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Abstract— Data collection requires homogenization of the
data prior to processing it. This can create a challenge to the
companies since data have varicose formats and schemas. This
paper discusses the implementation of data collection framework
using the PLANTCockpit open source platform, which is an
integration platform for business processes. The framework is
extended to fetch data from heterogeneous sources and then,
allow the user to select the relevant data that matches his/her
needs. In addition to this, the extendable framework also makes
it possible to select the output data structure based on the user’s
requirements. Defining such a framework can reduce company’s
efforts for reshaping and modifying their architectures to handle
new challenges posed by the ever-changing data. The framework
not only restricts one to collection and transformation, but also
provides an option to perform available processing techniques on
the transformed data structure. The proposed framework has
been tested on a cloud-based platform provided by the Cloud
Collaborative Manufacturing Networks (C2NET) project.
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I. INTRODUCTION

The recent advancements in the Information and

Communication Technologies (ICT) have led the industries to

become increasingly technology driven. The first three phases

of the industrial revolution resulted from mechanization,

electrification and the Information Technology. Currently, the

introduction of IoT [1] in the manufacturing premises is

leading the fourth industrial revolution [2]. The fourth

industrial revolution, known as the Industry 4.0 [3],

immensely demands the deployment of Cyber-Physical

Systems (CPS), Internet of Things (IoT) devices and the

implementation of cognitive computing [4] in the smart
factories. The digitalization, intelligent automation and the

web technology together support the expansion of the cyber-

physical systems (CPS), which holds the potential to assist the

businesses to establish a worldwide network encompassing

their machinery and production facilities [5], [6]. These CPS

represent the storage systems, smart machines and the

production facilities, which are interdependent,

interconnected, collaborative and autonomous, thus

significantly improving the industrial processes involving the

supply chain, manufacturing and life cycle management [7].

According to [1], the manufacturing industries can keep up
with the global leadership in the market by continuously

integrating ICT in to their conventional high-tech strategies, in

order to lead the competitive area of smart manufacturing

technologies. However, it is equally vital to establish and

assist the new markets for the cyber-physical technologies.

Although it has become evident that companies acknowledge

and appreciate the benefits of deploying these technologies,

however ignoring the massive network of legacy systems that

have been lead down in the industries, is almost impossible

due to business needs [8].

Accessing new technology has become an absolute

necessity for the organizations, not only due to competitive

advantage in the global market, but because of the compliance
purposes as well [8] . Therefore, the existing challenge is how

well the organizations handle the integration of its legacy

resources with the new technologies. As legacy systems are

often fragile and non-extensible [9], organizations need to put

immense resources for upgradation and the integration of the

legacy systems. Therefore, storing, accessing and analyzing

the data is becoming a core problem for many organizations.

In order to maintain the competitive edge, factories must be

highly flexible, efficient and productive in their nature of

operation. However, continual refinements to existing systems

technologies and introduction of new technologies also create

substantial pressure to innovate [10].
Due to the increase demand of merging technologies with

industrial solution, the European Commission funded a project

titled as Cloud Collaboration Manufacturing Systems

(C2NET) which aims at providing SME’s with a platform for

supply chain interactions. More precisely, the platform

provides optimization, monitoring and assessment capabilities

for the companies’ plans. In this regard, the data collection

was considered as an important pillar that allows retrieving

data from the companies ERP (Enterprise Resource Planning)

systems or shopfloor data [11]. The main challenge is to create

a general data collection framework that is capable of
collecting data from different data resources with different

protocols and data formats. Thus, this research idea was

initiated to provide such requirement.

This paper presents a cloud-based solution for integration

of legacy resources in the industrial systems and demonstrates

a use case for converting the data from legacy systems in to

the desired data format. In addition to this, the solution offers

the user with an option to run specified algorithms on the data

set. The remainder of the paper is structured as follows:

Section 2 describes the background knowledge and an

overview of the relevant work done so far. Then Section 3

presents the approach taken   for collection and conversion of
data, followed by an overview of the system architecture.



Thereafter, Section 4 demonstrates the implemented

framework on the C2NET platform. Section 5 illustrates the

results in form of a table.

