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Anomaly detection in injection molding
process data based on unsupervised learning
Plastic processing companies in high-wage countries are facing continuously increasing cost and
quality pressures. In many applications, a 100 % quality control leads to unreasonable efforts. Hence,
quality forecasting or control based on process data would be desirable. Neural Networks have been
applied. However, their success depends on the appropriate labeling of the process data. Since
during the process, it is usually unknown whether a good or bad part has been produced in one cycle,
supervised machine learning is not applicable. Here, we present approaches to anomaly detection in
injection molding process data by means of unsupervised machine learning.

Anomalie-Erkennung in SpritzgießProzessdaten auf Basis von unüberwachtem
Lernen
Kunststoffverarbeitende Unternehmen in Hochlohnländern sind mit einem kontinuierlich steigendem
Kosten- und Qualitätsdruck konfrontiert. Eine 100 %-Qualitätskontrolle ist in vielen Anwendungsfällen
jedoch mit einem nicht vertretbaren Aufwand verbunden. Qualitätsprognose bzw. -regelung auf Basis
von Prozessdaten wäre wünschenswert. Neuronale Netzwerke wurden bereits angewandt. Ihr Erfolg
beruht aber auf dem Vorhandensein von gemäß ok/not ok annotierten Daten. Da bei der Betrachtung
von Prozessdaten meist nicht bekannt ist, ob in einem Zyklus ein Gut- oder Schlechtteil produziert
wurde, sind die überwachten Lernverfahren nicht anwendbar. Wir stellen deshalb Ansätze zur
Anomalie-Erkennung in Spritzgieß-Prozessdaten mittels unüberwachter maschineller Lernverfahren
vor.
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1

INTRODUCTION

Plastic processing companies in high-wage countries are facing continuously
increasing cost and quality pressures. Accordingly, manufacturers of injection
molding machines are challenged to provide products and services that enable
plastics processing companies to successfully deal with the trade-off between
cost and quality to persist in global competition. Resilient manufacturing
processes are characterized by the ability to recover from unexpected machine
behavior. Accomplishing a resilient process implies solving two important tasks:
First, anomalies in manufacturing data need to be detected at the earliest
possible point in time during the process. Second, the machine operator needs
to be informed about the found anomalies, so that he readjusts manufacturing
parameters and, thus, prevents further anomalies. Ideally this approach
shortens production intervals in which defective products are being
manufactured, consequently leading to a smaller amount of manufactured bad
parts, while cutting costs and saving resources.
Doing so, we are facing real-time constraints, as anomaly detection, operator
information and process readjustment all together should not exceed the cycle
duration.
Generally speaking, this leads to the following problem definition:
Given a set of data 𝑍𝑍 = {𝑍𝑍1 , … , 𝑍𝑍𝑛𝑛 } of 𝑛𝑛 observed production cycles or
processes recorded at some robust operating point, indexed by a set 𝐼𝐼 =
{𝑖𝑖𝑖𝑖1 , . . . , 𝑖𝑖𝑖𝑖𝑛𝑛 } (i.e. "cycle IDs"). Then, every 𝑍𝑍𝑖𝑖 = {𝑥𝑥⃗1 , … , 𝑥𝑥⃗𝑚𝑚 } ⊂ ℝ𝑝𝑝 in 𝑍𝑍 is a set,
which is subject to a strict total order induced by time (time series property),
consisting of 𝑚𝑚 equidistant observations, a so called 𝑝𝑝-dimensional multivariate
time series (MTS) of cycle 𝑖𝑖𝑖𝑖𝑖𝑖 . Such a MTS inherently consists of 𝑑𝑑 so called
univariate time series (UTS), which are gathered simultaneously and contain
the realizations of the features one usually observes, like the melt pressure or
the clamping force in injection molding.
We express the anomaly status of a production cycle by a function 𝑓𝑓(𝑍𝑍𝑖𝑖 ). This
�(𝑍𝑍𝑖𝑖 ), such that (a)
function is not known but must be estimated by a function 𝑓𝑓
�(𝑍𝑍𝑖𝑖 ) ≈ 𝑓𝑓(𝑍𝑍𝑖𝑖 ), i.e. the actual anomaly status of an investigated cycle 𝑖𝑖𝑖𝑖𝑖𝑖 mostly
𝑓𝑓
matches the predicted anomaly status, and (b) the delay 𝑑𝑑 between the actual
event of anomaly at cycle 𝑖𝑖𝑖𝑖𝑖𝑖 , 𝑓𝑓(𝑍𝑍𝑖𝑖 ) = ⊤ , and the prediction of the same
anomaly at cycle 𝑖𝑖𝑖𝑖𝑗𝑗 , 𝑓𝑓̂�𝑍𝑍𝑗𝑗−𝑑𝑑 � = ⊤ where 𝑗𝑗 > 𝑖𝑖 and 𝑖𝑖 = 𝑗𝑗 − 𝑑𝑑 will be minimized.
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In this paper, we present a new method for anomaly detection that is based on
unsupervised learning.
The paper is organized as follows. First, we give an overview of previous work
for quality assurance and relevant machine learning methods. Second, our
approach of unsupervised anomaly detection is described in general. It consists
of sequencing, feature extraction, feature selection, and a complex modeling
that optimizes possible clusterings and composes an ensemble of learned
models. Third, we apply the novel model to data from an injection molding
machine.

Figure 1: Concept of an anomaly detection system operating on data provided
by a chain of production cycles. In the training phase a certain
amount of process data is recorded to fit a machine learning model.
In the testing phase every cycle is investigated to detect anomalies.
Between the actual event of anomaly and the detection of that
anomaly some delay d may elapse, which is subject to minimization.
Further unspecified and uncertain delays may occur, like between
the anomaly detection and the subsequent intervention by the
machine operator and between the intervention of the operator and
the taking effect on the manufacturing system.

