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Abstract
Smart manufacturing is strongly correlated with the digitization of all manufacturing
activities. This increases the amount of data available to drive productivity and profit
through data-driven decision making programs. The goal of this article is to assist data
engineers in designing big data analysis pipelines for manufacturing process data.
Thus, this paper characterizes the requirements for process data analysis pipelines and
surveys existing platforms from academic literature. The results demonstrate a stronger
focus on the storage and analysis phases of pipelines than on the ingestion, communi‑
cation, and visualization stages. Results also show a tendency towards custom tools for
ingestion and visualization, and relational data tools for storage and analysis. Tools for
handling heterogeneous data are generally well-represented throughout the pipeline.
Finally, batch processing tools are more widely adopted than real-time stream process‑
ing frameworks, and most pipelines opt for a common script-based data processing
approach. Based on these results, recommendations are offered for each phase of the
pipeline.
Keywords: Big data, Smart manufacturing, Industry 4.0, Analysis pipelines, Industrial
Internet of Things, Data-driven decision making, High performance computing

Introduction
Smart manufacturing is a manufacturing strategy that is principally based on the digitization of manufacturing related activities and the rapid conversion of data into information. Innovations in big data analysis can be used to support the quick data-driven
decision making processes needed for today’s turbulent markets [1–3].
Big data refers to the large volumes of structured, semi-structured, and unstructured
data, acquired from a variety of heterogeneous sources [4]. This data is typically assumed
to have the valuable information hidden in it because substantial efforts and resources
are needed to uncover it [5, 6]. According to the U.S. National Institute of Science and
Technology (NIST) Big Data Public Working Group (Reference Architecture Subgroup)
[7], big data does not refer to the increasingly large datasets or the requirement for
improved performance and efficiency. Instead, it refers to the fundamental reforms in
the architecture needed to manage this data [1–3].
Big data analytics are currently used for many industrial applications. This includes
product lifecycle management [8], process re-design [9], supply chain management [10],
and production systems data analysis [11]. Of these, production systems analysis has
© The Author(s) 2019. This article is distributed under the terms of the Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and
indicate if changes were made.

Ismail et al. J Big Data

(2019) 6:1

received a considerable amount of attention from academia and industry. According to
Vodenc̆arević and Fett in [11], this is because “production systems are big sources of
raw data that are often hard to model manually”. A number of applications have thus
emerged to investigate process data for process monitoring, anomaly detection, root
cause analysis, and knowledge extraction [11].
Recent publications have proposed platforms, frameworks, and architectures to
address the different functions needed for process data analysis [12]. However, manufacturing systems present unique requirements for big data analysis platforms. This
includes the ability to acquire and process billions of values [11], apply stringent constraints for low and/or bounded latency processing, and uphold high requirements for
data quality. These demands translate to imposed minimum standards for the tools and
technologies used in big data analysis pipelines and processing frameworks.
The goal of this article is to assist data engineers in designing big data analysis pipelines for manufacturing process data. This is achieved by investigating two previously
unaddressed research questions.
1. RQ1: What are the requirements for a big data analysis pipeline for manufacturing
process data?
2. RQ2: What are the available big data analysis pipelines for process data in academic
literature?
Thus, the first section of this article presents an overview on the smart manufacturing
strategy. Next, the infrastructure, data sources, and characteristics of manufacturing systems, and the challenges facing the adoption of big data analysis solutions in enterprises
are detailed. This is followed by an analysis on the requirements for big data platforms
(RQ1) and on the recent big data platforms for process data analysis (RQ2). The results
are discussed to explain the decisions and choices of the surveyed pipelines. Finally, this
article also includes recommendations and conclusions based on the results of the analysis as well as a discussion on possible future work.

Background—Smart manufacturing
A manufacturing strategy, according to [3], is a framework for the design, organization,
management, and development of a manufacturing enterprise’s resources. It is used to
focus the decisions of a company towards achieving a select number of characteristics
that would continuously improve the company’s competitive advantage.
According to [3], the need for a manufacturing strategy can be understood from the
following five characteristics.
1. Manufacturing involves the majority of the enterprise’s resources.
2. Manufacturing decisions often take a long time to have an effect. Thus, a long term
perspective is needed to support them.
3. Reverting a manufacturing decision normally requires a substantial investment in
both time and resources.
4. Manufacturing decisions impact the manufacturing characteristics and performance
of a company. Thus, it has a direct effect on its ability to compete in the market place.
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5. A strategic outlook is needed for manufacturing decisions to ensure that it supports
the business strategy of the enterprise.
Smart manufacturing is focused on the optimized application of resources and the workforce to achieve the on-time production of high quality goods while maintaining the
enterprise characteristics necessary for the company to control and quickly respond to
internal and external stimuli. Smart manufacturing places special emphasis on the role
of emerging technologies. Thus, it calls for the digitization of all manufacturing-relevant
activities as well as the adoption of technologies such as big data analysis [1].
The digitization of manufacturing services increases the amount of internal and external data available to the enterprise. Internal data is generated by sources inside the
manufacturing enterprise. This includes data from manufacturing equipment, automation systems, work pieces, and enterprise information management, typically hosted in
a Manufacturing Execution System (MES) and Enterprise Resource Planning System
(ERP). External data refers to environmental data accumulated from sources external to
the enterprise. This includes data from the supply network, the government (e.g., legislature and incentive programs), strategic partners, distribution channels, and customers.
Analyzing this data for data-driven decision making programs may lead to increases in
productivity and profits. These programs may include the systematic analysis of data for
yield management, product re-engineering, and predictive maintenance. The remainder
of this section will discuss these three use cases.
Yield management

Yield is highlighted as a key performance indicator that impacts the product’s price,
profit margin, quality, and customer satisfaction level. As opposed to the strategy of yield
models, low yields can be combated by detecting anomalous behavior, preferably during the product ramp up phase at low batch sizes. Previously, abnormal behavior could
be detected by domain experts. However, the increased digitization and complexity of
manufacturing functions has led to an enormous rise in the amount of data available.
This has made the process of monitoring and analyzing process data for quality control
an increasingly difficult task. In more detail, manufacturing plants typically implement
alarm systems based on simple logic for the detection of abnormalities in the production process. These systems use predefined thresholds to detect and alert an operator
on violation events. However, high rates of false alarms and alarm flooding are endemic
problems in industry. For example, Vodenc̆arević et al. [11] report on alarm bursts of 200
alarms per second. Such rates overload plant operators and make it difficult to detect
genuine root cause alarms. To combat these alarm floods, big data analysis techniques
are proposed to mine production data and assist operators by suppressing redundant
alarms and narrowing down the number of variables relevant to root cause detection
[13, 14].
Product re‑engineering

