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Abstract - Forecasting of scrapped products to recycling
poses severe problems to recycling and remanufacturing
companies due to uncertainties in available data. In this
paper an extended prediction method to forecast return
values (amount and time) of scrapped products to recy-
cling is presented. The suggested model is based on im-
portant influencing factors and product life cycle data
and has been applied to a case study (photocopiers) for
evaluation. The approach employs a simulation study,
the design of a fuzzy inference system for the prediction
of the return in a specific planning period and the design
of a neuro-fuzzy system for the prediction of return val-
ues with respect to time.

Keywords: Recycling, remanufacturing, simulation,
fuzzy, neuro-fuzzy, function approximation

1 Motivation

Prognoses of returns of scrapped products are required
for the planning of recycling and waste disposal. Fur-
thermore, they are needed in material requirements plan-
ning for the calculation of the return of secondary materi-
als from recycling processes into production. The return
of products to be recycled varies depending on consum-
ers` behaviour and product life cycle. Up to now, neither
production planning, scheduling and control systems
(PPC-systems) nor recycling or disassembly planning
systems (RPS-systems) have integrated methods for the
prognosis of the return of scrapped products to be recy-
cled [16]. If recycling is implemented at an industrial
scale, active behaviour would be expected which means
that recycling planning would be based on a prediction of
returns for the next planning period, analogously as in
manufacturing program planning. Since uncertainties
concerning timing and quality of returns are among the
main problems [4], a robust and precise prediction
method is a main prerequisite for a cost-effective re-
manufacturing. Current prediction methods used in the
manufacturing program planning like moving average,
exponential smoothing and linear programming ap-
proaches cannot be applied, because usually the available
return data of the past which were used by these methods
are insufficient and inconsistent. Furthermore, the spe-
cific product characteristics can not be integrated into the
standard prediction methods. Further difficulties arise
from most companies’ reluctance to provide the required

data and figures. In the following, a prediction method
based on life cycle data and influencing factors will be
introduced using a simulation approach and softcomput-
ing methods (fuzzy and neuro-fuzzy techniques). The
idea is to use the information by several different info r-
mation sources. The derivation of new and suitable in-
formation by combining, aggregating or interpreting pri-
mary data or information is called information fusion
[18]. We consider two types of qualitative and quantita-
tive information: (1) Human experts who formulate their
knowledge in the form of (fuzzy) rules, (2) a database of
representative values for usage and forecasting generated
by a simulation model. It is shown how to fuse these
different types of knowledge by using neuro-fuzzy meth-
ods, compare [19], to get realistic long term predictions
of the returns of scrapped products.

2 Simulation Model

Due to the fact that real data of the past concerning re-
turns could not be obtained from the producers, reliable
data must be generated by a simulation model to forecast
time and amount of scrapped products returning to the
recycling process. Therefore, the simulation model shall
reflect the real return behaviour of the product to be ex-
amined. The developed simulation model considers sub-
models for each impact factor describing sales, failures,
usage intensity and return quotas, respectively. The sub-
models deliver a framework to parameterise the simula-
tion model and yield functions over time for sales, fail-
ures and the return amounts. Within the entire approach
the simulation model performs the basic functions as
listed below:

• It serves primarily to obtain qualitative information
of the function describing the return amount.

• It is used to estimate the return values of scrapped
photocopiers to the producer in each period.

• It serves to calibrate and modify the fuzzy-system
and it’s parameters (membership functions).

• Furthermore the results and data generated in several
runs by the simulation model are used as training,
validation and test data required by the neuro-fuzzy
system to evaluate its usability.



2.1 Simulation Sub-Models

The following sub-models have been considered and are
incorporated into the simulation model to identify the
return characteristic of scrapped photocopiers to be recy-
cled.

Sales Model

To determine the sales model, in the first step it is neces-
sary to clarify whether the sales curves can be described
by the Gaussian distribution or whether another distribu-
tion form can be reasonably applied [7]. The conducted
investigation was based on sales figures of three types of
photocopiers [10]. Through the analysis of the sales data
presented in Figure 1 only three stages of the sales curve
have been identified:

• Stage 1 with a relative sharp growth of sales
• Stage 2 with a stagnation on a high level
• Stage 3 with decreasing sales over a longer period.

