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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract

The sustainable manufacturing of goods is one of the factors to minimize natural resource depletion and CO2 emissions. In the last decade a big
effort has been done to transition from linear economy to circular economy. This transition requires to implement re-manufacturing processes
into the current industrial manufacturing framework, replacing the sourcing of raw materials by re-manufacturing technologies. However, this
transition is very challenging since it requires the transformation of the companies and more specially their processes, from traditional to circular.
To speed up this transformation, the use of tools provided by the 4th industrial revolution are crucial. In particular, the use of artificial intelligence
techniques enables the optimization of the re-manufacturing processes and make those optimizations available to all the stakeholders. This paper
presents an optimization system for re-manufacturing of recycled fiber through compounding processes with materials that come from composite
waste or end of life of products. The proposed approach has been trained with the data collected from several experiments carried out with a
compounding machine under different specifications, fiber reinforcement grades, and output material properties. The system will allow to set up
a compounding machine for different types of reinforced plastics needless of setting point experiments. The algorithms have been tested with
previously unseen scenarios and they have proved to be efficient for giving the optimal material characteristics.
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1. Introduction

The recycling of composite materials is an up-to-date chal-
lenge. The circular economy aims to introduce recycled fibers
into new materials and new applications, but these fibers must,
in most cases, be pre-processed to obtain intermediate materi-
als that the industry can use in its current processes. There are
different recycling technologies such as thermal, chemical or
mechanical processes. One of the most important intermediate
processes to introduce recycled fiber back onto the market, for
example in the automotive sector, is the compounding process.

Plastic compounding is the process of mixing polymer ma-
terials with additives in a molten state in order to achieve the
desired material properties. The compounding is done through
extrusion and the resulting products have enhanced properties

in comparison with the base polymer. These properties include,
but are not limited to tensile modulus, tensile strength, shear
strength, thermal and chemical resistance. The process of com-
pounding starts by selecting the raw materials that are going to
be extruded. Usually, the reinforced plastic comprise a base ma-
terial and the reinforcing material. Some of the most common
materials are polypropylene and polyamide, while reinforcing
usually utilizes carbon fiber and glass fiber are used. During the
compounding process, the setup of the machine is the most crit-
ical part. In order to do it, the general procedure is to carry out
several trial and error tests until the output material fulfils the
given requirements. Those tests are both costly and time con-
suming, as they require raw material, laboratory tests, human
resources, etc.

This research article seeks to resolve this problem by pre-
senting an approach that use artificial intelligence techniques
to carry out an automatized and optimized setup of the ma-
chine and the characteristics of the materials needed to obtain a2212-8271© 2022 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
Peer-review under responsibility of the scientific committee of the 29th CIRP Life Cycle Engineering Conference.

Available online at www.sciencedirect.com

Procedia CIRP 00 (2022) 000–000 www.elsevier.com/locate/procedia

29th CIRP Life Cycle Engineering Conference

Compounding process optimization for recycled materials using machine
learning algorithms

Pedro Lopez-Garciaa, Xabier Barrenetxeab, Sonia Garcı́a-Arrietab, Iñigo Sedanoa, Luis Palenzuelab,
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certain final material, and then feed a recommendation system
for the machine parameters. The whole approach comprises the
following steps: data acquisition, experiment design and pro-
cess monitoring, artificial intelligence model training and rec-
ommendation system implementation. These steps are shown
in Figure 1.

Each step is detailed in the list below.

• Experiment design and process monitoring. The ex-
periments have been designed following the criteria of
covering the most important compounding configuration
using two main reinforcing materials, carbon fiber and
glass fiber, and two of the most used base materials,
polyamide and polypropylene. During the experiments,
different reinforcement rates and different machine se-
tups have been explored to collect relevant data. The re-
sulting compounded material have been injected into a
testing samples, which were used to obtain the main ten-
sile properties and quality properties. The collected data
and the testing results have been the inputs for training
the artificial intelligence models.
• Machine data acquisition In order to obtain the extruder

parameters, data acquisition has been accomplished with
an Industrial Internet of Things (IoT) gateway commer-
cial software. This gateway enables the connection with
the compounding machine and extracts all relevant in-
formation of the compounding process. The main vari-
ables extracted from the process are the reinforced per-
centage (or relation between fiber and polymer pellet
dosing (Kg/h)), main drive speed (rpm), barrel temper-
atures (ºC), twin screws configuration, pressure in the die
(bar), energy consumption and main drive torque. All the
data have been stored in a 1Hz frequency timeseries in a
NoSQL database.
• Artificial intelligence model training. The training of

the artificial intelligence model integrates a set of clas-
sification models, which are heuristically optimized to
achieve the optimal setup for both materials and their
properties. The proposed approach has been evaluated
and tested as shown throughout this document. Depth de-
tails of the algorithm are discussed in Section 3.2.
• Recommendation system implementation. The recom-

mendation system has been deployed as a web applica-
tion where the artificial intelligence models have been
implemented as backend. The user inputs will be the re-
inforcement material, the base material and the required
material properties. Then, the algorithm will return to the
user the most optimal configuration of the compounding
machine.