1.1

State of the art and related work

State of the art injection molding machines allow highest reproducibility of the
process setting parameters through precise axis movements. Nevertheless,
internal and external interferences can result in process fluctuations leading to
the production of reject parts. This holds true also at robust operating points.
Obviously, the current situation demands for optimization of both process
(plastic processing company) and machine (injection molding machine
manufacturer). Regarding quality critical applications, optimization potentials on
the process side are often exploited. Likewise, enhancements of (mechanical)
machine technology are largely exhausted. Therefore, recent optimization
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approaches in research and application are focusing on control concepts and
data analysis.
In this regard, the following paragraphs deal with the state of the art in injection
molding process monitoring and control, as well as in the field of data analysis
and machine learning. This sets the stage for our combination of both fields
resulting anomaly detection based on the clustering of injection molding process
data.
Data acquisition
With regard to documentation requirements, injection molding machines offer
the option of selecting a limited set of process parameters ("actual values")
using a protocol function either manually via USB interface or automatically e.g.
via Euromap 63 interface to a production host computer.
These actual values may be monitored with respect to fixed, predefined
tolerance limits. In case a threshold is violated, an alarm or machine stop can
be imposed. However, systematic process monitoring usually does not yet take
place, because there is no suitable analysis infrastructure available that would
allow adequate manual or even automated analysis on this basis.
To overcome the limitations of the selected number of actual values that are
usually available, KraussMaffei offers the DataXplorer, a data logger that
records up to 500 signals as continuous curves [4]. In this case the user can
use the high resolution data to select individual features for further processing
like process monitoring based on anomaly detection. Although the high number
of signals as well as the high resolution establishes new possibilities for
analysis, it should be mentioned that only those anomalies can be detected,
that manifests in at least one process variable.
Predefined thresholds
A basic approach already used in injection molding implies a comparison
between achieved process properties and planned process properties, e.g.
alarming the machine operator if predefined thresholds are underrun or
exceeded. However, these methods are commonly known for working under
very special conditions only. Even if they are working as expected, they are
yielding unreliable results, as also pointed out by Bauer et al. regarding the
usage of such systems in intensive care medicine [18]. Furthermore, in usual
injection molding applications, only a small fraction of the available of actual
values is monitored, such as the cycle time or residual melt cushion, which does
not provide a holistic process monitoring, while the quality of the set tolerance
limits is largely dependent on the individual operator experience. Even if he
decides to use threshold based on a multiple of the previous variables’ standard
deviation, he still has to decide which factor is appropriate for a certain variable.
Finally, interactions between anomalies occurring in different variables or at
different times are not combined. Even more, fixed tolerance limits may fail to
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detect certain anomalies that can only be found when taking into account the
combination of two or more variables at the same time.
Quality prognosis and control by ANN
In 1994 Häussler proposed a method for quality assurance in plastic
manufacturing using so called artificial neural networks (ANN) [32]. ANNs are
used by Häussler to realize an abstract quality prediction model, which maps
different process parameters to the resulting quality characteristic of a product.
Based on different kinds of training data, several experiments were carried out
to assess the predictive performance of ANNs. For instance, he tried to predict
different molding weight-related properties, since the molding weight is
commonly recognized as a very important product property in many aspects
[33]. Although Häussler achieved promising results, the described and
performed experiments did require that prior knowledge about the actual quality
properties to predict has been gained, which leads to a common supervised
learning setting. However, it may be considered as too costly and not feasible to
continuously monitor these quality properties as part of an inline quality
assessment strategy, what makes it rather complicated to build up and maintain
a training set of data. Nevertheless, Häussler discusses how to detect whether
learned models respectively ANNs are still appropriate to predict quality
properties of a product and describes how ANNs may be retrained to fit new
process properties. Further approaches with regard to quality prognosis and
control are proposed by [6].
Process-related quality management
In 2003 Haman among others dealt with the issue of quality inspection in
injection molding processes [33]. He developed two kinds of regression models,
taking different input features into account which are selected using different
statistical approaches, like F- or t-testing as well as correlation analysis
regarding the quality property to predict. These models are developed with the
goal of online quality supervision: One model involved the parameters of the
injection molding machine, while the other model used the current process
state, consisting of current machining parameters and different measured
process properties. Though this method seems to achieve acceptable results, it
remains questionable whether learned models can be transferred to different
situations, e.g. if significant process parameters did change. This is a pressing
issue, as it may be very time-consuming and costly to collect new training data
and retrain or adapt already learned models. Still, Haman’s work may be helpful
to identify important features in the injection molding process data.
Since the standard concept focusing on the control and reproducibility of
machine parameters has reached its performance limits and direct quality
control could not yet prevail in practice, efforts have been made to find a
compromise of both approaches. These recent control concepts are either
based on control of process parameters (pvT-control) or are evaluating process
parameters to adapt machine parameters (Adaptive Process Control). The
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concepts are able to compensate external interferences, especially those
coming from material property fluctuations, to some extent.
pvT-control
The pvT-control developed by [8], [9], [5], [3], is a control concept based on the
conclusion that a direct control of cavity pressure (process variable) yields
better results in terms of product quality than control of hydraulic pressure
(machine parameter). The overall objectives of a constant part weight and
geometry are tackled by a process phase dependent cavity pressure control. In
the injection phase, constant mean shear rates at the melt front shall be
provided which is realized by a constant cavity pressure gradient, i.e. a linear
increase of the cavity pressure. In the holding phase a constant (cycle to cycle)
volumetric shrinkage and constant part weight shall be reached which is
achieved by constant specific volume when reaching ambient pressure. This
requires a largely isochoric holding process which is in turn achieved by a
process called pvT-optimization, i.e. an online cavity pressure control based on
the calculated melt temperature in the cavity. Due to the fact that the control of
the cavity pressure has to deal with a nonlinear controlled system with dead
time, PID-controllers do not provide satisfactory results, therefore a model
predictive control (MPC) with an artificial neural network (ANN) based process
model is used. Further improvement of the control quality is achieved using so
called norm optimal iterative learning controller (NOILC). In experiments with
deliberately induced changes of cooling water supply temperature and barrel
temperatures, pvT-control yields lower part weight fluctuations compared to
standard process control. A simpler implementation that skips the step of pvToptimization and instead aims at high reproducibility of the cavity pressure is the
reference characteristic control by Arburg [54].
Adaptive process control
Another approach aiming at a constant melt volume filled in the cavity is
provided by [12]. The so called adaptive process control (APC) evaluates the
melt pressure curve in the injection phase with regard to a reference curve and
subsequently adapts the change-over point and holding pressure. This way,
process fluctuation coming from material viscosity (induced by material batch,
residual moisture content or temperature fluctuations) or the non-return valve’s
closing behavior can be compensated to some extent. The control concept
bases on the fact that for velocity-controlled injection phases, the melt pressure
is a process variable that serves as an indicator with regard to the named
interferences in the way that each influence manifests in different curve shape
deviations. Available implementations are KraussMaffei APC [1] and Engel iQ
weight control [2], further background information can be found in [10, 11].
Both APC and pvT-control do not notify the machine operator about the actually
reached part quality, anomalies or process fluctuations that cannot be
compensated by the control. One workaround can be to manually set
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boundaries with respect to the actuating variables, i.e. boundaries equal to the
actuating variables’ engagement limits.
Real-time quality prediction
Case studies in a hot rolling mill and for Basis Oxygen Furnace (BOF) showed
that learning models directly from the process data allows to predict the quality
of the process outcome in real-time [45]. While the preprocessing, feature
extraction, feature selection demands time and interaction with the engineers,
the learned model can be applied during the processing. While the case studies
used the same general approach, the particular methods used differ. For the hot
rolling mill, the process time series for each process step have been
preprocessed independently. They were segmented and statistics have been
calculated for each segment using the RapidMiner system [45]. This reduced
the 60,000 raw time series values for a block a steel to about 2000 features.
From these features, 218 were selected because they correlated with the
quality of the process outcome. For the BOF end-time prediction in real-time,
the data were synchronized and fused from the different IBAPDA
(http://www.iba-ag.com) streams. Feature extraction and selection has been
investigated on the basis of a large data collection from more than one year.
Learned models predict the optimal end-time of the process, i.e. determine
when the optimal steel quality has been achieved. During a BOF process
features are extracted and learned models are applied in real-time on the
streaming sensor data.
Feature extraction
The raw data are often not well suited for quality prediction. They might be
redundant, irrelevant, or obtain expressiveness only after some transformation.
This has been impressively shown for univariate time series by [18] introducing
the phase space feature transformation. Approaches for symbolic representations of time series allow us to apply machine learning algorithms that
demand symbols instead of real-valued time series. Eamonn Keogh’s algorithm
SAX creates a sequence of symbols from a large sample set of numerical time
series [46]. One of the first algorithms automatically summarizing a data stream
into intervals of increasing, stable, or decreasing values was used for robot
movements [38]. A general framework for all the possible transformations of
time series has been developed and implemented within RapidMiner [52]. Very
often, the feature extraction is the clue to learning success. The approach of
Deep Learning aims at representation learning. However, the tuning of the
many hyperparameters is prohibitive for many applications.
Anomaly detection
The main idea of outlier or anomaly detection is to learn what is normal and
then find the exception. One way of expressing normality is to learn a so-called
Minimum Enclosing Ball (MEB), which encloses most of training data. The Core
Vector Machines (CVMs) do this and consider all data within the data “normal”,
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those that fall outside the ball outliers [43]. In 2013 Stolpe et al. [42] proposed
an approach to outlier and anomaly detection in vertically distributed input data,
i.e. data that is recorded at different locations. Their Vertically Distributed Core
Vector Machine (VDCVM) minimizes communication costs for the distributed
learning of an overall normal state.
In our approach, we follow a similar intuition. Instead of optimizing one MEB, we
cluster the data and consider examples in the largest cluster to be normal,
those in small clusters anomalies. In this context, it is important to mention that
this procedure is only valid for one operation point, since any operation point
may include one normal and multiple anomalous clusters. Beside the central
task of anomaly detection, the cluster affiliation may be used to check whether
the correct operation point has been chosen.
Another view of normality comes from information theory: a model that
compresses many observations that are normal needs only a few bits for the
encoding, where a collection of many exceptions requires more bits. Hence, the
minimal description length of models select the model of normal processing
[47].
Concept drift
Concept drift or shift denotes change points in processes. In machine learning,
it has been modeled for sequences of text classification tasks [48]. In statistics
the level change in time series is investigated [53]. A survey of adapting to
concept drifts is given by [51]. Albert Bifet has carefully modeled concept drift
and adaptation on data streams [49,50]. He implements a two-step approach:
the detection of a concept drift and then the selection or adaptation of a new
model. This is exactly what we have shown in Figure 1.

2

PROCEDURE FOR ANOMALY DETECTION BASED ON
UNSUPERVISED LEARNING

In this section, we propose a holistic method to detect anomalies in multivariate
time series data which has been obtained from cyclic manufacturing processes.
Where many papers just report on the application of a machine learning method
for modeling, we present all the steps that are necessary, because
preprocessing is decisive although often underestimated. In particular,
preprocessing includes sequencing of time series to inspect data of different
production stages distinctively, feature extraction- and feature selectiontechniques. Subsequently, we will show in detail how the learning task of
Clustering may be exploited to identify anomalous patterns in data, where no
label for the process or product quality is given. We automatically optimize the
parametrization of a Clustering algorithm and make the result robust through
the application of an Ensemble method.
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Sequencing

Industrial manufacturing processes, especially cyclic ones like the injection
molding process [33], mostly consist of a well-defined sequence of production
stages, which may run sequentially and (partially) concurrently. Rather than
only investigating the data of a process as a whole, it can be more interesting to
inspect the data of the various production stages separately. For instance, it
may be more interesting for machine operators to consider the variance of the
injection pressure during the injection and holding stage of the molding process
rather than during the whole process. In the following, we want to describe
formally how a given MTS of a cycle may be sequenced along different
production stages.
In order to sequence time series data, it is required from the MTS that it
contains so-called trigger features. Those features are associated with specific
production stages and either yield ⊤ (i.e. true) or ⊥ (i.e. false), when the
respective stage is active or not. This allows to derive a sequenced MTS from
the original MTS: Let 𝑍𝑍𝑖𝑖 be the MTS of an observed cycle 𝑖𝑖𝑖𝑖𝑖𝑖 and 𝑡𝑡 an index, by
which the realizations of a trigger attribute 𝑇𝑇 may be accessed. Then 𝑍𝑍𝑖𝑖𝑇𝑇 is the
MTS of cycle 𝑖𝑖𝑖𝑖𝑖𝑖 which is sequenced along the trigger attribute 𝑇𝑇 and given by
𝑍𝑍𝑖𝑖𝑇𝑇 = {𝑥𝑥⃗𝑡𝑡 ∈ 𝑍𝑍𝑖𝑖 | 𝑥𝑥⃗𝑡𝑡 [𝑡𝑡] = ⊤} , where 𝑥𝑥⃗𝑡𝑡 [𝑘𝑘] returns the 𝑘𝑘 -th component of the
vector 𝑥𝑥⃗𝑡𝑡 .

2.2

Feature extraction

The set of features in a raw data set is often considered too uninformative for
solving a specific learning task in an optimal way. Hence, the need for more
expressive features is emerging. This problem obtains additional importance, as
we are trying to explain found anomalous patterns in data to the machine
operator in a meaningful way. Hence, from a given set of (raw) features new
and more descriptive features are derived, that describe a process meaningfully
by a feature vector rather than a MTS. In the following, we will discuss two
approaches to solve this problem.
Domain-knowledge based feature extraction
A first imaginable solution could make use of already gained domain knowledge
about the origin of anomalies in injection molding processes. From a technical
point of view, this leads to the extraction of well-defined characteristics of
different univariate time series which make up the MTS. An example of domain
knowledge-based feature extraction in injection molding processes is given in
Figure 2.
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Figure 2: Histogram of 42025 recorded actual maximal hydraulic pressures
during the process stage of plasticization with 25 bins. The histogram
suggests that this feature could be modeled using one or more
Gaussian distributions, which in turn could be exploited to classify
anomalous observations.
The benefit of the domain knowledge-based feature extraction is that usually a
"good" set of features is obtained which is appropriate to solve a given task, like
the detection of anomalies. In the literature, there is a wide set of variables that
have been developed to characterize different aspects of the injection molding
process, cf. table 1. One should be aware that already in the step of feature
extraction, there is a selection-influence since only the more frequently named
features from literature are taken into account. Obviously, the task of domainknowledge based feature extraction cannot be clearly separated from the task
of feature selection.
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Features available in technical literature
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Injection work [J]
Cooling water feed temperature [°C]
Barrel temperature [°C]
Maximum melt pressure in injection phase [bar]
Maximum cavity pressure [bar]
Injection speed [mm/s]
Cycle time [s]
Holding pressure [bar]
Holding time [s]
Clamp force [kN]
Cooling time [s]
Screw rotational speed in plasticizing phase [1/min]
Back pressure [bar]
Plasticizing torque [Nm]
Melt pressure at changeover point [bar]
Cavity pressure integral in holding phase [bar*s]
Plasticizing work [J]
Changeover point [mm]
Residual melt cushion [mm]
Plasticizing time [s]
Holding work [J]
Flow index [bar*s]
Metering stroke [mm]
Hydraulic pressure [bar]
Injection time [s]
Power consumption barrel heaters [W]
Power consumption plasticization [W]

Table 1:

Domain-knowledge based features, cf. [6, 7, 10-17, 32, 33]

Automatic feature extraction
Another possible feature extraction method that could be employed to given
data without prior domain knowledge, involves applying a set of predefined
functions to all univariate time series (UTS). For instance minimal and maximal
values for every UTS might provide valuable information. Given, that every
function in that specific set maps from the space of UTS to real values, one
could conflate the resulting values in a feature vector, which consequently
describes the process. A training set consisting of these feature vectors may
then be used in any subsequent unsupervised learning endeavors. We will
establish this vague description now more formally:
First, we have to extend the MTS definition given in the introduction by a
possibility to access an underlying UTS in a comfortable way. Let 𝑍𝑍𝑖𝑖 =
{𝑥𝑥⃗1 , … , 𝑥𝑥⃗𝑚𝑚 } ⊂ ℝ𝑑𝑑 be the 𝑑𝑑-dimensional MTS of a cycle 𝑖𝑖𝑖𝑖𝑖𝑖 , which consists of 𝑑𝑑
univariate time series. Then, every 𝑘𝑘 -th UTS with 𝑘𝑘 ∈ [1, 𝑑𝑑] of 𝑍𝑍𝑖𝑖 may be
Journal of Plastics Technology 14 (2018) 5
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accessed by computing the set 𝑢𝑢𝑢𝑢𝑖𝑖𝑘𝑘 (𝑍𝑍𝑖𝑖 ) = {𝑥𝑥⃗𝑡𝑡 [𝑘𝑘] | 𝑥𝑥⃗𝑡𝑡 ∈ 𝑍𝑍𝑖𝑖 } ⊂ ℝ. It can be seen,
that the time series property holds true for every 𝑢𝑢𝑢𝑢𝑖𝑖𝑘𝑘 (𝑍𝑍𝑖𝑖 ) given a MTS 𝑍𝑍𝑖𝑖 .