PLC (Photocopier Type 1)

0

2000

4000

6000

8000

10000

12000

19
88

19
88

,5
19

89
,0

19
89

,5
19

90
,0

19
90

,5
19

91
,0

19
91

,5
19

92
,0

19
92

,5
19

93
,0

19
93

,5
19

94
,0

19
94

,5
19

95
,0

19
95

,5
19

96
,0

19
96

,5
19

97
,0

19
97

,5

Sold copiers

Figure 1 Sales curve of photocopier

So, a on the left side steep rising and on the right side
slightly dropping curve was identified. Therefore the
symmetric Gaussian distribution can not be used. The
Weibullian distribution seems to be more appropriate to
describe the sales curves over the whole product life cy-
cle, because two parameters are employed to describe the
appearance of the curve on the left and right side. The
reliability function R(t) of the Weibullian distribution is
defined by the following function [15, 21, 17]:
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where T is the scale parameter which determines the be-
ginning of the stage where the curve becomes slightly
dropping. Here, this stage is reached when 63.2% of all
sales are carried out. Parameter b is defined as the curve
form parameter.

The quality of an adjustment can be obtained applying a
Weibullian life cycle network [3], if a reasonable adjust-
ment line can be constructed. Similar results could be
obtained for other further photocopiers with the sales data
sketched into the life cycle network.

Failure Model

The evaluation of failure data has shown similar results as
in the previous sales model in that neither the Gaussian
distribution nor the logarithmic transformation of the
Gaussian distribution could be applied reasonably to de-
scribe the behaviour of failures over time [21]. Again, the
Weibullian distribution appears to be the adequate choice,
but in this case with three parameters [20, 8, 2]. The third
additional parameter is necessary to describe the so called
“failure free period” (t0) in which only macroscopic dam-
ages are visible. Furthermore different types of failures
can be described by the Weibullian distribution, e.g. very
early failures, failures by accident and failures by wear
and tear which are all being determined by the form pa-
rameter b [9]. This simulation model considers only fail-
ures by accident and wear and tear failures. Following the
assumption that early failures are sorted out by the pro-
ducers or suppliers they can be neglected in the simula-
tion model. The reliability function R(t) of the Weibullian
distribution with three parameters is given below:
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where the parameter T represents the scale parameter as
in the sales model, the form parameter b represents the
measurement of the characteristic type of failure and t0
defines an offset to describe the failure free period.
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Figure 2 Logarithmic probability network

Usage Model

Based on the assumption that many users make few cop-
ies per days and few users make many copies per day this
can be modelled with a logarithmic normal distribution.
Within the scope of this study the behavioural patterns



concerning different types of photocopiers have been
analysed yielding that 90% of all users used photocopiers
more extensive than planned by the producer while only
10% of the users followed the recommendations of the
producer. The graphical interpretation of usage data
shows a good adjustment line in the logarithmic probabil-
ity network as illustrated in Figure 2 .

Return Model

Despite existing incentive systems, it cannot be assumed
that all sold products return to the producer at the end of
the life cycle. For example, this can be caused by igno-
rance, damage, export and convenience. Therefore, the
return quota is less than 100%. Depending on incentives
or sanctions (often prescribed by law), different return
rates are possible. The return quota (probability of returns
over time) is assumed as uniformly distributed.

2.2 Executing Simulation

In a first step the simulation model was developed and
executed with the conventional spreadsheet program
Microsoft Excel [9]. Current work in progress is directed
towards implementing and further developing the simula-
tion model in the discrete event simulation language SLX
[5]. The simulation of sales over time, life time and usage
characteristics is based on the sub-models described
above. The simulation is related to a production series of
a photocopier of which 1,000 pieces were produced and
sold. A series of experiments has shown that increasing
the amount of sold photocopiers does not improve the
quality of the model. Therefore, the amount of 1,000
pieces is sufficient. In the following we present the results
of two simulation runs. In the first run of the simulation
model it was assumed that the return quota is 60% for
each photocopier at the end of its life cycle, i.e., the in-
centives or sanctions are not very successfully imple-
mented. In the second run the return quota is assumed
with 80% (well working incentives or sanctions). The
achieved results of these runs are presented in Figure 3
and Figure 4.

2.3 Interpretation of Simulation Results

The following results were obtained by the interpretation
of different simulation runs [10]:

• The first photocopiers return after a period between
two and three years, i.e. recycling starts during the
decrease stage of product life cycle.

• Only approximately 15% of all returns are back
when  product life cycle is finished.

• For the primary production of the same photocopier
only 15% of secondary goods are available.

• Approximately 85% of recycling can be done when
product life cycle is finished.