The increasing complexity of produced goods have led to a rise in demands by customers for maintenance, repair, and overhaul (MRO) services from product manufacturers.
These MRO services are major cost factors that require concise engineering to ensure
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a favorable whole-life cost to the manufacturer and customer. Product re-engineering
for the effective and constant improvement of product design and maintenance requires
closing the loop on product development, manufacturing operations, and customer
relationship management from an engineering, economic, and social perspective. This
depends on the overall ecosystem’s ability to process large data sets including customer surveys, inspection reports, maintenance operations plans, production sensors
and actuators, wireless devices, software logs, photographic systems, audio-capturing
devices, and other sources of metrology [15, 16].
Predictive maintenance

Maintenance in manufacturing has evolved over time from reactive and preventative
maintenance to predictive maintenance. Reactive or corrective maintenance refers to the
act of fixing or replacing components once they break down. The cost associated with
the damage and down time caused by component failures has led to the development
of preventative maintenance. This involves the prevention of failures through the regular inspection and servicing of assets based on pre-defined intervals (time-based maintenance, TBM) or the condition of assets (condition-based maintenance, CBM). CBM
is also known as predictive maintenance and most commonly involves the continuous
collection and analysis of raw sensor data to detect faults in production equipment
before it manifests as a failure. Predictive maintenance avoids unnecessary inspections
by prompting interventions only when necessary. However, the data characteristics and
possibility of alarm floods require data mining techniques for alarm masking and root
cause detection. The latter may be used to isolate and fix the source of failures rather
than the symptoms, thereby improving asset lifetimes [17].
Altogether, the hypothesis of smart manufacturing is that technological transformations would allow for the sought after leaner and more agile innovation cycles. However,
a number of hindrances stand in the way of smart manufacturing. These are discussed in
the next section.

Challenges to data analysis systems in manufacturing
The manufacturing ecosystem may be viewed as a multi-dimensional grouping of systems designed to support the various business, operations, engineering, maintenance,
and training functions involved in the manufacturing process. Figure 1 illustrates an
example network of technologies, life cycles, systems, users, and applications.
The lowest layer of Fig. 1 represents the various tools and equipment that produce data.
The data sources range from cross-domain design and diagnostics applications to physical
sensors and cyber-physical devices. These provide large amounts of data that can include
technical, social, environmental, and other types of data that are spread across the entire
manufacturing life cycle (layer 2). The tools and equipment compose functionally specific
systems (layer 3) such that the data is distributed across diverse databases, tools, and systems for access and use by different users (layer 4) and for different purposes (layer 5).
The majority of this ecosystem is governed by numerous standards, a complex technical landscape, safety and security considerations, and regulations and legislation. Each of
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Fig. 1 A superimposed sample of different elements found in a manufacturing ecosystem

these factors pose a significant challenge to the design, implementation, and deployment
of a digital platform for data analysis.
Complex standards landscape

Challenge 1: Integrating data of heterogeneous characteristics
Information integration is a challenging issue born of the multi-disciplinary nature of
manufacturing. Specifically, a more accurate representation of layer 2 from Fig. 1 is the
composition of three life cycles shown in Fig. 2. These are the product, production system, and supply chain life cycles.
The product development life cycle is concerned with creating the entity to be marketed and is associated with a collection of information flows and controls that span
through design, process planning, production engineering, manufacturing, use and service, and end-of-life and recycling phases [1, 18].
The production systems are the means through which products are realized. They typically include systems of machines, equipment, and human labor that coordinate to convert resources into manufactured goods and services. The production system life cycle is
generally much longer than product life cycles and involves design, build, commission,
operation and maintenance, and decommission and recycling phases [1, 19].
Finally, the supply chain life cycle is focused on the flow of interactions and functions
between customers, manufacturers, suppliers, and other entities impacting the business
factors of the manufacturing ecosystem [1].
As shown in Fig. 2, each of these life cycles encompasses a large number of standards
designed to meet the key needs of their activities, functions, and components. These
standards encompass different protocols for communication and therefore represent
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Fig. 2 The product, production system, and supply chain life cycle standards (Adapted from [1])

and exchange information in ways that are not strictly compatible with each other.
Unfortunately, each of the life cycles has been treated as isolated dimensions and, consequently, work on the integration of information flows has primarily focused on establishing mechanisms for the exchange of information along each of these dimensions. Thus,
the ability to integrate data of different formats and from widely diverse sources is a considerable challenge for data engineers.
Complex technical architecture

Challenge 2: Secure integration of the data analysis system in a “defense in depth”
architecture
A manufacturing enterprise normally employs a layered architecture that segregates
its infrastructure into multiple zones of operation, as shown in Fig. 3, based on the 5
layers of the automation pyramid (see Fig. 4). The infrastructure can be seen as a composition of two networks, an enterprise IT network (levels 4–5) and a factory automation network (levels 0–3) that are separated by a de-militarized zone (DMZ) for access
control. The enterprise levels are where the majority of business processes are located.
These use applications and protocols technologically similar to what is found in most
other enterprises; i.e., using standard IT infrastructure. The latter, may incorporate
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domain-specific technologies to meet the unique requirements of manufacturing. This
can include strict real-time and deterministic behavior, domain-specific physical infrastructure and topologies, and different expectations for the system’s availability, reliability, safety, and security levels than what exists in the enterprise IT network [20].
This type of architecture is based on the concept of “defense in depth”. This is a security
approach that protects against the failure of one or more components in a level from
cascading to other levels by installing security and other measures at the communication
boundaries between levels. Thus, network traffic can freely flow between devices within
the same layer while traffic that crosses between layers is strictly controlled. Any digital system deployed as part of the smart manufacturing strategy must therefore comply
with the architecture and mirror the controls in place [20, 23].
Safety