This work is focused on the artificial intelligence model
training, in particular, the training and testing of different Ma-
chine Learning (ML) algorithms to determine which are the op-
timal techniques to dealt with the selection and optimization of
different product parameters. Then, the machine data obtained
from the extruder during the compounding process will not be
used in this work.

The rest of the article is organized as follow. Section 2 re-
views state-of-the-art research in intelligent systems for com-
posite compounding processes. Section 3 introduces the pro-
posed novel approach for the optimization of the compounding
process through optimal product parameters, and presents the
experimental setup, and the discussion about the experimental
results. Finally, in Section 4 the conclusions and suggestions for
future research are made.

2. State of the Art

In recent years extensive research has been done to opti-
mize complex industrial manufacturing processes by applying
novel artificial intelligence solutions. [3] Many industrial sec-
tors, such as aeronautics [2], automotive [10], oil gas [12], en-
ergy [11] and naval [8] industries have benefited from imple-
menting artificial intelligence to their processes.

On the other hand, the industry is constantly evolving and
during the last decade great efforts have been done to innovate
in the materials that are used to produce goods, specially in the
field of polymer materials [14]. The polymer materials are very
interesting, due to their suitability for being recycled making
them perfect to be part of the revolutionary circular economy
paradigm [7]. One of the most interesting processes to bene-
fit from circular economy is the compounding process, which
enables to obtain reinforced materials with improved proper-
ties by mixing base materials with recycled reinforcements and
fillers [13].

The objective of this article is to combine the artificial intelli-
gence methods with the circular economy, and more in particu-
lar, with the compounding process to reinforce polymer materi-
als with recycled fibers. After an extensive efforts searching for
research in this particular topic, we have not found any relevant
job, thus, indicating that most research in this field is needed.

3. Experimentation

This section is divided as follow. First, the experimental de-
sign is defined in Section 3.1. The developed system description
is made in Section 3.2. Finally, the experimental results as well
as a brief discussion about them are showed in Section 3.3.

3.1. Experimental Design and Dataset Used

The objective of the experimental part is to monitor the com-
pounding process twin screw extruder and carry out a series of
experiments to obtain the influence of manufacturing process
parameters and raw material characteristic in the new mate-
rial manufactured with recycled fibers. A design of experiment
(DOE) was done to measure the influence of each parameter.

The criteria to select the raw material was based in the auto-
motive sector needs. Two common matrices used in this sector
was selected: Polypropylene (PP) and Polyamide (PA). Also,
two different recycled fiber were selected: recycled glass fiber
(rGF) and recycled carbon fiber (rGF). Regarding the recycled
fiber characteristic, other two parameters were selected with the

2
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Fig. 1. Overview of the carried out research job

aim to measure their final influence, which are: fiber length (6
mm or 15 mm) and type of recycling. In the market two types of
recycled fiber were found. The first group was the really recy-
cled fibers by a pyrolysis recycling process. The second groups
are reused fibers, that means that they are waste from the cut-
ting process from the industry, but they have not gone through a
thermal or chemical recycling process, so they are not degraded.
Finally, it is well-known that the pyrolysis process removes the
fiber sizing that is fundamental for the fiber-matrix compati-
bility and has strong influence in the final material properties.
Then, pyrolysis with resized fibers was also considered. Table
1 contains a summary of the values each variable could take.

Type of Matrix Polyamide (PA), Polypropylene (PP)
Type of Fiber Recycled Glass Fiber (rGF), Recycled

Carbon Fiber (rCF)
Fiber Length 6, 15 (mm)
Recycling type Reused, Recycled, Recycled + sizing

Table 1. Possible values for each variable

Taking into account all these possible values for each vari-
able, the responses for the DOE were selected. In this case the
automotive sector focused on mechanical properties like the
tensile modulus (GPa) and the tensile strength (MPa). Then,
these two responses were selected for the experiments. A to-
tal of 24 groups of 11 experiments, i.e. 264 experiments, have
been extracted from the DOE. However, at the time this work
has been written, it has not been possible to get resized fiber

of 15mm. Due to this, the final total experiment was reduced
to 220 experiments, which have been used to create the dataset
that will feed the ML models.

