the results are often associated with unrelated concepts due
to similar names. Intelligent Tagging [10] extracts names and their surrounding
text, which likely contain a corresponding value, but its results tend to be too
generalized towards the news domain. GATE-ANNIE [8] detects words and rec-
ognizes their syntax and category. It is possible to define a custom dictionary
for GATE-ANNIE to tailor its results to a specific domain.

The aforementioned approaches can detect individual properties, but the cus-
tomization is not intuitive. Moreover, they detect entities and values separately,
so the required relations between them are lost. One approach to detect entities
with their relations is Ontology-Based Information Extraction (OBIE).

Baclawski et al. [2] summarize the current trends that combine Machine
Learning (ML), information extraction, and ontology techniques to solve com-
plex problems, such as OBIE. Here, the unstructured or semi-structured text is
processed using ontologies to extract information. Barkschat [3] exploits tech-
nical data sheets to populate ontologies using a classifier model and regular
expressions. Likewise, Smart-dog [11] extracts data from data sheets of space-
craft parts to populate an ontology. It features an ontology enrichment step but
relies extensively on ontology knowledge. Rizvi et al. [17] include irrelevant terms
and probably-relevant terms in their ontology to calculate the confidence score
of the extracted information.

Based on the lessons learned, we implement OBIE to not only populate and
enrich ontologies but also to improve information extraction workflows.

3 System Overview

An overview of our system architecture is shown in Figure 1. The main inputs
are data sheets obtained from various sources including websites of manufactur-
ers and retailers. Continuously Trained Ontologies (ConTrOn) [13] enables the
extraction of information from data sheets and stores the results to a database.
The extraction relies on domain-specific ontologies that are constantly adapted
using generic, semantic knowledge bases, such as Wikidata [19].
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Fig. 1. System overview

The initial, local ontologies were based on satellite component data derived
from an MBSE tool (Virtual Satellite [7]), European Cooperation for Space
Standardization (ECSS), and feedback from domain experts. The ontologies in-
clude a core ontology covering concepts common to most satellite parts as well
as specialized ontologies specific for the different categories of satellite parts. All
ontologies are publicly available from ConTrOn’s ontologies [5].

Meanwhile, Data Sheets Annotation Tool (DSAT) [12] is not only a stan-
dalone tool assisting users for manually annotating data, but is also used as a
user interface connecting users to ConTrOn. We use DSAT to review ConTrOn’s
extracted information and to manually correct any mistake made by the system.
Finally, the extracted data is made available to external components or modeling
tools, such as MBSE tools via the Parts Database [15].

DSAT displays the information extracted by ConTrOn and allows for user-
review before storing them into a database. This web-based application allows
users to upload and select their data sheets (see Figure 2-I). Then, the selected
data sheet is displayed and essential properties can be highlighted on the left
panel (II). Data sheets can be processed by ConTrOn, via the Auto-Detect fea-
ture to automatically highlight properties in the data sheet. The highlighted text
can be categorized as a key, value, or remark (III). Users can also add custom
text in a comment box. One set of a key, a value, a remark, and a comment
is denoted as an annotation. All annotations created for the currently selected
data sheet are summarized on the bottom right panel (IV). Users can add, edit,
or delete the annotations afterwards. The ontologies’ classes used for the (au-
tomatic) information extraction can be individually reviewed and edited (V).
If an attribute (key) is incorrectly identified, e.g. DC Voltage is identified as
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Fig. 2. Data Sheets Annotation Tool interface allows domain experts to review anno-
tations in a data sheet.

Hardware Interface instead of Supply Voltage, users can suggest the correct de-
scription (class), or even suggest a new description. Such feedback from users
will be used to update the ontologies in order to assure the correctness of the
semantic information. Currently, all the corrections and suggestions must be re-
viewed by domain experts before applying them to the ontologies. Since we are
sharing the ontologies with other systems, the automatic update at this point
is not recommended. Eventually, the OBIE process gets improved as well as the
quality of information extraction.

4 Conclusion & Future Work

In this paper we presented an integrated system consisting mainly of DSAT
and ConTrOn to support engineers in extracting technical information from
PDF data sheets. A feedback feature on DSAT enables users to change the
key’s concept (class) or suggest a new class to our ontologies. The feedback for
incorrectly extracted data can be specified either as a class suggestion or as a
comment in free-text form. Next, we plan to conduct a user study to evaluate
DSAT whether the feedback form is intuitive to use and if the feedback can help
improve the quality of the extracted information as well as the ontologies.
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