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Real-time adjustment of injection molding process settings by utilizing
Design of Experiment, time series profiles and PLS-DA

G. Ø. Rønscha, M. Dybdahlb, and M. Kulahcia

aDTU Compute, Department of Applied Mathematics and Computer Science, Technical University of Denmark, Lyngby, Denmark;
bDepartment of Business Development and Technology, Aarhus University, Aarhus, Denmark

ABSTRACT
Various production/process equipment’s have built-in sensors allowing for continuous collec-
tion of process data. However to ease the data processing burden, it is often the case that
only certain features such as aggregated measures or peak values are stored. Yet also in
some cases such sensor signals can be extracted fully reflecting the dynamics of the process
and utilized for process optimization. The aim of this paper is to demonstrate that such
data can be utilized in an effective way to optimize an injection molding process using sig-
nals from built-in pressure and position sensors. The observational process data is combined
with data from controlled experiments to observe the causal relationships between disturb-
ance factors, process settings and the final quality of the products. We demonstrate that sig-
nals from built-in injection molding machine sensors can be used for detecting and
mitigating quality issues caused by variation in raw material due to the dual sourcing from
two suppliers, which cannot actually be identified during production. For this, we show that
the origin of raw material can be classified using the time series profiles of dosing pressure
and PLS-DA (Partial Least Squares Discriminant Analysis). Through experimental work, we
conclude that this classification can be used for increasing the operating window for hold-
ing pressure and mold temperature, which ensure production of products within
specifications.

KEYWORDS
Design of experiments;
in-built sensors; injection
molding; machine learning;
PLS-DA

1. Introduction

In manufacturing processes, the primary goal of the
production process is to effectively transform the raw
material into the final product. To ensure the stability
of the product quality over time, it is desired to use a
raw material with uniform properties and keep exter-
nal disturbances at a minimum. Depending on the
manufacturing process at hand, robustness toward
unexpected disturbances can be achieved by adjusting
process settings when changes in raw material and/or
external disturbances are detected. The current work
is anchored within plastic injection molding with
similar concerns and conducted in close collaboration
with an industrial partner. The investigation and
experimental work are therefore centered around the
manufacturing setup and control strategy used at a
specific process, but we believe the overall approach is
generalizable to other injection molding setups and to
a large extent to other industries. Particularly in pro-
cess robustness studies where there is a need to

mitigate the impact of the nuisance factors that are
uncontrollable in production yet controllable in an
experimental setup, the proposed approach can be
easily adapted.

The injection molding setup under investigation is
characterized by having multiple molds used in a
given molding machine. The setup therefore consists
of many small production orders, resulting in many
changeovers where molds are changed in the molding
machine depending on the order. This requires an
effective and reliable running-in procedure that
ensures stable production to reach the desired quality.
After running-in a mold, the molding process is kept
constant with only a few settings that can be adjusted
by the molding operators. Despite of all this, there
can still be unacceptable variation in the product (also
known as element in injection molding) quality. This
indicates that there are external disturbances that are
strong enough to impact product quality despite the
control strategy used.
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Often companies use multiple sources for supply of
raw material to ensure stable delivery and low cost.
The industrial partner in this project uses two differ-
ent sources to supply raw material. In this paper, we
refer to these sources as “source of raw material,”
“material source” or “ABS1 and ABS2.” They come
from two suppliers and are delivered in no specific
order and stored in the same silo tank. The new ship-
ments are unloaded into the storage silo from the top
and material used in the production is extracted from
the bottom of the silo. The different shipments are
therefore layered randomly in the silo causing the ori-
gin of the material used at the machine to
be unknown.

By dual sourcing of the raw material, there is a risk
of additional disturbances caused by variation in the
raw material (beside within supplier variation). The
quality of the raw material is often described with a
set of univariate specifications on the raw material’s
quality attributes. Even if all univariate attributes are
within specifications, the correlation among the attrib-
utes (as addressed by Duchesne and Macgregor
(2004)) could be different from supplier to supplier or
change over time and thereby cause changes in prod-
uct quality. At the industrial partner production site,
it has been experienced that material variation intro-
duced by dual sourcing affects the product quality,
and considerable attention has been paid to reduce
this impact. The experience that material variation is
impacting quality is supported by Farahani et al.
(2019) where variation in element weight is shown to
be impacted by the variation in the raw material qual-
ity. One solution to overcome this is through model-
ing the variation and defining which process settings
can be adjusted to compensate for it and thereby
making it possible to keep product quality stable. This
will however not be directly implementable since, as
mentioned earlier, during the production the exact
source of raw material remains unknown during pro-
duction. In this work, we develop a real-time solution
that can mitigate or reduce the potential impact of the
changes in the raw material source by identifying the
source of the raw material used at the process and
thereby creating an opportunity for adjusting the
machine settings accordingly.