Now we will apply a set of functions to all underlying UTS of a given MTS.
Hence, let 𝑢𝑢𝑢𝑢𝑢𝑢(𝑍𝑍𝑖𝑖 ) = {𝑢𝑢𝑢𝑢𝑢𝑢1 (𝑍𝑍𝑖𝑖 ), … , 𝑢𝑢𝑢𝑢𝑢𝑢𝑑𝑑 (𝑍𝑍𝑖𝑖 )} be the set of all UTS, which are
included in a 𝑑𝑑-dimensional MTS 𝑍𝑍𝑖𝑖 . Furthermore, let 𝐹𝐹 = {𝑓𝑓1 , . . . , 𝑓𝑓𝑙𝑙 } be a set of
functions conducting a feature extraction, with every 𝑓𝑓𝑖𝑖 ∈ 𝐹𝐹 mapping from
𝑢𝑢𝑢𝑢𝑢𝑢(𝑍𝑍𝑖𝑖 ) to ℝ. Now, all functions from 𝐹𝐹 will be applied to a given UTS 𝑢𝑢𝑢𝑢𝑢𝑢𝑘𝑘 ∈
𝑇𝑇
𝑢𝑢𝑢𝑢𝑢𝑢(𝑍𝑍𝑖𝑖 ), thus constructing a sub feature vector 𝑚𝑚
��⃗𝑘𝑘′ = �𝑓𝑓1 (𝑢𝑢𝑢𝑢𝑢𝑢𝑘𝑘 ), … , 𝑓𝑓𝑙𝑙 (𝑢𝑢𝑢𝑢𝑢𝑢𝑘𝑘 )� ,
which contains the mapped values. Computing all sub feature vectors for all
UTS in 𝑢𝑢𝑢𝑢𝑢𝑢(𝑍𝑍𝑖𝑖 ) will yield a set of vectors 𝑀𝑀𝑘𝑘′ = {𝑚𝑚
��⃗1′ , . . . , 𝑚𝑚
��⃗𝑑𝑑′ } , which will be
′ 𝑇𝑇
′
concatenated to a single feature vector 𝑚𝑚
��⃗𝑖𝑖 = (𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑑𝑑 ) , that is specific to
cycle 𝑖𝑖𝑖𝑖𝑖𝑖 .
The choice of a suitable function for feature extraction is often the key to
success. In Section 3.3 we show three features that are more sophisticated
than the aggregate functions.

Applying this feature extraction methodology to all MTS from the original raw
data set 𝑍𝑍 = {𝑍𝑍1 , … , 𝑍𝑍𝑛𝑛 } yields a set of feature vectors 𝑀𝑀 = {𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 }, which
constitutes a possible training data set.

2.3

Feature selection

As already described, not every feature is actually capable to discriminate
between anomalous and normal cycles. The goal of the feature selectionpreprocessing task is to reduce a given set of features by those features, which
are irrelevant to a given task, like anomaly detection in our case. In this section,
we will discuss two approaches that may be pursued, to gain a suitable subset
of features, which solves subsequent learning tasks appropriately.
Domain knowledge-based feature selection
Similar to the approach presented in section 2.2, consulting domain experts for
the selection of relevant features is the first choice. For our application, 11
features were selected, cf. Table 2.
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Selected features
•
•
•
•
•
•
•
•
•
•
•

Injection work [J]
Maximum melt pressure in injection phase [bar]
Melt pressure at changeover point [bar]
Holding work [J]
Average melt pressure in holding phase [bar]
Residual melt cushion [mm]
Average hydraulic pressure in plasticization phase [bar]
Plasticizing time [s]
Average duty cycle of each cylinder zone heater [%]
Average duty cycle of each hot runner [%]
Average temperature of each hot runner [°C]

Table 2:

Selected features with respect to the initial feature set listed in table
1.

Algorithmic feature selection
Another possible approach to feature selection involves the usage of
specialized algorithms. Researchers have investigated the topic of algorithmic
feature selection deeply and developed different kinds of methods to
accomplish this task. Algorithmic feature selection methods may be classified
into three different groups, as pointed out by Guyon and Elisseeff and Saeys et
al. [31,39]:
•

Filters rank each provided feature independently using a scoring
function and remove those which are yielding poor scores. Furthermore,
filters may be characterized as either univariate, i.e. neglecting feature
interactions, or multivariate, i.e. incorporating feature interactions [39].
These methods are known to be fast and are not tied to any learning
algorithm.

•

Wrappers assess different subsets of the original feature set by
evaluating the resulting predictive performance using a learning
algorithm, which is considered to be a "black box". Obviously, this
introduces some problems, like an often-unacceptable runtime, which is
dominated by the number of subsets to rate (e.g. the power set of the
initial feature set, in the worst case) and the time to train the underlying
learning model. Nevertheless, these methods are simple and take
feature interactions into account.

•

Embeddings are related to wrapper algorithms, as they also incorporate
learning algorithms in their selection strategy. But unlike wrappers,
embeddings do not consider the learning algorithm to be a "black box"
and therefore inspect the learned model to choose features. This may,
for instance, include the weight vector of a linear SVM that indicates,

Journal of Plastics Technology 14 (2018) 5

313

Schiffers, Morik et al.

Anomaly detection in IM process data

which features are exposing a high discriminative power between two
classes (e.g. anomalous or non-anomalous, if appropriate data is
available). Therefore, embeddings are regarded as computationally more
efficient than Wrappers.
Beside the runtime considerations which are especially important regarding the
use of wrappers and embeddings, the final choice on a specific selection
algorithm should also be made by reflecting the additionally introduced hyper
parameters which may need to be optimized or chosen appropriately and
therefore increase the complexity of the anomaly detection method. Within this
article, we will use the Minimum Redundancy Maximum Relevance (MRMR)
algorithmic feature selection method, described in [27] and [40], which is a fast
multivariate filter that cares about feature interactions and strives for a more
general selection of features.

2.4

Modeling

Anomaly detection often suffers from the difficulty that no label information, like
the actual anomaly status, is available to learn a classification model from given
training data, which directly makes a binary decision regarding anomalies given
testing data. This especially applies to industrial data which have been gained
from cyclic processes that only run in a short time interval and therefore do not
expose the possibility to economically assess the quality in an in-line manner.
Consequently, there is no practicable way to make use of the widespread and
heavily investigated techniques of supervised learning which rely on label
information. Instead, other methods, like those from unsupervised learning,
have to be considered. In this section we will discuss the unsupervised learning
task of Clustering and describe in detail how and when it may be exploited to
infer anomaly information. Additionally, we will introduce the concepts of
Ensemble learning and link it to the Clustering learning task.
2.4.1 Clustering
A prominent learning task within the group of unsupervised learning involves the
identification of so-called clusters, which, informally, are mutually disjunctive
subsets of a training data set. Those clusters contain vectors that somehow are
"close" or "similar" to each other (expressed by a distance or similarity function).
In this section we will briefly introduce the accompanying learning task of
Clustering in a more formal way, describe how a found partitioning of feature
vectors may be exploited to infer anomaly information and which requirements
have to be met to accomplish this successfully.
Clustering is a learning task, which may be described as follows [44]: Let 𝑀𝑀 =
{𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } ⊂ 𝑋𝑋 be a set of feature vectors in some space 𝑋𝑋 (i.e. the training
data) and 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑: 𝑋𝑋 × 𝑋𝑋 → ℝ+ a distance function, like the Euclidean distance.
Furthermore, let 𝑞𝑞: 𝒫𝒫�𝒫𝒫(𝑋𝑋)� → ℝ be a quality function. Now, find a clustering,
so that 𝒞𝒞 = {𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } is a set of clusters which maximizes 𝑞𝑞(𝒞𝒞), with ∀ 𝑖𝑖 ∈
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{1, . . . , 𝑘𝑘}: 𝐶𝐶𝑖𝑖 ⊂ 𝑀𝑀 and ∀ 𝑖𝑖 ≠ 𝑗𝑗 ∈ {1, . . . , 𝑘𝑘}: 𝐶𝐶𝑖𝑖 ∩ 𝐶𝐶𝑗𝑗 = ∅ . So-called clustering
algorithms are able to find a partition of the training data set, which satisfy the
clustering constraints that are mentioned here.
Now, the goal is to infer anomaly information from a found clustering. To
achieve this, we will need to make two important assumptions about the
properties of the training data: First, we assume, that the provided features are
actually capable to discriminate between anomalous and normal cycles. In
context of clustering that means that the "anomalous" feature vectors (i.e.
feature vectors constructed from anomalous cycles) are sufficiently dissimilar
from "normal" feature vectors (i.e. feature vectors constructed from normal
cycles). Given that this assumption holds true, appropriate cluster algorithms
will ideally group normal feature vectors into one "normal" or "non-anomalous"
cluster and anomalous feature vectors into one or more other "anomalous"
clusters. However, it is not known which cluster actually contains the normal
feature vectors. Consequently, this assumption is not enough to infer any
anomaly information from the clustering and thus additional statements about
the training data set are necessary.
Hence, in conjunction with the first assumption we make the second assumption
which states that although the true empirical distribution of anomalous and nonanomalous cycles is not known, the training data set describes more normal
than anomalous cycles. This assumption should hold true for most data sets
which have been obtained from real-world industrial plants and gives us the
possibility, to identify the cluster of normal feature vectors, as it is the cluster
with the highest cardinality.
As described in Figure 3, a found clustering can then be exploited, to classify
each cycle, regarding its anomaly status.
We can establish this procedure more formally, by defining a decision map
which maps the cycle ID under investigation either to ⊤ (i.e. anomalous) or ⊥
(i.e. normal). This map can be defined as follows: Let 𝑀𝑀 = {𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } be a set
of feature vectors, which is derived from cycle data identified by an index set
𝐼𝐼 = {𝑖𝑖𝑖𝑖1 , . . . , 𝑖𝑖𝑖𝑖𝑛𝑛 } and obeys the above-mentioned assumptions. Furthermore, let
𝒞𝒞 = {𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } be a clustering of 𝑀𝑀. Additionally, let 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∈ 𝒞𝒞 be the cluster
with the highest cardinality, i.e. ∄𝐶𝐶𝑖𝑖 ∈ 𝒞𝒞: 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ≠ 𝐶𝐶𝑖𝑖 ∧ |𝐶𝐶𝑖𝑖 | > |𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 |. The decision
map 𝑟𝑟𝒞𝒞 : 𝐼𝐼 → {⊤, ⊥} is then given by:
𝑟𝑟𝒞𝒞 (𝑖𝑖𝑖𝑖𝑖𝑖 ) = �

⊤,
⊥,

𝑚𝑚
��⃗𝑖𝑖 ∉ 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚
else

At this point, we already provide means to rate every cycle in a training data set
individually with respect to its anomaly. However, it is currently not possible to
test new cycles for membership in the largest cluster. Hence, we need to
inspect the cluster model in order to turn the clustering into a classification or
rating of anomalies.
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Figure 3: A: A scatter plot of a two-dimensional unlabeled toy dataset which
clearly exhibits three low- and one high-density cluster. B: A
clustering algorithm identified the clusters and tagged the points
accordingly. If the above-mentioned assumptions hold true, the
"blue" cluster contains all normal vectors as it is the cluster with the
highest cardinality, while all other clusters contain anomalous
vectors. Hence, it is possible to rate all feature vectors and thus all
cycles individually. However, there is no "natural clustering", which is
inherently included in a data set and therefore found clusterings differ
from algorithm to algorithm and are additionally influenced by the
chosen clustering parameters (cf. section 2.4.2).
2.4.2 Optimizing unsupervised learning
How data is partitioned into different clusters heavily depends on the choice of
the used algorithm and its parametrization. In this section we will assume a
fixed clustering algorithm that is given by a map 𝐶𝐶𝐶𝐶: 𝒫𝒫(𝑋𝑋) × ℝ𝑝𝑝 → 𝒫𝒫�𝒫𝒫(𝑋𝑋)�. It
takes a data set from some space 𝑋𝑋 and a real parameter vector 𝜃𝜃⃗ ∈ 𝑆𝑆 in order
to partition the data set according to quality criteria. S is the search space for
parameter vectors. Additionally, we demand from 𝐶𝐶𝐶𝐶 to be fully deterministic, i.e.
always yielding the same clustering for a given set of data and parameter
vector. Which particular clustering algorithm should be chosen, will not be
discussed here but in section 3.3. Here, we specify the properties an optimal
clustering for anomaly detection should fulfill.
Within distance of clusters
The first property, one usually demands from a clustering is, that all included
clusters are rather compact with respect to the defined distance or similarity
measure:
Let 𝑀𝑀 = {𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } ⊂ 𝑋𝑋 be a set of feature vectors, 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑: 𝑋𝑋 × 𝑋𝑋 → ℝ+ a
distance function and 𝐶𝐶 ∈ 𝒫𝒫(𝑀𝑀) an investigated cluster. The dispersion of that
cluster 𝜎𝜎𝑠𝑠2 : 𝒫𝒫(𝑀𝑀) → ℝ may be derived from the well-known statistical sample
variance and is thus given by:
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𝜎𝜎𝑠𝑠2 (𝐶𝐶) =

1
� 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑥𝑥⃗, 𝑐𝑐⃗)2
|𝐶𝐶|
���⃗∈𝐶𝐶
𝑚𝑚

in which, 𝑐𝑐⃗ ∈ 𝑋𝑋 is the centroid, i.e. the "middle point", of the cluster, formally
defined by:
𝑐𝑐⃗ =

1
� 𝑚𝑚
��⃗
|𝐶𝐶|
���⃗∈𝐶𝐶
𝑚𝑚

As we are trying to assess the quality of the whole clustering, rather than a
single cluster, we will extend this definition to provide a possibility to determine
the overall compactness of the clustering and hence define a new map
𝜎𝜎𝑓𝑓2 : 𝒫𝒫(𝒫𝒫(𝑀𝑀)) → ℝ+ . This map will effectively average all dispersions from all
clusters in a clustering 𝒞𝒞 = {𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } and is thus defined as follows:
𝜎𝜎𝑓𝑓2 (𝒞𝒞) =

1
� 𝜎𝜎𝑠𝑠2 (𝐶𝐶)
|𝒞𝒞|

We want to minimize the within distance.

𝐶𝐶∈𝒞𝒞

Between distance of clusters
Another important quality criterion in clustering refers to the distance between
the different clusters which is subject to maximization. To quantify this criterion,
we refer to Fahad et al. and introduce a map Δ: 𝒫𝒫(𝒫𝒫(𝑀𝑀)) → ℝ+ , which
measures the mutual distance between all clusters for a clustering 𝒞𝒞 =
{𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } , their respective centroids 𝒞𝒞̅ = {𝑐𝑐���⃗,
𝑐𝑐𝑘𝑘 and the Euclidean norm
1 . . . , ���⃗}
‖ ⋅ ‖ , as follows [29]:
𝑘𝑘

𝑘𝑘

2
Δ(𝒞𝒞) = 2
� � ‖𝑐𝑐��⃗𝚤𝚤 − ��⃗‖
𝑐𝑐𝚥𝚥
𝑘𝑘 − 𝑘𝑘
𝑖𝑖=1 𝑗𝑗=𝑖𝑖+1

Δ(𝒞𝒞) will approach zero, as the cluster centroids become closer.

We want to minimize the inverse between distance −Δ(𝒞𝒞).
Cluster Count

As we are trying to exploit the clustering technique for anomaly detection, we do
not expect to detect an unfeasible high quantity of clusters, as this could make it
difficult to discriminate sharply between "normal" and "anomalous" clusters.
Hence, we aspire to keep the number of found clusters as low as possible. To
measure this, we define a simple map 𝑐𝑐: 𝒫𝒫(𝒫𝒫(𝑋𝑋)) → ℕ, as follows:
Noise Count

𝑐𝑐(𝒞𝒞) = |𝒞𝒞|

Some cluster algorithms expose the possibility to identify noisy vectors, which
cannot be unambiguously assigned to a single cluster. For anomaly detection
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purposes, it is undesirable to identify a high number of noisy vectors because
those points cannot be classified with respect to cluster membership. More
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } ⊂ 𝑋𝑋 be a set of feature vectors and 𝒞𝒞 =
formally, let 𝑀𝑀 = {𝑚𝑚
{𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } the accompanying clustering. Furthermore, let 𝑛𝑛(𝑀𝑀, 𝒞𝒞) =
{𝑚𝑚
��⃗ ∈ 𝑀𝑀|∄𝐶𝐶 ∈ 𝒞𝒞: 𝑚𝑚
��⃗ ∈ 𝐶𝐶} be the function, which computes the set of all
unassigned feature vectors. The number of noise vectors is then given by the
simple map 𝑐𝑐𝑁𝑁 :
Optimization problem

𝑐𝑐𝑁𝑁 (𝑀𝑀, 𝒞𝒞) = |𝑛𝑛(𝑀𝑀, 𝒞𝒞)|

Ultimately, we compose a multi-objective- or Pareto optimization problem out of
the given four quality criteria. The parameter vector 𝑥𝑥⃗, also called the solution,
determines the found clustering and is subject to the optimization. Usually, 𝑥𝑥⃗ is
an element of some 𝑝𝑝-dimensional space 𝑆𝑆, the search space, and describes
the possible values that 𝜃𝜃⃗ may accept, whereby 𝑝𝑝 ∈ ℕ is the number of
parameters the algorithm requires. Now, we can establish the optimization
problem, given a set of feature vectors 𝑀𝑀 and a clusterer 𝐶𝐶𝐶𝐶(⋅,⋅) as follows:
𝑚𝑚𝑚𝑚𝑚𝑚
𝑠𝑠. 𝑡𝑡.

𝜎𝜎𝑓𝑓2 (𝐶𝐶𝐶𝐶(𝑀𝑀, 𝑥𝑥⃗)), 𝑐𝑐(𝐶𝐶𝐶𝐶(𝑀𝑀, 𝑥𝑥⃗)), 𝑐𝑐𝑁𝑁 (𝐶𝐶𝐶𝐶(𝑀𝑀, 𝑥𝑥⃗)), −Δ(𝐶𝐶𝐶𝐶(𝑀𝑀, 𝑥𝑥⃗))
𝜃𝜃⃗ ∈ 𝑆𝑆

From the fact that we are facing a Pareto optimization problem, two implications
arise: First, there is no single optimum which has to be found. Rather, there
exists a set of Pareto optimal solutions, Pareto frontier. Second, it is not
possible to solve the Pareto optimization problem "directly", i.e. by using
numerical methods which deliver exact solutions to some extent. Hence,
alternative approaches to that optimization problem are necessary. Evolutionary
algorithms are one of them and will be briefly sketched in the following.
Evolutionary optimization
Evolutionary algorithms are characterized by the fact that they preserve more
than one solution, known as the population which is usually of fixed, predefined
size (usually formalized as 𝜇𝜇 ∈ ℕ), whereby the single solution is commonly
called the individual. Technically, a population is a subset of the search space,
which in turn mostly is restricted by some lower and upper bounds for each
dimension respectively parameter. During the process of evolutionary
optimization, a population is generated initially and constitutes the current
population. In every optimization step, known as the generation, an offspring
population is generated from the current population, by using specialized
operations with biological origins, like the crossing-over of two individuals and
the mutation of a single individual. Afterwards, every individual from the union
set of offspring and current population is evaluated, which means that the
individuals' fitness vector is computed. This vector contains the resulting values
from the maps included in the optimization problem and is a member of the so-
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called objective space. Subsequently, a selection of individuals from the union
set of offspring and current population is performed. Selection algorithms like
the NSGA-II [26] identify the so-called Non-dominated sets respectively the
Non-dominated frontiers, which are approximations to the (unknown) Pareto
frontier that preserve the same properties a (true) Pareto frontier demands but
limited to the given set of individuals. Subsequently, the NSGA-II successively
transfers the best individuals to a new population (so-called elitism) until the
previously fixed size of the population is reached. Elitism is an important
concept as it ensures that the best individuals so far are part of the new
population for the next generation, which is essential to optimization.
Afterwards, the new population constitutes the new current population and a
new generation may begin. Evolutionary optimizers terminate when specific
termination criteria are met, which usually means that a predefined number of
generations (usually formalized by 𝐺𝐺 ∈ ℕ ) has been computed. Lastly, the
optimization routine returns the final population.

