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Abstract

Modern production systems are composed of complex manufacturing processes with highly technology specific cause-effect re-
lationships. Developments in sensor technology and computational science allow for data-driven decision making that facilitate
efficient and objective production management. However, process data may only be beneficial if it is enriched with meta infor-
mation and process expertise, reduced to relevant information and modelling results interpreted correctly. The importance of data
integration in the heterogeneous industrial environment rises at the same momentum as new metrology techniques are deployed. In
this paper, we focus on optimizing analytics, containing data-driven decision making for predictive quality and maintenance. We
summarize key requirements for data analytics and machine learning application in industrial processes. With a use case from au-
tomotive component manufacturing we characterize industrial production, categorize process data and put requirements in context
to a real-world example.
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1. Introduction

Increase of computational power together with technologies like cloud or edge computing and decrease of re-
spective hardware cost within recent years are substantial factors for enabling big data analytics in the industrial
environment [24, 2]. Advancements of algorithms and methods to handle dimensionality allow for data-driven deci-
sion making and smarter manufacturing. One of the pillars of Industry 4.0 is data generated at high scale for cotrol,
monitoring and knowledge discovery related to manufacturing quality [22, 26]. In essence, data itself is only a means
to an end and rather a prerequisite. The actual knowledge that is extracted after processing data for any purpose
is what creates value for the production system. With goals of zero defect manufacturing (ZDM), maximization of
overall equipment effectiveness (OEE) and cost minimization data is what fuels optimization capabilities.
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Machine Learning (ML) has proven its effectiveness in data-driven applications for classification and regression
problems [2, 15, 32]. Yet, surveys and literature addressing industrial applications reveal open issues for compre-
hensive integration of data analytics, ML, data-driven decision making and algorithm based process optimisation
into real-world production. Examples are non-stationarity, highly imbalanced data sets, data heterogeneity, as well as
quickly changing production conditions, expected decision transparency and operators qualification [19, 11, 12, 33].
In the present paper we take up previous works on challenges of industrial application of ML and provide a frame-
work for categorisation of derived requirements. The core of this paper lies at the characterization of an industrial
production environment with respect to predictive modelling. We present an industrial perspective onto developments
in data analytics to bridge research and industrial application. Requirements that arise for intelligent manufacturing in
terms of data generation, processing and analytics are summarized and put in reference to a real production process.
In part 2, we provide background on predictive modelling and introduce the term optimizing analytics. Part 3 outlines
key requirements for ML application in industry and refers to current research in literature. Part 4 concentrates on
real-world, industrial processes. We introduce a casting process as use case from automotive component manufac-
turing to contextualize characteristics of series production and refer to requirements towards an optimizing analytics
framework.

2. Evolution of data analytics towards optimizing analytics

The evolution of data analytics can be divided into four levels: descriptive, diagnostic, predictive and prescriptive.
In terms of industrial maturation prescriptive analytics is still less prevalent. However, in literature the differentiation
of predictive and prescriptive is indistinct as methods and aspects overlap. Extensions of predictive methods may con-
tain prescriptive objectives, without being explicitly stated as such [25, 30]. A summary of predictive and prescriptive
methods is provided in [25]. In our view, the advancement of predictive analytics includes objectives of guidance for
the user. We characterize it rather as algorithm-supported, single or multi-objective optimization. From the industrial
point of view, this includes the component of automatic optimization of manufacturing parameters or maintenance op-
erations. The term we use in this context is optimizing analytics instead of prescriptive. The following list summarizes
the four levels.

Descriptive: visualization of mainly historic but also real-time (streaming) data; (“What has happened?”’)
Diagnostic: first root-cause analysis for events on historic data; (“Why did it happen?”)

Predictive: forecast future events based on patterns in historic and real-time data; (“What will happen?”)
Optimizing analytics: optimization based on predicted events; (“What should be done to optimize the system?”)

In the industrial context two directions emerge from predictive analytics: predictive quality and predictive mainte-
nance [28]. Both focus on the utilization of manufacturing related data to foresee hostile situations, i.e., defects, faults
or breakdowns, based on the actual state. Predictive maintenance includes both, diagnosis (current condition) and
prognosis (projected future condition). In their review, Nguyen et al. [14] differentiate mainly between model-based,
data-driven and hybrid approaches. The model-based approach relies on a deterministic, mathematical model that de-
scribes the degradation of a single tool or even the whole system. Data-driven approaches make use of statistical and
machine learning techniques. They are prevalent in industry due to comparably easy development, adaptation to new
machines and access to huge amount of data needed for application. In our work, we focus on data-driven approaches
applied to industrial processes.