Different options for determining the source of the
raw material during production have been identified.
The most obvious approach is to change the raw
material feeding system so that it is possible to track
the right source of the raw material at any time.
However, this has proven to be an infeasible solution
due to the cost of establishing such a system and it

would not capture within supplier variation. The
second option is about establishing a real-time mater-
ial monitoring setup (in the current case used for clas-
sification of the raw material source). For this to be a
feasible solution, it should come at a low-cost, which
renders installing new measuring equipment
rather infeasible.

For the final product quality, McLauchlin, Ghita,
and Gahkani (2014) have demonstrated the Near
Infrared spectroscopy (NIR) can be used for inline
classification of plastic variations. Gao et al. (2014)
show that it is possible to predict element dimensions
using mold cavity pressure sensors. The implementa-
tion of mold cavity sensors is too costly to be an
option, but as demonstrated by Chen et al. (2008), the
in-built sensors in the molding machine contain simi-
lar information as the cavity sensors. Lopes and
Ribeiro (2000) have also demonstrated that element
dimension could be predicted using standard machine
process variables and a neural network. However,
none of these articles includes the aspect of material
variation classification and how to mitigate it by
changing settings on the molding machine. In the cur-
rent work, material variation is represented by dual
sourcing of raw material, but this could be extended
to seasonal variation, geographical variation or other
variations in raw materials. In cases of more diffuse
variation contributions (where samples can’t be
labeled) a regression approach could be consider
instead of classification (not investigated further in
the current work).

1.1. Injection molding

Injection molding is a widely used manufacturing
technique that transforms plastic granulate into a plas-
tic element with a given shape and properties. Molded
elements vary in shape and size, from very small ele-
ments used for example in a hearing aid or in a
pharmaceutical device to very large elements used for
example in the automobile industry. Most molded ele-
ments are manufactured in a setup consisting of an
injection molding machine equipped with a mold that
defines the shape of the molded element as depicted
in Figure 1. Besides the barrel, the molding machine
consists of either a hydraulic system or electric servo
drives that are used to move the screw and the mov-
ing part of the mold, in-built sensors that generate
input signals to the control system and a control panel
used by the operator to configure the molding
machine and to monitor the state of the mold-
ing process.
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1.2. Injection mold

An injection mold consists of two halves that together
form the cavity in which the molded element is cre-
ated. There can be multiple cavities in one mold. The
fixed half of the mold, which is closest to the molding
machine, contains an inlet system that is used to
transport the melted plastic from the barrel into the
cavities. A mold is designed with either a cold or hot
inlet system. In a hot runner mold, the inlet channels
are kept at a temperature where the plastic in the inlet
channels remains fluent between the injections. In a
cold runner mold, the inlet channels are cooled in the
same way as the molded elements. In this case, the
inlets are removed when the elements are ejected
from the mold. The inlets are often ground, mixed
with virgin material and reused as raw material in the
molding process.

1.3. Molding cycle

The injection molding process is a fast batch process
where the cycle time can vary from a few seconds to
minutes. The number of cavities in the mold defines
how many elements are produced in each cycle, which
vary from 1 to more than 100 elements. One molding
cycle consists of several steps. First, raw material pel-
lets from the hopper enter the barrel at the back end
of the screw. The screw rotates and thereby transports
the plastic material toward the nozzle. As the material
moves though the barrel, it is melted due to sheer
stress and external heat from the heater bands. As
more melted material builds up in front of the screw,
the screw is pushed backwards. When the screw
reaches a given position, it is ready for injection. This
determines the end of the dosing phase. The next step

is the injection phase, where the screw acts as a pis-
ton. A return valve at the tip of the screw ensures
that melted material is not pushed back along the
screw. The screw then presses the melted material
though the nozzle and mold inlet system into the
mold cavities. At this point the two mold-halves are
kept together by a high pressure applied to the mov-
ing half. When 95–98% of the melted material is
injected into the mold as measured by the position of
the screw, the so-called switch-over point, the control
strategy is changed from being based on screw pos-
ition to a constant pressure, also known as the hold-
ing pressure. The next step is the cooling of the
elements in the mold cavities. This is done by circu-
lating water around in cooling channels inside the
mold. As the molded elements cool down, the plastic
starts to shrink. The constant holding pressure ensures
that more melted material can be pushed into the
mold as the plastic shrinks while the core of the inlets
and element remain liquid at this point. When the
plastic has solidified, the mold is opened, and the ele-
ments are ejected out of the mold. The mold is then
closed and ready for the next injection.