Challenge 3: Integration of safety-critical data sources
Challenge 4: Using the data platform for safety-critical functions
There is a strong requirement for safety in manufacturing as malfunctions may result
in serious accidents. The Union Carbide India Limited chemical plant disaster, which
caused the death of 2000 people and the injury of over 50,000, stands out as a prominent
example of the hazards of compromised safety and maintenance practices. Standards,
such as S84, IEC 61508, and IEC 61511 exist to minimize the dangers of hardware, operator, and information errors [24].
A common industry practice is to employ a high degree of redundancy in the plant
to increase the availability of the overall system. This is demonstrated by the redundant infrastructure shown in Fig. 3. In concrete terms, manufacturers typically deploy
a separate control system, the Safety Instrumented System (SIS), in conjunction with a
basic process control system (BPCS). The BPCS is responsible for the normal operation
of the plant, yet, if the BPCS fails, and manual operator intervention also fails, the SIS
then becomes responsible for safely returning the process to normal operating levels. An
effective SIS requires that the number of components shared between the SIS and BPCS
be kept at a minimum to avoid the cascading of failures between systems. Although it
increases the reliability of the acquired data and imposed control over the plant, it also
results in increased expenses [25].
The process components (e.g., transmitters and valves) that form the safety control
loops, often referred to as Safety Instrumented Functions (SIF), are rated using a Safety
Integrity Level (SIL) metric. This four level system ranges from 1 to 4. SIL 1 represents
the worst possible level of safety and has a Required Safety Availability (RSA) of 90–99%.
Each subsequent SIL level introduces an additional 9 to the RSA such that SIL 4, being
the best level, requires an RSA of 99.99%–99.999%. As expected, every increment in the
number of nines is more difficult to achieve. The safe and economic integration of data
acquired from the SIS is a challenge that needs to be addressed convincingly for current
technologies. This includes having strong guarantees throughout the data analysis pipeline for fault isolation, system availability, and data integrity [25, 26].
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Regulations and legislation

Challenge 5: Data governance, data life cycle management, and liability
Manufacturing is regulated from the local to the international level for product and
technical compliance, safety, health, and environmental protection [20]. From the information-centric perspective of digital systems, legislation for long-term data preservation is already in place for specific sectors. The US and Germany also employ cyber- and
data breach notification laws [27]. Thus, strict data governance is considered an imposed
requirement on current digital systems that necessitates data management policies for
the entire information lifecycle. This lifecycle spans from “creation or receipt, [through]
storage, distribution and transmittal, access and use, maintenance, disposition and
destruction” [28]. However, data management in the manufacturing industry is further
complicated by data sharing practices (between suppliers, manufacturers, and customers), privacy laws, liability, and IP protection. These are complex issues that are difficult to resolve and are associated with measures that are also hard to enforce [29]. Thus,
there is a strong need for versatile and well-integrated controls for platform-wide data
governance and policy enforcement.
This section presented some of the most prominent challenges to big data analysis
platforms in manufacturing. While others exist (see [30]) the points discussed here are
sufficient to highlight the difference between designing and employing a digital system
for manufacturing as opposed to other candidate domains. In light of these challenges,
the next section addresses the necessary requirements for a big data pipeline for manufacturing process data analysis.

Process data analysis
The manufacturing industry is characterized by highly sensitive and closely monitored
production processes with extensive opportunities for big data analytics applications.
Process operations and controls produce a variety of massive and complex data. This
includes field level, control level, and quality control data that is collected using both
direct and indirect measurement technologies. The data originating from the field and
process levels are generally born of hierarchical manufacturing systems that produce
structured time series data acquired through regular polling, with sampling possibly
occurring in the range of milliseconds [16]. The data acquired from this level is typically
expected to be structured, well-selected, and well-defined in both syntactic and semantic means. This is evident from the survey of [1], which demonstrates that standards for
structuring information are abundant and apply across industries. In contrast, quality
control data can either be structured data from property and quality measurement tests,
or unstructured data from social media networks, customer feedback forms, interviews,
surveys, and other communication channels [16].
As such, the product manufacturing process produces a large variety and volume of
data from complex process operations. Typically, the flow of data follows the hierarchy
(shown in Fig. 3) from the automation and field layers, to the control layer, and finally
the enterprise layer. In contrast, control data flows in the reverse direction, as demonstrated in Fig. 5. Since the platform is focused on process data analysis, it is logical to
assume that it will predominantly consume structured automation and field level data.
However, quality control data may also be required from both the control and enterprise
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layers. These may be used to isolate component faults or to supplement analysis with
information that is only available from these layers. For example, this may include controller debug logs, material properties, and customer feedback forms. The heterogeneous nature of the data will need to be ingested to formalize its structure and to filter,
de-duplicate, and synchronize the different records. While it is typical for ingested data
to be then directly sent for long term storage and analysis, it may also be returned to elements of the manufacturing infrastructure to be used or displayed in its pre-processed
form. Next, the analysis of ingested data may include mining for knowledge in real time
streams, processing for predictive analytics, and searching for historical patterns. It is
typical for the analysis results to be stored while also being delivered through reporting and visualisation tools for real-time monitoring, alerting, and decision-making purposes. Hence, five basic components are expected of process data analysis platforms.
These are data ingestion, communication, storage, analysis, and visualization [4, 31, 32].
The next subsection will address the first research question (RQ1) by characterizing the
non-functional and functional requirements for each of these components and for process
data analysis platforms as a whole. The requirements are summarized in Tables 1 and 2.
RQ1: What are the requirements for a big data analysis pipeline for manufacturing process
data?
Data ingestion

The data ingestion component is the main entry point for data into the big data analysis
platform. Thus, it is responsible for tasks such as the identification, validation, transformation, filtering, compression, noise reduction, and integration of incoming data [33].
Data cleaning is considered to be an extremely resource-intensive task that may consume 50% of the effort and 80% of the time in a data mining project [34]. It requires a
concise understanding of the data sources to allow for the selection, cleaning, construction, and formatting of data.
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Table 1 Non-functional requirements for the platform based on the FURPS+ model

Functionality

Parameter

Requirement

Security

Compliant with legislative and regulatory requirementsa
Compliant with enterprise security policies