II. BACKGROUND

A. Industrial Systems
The advancement of technology has made it viable to bring

industrial automation systems in numerous manufacturing

areas. It helps not only increasing the efficiency of the labor

and improve product quality, but also allows a considerable

reduction in the cost. Additionally, it enhances the production

safety, reduces waste of raw materials and improves the
service life of the equipment’s [12] [13]. Industrial systems

consist of numerous connected subsystems, relying on devices

for controlling and monitoring purposes. These systems

developed from isolated to more distributed ones, and then to

the intelligent systems, which end up being connected to the

internet. However, connecting the Intelligent Industrial

Systems (IIS) with the automation and control systems, and

thereafter, merging them with the industrial systems to deploy

them to some cloud based systems, poses integration issues

[14] . Moreover, with the advent of the industry 4.0, IIS are

also developed and installed in order to support advance
control operations [15]. The interconnection of industrial

systems across all the layers will aid in the development of

IIS. The rapid development of Industrial Internet of Things

(IIoT) is also a major factor for the accelerating capabilities of

the industrial systems. Larger interconnected network of such

systems leads to greater processing of information, and thus

the IIS are being extended to incorporate control systems as

well, besides the current visualization tools [14]. Processing

data and correlating it from multiple systems and devices

across the industrial network, will help the organizations with

valuable insights, helping them to optimize their resource

management. The integration of information systems with the
industrial ones is a major factor for extension of industrial

analysis and processing in to new dimensions and domains

[16]. As the Industrial Internet keeps on incorporating more

systems, an ever-increasing stream of data would need to be

processed, integrated and managed by the systems. This

massive amount of data would need to be managed by the

industrial systems, in order to store, process and analyze it.

However, this issue seems a major challenge for all the

organizations across the domain, since; the network

infrastructure is usually complex, with communication

depending upon numerous technologies and spectrums.
Therefore, current communication frameworks need to be

modified in order incorporate the expanding network of

connections [13].

B. Data Collection Acquisistion
The high interoperability that systems recently reached is

one of the results of several research work in various fields
such as web services, communication protocols, data

collection and analysis techniques, big data and data mining

concepts among others [17]. With high level of connectivity,

new concepts have been introduced as Cloud Computing,

Distributed Computing Systems and Digital Platforms, which

in return, required data collection and acquisition for further

processing [18].

In the industrial domain, the data collection is considered

as main pillar in developing and building manufacturing
systems. In this context, the Manufacturing Enterprise

Solutions Association1 (known as MESA) identified 11

functions that represents the Manufacturing Execution

Systems (MES) [19], [20]. In fact, one of these functions is

dedicated to the data collections and acquisition process. This

function addresses the data collection from different layers of

the manufacturing pyramid, which includes ERP, MES and

shop floor. This create a challenge for researchers to create

compatible protocols, standards or systems in order to permit

the data flow between systems.

On the other hand, and with advances in the ICT

technologies, several concepts have been raised such as IIoT,
Cyber Physical Systems (CPS), Industry 4.0 and digital twins

among others [21]. These concepts require employing data

collection techniques in order to provide its features. These

data is categorized as Big Data [22]. For instance, this data can

include continues sensors measurement, video streaming and

high definition images. Being mentioned, this big data

requires researching and developing suitable techniques and

protocols [23], [24].

C. Data Transformation and Mapping
Data Transformation is the process of conversion from one

data structure or format to another structure or format.

Transformation of data between various formats is

fundamental for data management and data integration. As

part of their work, programmers or analysts transform data, so

it could be intelligible with business, domain and integrity

rules [25]. Since, data could reside in different formats and

locations within an enterprise, therefore, transforming data is
vital in order to ensure that data from one source is

comprehensible for other sources [26]. The existence of legacy

systems still working in the industry also adds up to this

problem of heterogeneous data sources. In [27], one solution is

provided to map and covert data from the excel format of

legacy system to JSON format for usability in optimization

tools. Moreover, data transformation contributes to speeding

the process of data analysis; some data structure allows better

and efficient chances of analysis than others. In [28], the

authors provide the comparison of SQL and NoSQL

databases, concluding that with growth of data sizes and
emergence of big data in the industry, NoSQL provide faster

analysis and computation. One another important aspect

related to data transformation process is the schema mapping

rules, which defines the transformation of data in to the target

schema [29]. There exists tools which provide specified data

transformation between two data sources, for example,

Mongify is used to convert data between the MongoDB and

the SQL [30]. Although these tools provide exceptional

functionality for transformation, however, they are limited to

specific sources, and extending them to incorporate other

1 http://www.mesa.org/en/aboutus/aboutmesa.asp



sources could be a complex task. Additionally, these tools do

not scale well with the legacy sources, which handle a large

amount of industrial data.

III. DYNAMIC CREATION OF ENTITIES

This research work employs the designing of tables,
schematics and classes as the fundamental executed approach.

Firstly, a look will be cast at the process of JAVA’s runtime

conception of classes and later the dynamic formation of

tables in SQL will be discussed.

A. Dynamic Creation of Java Classes
Sheng [31] has previously described the working of the

java virtual mechanism in reference to the vigorous class

loading function and its secure running during the classes’

creation and updating time. In addition, the dynamically

produced class has the capacity of making new items at

runtime along with the ability of calling the specified

functions on the particular class. The provision of invoking the

wanted code during runtime makes the procedure all the more

flexible by permitting the operator to select the relevant field

from the given source by providing the name and sort of

function to be employed in the corresponding class. The

conversion data offered by the user is depicted in Figure 1.