2. Methodology

The methodology contains an overall introduction to
split-plot designs, an introduction to the machine data
used and an overall description of the machine learn-
ing methods used.

2.1. Design of Experiments using split-plot designs

Design of Experiments (DoE) is a classical approach
used for investigating causal relations between

Figure 1. An injection molding setup where the left part is the barrel of the molding machine and the mold is represented on
the right. The grinder used to grind the inlet from the mold is placed underneath the mold.
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experimental factors and responses (Montgomery
2020). The causal relations are obtained by systematic-
ally changing the experimental factors and evaluating
the impact on the responses. One of the fundamentals
in DoE is that more than one factor can be varied in
each test run. This is done to ensure that interactions
between factors are captured as opposed to a feature
not provided by one-factor-at-a-time experimentation.
Usually the experiments are executed in a completely
randomized manner to eliminate any possible bias. In
some situations, however, it is a challenge to conduct
the experiments in a fully randomized order. This is
often the case in manufacturing where the costs of
changing the settings of the experimental factors can
vary greatly. One example is within plastic injection
molding where change of raw material or color can
take hours because the mold and molding machine
must be emptied, cleaned and operated with the new
material for the running-in period. In many molding
applications, using a cold runner mold, the molded
inlet is reground and mixed with the virgin material.
When this is the case, an important part of the run-
ning-in is to ensure the steady state in the mix of
reground plastic and virgin plastic since this might
impact the molded element. If injection molding
experiment includes different materials to be tested, it
is therefore desired to conduct multiple test runs
using the same material and thereby reduce the
needed time and resources for the experimental work.
One approach to overcome the requirement of com-
plete randomization is to use a split-plot design.
Kowalski, Parker, and Vining (2007) present an exten-
sive introduction to the use of split-plot designs in an
industrial context. The split-plot design is a special
case of a factorial design, where for a given setting of
the hard-to-change (HTC) factors (known as a whole
plots) experiments in the easy-to-change (ETC) factors

(known as subplots) are executed. This way hard-to-
change factors are changed for fewer experiments
than in the case of the completely randomized design.
The analysis of split-plot designs, however, requires
additional care as there are two error terms: between
whole plots and within whole plot as depicted in
Figure 2. In the current work, it is decided to include
up to two-factor interactions while taking into
account the split-plot structure of the design.

2.2. Data

This section contains an overall introduction to the
structure of the data used in this article and a descrip-
tion of the two types of data generated in the experi-
mental work and how it is used in the classification of
the source of raw material.

2.2.1. Machine profiles
The machine profiles are continuous time series data
extracted from internal sensors on the molding
machines. The pressure and screw position sensors
are the internal sensors used in current work (as pro-
posed by Mao et al. (2018) and Nagorny et al.
(2017)). The data from the screw position sensor are
further processed to generate speed profiles. This
results in three types of profiles (pressure, position
and speed) which are collected for both the injection
phase and the dosing phase as described in “Machine
profiles” section, resulting in the collection of six pro-
files used for the classification of the material type.

The datapoints in each profile are collected for
every 0.006 second. The profiles from the injection
phase consist of 501 measurements, whereas the pro-
files from the dosing phase consist of 368 measure-
ments. The decoupled collection of the profiles from
the injection and holding phase is done to increase

Figure 2. DoE structure showing the split between whole and subplot factors. The factors are described in “Experimental
setup” section.
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the resolution. It should be noted that a maximum of
501 points can be collected per profile. Examples of
machine profiles can be seen in Figure 3.

The profiles are used with the classification meth-
ods described in “Classification methods” section.
Each variable is used for classification individually in
order to lower the cost of data collection in real life
applications when the analysis method is to be imple-
mented in actual production. The profile data is in
the form of a v by q by t array, where v is the number
of collected profiles, q is the number of captured
cycles, and t represents the duration. To bring the
numeric values in the profiles to a common scale, a
min-max normalization is applied, scaling the profiles
to the range of [0,1]. The scaling is done using

Zv, i ¼
Xv, q �minðZvÞ

maxðXvÞ �minðXvÞ for i � q, [1]

where Zv, i is the scaled profile and Xv, i is the ori-
ginal profile.

2.2.2. Process data
The second dataset used for the source of raw mater-
ial classification is the machine process data. These
process variables are predetermined by the supplier of
the molding machines. Most of these process variables
are derived from the machine profiles. For example,
these could be maximum values, values at a specific

time in the molding cycle or difference in screw pos-
ition in the molding cycle. These process variables
have been selected by the molding machine producer
to give a good representation of the underlying pro-
cess dynamic captured in the profiles. In addition to
this, the process data consists of time constants (e.g.,
injection time, dosing time and cooling time), barrel
temperatures, energy consumption, etc. In this work a
subset of 28 of these process variables are selected for
the analysis. These process variables can be catego-
rized as temperature, pressure, time or position
related data.