3. Machine Learning application in production industry: challenges and derived requirements

Research presents many applications of ML for quality enhancement and maintenance optimization based on pre-
dictions from learned data patterns [32]. Objectives are reduction of unplanned downtimes and system faults as well
as productivity improvement by waste avoidance in terms of material, human and machinery resources [10]. However,
transformation of advancements in computer science from academia to industry is still challenging. One of the main
differences between academia and real-world production is the long-term scale and associated changing conditions.
Applications under laboratory conditions demonstrate technical capability of methods. In turn, series production is
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characterized by a highly multivariate and volatile system in terms of environmental influences and hidden cause-
effect relationships. Industrial production needs models that are deployed on-line and capable to react to changing
conditions, hence, regularly retrained to keep the needed performance and optimized further. In their industrial sur-
vey, Heimes et al. [19] name insufficient data basis as most significant hurdle for successful implementation of data
analytics into series production. Most relevant requirements, hence, are stated as availability of process-descriptive
data, reliable sensory equipment and sufficient data resolution. Another challenge, that is typically present in industrial
production, are highly imbalanced data sets in terms of conformity of produced parts. With all effort and ambition
towards a zero-defect manufacturing scrap rates are typically low, e.g. in casting < 1 to 5 % depending on the tech-
nology. To realize machine learning models and exploit potentials of optimizing analytics a number of requirements
must be met that are constraint by the production process, the organizational framework or by the analytical model.
Table 1 presents different requirement categories that are described in detail in the following.

Table 1. Requirements for industrial ML applications.

Requirement category Elements Conditioned by
Data availability Data is accessible, Data is timely updated [6] Process

Data quality Usability, Reliability, Readability, Relevance [6] Process
Interdisciplinarity Integration of domain experts, requirements definition in planning phase [19] Organization
Data integration Data management, information fusion [18, 23] Model
Interpretability Model-intrinsic, Post-hoc decision explainability [27, 13] Model
Adaptability Regular re-training, data drift detection, handling imbalance [16, 21] Model

3.1. Production process and organizational requirements

Data availability is the first prerequisite for implementation as the data to monitor and describe a manufacturing
process must be principally accessible. Mutually, Data quality is important since wrongly placed sensors, inadequate
sampling frequencies and faulty data transfer hamper prediction accuracy or even ruin the whole model capability.
Low data quality has its causes at sampling level, storage level or processing level and can only be improved here. At
model and interpretation level even most advanced techniques will not reach satisfying results if data quality is low.
Data quality has several dimensions going beyond pure completeness, such as usability, reliability, readability and
relevance [6]. Usability refers to how credible data is in terms of its units and values taken. Reliability summarizes
data accuracy, consistency and integrity, that are measures of unambiguity. It refers also to the level of certainty that
raw data cannot be manipulated and falsified at a later time. This is especially important to learning from historic data
so that extracted patterns and rules are not distorted. Readability refers to the format in which data is represented and
stored. Hence, how direct it can be integrated into a data analysis pipeline, that is defined by the structure (e.g. arrays,
images, graphs or semi-structured data in XML or JSON format). Relevance refers to how well information content
matches information needs. In industrial manufacturing this is related to how well sampled data can describe and
therefore model the process. It is closely related to expert knowledge and technical hypotheses for root-cause anal-
ysis. Machine learning offers techniques to find hidden and implicit patterns in a vast amount of data. However, the
more relevant the data is to the task the more precisely and efficiently a ML model can work. Therewith corresponding
is the organizationally conditioned interdisciplinarity. The early integration of domain experts allows for better data
and problem understanding. Additionally, the early definition of technical requirements for ML application and inte-
gration already into process planning and purchasing enables necessary data availability and data quality. This builds a
framework resulting in accurate, problem-specific models and better performance during later series production [19].

3.2. Data modelling based requirements

Another requirement for successful implementation in industrial processes is interpretability (also referred to
as explainability) of ML model results. In the manufacturing context of quality and process improvement the sole
classification task of non-/conformity (binary) or defect type (multi-class) is not yet sufficient. Objectives are to derive
respective measures, like machining parameter and maintenance operation optimization to avoid bad quality and
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machine failures. To do so, results and decisions made by ML models must be comprehensible. There exist different
approaches to allow more interpretation capabilities, like model-intrinsic and post-hoc interpretation [13, 27]. Model-
intrinsic approaches incorporate interpretability directly into the design by (a) imposing constraints to make a model
simpler, e.g. sparsity terms or decision tree pruning [13], by (b) applying mimic learning, i.e., approximizing statistical
properties of a complex model by a simpler, interpretable model, e.g. decision tree trained by a deep neural network to
mimic input-output relations [5], or (c) by attention mechanisms that visualize where a deep learning model focuses on
the input, e.g. images or time series, to discriminate and to make predictions [34, 15]. Post-hoc approaches are based
on algorithms that are applied subsequently, after learning and prediction. These include feature importance ranking
by measures like accuracy gain for traditional, feature-engineering-based ML algorithms, e.g. decision trees or logistic
regression [13], and attribution methods like perturbation or back-propagation to calculate a gradient function [1].