Usability

Reliability

Performance

Supportability

Extensibility

Capable of integrating new interfaces, data types, connectors, and compo‑
nents

Reusability

System functions should, at minimum, handle structured time-series data.
The system should also have sufficient connectors to allow its reuse for new
compositions of data and functions

Aesthetics

Generic and intuitive interfaces providing interpretable data. The various
data types should be queried via a single interface. Visualisation interfaces
should present data in multiple common formats (trend charts, bar charts,
etc.) [11, 42]

Documentation

Well-documented to assist in the reduction of system ambiguity and entropy,
and to allow for system extensibility, component replacement, user training,
etc

Responsiveness

Limits on stream analysis response times depend on the use case and can
range from milliseconds to seconds (alarms and eventing), to daily and
weekly reports (process optimization)

Accuracy

Intolerant of data and event loss

Availability

Data acquisition, storage systems, and event processing and reporting should
have the highest guarantees for availability

Recoverability

Recovery of persisted data (raw and processed) is necessary. Speed of system
recovery from faults and the resumption of functions is important

Throughput

Typically, this is in the order of 10s of Gigabytes (GB) per day

Scalability

The system should scale to accommodate geographically dispersed sources/
sinks
The components should be well-maintained, stable, active, well-documented,
and with a strong, supportive, and responsive user and developer com‑
munity. They should also be compatible with well-established monitoring
solutions

Robert Grady’s FURPS + model. This acronym stands for functionality, usability, reliability, performance, and supportability
(FURPS), and the + represents additional needs [43]
a

Dependent on regulatory concerns imposed by local to international laws and agreement. Can impact storage and
application locations, communication paths, security configurations, and other system features

Several challenges exist for manufacturing data ingestion. These include the following
[5, 16].
1. Manufacturing ecosystems can have a large number of diverse protocols for communication. Protocol integration normally incurs high engineering costs. Therefore,
a system that natively supports a large number of relevant connectors is very useful
(I1, I2).
2. The ubiquity of proprietary protocols in manufacturing requires that the system be
extensible with custom processors and connectors (I3).
3. The number of data sources and sinks may be in the thousands or hundreds of thousands implying the need for a scalable distributed solution (I4).
4. The presence of redundancy at the field level results in multiple readings of the same
parameter, which may not be identical in values or sampling rates, thus requiring
data synchronization (I5).
5. While certain sources are expected to provide real-time streams of data (I6), the
scheduled transfer of data in bulk from back-end servers, repositories, and applications may also occur in a manufacturing setting (I7). In fact, the cleaned data may
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Table 2 Platform requirements by function
Pipeline stage

Requirement

Ingestion

I1: Native support of a large number of technology connectors
I2: Can ingest a large variety of formats
I3: Supports custom processors and connectors
I4: Scales to support a large number of sources and sinks (1000s to 100,000s)
I5: Native processors for data validation, transformation, filtration, compression, noise
reduction, identification, and integration
I6: Supports active (real-time) ingestion
I7: Supports passive (batch) ingestion

Communication

C1: Scalable It should be able to support a large number of sources (ms poll rate) and
sinks. The combined number can range from 1000s to 100,000s
C2: Secures data in transit
C3: Exactly-once message delivery semantics
C4: Publish-subscribe communication
C5: Efficient bandwidth utilization
C6: Supports both real-time data streams and bulk data transfer
C7: Pull-based data consumption

Storage

S1: Scalable up to 10s GB/day
S2: Read/Write speed independent of volume of stored data.
S3: Large variety of formats and types (structured, semi-structured, and unstructured)
S4: Compression features for cost-efficient long-term storage (years)
S5: Intolerant of data loss
S6: Secures stored data
S7: Exports data to relational databases

Analysis [16]

A1: Scalable up to 100,000 variables
A2: Heterogeneous data types
A3: Imperfect data
A4: Real-time and batch processing required
A5: Supports time-series analysis & data mining and machine learning

Visualization

V1: Scalable
V2: Visualization methods for large data volumes, variety, and velocity
V3: Dynamic and static visualization
V4: Interactive
V5: Extensible interfaces

also need to be transferred back to some of these same databases for transactional
operations.

Communication

While communication channels are necessary to transfer data between the different
tools in the analysis pipeline, the need for a dedicated communication middleware is
not as clear. In some cases, ingestion and communication tasks are handled by the same
tool. Figure 5 acknowledges this possibility by displaying both functions in the same box.
However, data may flow to an increasingly large number of destinations. Certain tools
also split up or parallelize tasks across a large number of distributed workers. Having
middleware decouple the ingestion component from other processes supports “asynchronous operations and [promotes] scalability, robustness and performance” [30].
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Thus, using dedicated middleware for communication tasks is encouraged for big data
systems.
The network infrastructure of a manufacturing plant is divided into layers based on
function and requirements with strict controls on communication between them. The
top layers are IP-based networks and the lowest layers use one or more field-level technologies [35]. Field-level technologies interconnect manufacturing equipment that can
consist of thousands of data sources and sinks that produce enormous and continuous
streams of data. For example, NXP Semiconductor’s Assembly Plant in GuangDong is
recorded to “[produce] millions of products per day, on a few thousand pieces of equipment, [collecting] over 26 Gigabytes of data per day” [36].
Furthermore, the sensory, actuation, and control devices embedded in manufacturing
equipment are typically resource-constrained systems that are sensitive to any variations
in the characteristics of network inputs. For example, two recorded incidents published
by NIST in [37] demonstrate that unsolicited traffic (ping sweeps) in online control systems caused a robotic arm to switch from standby to active mode and swing around 180
degrees. The second incident, also involving a ping sweep, caused the control system in
charge of fabricating integrated circuits to hang, and resulted in the loss of $50,000 of
wafers.
In addition, the communication protocols used by control systems usually have limited
or no security features1 [39]. This means that access by an unauthorized individual may
lead to unlimited access to the production equipment. Thus, manufacturing plants typically employ a defense in depth approach using firewalls, virtual private networks, intrusion detection systems, and other technologies to secure the control network [39].
Therefore, the communication system should be able to support thousands to hundreds of thousands of endpoints (C1). It should have a proven track record of operating
safely in defense in depth architectures. It should also incorporate its own security measures to limit access to its data and functions and to secure data in transit (C2). This may
include access control mechanisms and cryptography. Furthermore, since data loss may
reduce the operating safety level of the plant, result in litigation, or degrade the quality of
analysis, the middleware should provide strong guarantees for fault tolerance and availability. While this may imply at-least-once message delivery semantics, message duplicates should be avoided to prevent unnecessary load on resource-constrained devices.
Thus, the ideal tool should support exactly-once message delivery semantics (C3). For
efficiency, the tool should also support the publish/subscribe communication model and
message compression and be capable of both real-time and bulk data transfer (C4, C5,
C6). Finally, given the sensitivity of endpoints to unsolicited traffic, the tool should offer
pull-based communication (C7).
Storage