The data is structured in a q by k array, with q
being the number of cycles and k being the selected
process variables. This dataset is to be used in
machine learning and is therefore scaled to zero mean
and unit variance, as

Zj ¼
Xj � bXj

rðXjÞ for j � k, [2]

where Zj is the scaled feature column vector, Xj is the
original feature vector, X̂ represents the mean of X
and r is the standard deviation.

As described earlier, from the implementation of
the analytics methods perspective, the main difference
between machine profiles and process data is that
while the former is available in the current study, in

Figure 3. Visualizations of machine profiles. The pressure profiles in (a) and (d) are measured in bar. The speed profiles in (b) and
(e) are measured in mm/s and the position profiles in (c) and (f) is measured in mm from a reference position.
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general only process data is available. Obtaining
machine profiles for all injection molding machines
will in most cases require considerable investment
that needs to be clearly justified with the information
gain through this dataset.

2.2.3. Data structure
The overall structure of the data used in the current
work can be seen in Figure 4. The analysis of the
experimental study involves two responses as
described in “Molded part and quality measures” sec-
tion. Additionally, for each experiment, machine pro-
files and process data are both collected from the
molding machine. The former is the full machine pro-
files describing the full dynamics of the molding pro-
cess, and the latter refers to readily available machine
settings and aggregated process data, defined and gen-
erated by the molding machine producer. These will
be used together with labels from the experimental
factors in the classification of the raw material source
described in “Classification of the source of the raw
material” section.

In Figure 4, the experimental design run ID (iden-
tification number) is the central and connecting ID in
all data sources. The dimensions of the different data
matrixes correspond to:

� n: Number of experimental runs.
� m: Number of response variables in experimental

investigation.

� p: Number of factors in experimental investigation.
� r: Number of injection molding cycles with data

collection for each experimental setting.1

� q: Number of collected injection molding cycles for
the classification of raw material source (n � r).

� k: Number of collected process variables from the
injection molding machine.

� v: Time series profiles collected from essential parts
of the injection molding cycle.

� t: Duration of collected time series profiles.

2.3. Classification methods

This section describes the three methods used for the
classification of the source of the raw material. The
machine profile and machine process data will be
used as predictors in the classification, and the mater-
ial variable from the experimental study will be used
as the response.

2.3.1. PLS-DA
PLS is a chemometrics method that transitions the
input data (X) into a latent space to reduce collinear-
ity and noise. PLS is an extension to Principal
Component Regression (PCR), where PCR first trans-
lates the X matrix to a reduced uncorrelated latent
space that can be used for linear regression for the
response variable y. The drawback of PCR is that the
response is not considered in the reduction of X into
the latent space and that useful information that

Figure 4. Data structure used in both experimental analysis and classification of the source of raw material.
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correlates X to y can be lost. PLS overcomes this by
letting y affect the decomposition of X so that the
latent variables chosen also possess the highest correl-
ation with y.

PLS is a common model used to fit cross-correlated
multivariate data with many examples of implementa-
tions that can be found in the literature. One example
is Zeaiter, Knight, and Holland (2011) who use PLS in
injection molding on cavity sensor signals to predict
the element dimensions. In this study, we use the
machine profiles in a classification problem to predict
the source of raw material.

PLS was originally intended for regression prob-
lems. The variation of the method used as a classifier
in this paper is PLS-DA (Partial Least Squares
Discriminant Analysis, Brereton and Lloyd (2014)),
where the predicted real numbers are translated into
one of two classes. For a two-class classification, the
two classes are assigned to 1 or 0 and a standard PLS
model is generated. When classifying new samples,
the prediction will be a value on a continuous scale.
The evaluation of the result in relation to the two
classes is done by setting a threshold (e.g., 0.5) and all
prediction above 0.5 is assigned to class 1 and predic-
tions below 0.5 are assigned to class 0. The threshold
can be set in different ways, but in the current work
0.5 is used.

2.3.2. AdaBoost
The AdaBoost (Adaptive Boosting) algorithm is not a
classifier in itself, but more precisely a method where
weak classifiers are combined into a single strong clas-
sifier, by reweighing the contributions of each individ-
ual classifier. By combining these weak learners, it is
possible to introduce non-linearity into the classifiers,

which may result in a more expressive and complex
classifier than the simple linear parts from which the
strong classifier is build see Duchi (2016). In this
study, the chosen weak classifiers are small decision
trees with a maximum depth of 3.