Figure 4: Steps which are performed during an evolutionary optimization, as
described in [23].

Journal of Plastics Technology 14 (2018) 5

319

Schiffers, Morik et al.

Anomaly detection in IM process data

Which solution should be selected?
As already stated, there is no single solution that solves a Pareto optimization
problem optimally, but rather a set of optimal solutions exist. Hence, from a set
of solutions, a single solution has to be picked to solve the original task. Within
the scope of this article, we will pick a single solution from a set of evaluated
solutions according to the following strategy:
1. It has been mentioned before that we aspire to minimize the number of
clusters. Still, we need to find at least two clusters in order to distinguish
a normal and an anomalous cluster. Hence, we specify a tolerable
interval of cluster number as [2,5] . Any solution, which provoked a
number of clusters that does not lie within this interval will be removed.

2. If applicable, we will keep only those solutions which provoked the lowest
number of noisy points, while removing all other solutions from the
population. We choose this approach, as noisy points cannot be
assigned to any cluster, which in turn makes it impossible to rate the
respective cycles.

It is possible that there exists more than one solution which suffices the
specified strategy. In this case, an arbitrary solution from the set of feasible
solutions will be picked. It is also possible that the set of feasible solutions is
empty. In this particular case, we consider the optimization procedure to have
failed and the system that initiated the optimization should fallback to a
predefined error routine.
2.4.3 Making the analysis robust: Ensembles
We made two assumptions: first, there are many more observations of normal
processing than there are for anomalies; second, the provided feature set is
capable of discriminating between anomalous and normal feature vectors.
Although this sounds trivial, it may be hard and time-consuming to identify such
a set of features, especially in complex and highly integrated industrial systems.
Therefore, it may be beneficial to use multiple sets of features within the
anomaly detection system, if the suitability of a single chosen feature set is
doubtful. Choosing multiple feature sets instead of one single feature set
consequently leads to multiple training sets, which all need to be evaluated
using the Clustering technique as described in section 2.4.1 and merged
together appropriately. The idea of combining several "base learners" in order
to acquire a more robust prediction model [34] is subsumed under the term
Ensemble methods. These methods assume that every learned model is
subject to errors (e.g. by providing an inappropriate selection of features), which
may become manageable when different models are put together [20]. In this
section, we will present such an Ensemble approach, which exploits different
clustering decision maps to calculate an anomaly rating for every cycle.
Given a set of training data sets that are each derived from the same set of raw
data provided by the production system, each is clustered delivering a
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clustering decision map. The set of all decision maps is the committee. A cycle
is rated anomalous if the majority of the committee considers the cycle to be
anomalous. Otherwise, the cycle is considered to be non-anomalous. The ratio
of the decision maps classifying the cycle as anomalous to those doing not is
more informative than a simple classification. It allows the operator to assess
the certainty of the rating. We will establish this method now more formally.
Let 𝐼𝐼 = {𝑖𝑖𝑑𝑑1 , . . . , 𝑖𝑖𝑖𝑖𝑛𝑛 } be the index set of cycles to rate and 𝑀𝑀∗ = {𝑀𝑀1 , . . . , 𝑀𝑀𝑘𝑘 } be
a set of training data sets, with every data set being of size 𝑛𝑛 and containing
feature vectors derived from cycles given in 𝐼𝐼 , i.e. ∀ 𝑀𝑀 ∈ 𝑀𝑀∗ ∀ 𝑖𝑖𝑖𝑖𝑖𝑖 ∈ 𝐼𝐼 ∃ 𝑚𝑚
��⃗𝑗𝑗 ∈
∗
𝑀𝑀: 𝑖𝑖 = 𝑗𝑗 . Furthermore, let 𝐹𝐹 = {𝐹𝐹1 , . . . , 𝐹𝐹𝑘𝑘 } be the set of feature sets, which
respectively are used in 𝑀𝑀∗ . Finally, let 𝑅𝑅 = �𝑟𝑟𝒞𝒞1 , . . . , 𝑟𝑟𝒞𝒞𝑘𝑘 � be a set of clustering
decision maps (cf. section 2.4.1), that have been obtained by clustering the data
sets in 𝑀𝑀∗ .

In order to perform the majority voting and therefore calculate the anomaly
decision for a cycle 𝑖𝑖𝑖𝑖𝑖𝑖 ∈ 𝐼𝐼, we need to capture the number of "positive" votes
and "negative" votes. To do this, we define 𝑉𝑉𝑖𝑖⊤ = �𝐹𝐹𝑗𝑗 ∈ 𝐹𝐹 ∗ � 𝑟𝑟𝒞𝒞𝑗𝑗 (𝑖𝑖𝑖𝑖𝑖𝑖 ) = ⊤�, the set
of feature sets, which were responsible to classify the cycle 𝑖𝑖𝑖𝑖𝑖𝑖 as anomalous
and 𝑉𝑉𝑖𝑖⊥ = �𝐹𝐹𝑗𝑗 ∈ 𝐹𝐹 ∗ � 𝑟𝑟𝒞𝒞𝑗𝑗 (𝑖𝑖𝑖𝑖𝑖𝑖 ) = ⊥�, the set of feature sets, which were responsible
to classify the cycle 𝑖𝑖𝑖𝑖𝑖𝑖 as normal. Now, we introduce a new decision map
𝑟𝑟Ens : 𝐼𝐼 → {⊤, ⊥, ⊣} , which accomplishes the majority voting on behalf of the
Ensemble:
⊤,
𝑟𝑟Ens (𝑖𝑖𝑖𝑖𝑖𝑖 ) = �⊥,
⊣,

|𝑉𝑉𝑖𝑖⊤ | > |𝑉𝑉𝑖𝑖⊥ |
|𝑉𝑉𝑖𝑖⊥ | > |𝑉𝑉𝑖𝑖⊤ |
else

𝑟𝑟Ens will yield ⊤, when the majority of clustering decision function decided, that
the cycle 𝑖𝑖𝑖𝑖𝑖𝑖 should be considered anomalous, respectively ⊥ , when the
majority considered the cycle to be normal. Finally, ⊣ is returned, when no
majority exists for both choices (indifference). It is possible to avoid this
situation by providing an odd number of clustering decision maps.
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Figure 5: Scheme of an Ensemble anomaly detection system which operates
on different training data sets in an Industrial context. 1. Extracted
features which are derived from raw features provided by different
machine components are bundled in different feature sets. Machine
components in turn may be members of a component group (e.g. the
different heating zones attached to the barrel, which may be grouped
together). The edges between the different feature set nodes and
feature nodes indicate that a forward selection-algorithm for feature
selection is used. 2. Feature sets define which (extracted) features
are used to describe the cycle within training data sets. 3. The
training data sets are used afterwards to compute clusterings and the
accompanying clustering decision function. 4. The Ensemble
decision function 𝑟𝑟𝐸𝐸𝐸𝐸𝐸𝐸 conflates all clusterings using a majority voting
approach. 5. The Ensemble decision function is used to rate a cycle,
which is uniquely identified by its cycle ID.

3

APPLICATION

This chapter shows the data processing pipeline as applied to industrial
injection molding data. Although the presented case involves quality issues of
the molded parts, we want to point out that the presented approach for anomaly
detection is not limited to product quality issues, but is of general nature that
can deal with any kind of problem that manifests in the available process data.

3.1

Course of event

In the present use case, a KraussMaffei 80-100 CX hydraulic injection molding
machine is used to produce molded parts from a PET / PBT blend with 15%
glass fiber content, which are subject to stringent quality requirements. In
addition to the standard equipment, the machine is equipped with a
KraussMaffei DataXplorer for continuous data acquisition. After setting up the
process, the production runs on schedule for several weeks.
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This shifts with a change in the material batch used. Although the molded parts
are subject to quality control, the bad part production (violation of a dimensional
tolerance) resulting from material property changes is not noticed until after a
delay for two reasons: First, there is a general time delay between production
and the sample based quality assessment due to logistic reasons. Second, in
this very case, two factors of influence foster the usual time delay: On the one
hand, the time of the scrutinized part’s removal is so that the newly supplied
material batch arrived shortly after the previous parts removal from the machine
and on the other hand, the subsequent quality assessment is scheduled only
after a weekend break.
After the unacceptable dimensional deviation is detected, it is first attempted to
realize a good part production by adapting the machine settings, but without
success. To narrow down the cause of the fault - which is still unknown at this
time - the affected tool is equipped on another injection molding machine. Also
in this case, it comes to a bad part production. A material-related cause is
confirmed later in laboratory tests which show corresponding differences in
viscosity and pvT-behavior.
For the purpose of this paper we shall ignore the described steps carried out for
root cause analysis and rather investigate how unsupervised learning can
contribute to a quick recognition of critical process states through anomaly
detection.

3.2

Dataset

In the above mentioned use case, a KraussMaffei DataXplorer has been used
for continuous data acquisition. Based on the present injection molding machine
configuration, an MTS with 33 signals and 14 trigger signals that can be used
for sequencing, has been recorded with a sample rate of 200 Hz, cf. table 3.
During the production order, which took 14 days of production, a total of 42035
cycles have been recorded.
This data set incorporates 5191 cycles which are considered to be anomalous,
and 36844 cycles,which are considered to be normal. The decision on which
cycles should be considered to be anomalous or normal has been made by
quality spot checking the manufactured parts.
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Info
•
•
•
•
•
•
•

Cycle start time
Cycle number
Cycle ID
Screw-diameter
Screw L/D-ratio
Machine
number
Order number

Table 3:

Signals
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•
•

Inj1PrsAct [bar]
Inj1VelAct [mm/s]
Inj1PosAct [mm]
Inj1RpmAct [1/min]
ClpVelAct [mm/s]
ClpPosAct [mm]
ClpFceAct [kN]
Eje1VelAct [mm/s]
Eje1PosAct [mm]
Inju1PosAct [mm]
Inju1VelAct [mm/s]
Pmp1PrsAct [bar]
Inj1HopTmpAct [°C]
Inj1HtgTmp1Act [°C]
Inj1HtgTmp2Act [°C]
Inj1HtgTmp3Act [°C]
Inj1HtgTmp11Act [°C]
Inj1HopEdAct [%]
Inj1HtgEd1Act [%]
Inj1HtgEd2Act [%]
Inj1HtgEd3Act [%]
Inj1HtgEd11Act [%]
MldHtg1Tmp1Act [°C]
MldHtg1Tmp2Act [°C]
MldHtg1Tmp3Act [°C]
MldHtg1Tmp4Act [°C]
MldHtg1Tmp5Act [°C]
MldHtg1Ed1Act [%]
MldHtg1Ed 2Act [%]
MldHtg1Ed 3Act [%]
MldHtg1Ed 4Act [%]
MldHtg1Ed 5Act [%]
OilTmp1Act [°C]

Triggers
•
•
•
•
•
•
•
•
•
•
•
•
•
•

TrigClpCls (𝑇𝑇1 )
TrigClpOpn (𝑇𝑇2 )
TrigInj1 (𝑇𝑇3 )
TrigHld1 (𝑇𝑇4 )
TrigPlst1(𝑇𝑇5 )
TrigInj1Dcmp2 (𝑇𝑇6 )
TrigCool (𝑇𝑇7 )
TrigClpCfb (𝑇𝑇8 )
TrigClpCfr (𝑇𝑇9 )
TrigEje1Fwd (𝑇𝑇10 )
TrigEje1Rew (𝑇𝑇11 )
TrigInju1Fwd (𝑇𝑇12 )
TrigInju1Rew (𝑇𝑇13 )
TrigInj1Dcmp1 (𝑇𝑇14 )

Available Process Data Structure
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Experiments

In order to apply our Ensemble anomaly detection method, we have to discuss
first, which features should be provided to the algorithm. As proposed in section
2, this includes the question, along which trigger features the given MTS will be
sequenced, which features will be extracted and which features will be selected.
Subsequently, we have to deal with the question which clustering algorithm
should be chosen to cluster the feature vectors, how the evolutionary optimizer
should be configured and how many cluster decision maps we want to take into
account within the Ensemble.