Figure 1: Configuration for Mapping to Linked List

Figure 2: Dynamic Class Creation

Further String builder class is employed to create the

specific class as per the data pattern extended by the user.

Following Figure 2 depicts the class construction from the

aforementioned pattern. After the construction of a class, the

next process is the creation of class instances using the source

data. These instances are then embedded into the preferred

data structure in accordance with the prescribed configuration.

Lastly, the Object Output Stream class enrolls in to safely

deposit the data configuration on to a hard disk. It now only

will take the calling of the class name and function’s name by

the operator to run the desired data and perform the needed

operation. The final product of the operation in the JSON

format is accessible to the user.

B. Dynamic Creation of SQL Tables
Quite analogous to the construction of classes at runtime,

the data operator can also create SQL statements

simultaneously. Dynamic SQL is expressed by Oracle as:

“Dynamic SQL enables one to write programs that reference
SQL statement whose full text is not known until runtime”

[32]. It only asks the operator to enter the relevant field names

and related categories along with the table name to be

constructed. The mapping for the alignment of the user data is

similar to the one stated in Figure 1. Figure 3 presents an

example of the configuration.

Figure 3 Dynamic Class Table

The pre-described configuration is used to construct the
SQL table. The auto-incremented characteristic is employed

for the automated assignation of key incase where no primary

key is found in the allocated configuration. The required

information is then entered in the constructed table based onto

the aligned configuration. Thereafter, the user can search and

query through the embedded data to acquire significant

outcomes.

The above discussed formation process of dynamic classes

and tables are an essential constituent of the Framework. Now,

we will cast a look at the general holistic design of the

Framework along with the processes of info gathering and
conversion.

C. Architecture
This segment of the research paper will explain the

prescribed architectural view of the research problem. The

implementation of this approach will permit the user to

efficiently and handily transform data from one to another
format, thus, allowing more user flexibility for the processing

and analysis of the data. In this regard, Figure 4 presents an

architectural illustration of such a system. The figure exhibits

the integration of various components and their particular

tasks in accomplishing the anticipated outcome. It pictures the



formation of Adapter Instances employed for getting the

required information from the respective source and the

communication of data from the constructed instances to the

Analyzer Adapter in order to add in or probe the respective

data.

Figure 4: System Architecture Diagram

The whole procedure can be sub divided into four key

modules comprising of Data End Points, Legacy System Hub
(LSH), Analyzer Adapter and the Data Collection Framework

(DCF). There are three major sources in Data End Points

which holds the information that the user can procure and

convert namely, i) EXCEL files ii) TEXT files and iii) HTTP

endpoints. The LSH is comprised of two basic units, i.e.

Plant-Cockpit and Pub-Sub module. The Pub-Sub module

provides the route for data communication amid the LSH and

DCF. The Resource Manager (RM), a component of DCF, is

liable for accepting operator’s response and directing it to

LSH via the Pub-Sub module. The input data pattern is

communicated to the Function Block Manger (FBM) for the

formation of a new adapter instance, which is further
succeeded by creation of a particular Analyzer Adapter in line

with the operator’s request. The created instances are quite

efficient and are able to update themselves instantly in

response to any modifications in the data source. The task for

formatting of the data structures into schemas such as tables

and placing the cleaned data into corresponding storage lies

with the Analyzer Adapter, which also later processes,

examines and explores the input data. The formation of

adapter instances and their mutual interfacing is illustrated

through Figure 5.

Once the procedure of formation of the new instances
undertaken by the FBM is accomplished, the data source

configuration is routed to the Adapter’s Main Class.

Thereafter, the task for the management of instances is handed

over to the Engine. The foremost task undertaken by the

Engine is the formation of a Source object as per the

respective configuration and later employ Source Manager to

create a hash map for each source id where the respective

sources can be saved. It is the duty of the Source Manager to

bring in the information from the relevant source and generate

the HTML. Simultaneously the Engine keeps an eye on any
alterations in the source data and updates the amendments as

soon as they become available.

Figure 5: Illustration of Adapter Instance & Analyzer Adapter structure

The Engine further precedes the selected configuration to

the concerned Analyzer Adapter which communicates with the

respective Source Manager for the creation of the indicated

kind of source. Thus, Analyzer Adapter has a holistic role to

play and is responsible for slotting in, updating, amending and

examining the needed data format.