The AdaBoost algorithm has previously shown
great results in binary classification problems. Charest,
Finn, and Dubay (2018) use AdaBoost with decision
trees on profile data from the injection molding pro-
cess in order to classify the molded element into one
of three classes: Good part, Poor Quality or Short
shot. Nagorny et al. (2017) use profiles from injection
machines on AdaBoost as a regression method to pre-
dict the element dimensions. In that study, the
AdaBoost algorithm performed better than the other
tested boosting methods but was surpassed by the
deep learning methods.

2.3.3. Deep Learning
Deep Learning methods are well known for their abil-
ity to capture non-linear relationships between the
inputs and the response. Feed Forward Neural Nets
(FNN) are used as the deep learning classifier to com-
pare against AdaBoost and PLS. FNN has previously
been applied in injection molding with great success.
Costa and Ribeiro (1999) use machine process data
and profiles from the molding machine as input to
FNN as a process monitoring system. Ali and Yu-To
Chen (1999) use a dataset similar to the machine pro-
cess data used in this study, as input to FNN for map-
ping the element dimensions of a molded element.
Even though these examples have a different problem
from the classification in this study, they show that
the FNN is able to extract information from the simi-
lar input datasets.

Figure 5. Illustration of splitting the data with visualization of the proportion of material type in the sets.

QUALITY ENGINEERING 7



2.4. Training and test split

In any predictive model building study, the trained
model is ultimately tested against data that the model
has not seen before, Xu and Goodacre (2018).
Consequently, it is a common practice to split the
available data into a training set used for building the
model and a test set used for establishing how well
the model performs on unseen data. This is illustrated
in Figure 5(a). It is therefore important to ensure that
the test set is independent of the training set.

In the current situation, where the data is gener-
ated in a designed experiment, extra attention is
needed. As illustrated in “Data structure” section, data
is collected from multiple injection cycles (r) for each
experimental run (n). Since the r cycles are coming
from the same experimental run, they are correlated
and must be considered as one group when splitting
the data into a training and test set. If the data (q) is
seen as one pool of data and randomly split, there is a
high risk that data from the same experimental run
will end in both the training and testing set. To
ensure the validity of the test set, it is therefore
decided to do a test split based on unique experimen-
tal runs resulting in n groups of data.

To ensure even distribution of the raw material
source in both the training and test set, as illustrated
in Figure 5(b), the splitting into train and test is
done with a stratified split. The full dataset is first
split in two subsets; one with all ABS1 and one with
all ABS2 (material source). 10% of the experimental
runs is then randomly drawn from each subset and
collected to one test set. The remaining experimental
runs are collected in the training set. Similarly, the
validation set is for validating the models during
training drawn with a stratified 10-fold cross valid-
ation split (90/10% split in training and validation
set), again to ensure even distribution of ABS1 and
ABS2 in both datasets.

To be able to generate a confidence interval on the
test performance, the data split illustrated in Figure
5(a) is repeated 5 times with a stratified 5-fold split,
on the whole dataset, ensuring 5 unique test sets, cov-
ering all experimental runs, and the model perform-
ance is reported as the mean model performance and
confidence interval based on the variation among the
5 repetitions.

2.5. Evaluation of the methods

The classification methods are validated with 10-fold
cross-validation. The quality of the classifications is
measured with the accuracy measure as following:

Accuracyðŷ, yÞ ¼ 1
n

Xn
i¼1

ci, [3]

ci ¼ 1, if ŷ ¼ y
0, if ŷ 6¼ y

�
[4]

where ŷ is the predicted class, y is the actual class and
n is the number of samples in the dataset.

Since the accuracy only explains the proportion of
correctly classified, the test set is further evaluated
with a confusion matrix to give a more detailed ana-
lysis of the classification. The confusion matrix con-
sists of four fields; true positives (TP), true negatives
(TN), false positives (FP) and false negatives (FN).
The TP and TN fields contain the instances of the
correctly classified labels. Likewise, the FP and the FN
contain the instances of misclassified labels, where FP
contains the instances that are misclassified as the
positive class, and FN contains the instances that are
misclassified as the negative class.

3. Experimental setup

As mentioned in the Introduction, the aim of the
experimental work is to investigate the feasible operat-
ing range for two selected response factors (described
in “Molded part and quality measures” section) with
differing source of raw material. Besides the source of
raw material, three other factors (color, holding pres-
sure and mold temperature) have been identified as
relevant to include in the experimental study:

� ABS is used as the plastic material in this experi-
ment and the variation is introduced by using ABS
from two suppliers (ABS1 and ABS2). The ABS
from both sources are considered the same quality
grade where the quality of both is within the speci-
fied limits (evaluated from randomly sampled qual-
ity inspections).