Nonetheless, differentiation must be made between ML researchers and industrial end users. The presented ap-
proaches refer rather to decision logic in mathematical and statistical terms. For the industrial end user interpretability
is directly connected to the expert domain. Model results are expected to serve as recommendations for improvement.
Referring to automation of tasks the output of a ML model is input for execution of quality control and maintenance
scheduling. Interpretability is indispensable for decision verification and trust into self-optimizing frameworks.

With the objective of data-driven decision making data integration and reduction to relevant attributes are funda-
mental. The industrial system presents a huge variety of sensors from multiple sources, process input variables and
human interaction along the value-added chain. In this context information fusion is an important task to perform. The
intention is to combine different sources and types of data to enhance the information content and reduce uncertainty
and redundancy with respect to their individual processing [18]. Information fusion, also referred to as data fusion,
is a multi-disciplinary field that implies wide-ranging research. Our objective is not a comprehensive overview of
techniques but to introduce concepts in the context of our research.

Basically, three approaches of information fusion are discussed in literature: at (raw) data level, at feature level and
at model level [18, 23]. Fusion at (raw) data level refers to, typically, timely or spatial synchronization, e.g. time series
data sampled at different frequencies, and rather uniform data in terms of descriptive nature. An industrial example
is the fusion of pressure signals in injection molding at different mold locations. In contrast, at the higher feature and
model levels information from also mixed type data of very different structure is fused. Feature level fusion follows
the objective to extract features from raw data separately and combine it into one feature vector. Common techniques
are such as Canonical Correlation Analysis [18], deep learning based on convolutional neural networks (CNN) or
multi kernel learning [20, 4]. On model level outputs of several models that process respectively one data type are
combined. This approach is also called decision level fusion since, e.g. in classification tasks the final decisions of
class affiliation per sample are compared. Techniques used are majority voting, known from ensemble learning, or
inference based Bayes networks [18]. A comprehensive overview of fusion techniques can be found in [8].

Within machine learning research ensemble learning and hybrid methods are developments to improve robustness
and performance over singular models. Dealing with heterogeneous data, especially hybrid methods can be advan-
tageous due to integration of dedicated models. However, the interpretation of "hybrid’ is left to the developer of
such method as there does not exist a clearly defined research area under this term [3]. We, therefore, propose a
categorization for the hybrid machine learning framework: (a) Sequential, (b) Parallel and (c) Expert augmented.

(a) The sequential framework refers to an architecture where different tasks, i.e. data fusion, feature extraction,
classification or regression, are performed in a series of steps. Separate models are applied per dedicated task
along the data processing pipeline. This type can be found in [31, 7, 23], where feature extraction and subsequent
classification are performed by different models. Information fusion takes place at a feature level.

(b) The parallel framework describes separate data processing pipelines, each handling a certain data type. Hence,
dedicated capabilities of ML models are exploited. The information fusion takes place at model level by com-
bining outputs into one single decision [3].

(c) The expert augmented framework introduces another form of hybridization. Here, an interaction unit is com-
plementing the ML pipeline to enhance prediction performance. Therein, human expert knowledge is extracted
to supervise model training and validation in cases where target variables are missing and only unsupervised
ML is applicable [9]. Another purpose is an improved generalization of the ML model when applied to various
similar problems but with sparse data availability [17].
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Another field of study that aims at integrating mixed type data is multimodal ML. This term is less common in
industrial research but rather used in other disciplines like medicine, bio-informatics and robotics where perception
tasks or sentiment analyses are performed. Modalities refer to the nature of how something is experienced. In terms
of human sensation this includes vision, acoustics and touch [4]. On a technological level sensory capabilities can be
abstracted to a modern production system with sensor networks, optical measurements and communication protocols.
Hence, also the industrial environment can be defined as multimodal problem, where information fusion must be
performed to advance data-driven decision making.

4. An industrial perspective from automotive component production

Typically, within production research a production system is characterized by its nature of process (discrete or
continuous) and its way of volume creation (single, batch, mass). Further differentiation is then related to variety and
organizational characteristics (job shop, manufacturing cell and flow line). From the perspective of predictive analytics
another distinction may be introduced that refers to the level of consideration within the production system and scope
of process optimization: (a) machine level, (b) direct value chain level and (c) cross-process level. Based on the level
motivation and objectives of predictive analytics may change. However, levels partly build on one another.