The experiments were carried out using a twin-screw ex-
truder COPERION WernerPfleiderer ZSK26 P10.6, where 2
kg of pellets were obtained for each experiment. The pellets
were injected in a AURBURG ALL ROUNDER 270C-300-100
injection machine to obtain tensile bone-coupons under stan-
dard ISO 527-2. The tensile tests were carried out under the
same standard in a testing machine INSTRON 5500R with a
load cell of 100KN an using a clip-on extensometer INSTRON
60EX2620-602.

3.2. System Description

The developed solution will provide a recommended set of
values for each one of the aforementioned variables. To do that,
the user should give the required values of the output material
he/she will be working with. These values must be, at least, ten-
sile modulus and tensile strength of the desired material. Going
even further and adapting the system to the real world, the pre-
sented approach can work without knowing the whole set of
values, i.e., user could know only the final specification of the
material they want to achieve while the models will provide the
necessary materials and their properties to obtain it. It is im-
portant to remark that in this work, the presented approach is
focused in the creation and optimization of the models and not
in the recommendation system for machine parameters.

3
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Fig. 2. Description of the developed system

Figure 2 shows the way the presented solution works. The
presented approach consists of three groups of possible inputs,
a set of Machine Learning models (one for each group of in-
puts), and a set of outputs that will depend of the group used to
feed the models. The aforementioned groups will depend of the
information given by the user. Each group will feed a specified
ML model, i.e., following Figure 1, Group 1 will feed Model
1, Group 2 inputs will feed Model 2, and finally Group 3 will
feed Model 3. In case the user will not give the values of each
possible input variable, the output of the model used will be
added to the group of known variables, and will be the input of
the next model. For example, if Group 1 (tensile strength and
modulus) are the only given inputs, Group 2 will be formed by
Group 1 values plus the outputs of Model 1. The combination
of all these values will form Group 2, and will be the inputs for
Model 2. The final output will always be offered by Model 3,
and will be formed by those variables that are not known i.e.,
those not given by the user plus the percentage of fiber neces-
sary to obtain the desired product. Table 2 specifies the inputs
and outputs of each one of the presented models.

3.2.1. Applied machine learning methods
As explained in previous sections, Machine Learning meth-

ods have been used to create a solid and modulable frame-
work to optimize different parameters for compounding pro-
cess. Python has been selected as programming language and
scikit-learn package is used to implement the algorithms. The
different applied methods are listed below:

• Decision Tree (DT) [4]. Non-parametric supervised
learning algorithm that creates a model that predicts the
target value using simple decision rules inferred from the
given data.
• K-Nearest Neighbors (KNN) [1]. Instance-based learning

algorithm that constructs a general internal model taking
into account distances between examples.

• Adaboost [9]. This algorithm tries to fit a sequence of
almost-random models on repeatedly modified versions
of the data, and combines the respond of those models to
produce the final prediction.
• Gradient Tree Boosting (GTB) [5]. Generalization of

boosting algorithm that can be used for both classifica-
tion and regression problems.
• Multi-layer Perceptron (MLP) [6]. This method learns a

non-linear function approximator using between inputs
and outputs linear hidden layers.

The problem we are dealing with is a multi-output and multi-
classification one. For this reason, the mentioned methods are
used as classifiers. The classes will correspond to those outputs
showed in Table 2. The values of each class are those that the
variables could take and are exposed in Table 1 Algorithms are
set as default for all their possible characteristics.

3.3. Experimental results

The experimental results are contained in this section. Tech-
niques mentioned in Section 3.2.1 are used to predict the value
of the different output parameters. As explained in Section 3.2,
the inputs of one model are the outputs of the previous ones
plus its inputs. It is important to mention that the set of models
are homogeneous, i.e., if DT is selected to be Model 1, Model 2
and 3 are also the result of DT algorithm. Each model works as
an individual one, since the use of models depends of the inputs
given by the user. For example, if the provided inputs are those
that form Group 3, only Model 3 will be used. Therefore, the
results exposed in this section are those obtained by each model
individually.

The results obtained for each of the techniques are showed
in Table 3. Accuracy is used as metric value. This metric could
take values from 0 to 1. Since the problem is resolved as a multi-
classification one, the accuracy means the average precision of

4
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Model 2. The final output will always be offered by Model 3,
and will be formed by those variables that are not known i.e.,
those not given by the user plus the percentage of fiber neces-
sary to obtain the desired product. Table 2 specifies the inputs
and outputs of each one of the presented models.