� The molded part is produced in different colors.
The color is included to test for the potential inter-
action between material and color. To cover the
variations in colors used in production, an organic
color (red) and an inorganic color (white) are used
in the experimental study.

� Holding pressure is the most important control
factor used to adjust the molding process to ensure
consistent quality. The mold used is optimized to
run with a specific holding pressure with an
allowed variation of þ/� 70 bar. This range is
therefore used as levels for this factor.

� The mold temperature is included in the experi-
ment because it is known to have an important

8 G. Ø. RØNSCH ET AL.



interaction with material and product quality. At
the industrial partner the mold temperature is nor-
mally set at 35

�
C (temperature of central cooling

system) but using a tempering unit the tempera-
ture can be set between 20

�
C and 50

�
C. The tem-

perature is therefore varied between 20
�
C and 50

�
C, where 35

�
C is its normal operating setting.

Of the four factors included in the experiment, raw
material and color are hard to change since changing
the levels of these factors demand a cleaning of the
grinder, material mixing unit and molding machine.
To reduce the experimental cost, it is therefore
decided to conduct the experiment using a split-plot
design with raw material and color as hard-to-change
factors and holding pressure, mold temperature as
easy-to-change factors. Both raw material and color
are discrete factors with two levels, whereas holding
pressure and mold temperature are continuous and
are tested at two levels. The design used is a replicated
split plot design in the form of 22 � 22 (illustrated in
Figure 6) resulting in 32 test runs.

3.1. Experimental procedure

For the experiments, an Arburg allrounder 470 S, 600-
290 molding machine with a 4-cavity mold is used.
To reduce the risk of systematic day-to-day impact
the experiment was conducted on a molding machine
placed in a room with climate control (temperature
and humidity). The experiment was conducted over a
period of eight days, running one of the eight whole
plots each day. The first full DoE was conducted
within one week (random run order) and the replicate
DoE was conducted in the following week with a new
random run order. The molding machine was first
cleaned and then connected to a mixing unit

containing the desired ABS type and color. The mold-
ing process was started and run for one hour using
the standard settings, which are the center settings to
ensure stable production with a steady state of
reground inlet material in the virgin material used in
the molding process. The experiments were started
only after ensuring that the molding process was sta-
ble. Results from an initial test showed that the mold-
ing process was stable after 120 molding cycles (shots)
for a new experiment. It was therefore decided to let
the molding machine run for 140 shots after each
experiment before the products were collected (illus-
trated in Figure 7). Products from 8 consecutive injec-
tions were collected. Once the products were
retrieved, the next experiment was started.

From each of the collected samples consisting of 8
consecutive injections, three elements were randomly
collected from each of the four cavities (the cavity
numbers are visible on the element). The sub-sam-
pling was necessary due to restriction of measuring
capacity. Geometric properties of the 12 elements col-
lected following the described scheme were obtained.

3.2. Molded part and quality measures

The injection molded element used in the test is
depicted in Figure 8. Four different geometric proper-
ties are obtained using a Coordinate Measuring
Machine from Zeiss. These metrics are expected to
define the “quality” of the element. The average inside
width in the middle of the element (InWmid) is cal-
culated as the average of B1 and B2, and the average
length of the element (OutL) is calculated as the aver-
age of A1 and A2 as depicted in Figure 8. These two
average measures were used as responses in the ana-
lysis of the experiments. The size of the element is
33.45mm � 17.40mm � 11.50mm, and it has a

Figure 6. The whole plot is shown at the outer axes and the subplot at each whole plot combination. The subplot is run in all
four experimental combinations in the whole plot.
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supporting rib in the center of the element to
reduce warpage.

4. Results

The focus in the first part of the analysis is to fit and
evaluate a model of the experimental settings to the
two quality responses. Based on the normal probabil-
ity plot of the residuals, in Figure 9, it is evaluated
that the residuals are normally distributed. The
residual analysis (normally distributed, constant vari-
ance and time independence) therefore shows no vio-
lation of the model assumptions.

An ANOVA table for the analysis of the experi-
mental data is given in Table 1. It is concluded that
all main effects except for color are identified as sig-
nificant at 5% level. The 2-factor interaction of pres-
sure�temperature is also found significant for InWmid
and material�temperature interaction is close to being
significant. Comparing the proportion of adjusted
sums of squares (adj SS) temperature is the dominant
factor for InWmid, whereas pressure is dominating
the variation seen in OutL.

Furthermore, from the main effects plots in Figure
10, it can be seen that material and pressure have
similar effects on both responses whereas the mold
temperature has different effects in direction for the
two responses. The different behavior for OutL and

InWmid is attributed to different shrinkage/warpage
of the element caused by the supporting rib in the
middle of the element (also resulting the pressur-
e�temperature interaction is only significant
for InWmid).