(a) On machine level one direct manufacturing procedure is considered. An immediate quality control allows for di-
rect feedback and labelling. Data as generated by or directly related to the machine is used as input for predictive
analytics. Optimization of parts quality and maintenance operations are likewise related to that machine.

(b) On a direct value chain level more than one manufacturing procedure is considered but a quality check is only
implemented at the end of a process section. In this case, early anomaly detection and quality prediction allow
for prompt discharging of non-conform parts to save further value adding resources.

(c) The cross-process level represents the combination of manufacturing and assembly. Different parts, either man-
ufactured internally or externally, flow into the process to form an assembly. The generated data is highly
heterogeneous, in terms of source, type and physical nature. A key aspect is the connection and relation be-
tween stations since the outcome of one step may influence the settings of a following. For information fusion
and predictive analytics this level entails high complexity. However also optimization potential is high since
real-time data processing and prediction allows for anticipatory adjustments.

4.1. Use case - Casting of engine components

Fig. 1 presents value and data stream of a typical casting process of engine components that can be summarized into
casting, mechanical processing and quality control. Since the manufacturing is in focus here we do not go into detail
with subsequent processes within engine and vehicle plant. The process refers to chill casting of an electric engine
housing. Several sand cores are placed into the die to enable complex internal geometries, e.g. a water cooling jacket
for the final engine. The melt is poured in with an injector. By a complex system of heating and cooling channels
the solidification is regulated. Since risers and sand are still present a set of mechanical processing steps follows after
casting, i.e. sawing, milling, further cooling, de-coring and washing. The processed casting then enters the quality
control where through computer tomography abnormalities are detected. If non-conformities are repairable castings
are reworked off-line and brought back into the value stream. If the casting was evaluated as quality-conform it leaves
the foundry and is sent to the next step within the value stream. After heat treatment precision machining is performed
within the engine plant before the engine is assembled. As final step the engine is assembled to powertrain and vehicle.

Each manufacturing step generates a set of data, either referable directly to the casting produced, i.e. process
monitoring data and process output data, or referable only indirectly, i.e. inter-cycle data. Table 2 gives an overview
of the process data. The process monitoring data consists of about 150 time series from sensors placed at various
locations in and around the mold as well as casting unit and devices. During mechanical processing data from sawing
machines, vibrating plates and hammers are sampled. Static variables refer to various measurements at defined control
instants in the process. The process output data consists of the components’ quality appraisal data, i.e. CT images
and derived defect type, location and size. Outcome of assessment is the respective label of OK (conform) or NOK
(non-conform) per casting produced. Inter-cycle data does not describe the manufacturing process in-situ but defines
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fundamental production conditions in terms of recipe and machine settings, tool repairs and cleaning. It contains
valuable information about how the component is manufactured, how process data is sampled and how to interpret
it. We also refer expert knowledge to this category that is further distinguished into implicit and explicit knowledge.
Especially in its implicit form knowledge is difficult to include in data analytics and ML models since it is not tangible
and dependent on single operators.

Table 2. Manufacturing process data.

Data category Representation Process relation
Time series Mold temperatures, filling velocity, cooling flow rate, axes feed rates, current Monitoring
Static variables Control measurements at process instants (e.g. step durations, min/max, position casting unit) ~ Monitoring
Image data Grayscale 3D scan Output

Quality data Conformity label, defect type, location, size Output

Meta data Tool IDs, recipe, machine settings, sampling frequencies Inter-cycle

Maintenance documentation
Expert knowledge

Tool life, exchanges, repair, cleaning
Implicit (experience), explicit (instructions, process documentation)

Inter-cycle
Inter-cycle

an -
| Cores | [ Leadtime >3.5 hours | VEHICLE PLANT
M
{ Rework | ENGINE PLANT |-
N CASTING MECHANICAL PROCESSING QUALITY CONTROL

Sawing, de-coring, washing

e
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Data stream

Un/Semi-structured data
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g
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I © « 50 control measurements 30 control measurements +  Defect type, location, size

+  Reworkinfo.

:_; Q «  Metadata Meta data Semi-structured data
«  Maintenance Maintenance + Metadata
«  Expert knowledge Expert knowledge + Maintenance

Fig. 1. Value and data stream of an engine component casting process.