Figure 6: Scheme of Anomaly Detection experiments we will conduct within this
section. All feature vectors which have been gathered previously will
be standardized to eliminate biases towards different features.
Afterwards, we will conduct a 10-fold stratified cross validation which
partitions the training data set of standardized feature vectors that
way that every split in training and testing set is characterized by an
equal distribution of labels. Now, we will train the anomaly detection
model using the training data sets and assess the predictive
performance of the learned models using the testing data sets, as
every model yields a binary anomaly rating for given testing data.
Standardization
As features may be scaled differently and therefore introduce an unwanted bias
towards other features when distance or similarity functions are used, we will
standardize all features first, before incorporating them in any learning endeavor
or model. The process of standardization is described in [21].
Sequencing
First, every MTS from the data set will be sequenced along all Trigger features
which are described in Table 1. For subsequent preprocessing steps it is
important that all cyclic processes share a set of performed process stage,
which is as large as possible. Neglecting this demand can lead to feature
vectors of different dimensionality which consequently incorporate a different
set of features. This is especially the case when an automatic feature extraction
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should be performed. Hence, exceptions are made for TrigInj1Dcmp1
(decompression 1) and TrigInju1Rew (injection unit rewind), as the process
stages that are associated with these triggers are not mandatory within the
injection molding process and are performed on request of the machine
operator. In our dataset, 41825 cycles share the same set of performed process
stages which respectively are associated with the set of Trigger features 𝑇𝑇𝑆𝑆𝑆𝑆𝑆𝑆 =
{𝑇𝑇1 , . . . , 𝑇𝑇12 }. In addition to sequencing a given MTS, we will also provide the
unsequenced MTS of every cycle to the next preprocessing step.
Feature extraction
We used the following set of extraction functions:
•
•
•
•

𝑚𝑚𝑚𝑚𝑚𝑚(𝑍𝑍): Returns the maximal value appearing in an UTS 𝑍𝑍.
𝑚𝑚𝑚𝑚𝑚𝑚(𝑍𝑍): Returns the minimal value appearing in an UTS 𝑍𝑍.
𝑎𝑎𝑎𝑎𝑎𝑎(𝑍𝑍): Returns the arithmetic average from all values included in an
UTS 𝑍𝑍.
𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣(𝑍𝑍): Returns the sample variance from all values included in an
UTS 𝑍𝑍.

In addition, three more sophisticated features are extracted.
•

Injection and holding work: As we are dealing with empirical values
rather than analytical functions, we have to integrate the respective base
features, Inj1PrsAct during the injection cycle stage respectively during
the holding stage in our case, numerically. Within this article, we will use
the trapezoidal rule for numerical integration purposes which
approximates the definite integral by fitting trapezoids under the curve
that is given by the values (cf. [55]).

•

Melt pressure at changeover point: In simple terms, the melt pressure
at the changeover point is the first observation of the melt pressure
𝑇𝑇
during the holding cycle stage. Formally, let 𝑢𝑢𝑢𝑢𝑢𝑢𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝑍𝑍𝑖𝑖 4 ) be the UTS of
the injection pressure at the holding stage of some cycle 𝑖𝑖𝑖𝑖𝑖𝑖 . Then,
𝑇𝑇
𝑢𝑢𝑢𝑢𝑢𝑢𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝑍𝑍𝑖𝑖 4 ) is an ordered set, where the first observation 𝑥𝑥0 is clearly
defined and represents the melt pressure at the changeover point.

•

Residual melt cushion: Analogous to the melt pressure at the
changeover point, we will proceed with the residual melt cushion which
represents the last observation of the screw position during the holding
𝑇𝑇
cycle stage. Again, let 𝑢𝑢𝑢𝑢𝑢𝑢𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝑍𝑍𝑖𝑖 4 ) be the UTS of the screw position at
the holding stage of some cycle 𝑖𝑖𝑖𝑖𝑖𝑖 . The last observation 𝑥𝑥𝑛𝑛 is then
clearly defined and represents the residual melt cushion.

Feature partitioning for groups of components
According to logical groups or component groups of the injection molding
machine, we partition the original feature set (cf. table 3), in order to possibly
identify anomalies in those groups and make anomaly reports more descriptive.

Journal of Plastics Technology 14 (2018) 5

326

Schiffers, Morik et al.

Anomaly detection in IM process data

In Table 5 we give a partition of the original feature set into the two important
component groups, namely the clamping unit and hot runners and the
Plasticization unit without cylinder heaters.
Plasticization unit without
cylinder heaters

Clamping unit

Hot runners

Cylinder heaters

Inju1PosAct [mm]

ClpVelAct [mm/s]

MldHtg1Tmp1Act [°C]

Inj1HopTmpAct [°C]

Inju1VelAct [mm/s]

ClpPosAct [mm]

MldHtg1Tmp2Act [°C]

Inj1HtgTmp1Act [°C]

Inj1PrsAct [bar]

ClpFceAct [kN]

MldHtg1Tmp3Act [°C]

Inj1HtgTmp2Act [°C]

Inj1VelAct [mm/s]

Eje1VelAct [mm/s]

MldHtg1Tmp4Act [°C]

Inj1HtgTmp3Act [°C]

Inj1PosAct [mm]

Eje1PosAct [mm]

MldHtg1Tmp5Act [°C]

Inj1HtgTmp11Act [°C]

MldHtg1Ed1Act [%]

Inj1HopEdAct [%]

MldHtg1Ed2Act [%]

Inj1HtgEd1Act [%]

MldHtg1Ed3Act [%]

Inj1HtgEd2Act [%]

MldHtg1Ed4Act [%]

Inj1HtgEd3Act [%]

MldHtg1Ed5Act [%]

Inj1HtgEd11Act [%]

avg(MldHtg1Ed1Act)

max(Inj1HtgTmp1Act)

Inj1RpmAct [1/min]

Label
max(Inj1PrsAct)

Table 5:

max(ClpFceAct)

Partitioning of the Signals given in Table 2 according to different
component groups

Nevertheless, we will also consider the unpartitioned set of features in a
separate experiment, in order to compare the "generic" model with the more
specialized ones.
Clustering
To calculate a clustering decision map for the given set of feature vectors, we
will need to make a choice on a clustering algorithm. Within this article, we
chose the DBSCAN algorithm by Ester et al. [28]. In contrast to other clustering
algorithms, DBSCAN is capable of identifying noisy points and, most
importantly, finding clusters of non-convex shape, as we are not able to make
statements about the shape of the clusters we expect to find. To accomplish
this, DBSCAN takes the density structure in the respective space into account
and, starting from an arbitrarily chosen point, recursively expands clusters, if a
certain amount of points lies within a defined radius measured by a distance
function which will be the Euclidean distance. Consequently, two hyper
parameters are introduced which have to be optimized: First, the amount of
points that have to lie within the radius, usually formalized by 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ∈ ℕ, and
the radius itself, formalized by 𝜖𝜖 ∈ ℝ+ . The set of points that lie within the 𝜖𝜖
radius of a point is also called the "𝜖𝜖 -neighborhood" of that specific point.
Sticking to the framework we defined in section 2.4.2, DBSCAN takes a
parameter vector 𝑝𝑝⃗ ∈ ℕ × ℝ+ to calculate the clustering.
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Ensemble
As described in section 2.4.3, we want to use an ensemble anomaly detector to
rate cycles. In order to do this, we will reduce the dimensionality of the feature
vectors in our training data set 𝑀𝑀 to 𝑘𝑘 ∈ [𝑘𝑘 (𝐿𝐿) , 𝑘𝑘 (𝑈𝑈) ] using the MRMR approach,
hence gathering a set of training data sets 𝑀𝑀∗ = �𝑀𝑀𝑘𝑘 (𝐿𝐿) , . . . , 𝑀𝑀𝑘𝑘 (𝑈𝑈) � which is used
in the ensemble. Within this article, we will set 𝑘𝑘 (𝐿𝐿) = 2 and 𝑘𝑘 (𝑈𝑈) = 10. Since the
label feature which is used by MRMR is always included in the selected feature
subset, the selection of 𝑘𝑘 features yields a feature subset of 𝑘𝑘 + 1 size. As we
are conducting five experiments, we will need to specify five meaningful label
features for MRMR within the Ensemble, which are as follows:
•

Domain knowledge: Maximum Injection Pressure during the Injection
Stage

•

Unpartitioned feature set: Overall Maximum Injection Pressure

•

Clamping unit: Maximum clamping force

•

Hot runners: Average duty cycle of the first hot runner heater

•

Cylinder heaters: Maximum temperature of the barrel at the first zone.

Evolutionary optimization
We optimize the parameters of DBSCAN by an evolutionary algorithm using
Polynomial mutation described in [25] for the mutation of single individuals. The
crossing-over of two individuals uses the simulated binary-crossover described
in [24]. The final selection of the whole set of individuals in every step uses the
NSGA-II approach [26]. Furthermore, every Evolutionary optimization routine is
run with 𝐺𝐺 = 50 and 𝜇𝜇 = 200.

We also have to deal with the question how the search space should be
restricted. The goal one usually pursues by restricting the search space is to
keep the space of possible solutions as small as possible. This is beneficiary to
runtime, as a tinier space has to be investigated to find optimal solutions.
However, it is very important to choose an appropriate restriction to make sure
that optimal solutions are not excluded from the search space.

As the 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 parameter is a natural number which still somehow is
interpretable in higher-dimensional feature vector spaces, it is conceivable to
determine the lower and upper boundary of this parameter manually. This is not
the case for the 𝜖𝜖 parameter, as we are usually dealing with high-dimensional
data spaces that often do not expose the possibility to visualize data and set 𝜖𝜖
parameter boundaries that way.