IV. IMPLEMENTATION

A. C2NET Data Collection use case
The C2net Project consists of four pilots in order to

validate its features. In this context, the developed

PLANTCockpit Legacy System Hub have been used in three

pilots where the data from the different ERP systems is

collected and uploaded to the cloud platform. These systems

varied between DB (with a RESTful interface), MS Excel files

and text files (tab-separated values). These variations created a

challenge for such implementation. Moreover, having text a

file and MS Excel file raised an important challenge
considering that this data does not have a standard schema or

pre-defined schema that can be followed.

During the development of this solution, three use-cases have

been tested. Firstly, text files which provided by an

automotive provider and metal manufacturer located in Spain.

The data was provided as text. This data contains the purchase

of the materials. The second use case was in the metal

working sector. This use case was a part of the third pilot in

the C2NET project, which is located in Portugal. This pilot

used MS EXCEL files for providing the ERP data. Similar to

the first use case, the data schema was the biggest challenge in
this use case. Besides, the data was provided via an FTP

server. Finally, the third use case was selected form the forth

pilot, which provided the data using a RESTful web services

interface for the SQL DB. This pilot provided a use case of an

OEM of oil lubrication units and hydraulic power units located



in Finland. Opposite to the first two cases, this use case

provided the data using web services and the schema of the

data was available before the retrieval of the data, which made

it simpler to develop and implement.

B. Implemented Solution
In this section, a closer and in-detailed look will be cast

upon the communication mode among the various fragments

of the architecture diagram presented in the former section.

The process of creation of the Adapters through the

communication amid systems is presented in Figure 6.

Figure 6:  Sequence Diagram for Adapter Creation, Fetching & Conversion of

Data

The first step in the process is the user input, which once

submitted at the user interface RM is then forwarded to the

Pub-Sub module. The Pub-Sub module then communicates

this primary input to the Function Block Manager (FBM) for

the creation of the new adapter instance in accordance with the

respective consumer settings. The Pub-Sub module is notified

of the appropriately configured instance, which is based on the

JSON fields’ configuration. As soon as the Pub-Sub module

receives the notice, it asks the Adapter Instance for the

provision of the data in the HTML format. The HTML

received from the instance is then routed back to the RM.
Consequently, the end operator checks the input from the

relevant data source and decides about the fields to be

selected. Along with the fields, the user has the liberty to opt

for the desired output data format and mapping data fields. As

the data is received at the Pub-Sub module, it resends the data

alignment to the Adapter Instance, which converts the relevant

data from the source into JSON display. The transformed

JSON is then re-routed to the RM and the relevant Analyzer

Adapter. The sequence illustration elucidating the

functionality of Analyzer Adapters is described in Figure 7.

Once the system is fully configured, the Adapter Instance
ensures to adapt to any alterations at a highly efficient rate of

once per 10 seconds by continuously querying the source. The

modified data is communicated again to the RM and the

Analyzer Adapter.

Figure 7: Sequence Diagram for Creation of Data Storage in the Analyzer

Adapter

As the Adapter Instance gets the information and

transforms it into a JSON object, it is simultaneously

forwarded to the Analyzer Adapter which then generates the

respective data assembly/table or pattern and alerts the

Adapter Instance. The Adapter Instance then requests the
Analyzer to place the data into the respective storage. Now the

operator can at any time requests the system and will be able

to get the administered output in the desired format. The

subsequent Figure 7 depicts the detailed communication amid

the Adapter Instance and the Analyzer Adapters.

Figure 8: Sequence Diagram for Querying of Data Storage in the Analyzer

Adapter

Once the input data is composed, prepared, translated and
dumped in the relevant storage, it is all ready to be processed

at a single query by the immediate user. Figure 8 exhibits the

stream of information amidst the various components to get it

processed. The operator allows the data to be communicated

from the interface RM to the Pub-Sub module which further

forwards the alignment to the Adapter Instance. This, upon the

receiving of adequate enquiry, is further routed to the

Analyzer Adapter, where the desired request is administered

and analyzed and the processed output is translated in the

JSON format which is reverted to the RM.



V. CONCLUSION

One of the major challenges when collecting data from

heterogeneous data sources is the data formatting in order to

present it to interested parties. This research work is

concerned not only in the systems’ data collection but also in

the transformation and processing of data, which is later

provided to other systems. It proposes the employment of a

framework based on the PLANTCockpit open source

platform, which was developed for integrating different

business processes. The novelty of the presented approach is

an extension of the existing platform. More precisely, the new

version permits the selection of the output data structure based

on the user’s requirements.
The presented approach provides a reduction of the

required efforts from the company to accommodate their

software architectures to handle new challenges created due to

the dynamism of the ever-changing data in the context of

industrial systems. Furthermore, it should be noted that, as

shown in the use case, the solution has been deployed in a

concrete cloud-based solution, which is the result of the EU

C2NET project.
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