The difficulty for quality appraisal in casting methods is that human operators can only assess external and sur-
face defects. Due to the components’ complex internal geometry and nature of the process, i.e. change of phase, a
full inspection is only feasible with imaging test methods. Computer tomography or X-ray allow insights into the
internal metallic structure to find porosities or shrink holes. The process from start of casting to the final appraisal
has a lead time of about 3.5 hours. More precisely, a casting produced receives all the value adding steps before its
quality is evaluated. Additionally, quality feedback and derived reactions to defects are delayed by the lead time to
the next quality control step. The dashed line in Fig. 1 represents this feedback, both from internal quality control and
subsequent engine plant. The engine plant as internal customer may detect further defects during fine machining. If
defects are systematic or recurring, many more castings may already be affected since the cycle time here is about 170
seconds. This exposes the potential and need for early, real-time quality prediction. In casting of aluminum, typically,
material cost are much lower than value-adding process cost since materials can be re-melted and sand reused for new
cycles. Data-driven quality prediction moves the appraisal upstream, enables direct discharge and avoidance of fur-
ther value-adding. Including process parameter optimization the optimizing analytics framework facilitates end-to-end
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data-driven quality control. The monitoring of processes by in-situ sampled variables is the evident, straightforward
way for quality control. However, the origin of occurring defects may not be that easily identifiable. In a complex
system of controllable and uncontrollable factors it is a composition of unfavorable instances that lead to abnormal
machine state and finally to a defect or machine breakdown. Hence, a complex multivariate situation must be ana-
lyzed that incorporates also inter-cycle data as valuable state description. Process-oriented developments, so far, focus
mostly on monitoring data but ignore the information content of inter-cycle data [29]. Future research for indus-
trial applications, therefore, must address approaches of integrating information from maintenance, experts and other
unstructured or implicit sources.

4.2. Optimizing analytics framework

As shown in Fig. 2, the reference analytics architecture on machine level consists of three, partly overlapping
modules. The data management comprises all aspects of data acquisition and storage. For the long run, edge computing
is utilized for pre-processing, feature extraction and lean organization of raw data streams. The actual analytic pipeline
is within the integration and modelling part. Here, the data is further processed and integrated and the predictive model
is built. While the model is deployed for the running system it must be constantly retrained to adapt to changing
conditions. A data drift detection algorithm, e.g. on the basis of Principal Component Analysis (PCA) or adaptive
windowing can be used to determine moment and timeframe [16]. Lastly, the information and control part closes the
feedback loop. A visualisation component allows workers to access process information for supervision and decision
making. Based on results’ interpretation optimization actions and adjustments on machining parameters are initiated.
Depending on certainty and production policy these adjustments can be either implemented directly or by human
operators. The closed loop optimization is both adaptable for predictive quality as well as maintenance on a machine
focused level.

|MES 1
i ’, OK/NOK
Material T -
!/ Manufacturing ): Finished part
Parameters : placine P let Optimization
- action
Worker info.
I
I Num. () N, \ system
= Yes.  Autom. No
Process Sensor  Image Control 3
variables data data IS
S
o
.
s S
S S
§ 59‘ - pat§ Analytics = g
? = Pipeline + Model =) 5
g . Database Deployment kS
L: Maintenance data® —
S ||Expert knowledge =/
Ge)
C=2—) ok INoK

==

Training
Integration & modelling

Fig. 2. Optimizing analytics on machine level.

5. Conclusion

With developments towards industry 4.0 the industrial sector has evolved from a purely mechanical to a highly
computerized and automated discipline. Following data-driven decision making we summarized key requirements for
data analytics and machine learning application in series production. We categorized the industrial production system
and demonstrated requirements’ relevance based on a real use case from automotive component manufacturing. Along
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the value stream, we characterized the production process also by its data stream and pointed out key potentials for ML
in such processes. Due to decreasing cost of sensors and devices with simultaneously growing capabilities it is evident
that the variety of data sources and hence modalities in industrial processes will even substantially grow. Applications
presented in literature are based mostly on process data. In the industrial environment, inter-cycle data contains highly
valuable information but is not yet integrated systematically into ML pipelines. Information fusion techniques and
multimodal machine learning have been proven effectively in different domains. However, in an industrial context of
optimization comprehensive studies for applicability under series production conditions are yet to conduct.

In manufacturing, still, major decisions are confined to human operators, although advancements in computer and
data science, process monitoring and automation are increasingly supporting decision making. Use cases from industry
and literature reveal not only technological challenges of bringing developments into production. Another big step
towards the self-optimizing machine or system is to build trust into artificial intelligence. Research on transparency and
explainability of complex machine learning models is expected to facilitate acceptance and confidence. Additionally,
research on expert augmented ML will enhance applicability and interpretability of advanced ML models in industry.
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