As far back as 1997, the production of a single manufactured item could produce megabytes of sensor data in a single step of a single phase of production. As the number of
units and production steps increase, the amount of data produced also increases. The

1

See Section 22.5.2 of [38] for more details.
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tools used throughout the process may vary, and therefore, may produce a variety of different data types. Fractions of this data may be highly correlated due to a multi-step production process or because of the wide deployment of redundant sensors. For reasons
related to liability determination and regulations, this data may also need to be stored
securely and for many years [33, 40].
Thus, there is a need for a database that is capable of scaling in the order of gigabytes
per day (S1). It should be able to do so while maintaining fairly consistent per-second
read and write speeds regardless of the volume of stored data (S2). The tool should also
be able to handle highly correlated data of a large variety (S3). Due to the costs associated with long-term storage, it should be able to hold this data in an efficiently compressed state and in a secure manner (S4, S5, S6). Finally, it should be able to export to
relational databases since manufacturing applications still depend on this type of databases (S7) [33, 40].
Analysis

The requirements for manufacturing data analysis described in this section are based on
the perspective paper by Qin in [16].
According to Qin [16], process data analytics has heavily been in favor of modeling
data using multivariate statistical methods such as the latent variable methods of principle components analysis (PCA) and projection to latent structures (PLS). Data reconciliation, neural networks, and time-series trend analysis are also explored and applied
in industry for inferential modeling and performance assessment. Yet, these methods
have been disconnected from recent developments in big data analysis, machine learning, and data mining. The benefit in progressing beyond the status quo lies in being able
to use imperfect data in analysis, improving performance through deep learning techniques, exploiting underutilized time-series trend analysis methods for data mining, and
extracting valuable information from largely unused unstructured data [16].
To achieve these improvements, data analysis should strive for scalability, versatility,
simplicity, and timeliness. The requirements for analysis outlined by Qin include scalability up to a 100,000 variables (A1), the ability to analyze heterogeneous data types
from diverse data sources (A2), and supporting analytical techniques for the real-time
and batch processing of imperfect data (A3, A4). Finally, since the manufacturing process mainly generates time-series data, analysis should also favor tools that are designed
to handle this type of data (A5) [16].
Visualization

Visualization involves the systematic representation of data. In [11], the results of data
analytics were found to be more readily accepted by engineers if the models were interpretable and easy to visualize. According to [41], big data visualization requires different
tools than traditional methods because of their differences in properties such as velocity, variety, and volume. The largeness of datasets implies the need for parallel visualization algorithms that can divide the workload into separate tasks that can be processed
concurrently (V1). Visualization methods are also needed to meaningfully display structured, semi-structured, and unstructured data, as well as data of high complexity and
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dimensionality (V2). Dynamic visualization is also needed to report on real-time processing streams (V3). According to [41], interactive tools are also stated as being more
useful and leading to more discoveries than static ones (V4). Finally, the applied tools
should have extensible interfaces to allow for cross-platform access (e.g., browsers,
mobile devices) (V5).
This section discussed the main requirements for the five phases of manufacturing process data analysis pipelines. These non-functional and functional requirements are summarized in Tables 1 and 2. The next section addresses the second research question by
discussing the existing data analysis pipelines in academic literature.
RQ2: What are the available big data analysis pipelines for process data in academic
literature?

This subsection describes the big data analysis pipelines for manufacturing process data.
Thus, it is divided in three parts. First, the search methodology used to source relevant
literature is described. Then the inclusion and exclusion criteria applied are explained.
Next, the main tools used in the different platforms are described.
Search methodology The primary search string (“Manufacturing” AND “Big Data”) was
used in the IEEE Xplore, ACM Digital Library, and Scopus digital databases. When possible, the search was limited to peer-reviewed English journal articles and conference
papers in the computer science and engineering fields between the years 2014 and 2018.
This yielded 939 unique papers.
Inclusion/exclusion criteria Four criteria are used to limit the number of surveyed
papers. These are as follows.
1. Recent The paper should have been published within the last 5 years, including this
year (i.e., 2014, 2015, 2016, 2017, 2018). Technologies change often, thus, the properties and capabilities of tools that justified their inclusion may change drastically
between the time that a tool was included in a platform and when this survey was
carried out. Therefore, it is not useful for this survey to aggregate platforms developed based on the requirements of systems that existed 10 years ago with those
developed for today’s needs.
2. Manufacturing process data analysis The reviewed platforms must be designed for
manufacturing and specifically for process data analysis.
3. Platform The purpose of this survey is to review platforms. We base our definition of
a platform on [12]. Thus, a paper qualifies if it is “research that provides a system with
hardware and software components, which enables applications to execute” [12]. For
this survey, we relax the definition to only software components and look specifically
for platforms that address the full analysis pipeline from ingestion to visualization.
4. Big data The platforms should be designed specifically for big data use cases.
The full text of all 939 papers were manually inspected to ensure that they met the
specified inclusion and exclusion criteria. Only 38 papers qualified. The 38 papers, their
publication year, type (conference paper or journal article), industry, and use case are
summarized in Table 3.
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Table 3 Papers that satisfy the review criteria
Paper

Year

Type

Industry

Use case

[44]

2014

C

Agnostic

Model discovery and analysis

[45]

2014

C

Agnostic

Knowledge management

[46]

2014

C

Agnostic

Cloud manufacturing

[47]

2014

C

Agnostic

Anomaly detection

[48]