The variation caused by using ABS from two differ-
ent suppliers has the same effect on both quality
measures. ABS2 results in reduced dimensions com-
pared to when ABS1 is used. This can be explained by
the difference in shrinkage properties for the
two materials.

As in any experimentation in production, we need
to consider statistical significance against practical sig-
nificance. For that we introduce the specifications for
the quality measures as contour lines in a contour
plot, see Montgomery (2020). The white areas in the
contour plots in Figure 11 represent the feasible oper-
ating range for pressure and mold temperature. The
gray areas represent operating condition causing qual-
ity to be outside the specifications. The difference in
feasible regions for ABS1 and ABS2 can be seen in
Figure 11(a) and 11(b), where the feasible operating
range is largest for ABS2. Running with the standard
mold temperature of 35

�
C the whole operating range

for pressure is available when using ABS2, where only
the low to medium pressure range is available for
ABS1 at that temperature. This is an important insight
since it during normal production is unknown which
material the molding machine is using. Therefore,
since the temperature is often kept at 35

�
C and the

pressure is a control parameter for the operators to
overcome process related issues, they are also risking
producing out of specification products when setting
the pressure at a high level. When the source of the
raw material is unknown, the feasible operating region
should reflect the restrictions associated with that
uncertainty as depicted in the double overlaid contour
plot in Figure 11(c). This limits the operator’s ability
to compensate for other process disturbances using

Figure 7. Illustration of the experimental procedure used for each of the eight experimentation days (running one whole plot set-
ting each day).

Figure 8. 3D illustration of the small rectangular box with
identification of the four selected measuring points that repre-
sent the element quality.
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Figure 9. Normal probability plot of residuals.

Table 1. Analysis of variance for InWmid to the left and OutL to the right.
InWmid OutL

Source DF Adj SS Adj MS F-value P-value Adj SS Adj MS F-value P-value

Mat 1 0.00264 0.00264 95.71 0.001 0.00462 0.00462 70.94 0.001
Col 1 0.00008 0.00008 2.73 0.174 0.00011 0.00011 1.73 0.258
Mat�Col 1 0.00001 0.00001 0.48 0.526 0.00001 0.00001 0.1 0.768
WP Error 4 0.00011 0.00003 3.81 0.022 0.00026 0.00007 13.35 0
Temp 1 0.01041 0.01041 1435.97 0 0.00148 0.00148 303.64 0
Pres 1 0.00151 0.00151 208.88 0 0.00985 0.00985 2018.48 0
Mat�Temp 1 0.00003 0.00003 4.1 0.059 0.00000 0.00000 0 0.962
Mat�Pres 1 0.00000 0.00000 0.25 0.623 0.00001 0.00001 1.64 0.217
Col�Temp 1 0.00002 0.00002 2.21 0.155 0.00001 0.00001 1.57 0.228
Col�Pres 1 0.00000 0.00000 0.07 0.795 0.00000 0.00000 0.04 0.844
Temp�Pres 1 0.00007 0.00007 10.02 0.006 0.00001 0.00001 1.03 0.325
SP Error 17 0.00012 0.00001 0.00008 0.00001
Total 31

Mat is the material, Col is the color, Temp is the mold temperature and Press is the holding pressure.
P-values for all significant terms are depicted in bold.

Figure 10. Plot of main effect and significant interaction effects from the analysis of the split plot design.
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pressure as control variable. In order for the full oper-
ating area to be available at operator’s disposal, the
source of the material must be known or predicted at
any time during the production.

4.1. Classification of the source of the
raw material

From the analysis of the data in the previous section,
it becomes clear that the identification of the source
of the raw material is essential for performing real-
time adjustments to machine settings to ensure uni-
form product quality. The focus in the following is
therefore to investigate if data from the molding
machine can be utilized to identify which source of
raw material is used at any given time during the pro-
duction. The description of the model and the data
used for this purpose can be found in “Data” section.

The training of the classification models uses 80%
of the data generated from the experiments, where the
remaining 20% is used for testing as described in
“Training and test split” section. The model perform-
ance for the 3 different models, PLS-DA, AdaBoost
and FNN, and the 7 different data sources is com-
pared in Figure 12.

The best results are obtained with PLS-DA on the
dosing pressure profile with 97.5% average accuracy
on the 5 test splits. The dosing pressure profile in
general contains more information on the material
source than the other variables, since all three models
perform well using this variable, with FNN being the
lowest with 94.7% average accuracy. The intuition
behind the dosing pressure profile performing well is
that the dosing pressure is a result of the screw rota-
tion, conveying material in front of the screw, and
that this could be affected by material viscosity.

Variation in viscosity is common in different sources
of ABS.