Therefore, we will estimate the lower and upper bound of the 𝜖𝜖 parameter, 𝜖𝜖 (𝐿𝐿)
and 𝜖𝜖 (𝑈𝑈) , on the basis of the user-defined boundaries of the 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠 parameter,
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝐿𝐿) ∈ ℕ and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑈𝑈) ∈ ℕ. To do so, we respectively will average the
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝐿𝐿) - and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑈𝑈) -nearest points over all feature vectors in 𝑀𝑀, given a
distance function 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑: 𝑋𝑋 × 𝑋𝑋 → ℝ+ , like the Euclidean distance.
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More formally, let 𝐷𝐷 ∈ ℝ|𝑀𝑀|×|𝑀𝑀| be a distance matrix, incorporating the distances
between all elements of 𝑀𝑀, i.e. 𝐷𝐷𝑖𝑖,𝑗𝑗 = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑚𝑚
��⃗𝑖𝑖 , 𝑚𝑚
��⃗𝑗𝑗 ). Furthermore, let 𝐷𝐷Sorted be a
version of 𝐷𝐷, which is row-wise sorted in ascending order. Now, we define the
set of distances between all points and its 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝐿𝐿) -nearest point, 𝐷𝐷𝐿𝐿𝐿𝐿𝐿𝐿 =
Sorted
�𝐷𝐷𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
��⃗𝑖𝑖 ∈ 𝑀𝑀�, and the set set of distances between all points and its
(𝐿𝐿) � 𝑚𝑚
Sorted
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑈𝑈) -nearest point, 𝐷𝐷𝑈𝑈𝑈𝑈 = �𝐷𝐷𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑠𝑠
��⃗𝑖𝑖 ∈ 𝑀𝑀� . The 𝜖𝜖 boundaries are
(𝑈𝑈) � 𝑚𝑚
then given by averaging over all values in their respective set:

𝜖𝜖 (𝐿𝐿) =

∑𝑥𝑥∈𝐷𝐷𝐿𝐿𝐿𝐿𝐿𝐿 𝑥𝑥
|𝐷𝐷𝐿𝐿𝐿𝐿𝐿𝐿 |

, 𝜖𝜖 (𝑈𝑈) =

∑𝑥𝑥∈𝐷𝐷𝑈𝑈𝑈𝑈 𝑥𝑥
|𝐷𝐷𝑈𝑈𝑈𝑈 |

It should be kept in mind that this estimation method has a runtime complexity
of 𝒪𝒪(𝑛𝑛2 ) given 𝑛𝑛 vectors to calculate the distance matrix which has a nonnegligible impact on the overall runtime.

For the given two parameters of DBSCAN to optimize, namely 𝜖𝜖 and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚,
the search space is now restricted by 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝐿𝐿) and 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡𝑡𝑡 (𝑈𝑈) , which is
provided by the user, and 𝜖𝜖 (𝐿𝐿) respectively 𝜖𝜖 (𝑈𝑈) , which is computed as
mentioned above. Within this article, we will set 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝐿𝐿) to 10, 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 (𝑈𝑈) to
100 and estimate the 𝜖𝜖-boundaries as described.

The complexity of the optimization step may become unfeasible. Especially
when it comes to evolutionary optimization, the runtime of the Ensemble is
dominated by the number of individuals (𝜇𝜇 ) to consider per generation, the
number of generations itself (𝐺𝐺) and the complexity of the Clustering algorithm.
Hence, it is very important to parameterize the Ensemble appropriately, either
by using low-cost clustering algorithms or by limiting the 𝜇𝜇 and 𝐺𝐺 parameter of
the evolutionary optimizer, in order to keep the overall runtime in a reasonable
range.
Turning a DBSCAN cluster model into a decision map
Now, we exploit a DBSCAN clustering of a training set for assessing the
anomaly of a previously unseen data set. This requires detailed clustering
information about the points in the largest cluster, in particular, which points in
the largest cluster are "core points" (i.e. points, which have more than or exactly
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 in their 𝜖𝜖 -neighborhood) and which points are "border points" (i.e.
points, which are members in a 𝜖𝜖-neighborhood of a core point but are not core
points itself). According to Ester et al. we can safely assume that a (new) testing
point is supposed to be at least a border point of the largest cluster and thus
being a member of it when the point lies in the 𝜖𝜖-neighborhood of a core point
[28]. This allows us to specialize the more general clustering decision map we
gave in section 2.4.1, tie it to the DBSCAN algorithm and, hence, provide
means to test new data for membership in the largest cluster. Normally, this can
be written as follows.
Again, let 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } ⊂ ℝ𝑑𝑑 be a set of qualified feature vectors which
is derived from cycle data identified by an index set 𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑖𝑖𝑖𝑖1 , . . . , 𝑖𝑖𝑖𝑖𝑛𝑛 } and
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constitutes the training set. Now, let 𝒞𝒞𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝐶𝐶1 , . . . , 𝐶𝐶𝑘𝑘 } be a DBSCAN
clustering of 𝑀𝑀, whereby 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∈ 𝒞𝒞𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the cluster with the highest cardinality.
DBSCAN will now partition every cluster in a set of core and border points
during the process of clustering. As our anomaly detection method only relies
on the largest cluster 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 , we need to inspect its core points, given by the set
𝐾𝐾𝑚𝑚𝑚𝑚𝑚𝑚 , in order to assess the membership of an arbitrary testing point in the
largest cluster. As described, we need to check if the testing point is a member
of the 𝜖𝜖 -neighborhood of any core point, which should be formalized in the
following. Let 𝑚𝑚
��⃗ ∈ ℝ𝑑𝑑 be a vector and 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑: ℝ𝑑𝑑 × ℝ𝑑𝑑 → ℝ+ a distance function,
then the 𝜖𝜖-neighborhood of 𝑚𝑚
��⃗ is defined by 𝜖𝜖𝑚𝑚
⃗ ∈ ℝ𝑑𝑑 | 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(𝑚𝑚
��⃗, 𝑣𝑣⃗) ≤ 𝜖𝜖}. Now,
���⃗ = {𝑣𝑣
the specialized clustering decision map 𝑟𝑟𝒞𝒞 : 𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 → {⊤, ⊥} for a set of testing
points 𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = {𝑚𝑚
��⃗1 , . . . , 𝑚𝑚
��⃗𝑛𝑛 } ⊂ ℝ𝑑𝑑 and the accompanying index set 𝐼𝐼𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is given
by:
𝑟𝑟𝒞𝒞 (𝑖𝑖𝑖𝑖𝑖𝑖 ) = �

Predictive performance

⊤,
⊥,

�⃗ ∈ 𝐾𝐾𝑚𝑚𝑚𝑚𝑚𝑚 : 𝑚𝑚
∄𝑘𝑘
��⃗𝑖𝑖 ∈ 𝜖𝜖�⃗𝑘𝑘
else

The experiments are to assess the predictive performance of our anomaly
detection method. Having turned the clusterings into classification, we can apply
the confusion matrices [41] and Precision and the Recall, which are commonly
used for determining the predictive performance of a binary classifier:
𝑡𝑡𝑡𝑡
Precision =
𝑡𝑡𝑡𝑡 + 𝑓𝑓𝑓𝑓
𝑡𝑡𝑡𝑡
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =
𝑡𝑡𝑡𝑡 + 𝑓𝑓𝑓𝑓

Additionally, we will consider the Accuracy of our predictions, which measures
the effectiveness of our method in a more general way.
𝑡𝑡𝑡𝑡 + 𝑡𝑡𝑡𝑡
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑡𝑡𝑡𝑡 + 𝑓𝑓𝑓𝑓 + 𝑓𝑓𝑓𝑓 + 𝑡𝑡𝑡𝑡

Furthermore, we need to introduce the method of cross-validation in short,
which is needed to estimate the true error of the model. Learning a model on
behalf of the whole data set could lead to so-called overfitting, which generally
expresses the issue that learned models may incorporate more parameters that
can be justified by the data. Although these models seem to expose a good
predictive performance at first sight, they may fail to predict new and unseen
data. Hence, we are interested in estimating the true error of our model. One
method to achieve this is to cross-validate our model. Within the scope of this
paper, we will partition the original data set using the so-called 10-fold stratified
sampling approach, which ensures, that all sets within the partition
approximately share the same label proportions [35], i.e. the anomaly status in
our case, and has been found to be better compared to the regular crossvalidation [35].
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Explaining anomalies
One important goal of our article is to provide means that allow machine
operators to get a decent insight into the systems evaluation of individual
anomalies. That means that the machine operators should not just know that
the system predicted an anomaly for an individual cycle but also, why the
system made that specific decision.
A first step towards this goal has already been made by partitioning the raw
features into different "component groups" which reflect rough logical groups of
the considered molding machine. This approach exhibits the possibility to learn
anomaly detection models which are specific to the group of components and
hence, ideally, makes it easier for machine operators to identify problems at
specific points of the manufacturing system.
Another important aspect involves the inspection of the learned meta model, i.e.
the collection of Clusterings within the Ensemble. The first thing we want to
come up with, is to trivially quantify the number of times a feature is involved in
the meta model. The idea is, that a feature, which is largely involved in the
model, also exposes a high relevance towards the anomaly detection process.
The machine operator then may consider the most important features to identify
the root cause of a possible anomaly. Hence, we continue with the notation we
developed in section 2.4.3 and again consider 𝑉𝑉𝑖𝑖⊤ , the set of feature sets, which
were responsible to classify a cycle 𝑖𝑖𝑖𝑖𝑖𝑖 as positive. Now, we weight the
importance of a specific feature 𝑓𝑓, given 𝑉𝑉𝑖𝑖⊤ as follows:
�{𝐹𝐹 ∈ 𝑉𝑉𝑖𝑖⊤ �𝑓𝑓 ∈ 𝐹𝐹}�
𝑊𝑊𝑖𝑖 =
|𝑉𝑉𝑖𝑖⊤ |
𝑓𝑓

Another possible anomaly metric involves the computation of the number of
models which rated a cycle as positive. If more Clusterings decided the cycle to
be anomalous, it should be more likely that the cycle actually is anomalous.
Analogous, to the feature importance, we want to establish this idea more
formally. In order to do this, we additionally consider 𝑉𝑉𝑖𝑖⊥ , the set of feature sets
which were responsible to classify a cycle 𝑖𝑖𝑖𝑖𝑖𝑖 as negative, as described in
section 2.4.3. We then may establish the metric 𝑊𝑊𝑖𝑖+ as follows:
𝑊𝑊𝑖𝑖⊤