2014

C

SCM

Predictive maintenance

[49]

2015

C

Agnostic

Air quality

[50]

2015

A

Polymer

Yield optimization

[51]

2015

A

Cement

Performance monitoring

[52]

2015

A

Chemical agricultural recycling

Anomaly detection

[53]

2015

C

SCM

APC

[54]

2016

A

Agnostic

Agnostic

[55]

2016

C

Agnostic

Risk management

[56]

2016

C

Agnostic

Agnostic

[57]

2016

C

SCM

Yield improvement

[58]

2016

C

Agriculture

Quality control

[59]

2016

C

Printing

Anomaly detection

[60]

2016

C

Tire

Quality control

[61]

2017

A

Polymer

Quality control

[62]

2017

A

Die casting

Quality control

[63]

2017

A

Agnostic

Quality control

[64]

2017

A

SCM

APC

[65]

2017

C

SCM

Process monitoring

[66]

2017

C

Oil and gas

Predictive maintenance

[67]

2017

C

Agnostic

Prognostics

[68]

2017

C

Hydroelectric

Semantic integration

[69]

2017

C

Weichai Power Co., Ltd.

Quality management

[70]

2017

C

Machining

Energy use tool use and wear

[71]

2017

C

Agnostic

Energy use

[72]

2017

C

Polymer

Prognostics

[73]

2017

C

Automotive

Quality management

[74]

2018

A

SCM

Production planning

[75]

2018

A

Metal casting

Quality management

[76]

2018

A

Machining

Kanban

[77]

2018

A

Food

Event processing

[78]

2018

A

Agnostic

Supply chain management

[79]

2018

A

Agnostic

Agnostic

[80]

2018

C

Agnostic

OEE

[81]

2018

C

Agnostic

Agnostic

Type ‘C’ represents a conference paper and ‘A’ a journal article
SCM: semi-conductor manufacturing, APC: advanced process control, OEE: overall equipment effectiveness

Classification The papers are analyzed and the tools used in their respective pipelines are defined. These tools are classified by function into one of five stages: ingestion,
communication, storage, analysis, and visualization. Table 4 shows the results of this
classification.
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Table 4 The tools used in the respective data analysis pipelines of each paper
Paper

Ingestion

Communication Storage

Analysis

Visualization

[44]

Custom

−

HDFS, HBase, Mon‑
goDB Infinispan,

Hadoop, Hive, Pig,
Elasticsearch

Custom

[45]

Custom

[46]

WSO2 BAM

−

HDFS, MySQL
HDFS, RDB (∼), Cas‑
sandra (∼)

Hadoop

WSO2 ESB

− (∼)

[47]

−

Kafka

HDFS

Hadoop, Storm

−

−

HDFS, HBase, Mon‑
goDB Cassandra,

Hadoop, Hive

[49]

−

−

HDFS

Hadoop, Mahout,
Jena Elephas

−

[50]

−

−

−

[52]

Custom

[53]

Sqoop

[54]

Sqoop

[55]

[48]

Hadoop, WSO2 CEP

Custom (WSO2
UES)
−
−

MySQL

Matlab, QuickCog

−

Microsoft SQL 2012

Custom

Kafka

HDFS, HBase

Hadoop, Storm, Hive,
Radoop, Rapid‑
miner

−

HDFS, HBase

Hadoop, Hive, Impala

Flume

HDFS, HBase, MySQL

Hadoop, Hive

Custom

Custom

MongoDB

Custom

Custom

[56]

Custom

−

MongoDB, Post‑
greSQL

RStudio, Watson Ana‑
lytics, Qliksense

Custom

[57]

Flume (∼),
Sqoop (∼)

Custom

HDFS, HBase

Hadoop, Hive, Impala, Custom
Spark, Pig

[51]

Custom

Custom
− (∼)
−

Custom

[58]

Custom

Custom

Cassandra

Spark

Zeppelin (∼)

[59]

Kafka

Kafka

Cassandra, Onto‑
QUAD

Spark

Custom, Jupyter,
Ontos Eiger

[60]

Custom

Hadoop, Hive, Spark

Custom

Storm

−

HDFS

[61]

Kafka

MongoDB

Storm

Custom

[62]

Pig, Hive

Custom

HDFS

Hadoop, Hive, Pig

Flamingo, Custom

[63]

ODI, Talend,
Sqoop

Kafka

HDFS, HBase

Hadoop, Spark,
IPython

Tableau, Microsoft
BI

[64]

Sqoop, Custom Custom

HDFS, RDB ∼

[65]

Custom

[66]

Custom

−

−

Hadoop, Hive, Impala, −
Spark, Matlab
Custom
Custom (∼)

[67]

Custom

Custom

Microsoft SQL
2008R2

Custom

Custom

[68]

Custom

[69]

Sqoop

−

−

[70]

Kafka, RabbitMQ

HDFS, HBase, Cassan‑ Hadoop, Spark, Storm Custom
dra, PostgreSQL

Cassandra

Spark

−

HDFS

Spark

Custom, Storm Kafka

CouchDB

[71]

Sqoop

HDFS, HBase

−

[72]

Custom

−

−

[73]

WSO2 ESB
− (∼)

−

[74]
[75]

Spark

Hadoop, Hive, Pig

Custom
Custom

−

MongoDB

Custom

WSO2 ESB

Alfresco CMS, Neo4j

Apache UIMA, WEKA

−

HDFS, HBase

Hadoop, Hive

−

HDFS, HBase

R, Drools

−

MySQL

Custom

Custom

−

Microsoft SQL
2008R2

Custom

Custom

Custom
−

Custom

[76]

Custom

[77]

Custom

[78]

Flume, Sqoop

−

HDFS

Hadoop, Hive, Solr,
RServe, Mahout

Custom

[79]

Flume

Kafka

HDFS, HBase, MySQL

Hadoop, Hive, Storm

Custom
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Table 4 (continued)
Paper

Ingestion

Communication Storage

Analysis

Visualization

[80]

−

Kafka

Cassandra

Spark

Custom

RabbitMQ

HDFS

Hadoop

−

[81]