Considering the two data sources, machine profiles
and process data, it is most desirable to utilize the
process data for the classification since this dataset is
readily available on the molding machines with lower
complexity and size. In Figure 12, the process data
performs poorly, with an average accuracy around
50%, which corresponds to a random guess, and with
high deviation between the test splits. This is some-
what surprising since the process data should contain
the key features of all 6 machine profiles plus add-
itional machine sensor data, e.g., barrel temperature
and machine settings. This indicates that the variation
in the material properties is represented in the
dynamic shape of the profiles and not in the
key features.

Figure 13 shows the confusion matrices on the test
set for the three selected models with all test
splits considered.

It is clear that any of these three models using the
profile data of the specified variable can be used to
identify the source of raw material in production and
hence help the operator use the right operating win-
dow for adjusting the pressure to avoid produc-
tion problems.

5. Discussion

The overall scope in this work has been to investigate
how to mitigate quality issues caused by variation in
raw materials (in our case, when dual sourcing ABS
material from two suppliers). The proposed approach
was to utilize injection molding machine sensor sig-
nals to identify the origin of the raw material used in
the molding machine and ultimately use this

Figure 11. Overlaid contour plot of InWmid and OutL. The contour plot shows pressure vs. temperature where color is held con-
stant at red since mostly organic colors are used and switch-over point at 99% filling.
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information to adjust the molding process to compen-
sate for the differences in material properties.

PLS (Partial Least Squares), AdaBoost (Adaptive
Boosting) and FNN (Feed-Forward Neural Net) have
been used for classifying the source of the raw mater-
ial. It is shown that PLS-DA performed best in pre-
dicting the source of raw material. This classification
offers very valuable information in production since it
makes it possible for the operators to adjust the pro-
cess settings, i.e., holding pressure and even mold
temperature, depending on the source of raw material
used, and thereby ensuring satisfactory production. A
combination of temperature and pressure that satisfies
the specifications of both types of material exists, but
by knowing the source of the raw material, the opera-
tors are able to utilize the full individual process win-
dow to adjust the process settings to ensure that
produced elements within specifications and to safe-
guard against other production concerns that are
beyond the scope of this study.

It should be noted the source of raw material was
well determined in the experimental setup. This is,
however, not the case in the real production, where
dual-sourced raw material is stored in the same silo.
This also means that there will be a transition period
where a combination of the two types of raw material
is used in the molding machine. We did not include
this classification in our study. It could, however, be
done in an extended study, where experiments with
different combinations of the two types of raw mater-
ial are used and learning models are trained to predict
the percentage of either material. This would intro-
duce increased complexity to the problem but it
would be a more precise representation of the produc-
tion. This is, however, beyond the scope of this work
where we were also aiming at laying down the
groundwork for upcoming investigations.

Demonstrating that injection molding machine
profiles can be used to differentiate between the same
grade of ABS material from two suppliers has sparked

Figure 12. Evaluation of mean accuracy for classification methods on material type. A classification accuracy of 0.5 corresponds to
a random guess.

Figure 13. Confusion matrices on test data for best performing method and data combination.
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the idea that it might be possible to utilize this fur-
ther. One potential case is to use the machine profiles
to detect changes in raw material properties over time
(from delivery to delivery). Another could be to inves-
tigate if the profiles can be used to detect change in
the material water content which is a critical material
quality attribute. Once again, these are beyond the
scope of the current study.

6. Conclusion

The main objective in this paper was to develop real
time data analytic models that will help mitigate the
impact of the variation in a nuisance factor in produc-
tion. It can therefore be seen as a process robustness
study where we specifically investigate the possibility of
using injection molding machine signals to classify the
source of raw material used in the molding machine.
This has been proven possible using the dosing pressure
profile and PLS-DA (Partial Least Squared
Discriminant Analysis). Through experimental work, it
has also been shown that the holding pressure and
mold temperature could be used as control variables to
center the molding process within the specifications of
two selected quality measures. The proper classification
of the source of raw material through the proposed clas-
sifier allows the operator to gain the vital information
on the actual operating window for the adjusted varia-
bles such as pressure and mold temperature.
Furthermore, the experimental work and predictive
modeling performed in this study have initiated a very
timely conversation and interest in data driven methods
and their potential use not only in extending the cur-
rent work but also in other aspects of the production
process. The same approach and considerations could
be utilized for other industries/applications, where an
indirect measure could be used to identify the variation
in a nuisance factor(s) during production and based on
this, change critical process variables to compensate for
the detected variation.

Note

1. r equals 100, since only the last 100 shots are collected
for the classification of raw material source. The first
cycles after changing the DoE settings are omitted since
the molding process is very unstable at this point.
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