=

�𝑉𝑉𝑖𝑖⊤ �

�𝑉𝑉𝑖𝑖⊤ � + �𝑉𝑉𝑖𝑖⊥ �

𝑊𝑊𝑖𝑖⊤ will yield a value between zero and one, while one indicates, that all
decision maps rated the cycle 𝑖𝑖𝑖𝑖𝑖𝑖 as anomalous. The metric will yield zero,
when all decision maps predicted, that the specific cycle is normal.
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Figure 7: Anomaly Report of an arbitrarily chosen cycle from the given data
set, which conflates the 𝑊𝑊𝑖𝑖⊤ -metric from four different learned
models. Two of the learned models target specific parts of the
machine, while the other two models infer anomaly information in a
more general way. The Injection molding machine sketch is taken
from [37].
Transferability
One important challenge that has to be dealt with is how the validity of a learned
model is affected when dealing with new data that has been produced under
changed process conditions, e.g. a changed operation point. Minor changes to
the machine settings are quite frequently taken by machine operators to
maintain product quality. Due to the Ensemble approach, it is expected that
small changes will have no significant impact on the model validity.
In contrast, significant changes may downgrade predictive performance. This
demands to learn anew. Since our holistic method includes the feature selection
and the optimization of the clustering, the method can easily be applied to data
from cycles that no longer are covered by the previously learned decision map.
Performing the overall analysis process can also become necessary because of
changes of mold, material or injection molding machine. It is expected that in
these cases most parts of a learned (cluster) model lose their validity, while
some general process variable interrelations hold true despite significant
system configuration shifts.
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Results and Conclusions

We have deployed our methods and investigated particularly the influence of
the various feature sets on the quality of learning.
For measuring the predictive performance using accuracy, precision and recall,
we have to know the ground truth label for each cycle. This can be achieved
e.g. by applying the quality of the molded parts as a criterion for the anomaly
status. However, in this case there are two drawbacks: First, there has to be a
100% quality assessment and second, anomalies that have no direct impact on
the part quality are not considered. In our case of the presented industrial
application we can make a good guess of the actual anomaly status since we
know the point in time after which the material batch change resulted into scrap
production. Assuming that all cycles are normal beforehand and anomalous
after, the assessment of the predictive performance tends to yield slightly
poorer results since there might be some anomalous cycles before the shift due
to other reasons. Still this is a resilient assumption since no major quality or
other process issues have been observed during this time.
Additionally, we measured precision and recall in both classes, anomalous and
normal, to gain more differentiated statements about the performance of the
classifiers.
Experiment

Precision
(normal)

Precision
(anomalous)

Recall
(normal)

Recall
(anomalous)

Plasticization unit without cylinder
heaters

91,50%

16,37%

48,04%

67,97%

Clamping unit

88,55%

31,70%

91,87%

15,35%

Hot runners

95,41%

50,48%

90,25%

68,53%

Cylinder heaters

89,23%

14,20%

40,21%

62,44%

Domain Knowledge Features

90,22%

23,95%

84,03%

29,32%

Unpartitioned set of features

91,00%

19,11%

65,87%

48,31%

Table 7:

Predictive performance within the six experiments that have been
conducted. All metrics are given as averages over the ten crossvalidation instances that have been computed.

Concerning the precision, every model yielded an acceptable precision of at
least almost 90%, i.e. 90% of all predictions, which resulted in normal, were
actually correct. A closer look on the models’ performance does not expose a
high variance in precision: The model based on domain knowledge-features
yields comparable results with respect to the models that are based on
algorithmic feature selection.
Regarding the recall metric, the domain knowledge-model again exposes an
average performance for the normal cycles compared to the models which are
based on automatically extracted features. The domain knowledge-model
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predicts 84% of all normal cycles correctly. The model of unpartitioned,
automatic features yielded a recall of 65%, which may be considered to be
acceptable while the models for cylinder heaters and plasticization unit without
cylinder heaters respectively yield poorer result. In contrast to that, the models
for clamping unit and hot runners perform excellent with recall metrics of
approximately 92% and 90% respectively. The model of the cylinder heaters
exposed the worst recall with approximately 40%.
Focusing on the anomalous cases, all models yielded a low precision, i.e. that
the amount of true-anomalous cycles compared to all "anomalous" predictions
is small. That is, there are many messages pointing at anomalies, where there
is none. From a comparative perspective, we can state again that the domain
knowledge-model exposes a mean precision (about 24%), while the hot runner
model is the only model with an acceptable performance, yielding a precision of
about 50%.
However, for the anomaly detection, a more decisive criterion is the recall of the
anomalous cycles. If we consider the anomaly detection an information for the
operator, it is most important to not miss an anomaly. In contrast to the metrics
we considered until now, here, the specialized models of plasticization unit
without cylinder heaters, hot runners respectively the cylinder heaters are
exposing a high predictive performance (approx. 68%, 69% and 62%), and we
observe remarkable low recall values with respect to the domain knowledgemodel (approx. 29%) and the model based on the clamping unit feature set
(approx. 15%). Since it is most important to recognize as many of the true
anomalies, most specialized models outperform the unpartitioned model.
Although there is a general objective to achieve high values, i.e. values close to
100%, for accuracy, precision and recall, one should take a closer look at
criterions’ meanings with regard to manufacturing objectives though. While
accuracy gives rather general information on a model’s predictive performance,
precision and recall have a more specific meaning that can be taken into
account when inferring process adaptations. In other words, the reasons why
the values of the different criterions should be as high as possible differs.
As the precision provides information on the percentage of cycles with a specific
predicted anomaly status that actually have this status, the precision of “normal
predictions” is a quality issue, while the precision of “anomalous predictions” is
an efficiency issue. Let us for the following examples assume that the anomaly
rating is linked to the parts’ quality: In the first case, one aspires towards high
values, since each false prediction implies one molded part that does potentially
not meet the quality criteria while the cycle is rated normal. In the second case,
one aspires towards high values, since each false prediction implies one
molded part that does most probably meet the quality criteria, while it is
disposed due the anomalous rating.
In contrast to that, the recall provides information on the percentage of cycles
with a certain predicted anomaly status compared to those cycles that are
actually of that status. Again assessed with respect to the manufacturing, this
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means that the recall of “normal predictions” is an efficiency issue, while the
recall of “anomalous predictions” is a quality issue.
Consequently, in case of molded parts where quality is the major criterion for
product success, in case of a tradeoff, one would prefer high values for
precision of normal predictions and recall of the anomalous predictions to those
for precision of anomalous predictions and recall of normal predictions. In the
cases where the product price predominates, it is vice versa. In the presented
industrial application that is known to be rather quality critical, one would prefer
the algorithmic feature subsets to the unpartitioned feature set and the domain
knowledge-based feature set.

Figure 8: Bar chart representing the achieved precision (predicting normal
cycles) and recall (predicting anomalous cycles) across our
experiments. These metrics are indicative for the predictive
performance of our models, given a quality-critical production
process.

4

SUMMARY AND OUTLOOK

We presented the overall pipeline of Anomaly Detection in Injection Molding.
Due to lacking detailed quality information, the common application of
supervised learning techniques is not possible. Hence, we developed an
unsupervised approach which makes use of clustering to infer anomaly
information from data. The clustering model is turned into a classification by a
decision map based on cluster cardinality – the larger a cluster, the more
normal are its members. We leveraged the clustering learning technique using
Ensembles in order maximize prediction stability. Our pipeline is applicable
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under varying circumstances because the Ensemble approach decreases the
variance of clustering. Moreover, the pipeline is also easily transferred to new
data sets, since an evolutionary optimization adapts the clustering to the data.
Since the quality of features most often determine the success of predictions,
we discussed extensively how features may be extracted from multivariate time
series and how to select features that are meaningful and hence are beneficial
to our anomaly detection learning task.
The goal of the overall analytical process is to inform the operator of a machine
timely and in understandable terms about possible anomalies. Hence, we
developed a display showing the component and the anomaly rating which
expresses the certainty of the prediction.
Finally, we applied our method on a real industrial data set. For one of the four
component groups, namely the hot runners, the precision of normal cycles was
excellent with more than 95%. Also, all other feature sets yielded very good
results regarding the precision of at least 88% of correct predicted normal
cycles. Taking into account the recall metrics for anomalous cycles, the models
for plasticization unit without cylinder heaters, hot runners and cylinder heaters
yield good results still predicting approximately two thirds of the actually
anomalous cycles correctly.
Since the results are promising, future work on our technique may include
engineering towards more sophisticated features. There is a plethora of
methods that extract features form time series and more approaches wait to be
tested. Another interesting topic is to scale up the learning and its optimization
by parallel processing, using more special hardware, or streaming algorithms.
Furthermore, it is desirable to provide the machine operator with more detailed
information about the reason of occurring anomalies, going beyond the machine
component that is concerned. This root cause analysis process includes also
the challenge of dealing with potentially unreliable sensor data. Once the
underlying interference is known, recommendations for action or even
automatic adaptations to the machine setting may be provided, ultimately
achieving a closed-loop control for anomaly detection and problem solution.
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Abbreviations
Abbreviation

Description

Inj1PrsAct

Actual melt pressure

Inj1VelAct

Actual screw advance speed

Inj1PosAct

Actual screw position

Inj1RpmAct

Actual screw rotational speed

ClpVelAct

Actual clamp unit velocity

ClpPosAct

Actual clamping unit position

ClpFceAct

Actual clamping force

Eje1VelAct

Actual ejector velocity

Eje1PosAct

Actual ejector position

Inju1PosAct

Actual injection unit position

Inju1VelAct

Actual injection unit velocity

Pmp1PrsAct

Actual hydraulic pressure

Inj1HopTmpAct

Actual barrel temperature at hopper position

Inj1HtgTmp1Act

Actual barrel temperature zone 1

Inj1HopEdAct

Actual duty cycle flange cooling

Inj1HtgEd1Act

Actual duty cycle barrel heater 1

MldHtg1Tmp1Act

Actual temperature hot runner 1

MldHtg1Ed1Act

Actual duty cycle hot runner heater 1

OilTmp1Act

Actual hydraulic oil temperature

TrigClpCls

Trigger close clamping unit

TrigClpOpn

Trigger open clamping unit

TrigInj1

Trigger injection

TrigHld1

Trigger holding

TrigPlst1

Trigger plasticizing

TrigInj1Dcmp1

Trigger decompression 1

TrigInj1Dcmp2

Trigger decompression 2

TrigCool

Trigger cooling

TrigClpCfb

Trigger clamping force build-up

TrigClpCfr

Trigger clamping force release
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TrigEje1Fwd

Trigger ejector forward

TrigEje1Rew

Trigger ejector rewind

TrigInju1Fwd

Trigger injection unit forward

TrigInju1Rew

Trigger injection unit rewind

ANN

Artificial neural network

APC

Adaptive process control

CVM

Core vector machine

fn

False negative

fp

False positive

MEB

Minimum enclosing ball

MPC

Model predictive control

MRMR

Minimum redundancy maximum relevance

NSGA

Nondominated sorting genetic algorithm

UTS

Univariate time series

MTS

Multivariate time series

PBT

Polybutylene terephthalate

PET

Polyethylene terephthalate

tn

True negative

tp

True positive

VDCVM

Vertically distributed core vector machine
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