Custom

∼, implies that it is uncertain if the tool was used for this stage of the pipeline. −, implies that no tool was used for this stage
of the pipeline
ODI: Oracle Data Integrator, BAM: Business Activity Monitor, ESB: Enterprise Service Bus, CEP: Complex Event Processor, UES:
User Engagement Server

Results
A number of anecdotal observations collected during this survey include the following.
1. Papers often do not state the requirements of their systems prior to the design of the
pipeline.
2. Papers often do not justify their design choices and decisions in tools.
3. Papers often do not describe how the tools were applied and used. This is especially
true for custom tools that are also not openly accessible.
This restricts the information available to explain the observed trends in this study.
Yet, the results of RQ1 define the requirements that should be met by a data analysis pipeline for manufacturing process data. They are agnostic to industry and use case.
Thus, process data analysis pipeline should at the least meet these requirements and
those that are specific to the industry and use case. Therefore, the results of RQ1 are
used to establish the context needed to explain the pipelines in RQ2.
The discussion is split into two sections that give an overview of the results and a more
in-depth discussion on the tools used and design choices made for the analysis pipelines,
respectively.
Results overview

Figure 6 shows an overview on the tools used in the different pipelines and demonstrates
the following. The analysis and storage stages of the pipeline are well-addressed by most
paper with respectively only 1 and 3 papers out of 38 not using a tool (custom or otherwise) for the task. In contrast, 6 pipelines do not have a tool set for ingestion (15.8%), 19
for communication (50.0%), and 13 for visualization (34.2%). Thus, a considerable number of papers focused predominantly on the analysis and storage phase and, in the process, neglected the ingestion, communication, and visualization stages.
Results by analysis stage

This section does not compare the tools and pipelines used against the requirements
defined in RQ1 for two reasons.
1. Figure 6 shows the frequent use of custom and ad-hoc tools in the different pipelines.
These tools are not openly available for review.
2. The descriptions of how the tools are applied vary drastically in quality and detail
between papers. Therefore, while the tools may be evaluated independent of how
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Fig. 6 An overview of the tools used. The yellow bar is the number of unique and non-custom made tools
(e.g., NiFi, Kafka). The green bar is the number of custom tools (e.g., ad hoc scripts/applications). The red
bar shows the number of pipelines that did not use any tool for that specific stage. The blue bar counts the
number of cases of uncertainty in the results (e.g., a paper includes a tool in its figure of the data analysis
pipeline but then does not mention it in-text)

they are actually used, this would not give a realistic and fair assessment of the pipelines themselves.
The rest of this section will instead describe the trends in Fig. 7 in light of the requirements from RQ1.
Ingestion (Fig. 7a) 18 of the 38 pipelines ( 47.3%) use custom tools. Custom tools are
therefore the largest type of tool used for data ingestion. This design choice may be due
to the nature of manufacturing ecosystems. To explain, a manufacturing ecosystem may
employ a number of protocols and standards for communication and data representation, some of which are proprietary. The protocols, standards, and the combination in
which they are used can be unique to the manufacturing industry. Since these properties
would directly impact the characteristics of the ingested data, the response has been to
develop custom and ad-hoc connectors for data ingestion.
Apache Sqoop is the second most used tool for data ingestion. It is used in 8 out of 38
pipelines (21.0%). Apache Sqoop is used to integrate Hadoop directly with existing relational databases and manufacturing operations management systems (e.g., ERP, MES)
that commonly depend on relational databases. Since, Apache Sqoop is a big data tool
for the transfer of data between relational databases and Hadoop, explaining this trend is
straight forward.
The third most common design choice is to not use any tool and to leave the ingestion
phase unaddressed. This is done in 6 of the 38 pipelines (15.8%).
The remainder of the tools include message queuing middleware (e.g., Flume, Kafka),
processing frameworks (e.g., Storm, Spark), query engines (e.g., Pig, Hive), and others.
These are each applied in 3 pipelines or less (7.9%).
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(a)

(b)

(d)

(c)

(e)
Fig. 7 The top 5 tools used for a ingestion, b communication, c storage, d analysis, and e visualization in the
pipelines

Communication (Fig. 7b) 18 out of 38 pipelines ( 47.3%) did not use any tool for communication. Instead, the pipelines would chain the different tools using their connectors
or respective interfaces.
Apache Kafka is the second most used tool and is applied in 9 out of 38 pipelines
(23.7%). Kafka is a message queuing solution. Thus, it can be used to decouple the pipeline components and promote scalability, robustness, and performance [30]. Kafka is a
good choice based on the requirements defined in RQ1 for communication middleware.
However, Kafka may be difficult to integrate in systems where data flows back to the
process and control levels from the analysis pipeline. To explain, Apache Kafka publishes
messages from producers to queues (‘topics’), that are then processed by consumers.
Instances of Kafka consumers operate in consumer groups. If a consumer group is subscribed to a topic, each published record is delivered to a single consumer instance in
that group. Yet, manufacturing systems often have redundant equipment that needs to
be in sync and up to date. If the redundant components operate as a single consumer
group, then only one component out of the redundant set will receive each message
from the Kafka topic. Additional mechanisms will therefore be necessary to ensure that
all of the redundant components are in sync. Alternatively, each component will have to
operate as an independent consumer group. This is one example of a caveat that requires
extra care to engineer a correct system for message queuing in manufacturing.
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Custom tools are used in 6 of 38 pipelines (15.8%). This is normally seen as integrated
communication interfaces in middleware and other components of the pipeline. However, several papers also construct pipelines that predominantly use custom tools. Thus,
having a custom tool for the communication stage is unsurprising as it conforms with
their all-encompassing design choice.
The remainder of the tools used (e.g., WSO2 ESB, and RabbitMQ) are each applied in
2 pipelines or less (5.3%).
Storage (Fig. 7c) HDFS is used in 22 out of 38 pipelines (57.9%), thus making it the
most popular choice for storage in the surveyed pipelines. HDFS is bundled with big
data analysis tools (e.g., Hadoop) that depend on HDFS to function. It is therefore unsurprising that it is so well-represented in the analysis platforms.
NoSQL (Not Only SQL) databases are used in 27 out of 38 pipelines (71.1%). The databases used are HBase, Cassandra, MongoDB, Infinispan, and CouchDB. NoSQL databases are normally described as optimal solutions for storing heterogeneous data. Some
papers, however, have cited scalability as their main reason for using a NoSQL database
instead of a relational one.
Relational databases are used in 12 out of 38 pipelines (31.6%). The tools used include
MySQL, Microsoft SQL Server, and PostgreSQL. Two papers did not specify the exact
type and referred only to a relational database in the pipeline. Relational databases are
traditionally common in manufacturing systems. Thus, this choice in database systems
may be driven by historical reasons and context.
One pipeline, described in [65], did not address the storage stage and did not explain
this decision.
Analysis (Fig. 7d) Hadoop is used in 20 of 38 pipelines (52.6%). This number is inflated
because Hadoop is often used to execute jobs on behest of other tools. For example, Hive
is used in 13 of 38 pipelines (34.2%) and runs on top of Hadoop, submitting SQL queries
to Hadoop for processing. Similarly, Pig submits SQL-like jobs to Hadoop and is used in
4 separate pipelines (10.5%). However, several pipelines do use Hadoop as intended for
batch processing tasks.
Spark and Storm are used for stream processing in 10 pipelines (26.3%) and 5 pipelines
(13.2%) out of 38, respectively. Using this type of tools conforms with the well-known
fact that the majority of data from field level equipment is structured time series data
produced through regular polling.
Custom tools are used in 7 of 38 pipelines (18.4%). This number represents applications and ad hoc scripts written in a variety of languages.
It is worth noting that this stage shows the highest diversity of tools. In total, 24 different tools (excluding custom tools) are used in the 38 pipelines. Yet, 19 of the 24 tools are
each used in 3 pipelines or less.
Finally, 1 of the 38 pipelines (2.6%) does not use a tool for this stage. This pipeline is
described in [70]. This paper focuses on establishing a pipeline for ingestion, communication, and storage. Plans exist to hand off the stored and cleaned data to an analysis
component in the future. However, the analysis setup is not specified as of yet.
Visualization (Fig. 7e) A custom tool is used in 23 of the 38 pipelines (60.5%). This
includes web frameworks developed in a number of languages to display web pages on
diverse terminals.