3.2.1. Applied machine learning methods
As explained in previous sections, Machine Learning meth-

ods have been used to create a solid and modulable frame-
work to optimize different parameters for compounding pro-
cess. Python has been selected as programming language and
scikit-learn package is used to implement the algorithms. The
different applied methods are listed below:

• Decision Tree (DT) [4]. Non-parametric supervised
learning algorithm that creates a model that predicts the
target value using simple decision rules inferred from the
given data.
• K-Nearest Neighbors (KNN) [1]. Instance-based learning

algorithm that constructs a general internal model taking
into account distances between examples.

• Adaboost [9]. This algorithm tries to fit a sequence of
almost-random models on repeatedly modified versions
of the data, and combines the respond of those models to
produce the final prediction.
• Gradient Tree Boosting (GTB) [5]. Generalization of

boosting algorithm that can be used for both classifica-
tion and regression problems.
• Multi-layer Perceptron (MLP) [6]. This method learns a

non-linear function approximator using between inputs
and outputs linear hidden layers.

The problem we are dealing with is a multi-output and multi-
classification one. For this reason, the mentioned methods are
used as classifiers. The classes will correspond to those outputs
showed in Table 2. The values of each class are those that the
variables could take and are exposed in Table 1 Algorithms are
set as default for all their possible characteristics.

3.3. Experimental results

The experimental results are contained in this section. Tech-
niques mentioned in Section 3.2.1 are used to predict the value
of the different output parameters. As explained in Section 3.2,
the inputs of one model are the outputs of the previous ones
plus its inputs. It is important to mention that the set of models
are homogeneous, i.e., if DT is selected to be Model 1, Model 2
and 3 are also the result of DT algorithm. Each model works as
an individual one, since the use of models depends of the inputs
given by the user. For example, if the provided inputs are those
that form Group 3, only Model 3 will be used. Therefore, the
results exposed in this section are those obtained by each model
individually.

The results obtained for each of the techniques are showed
in Table 3. Accuracy is used as metric value. This metric could
take values from 0 to 1. Since the problem is resolved as a multi-
classification one, the accuracy means the average precision of
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Table 2. Inputs and outputs of each model used

Model Inputs Outputs

1 Tensile Strength and Tensile Modulus Matrix and Fiber Type
2 Tensile Strength, Tensile Modulus, Matrix and Fiber Type Recycle Type and Fiber Longitude
3 Model 2 Inputs +Model 2 Outputs Fiber Percentage

Table 3. Results obtained by the used algorithms. Accuracy has been used as
metric.

Technique Model 1 Model 2 Model 3 Average Acc

DT 0.97 0.94 0.98 0.96
KNN 0.89 0.5 0.54 0.64
Adaboost 0.97 0.73 0.63 0.78
GTB 0.99 0.94 0.96 0.96
MLP - 0.5 0.65 0.58

the model in predicting each class. In this experimentation, 5-
cross validation is applied. The last column of Table 3 shows the
average accuracy obtained by the technique in all the exposed
models.

The best results in each case are written in bold. As it can
be seen, best models so far are DT and GTB, both with aver-
age accuracy value of 0.96. As the results model by model, for
Model 1, the best accuracy is obtained by GTB. MLP results
are skipped since the accuracy values obtained are below 0.5
and its behavior is random; in the case of Model 2, both DT and
GTB obtain the highest accuracy. For this model, KNN, Ad-
aboost and MLP obtain a worse result than in the previous one
due to the increasing complexity of the inputs and their correla-
tion. Finally, for Model 3, the results obtained by DT technique
overpass the rest of the methods.

With these results, and thanks to the modular conception of
the presented system showed and explained in previous sec-
tions, for the first model, GTB will be applied; in case of Model
2 and 3, DT would be displayed.

4. Conclusions and Future Work

In this paper, the development and testing of a system for
the selection and optimization of machine parameters for re-
manufacturing of recycled fiber through compounding pro-
cesses have been developed. The work done contemplates the
training and testing of different Machine Learning classifica-
tion models for the prediction of different characteristics of the
desired product. This information will later be used to feed a
recommendation system that will give the user the optimal ma-
chine values without using trial and error. A total of 220 exper-
iments performed following a DOE have been used as the data
set. These experiments have different combinations of charac-
teristics such as matrix, fiber type, fiber length, recycle type, etc.
The selected models to be part of the system are those created
using Decision Trees and Gradient Tree Boosting algorithms.

As future work, the expansion of the set of models is con-
templated, using other techniques or trying the combination of
models in an ensemble way. Also, the possibility to add other
more detailed characteristics as more types of matrices and
fibers to the models will be studied, adding complexity but at
the same time more detail. Finally, at the time this work is writ-
ten, the connection between the models created and the recom-
mendation system for machine parameters that is mentioned in
this work is being carried out. The integration as a model in-
put of machine data extracted using IoT devices mentioned in
the introduction of this article is also contemplated for the next
version of the optimization system.
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