Page 21 of 26

Ismail et al. J Big Data

(2019) 6:1

The second most common choice is to have no tool assigned for the visualization stage
of the pipeline. This is done in 13 of the 38 pipelines (34.2%). Instead, they depend on the
outputs of the analysis tools used or leave it unaddressed.
The commercial off-the-shelf (COTS) tools used are Flamingo, Jupyter, Microsoft BI,
Ontos Eiger, Tableau, and Zeppelin. These are each used in 1 pipeline.

Recommendations
This section presents the main recommendations for each stage in the pipeline based on
the study’s results.
Ingestion Custom tools are the largest type of tool used for data ingestion. This may
highlight the lack of readily available industry-wide capable technology connectors for
ingestion or the need for specialized tools in general. For example, the latter may include
tools that have direct support for proficiently handling highly correlated and redundant
process level data. Developing a standard and openly available tool with the required
features can remove the redundancy of redeveloping fundamental components, such as
protocol connectors.
Communication 19 out of the 38 pipelines (50.0%) neglect the communication phase.
Using an enterprise-level message queuing service would introduce middleware that can
decouple the components in the pipelines, and thus promote scalability, robustness and
performance [30]. Also, 6 of the 38 pipelines (15.8%) use custom tools for communication. Using a COTS service would relieve data engineers from the cost of having to redevelop communication logic for custom tools.
Storage 27 out of the 38 pipelines (71.1%) use NoSQL databases. This is an understandable design choice since the context dictates support for storing and analyzing heterogeneous data. However, NoSQL databases should provide a familiar interface similar
to relational databases, e.g., the ability to strictly enforce data schema, since it is more
likely that in-house expertise in the manufacturing sector are more aligned with relational systems.
Analysis Real-time processing frameworks are under-represented in this stage of the
pipeline. This limits the capabilities of the overall system and may, in the future, require
the re-engineering of systems. Incorporating a suitable real-time processing tool in the
initial design is normally justified since it is highly relevant to a number of current manufacturing use cases.
Visualization In [11], data analysis results were found to be more readily accepted by
engineers if the models were interpretable and easy to visualize. Having no tool assigned
for this stage or depending on the output of analysis tools instead of using standardized
interfaces for the systematic representation of data antagonizes these findings. Thus, this
aspect should be addressed in accordance to the requirements defined in RQ1.
Conclusion
This survey identifies and addresses two research questions with the goal of supporting data engineers in the development of big data analysis pipelines for manufacturing
process data. The first research question addresses the requirements for big data analysis pipelines for manufacturing process data. The second research question surveys the
available pipelines in academic literature.
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Most pipelines focus on the analysis and storage phases, and neglect the ingestion,
communication, and visualization stages. Furthermore, custom tools are frequently
used for ingestion and visualization. While these trends may currently be justified in the
manufacturing context, it highlights an opportunity for the development of standardized
and openly accessible tools. Moreover, tools capable of handling heterogeneous data are
well-represented. Storage and analysis tools for relational data are also well-represented.
Finally, batch processing tools are more widely adopted than real-time stream processing frameworks, and most pipelines tackle the analysis phase using a common scriptbased data processing approach.
The derived recommendations are as follows.
1. Data ingestion is in need of a suitable tool with the standard technology connectors
and common features necessary for manufacturing.
2. A COTS enterprise-level message queuing solution should be used for communication to free-up developers from having to re-implement message queuing logic
between pipelines. It also ensures that the overall system can decouple the components in the pipelines, thereby promoting features such as scalability, robustness, and
performance.
3. For storage, NoSQL databases with a familiar interface (e.g., similar to relational
databases) should be favored over others. This would allow companies to capitalize
on existing in-house expertise that are typically in relational systems for historical
reasons.
4. The analysis stage should strive to include a stream processing tool in the pipeline
since it is relevant to most use cases on manufacturing process data.
5. The visualization stage should not be left unaddressed so that the data analysis results
are more accessible to engineers.
Future work can include a complete comparison of the tools identified in this survey
against the requirements of RQ1. This future comparison may help further determine a
set of tools that are best-suited for the big data analysis of manufacturing process data.
They may then serve as a good basis for future development and standardization efforts.
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