• Another key result of this study is the so-called
“triplication rule”: after three years the peak value of
sales is exceeded, after nine years the product life

cycle is finished and after approximately 25 years the
return of scrapped products is finished.

Return Simulation
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Figure 3 Simulation result with return quota 60%
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Figure 4 Simulation result with return quota 80%

The obtained results were discussed with representatives
of several recycling companies and they acknowledged
that this would correspond to their experiences. Both the
gained simulation results and the available data are pre-
requisites for the prognoses models presented in the fol-
lowing.

3 Design of the Fuzzy-System

 In the second stage of our prediction model we introduce
a rule-based fuzzy reasoning model for such prognoses
based on life cycle analysis of photocopiers and on the
achieved simulation results as shown above. Since the
influence factors like sales figures, life cycle phase, usage
intensity, life expectancy, and incentive system are char-
acterised by uncertainty and vagueness a fuzzy reasoning
approach was chosen to predict the return of scrapped
products.

3.1 Basic Structure

As described above the return of scrapped products is
influenced by several impact factors. The basic idea of
fuzzy-rule-based inference is to introduce qualitative
expert knowledge into the design of a fuzzy system [11].
The fuzzy logic approach is employed, because it is suit-
able in particular for the adequate modelling of knowl-
edge which is more available in shape of qualitative con-
ceptions than quantitative figures [14, 1]. In the fuzzy
forecasting model presented here, verbally expressed



knowledge of recycling experts is transformed into a
number of fuzzy if-then-rules which defines the rule-base
of the fuzzy system.

The used fuzzy system consists of a fuzzification module,
a rule-base, an inference machine and a defuzzification
module [10]. The design process of the fuzzy system for
the forecasting of returns to recycling can be described by
the following steps:

• Determining input and output domains
• Defining the partitioning of all domains
• Defining the rule-base
• Choosing the inference and defuzzification method

The main task of the inference mechanism is the evalua-
tion of the fuzzy rule-base. For this an appropriate t-norm
and t-conorm have to be selected [11]. For the inference
system we chose the commonly used minimum and
maximum operators [22, 11]. A detailed description of
the design process can be found in [10].

3.2 Application of the Fuzzy Approach

Based on fuzzy reasoning introduced above and the influ-
encing factors we show, how a model for the prediction of
the return of photocopiers for one planning period can be
developed. For the validation of the model, real life cycle
data are available. Furthermore, expert knowledge re-
garding the influencing factors was given by the producer.
In the following an overview of the influencing factors
and the knowledge about them is given:

• Sales figures: Over a period of 11 years (1986-1997)
107,509 photocopiers have been sold

• Life cycle phase: phase 1 with steeply rising sales,
phase 2 with stagnation on a high level, phase 3 with
tapering off over a longer period

• Usage intensity: photocopiers are designed for 3,000
pages per month, the average usage is 5,500 pages
per month, photocopiers are working at full capacity
by 90 % of all users

• Life expectancy: Minimum life expectancy is
200,000 pages, characteristic life expectancy is
425,000 pages, little early failures only, defective
products are sorted out by the supplier, failures by
accident are extremely rare, failures by wear and tear
not until after minimum life expectancy

• Incentive system: three stage incentive system,
caused by ignorance, damage, export or convenience
a certain amount of photocopiers does not return

On consultation with recycling experts and engineers 16
rules to build up the required rule-base have been en-
countered. The discovered fuzzy rules defines the return
amount for the next planning period based on actual sales
amount, sales phase, usage intensity, life expectancy and
incentive system. Based on the information of the experts
under consideration of the specific domains the member-
ship functions for sales, sales phase, usage intensity, life
expectancy and incentive system have been defined. A
detailed description of this approach was presented in
[10].

3.3 Interpretation of Fuzzy Approach Re-
sults

The obtained result was regarded as being satisfactory in
terms of return amount. However, as indicated above, the
fuzzy approach employed yielded only return data for one
predetermined planning period. Therefore, the model can
only be used within the product life cycle (until no prod-
ucts were sold anymore, so the sales amount is constantly
zero) to predict the return amount for the next planning
period. An alternative approach is to obtain prognosis
based on a relation between the sales and return functions.
Based on the initial simulation results some relations were
discovered (mentioned in section 2.3), which can be used
to define a prognosis method based on the combination of
two independent fuzzy systems which makes use of these
relations. Since the intention is to create a model which
can be initialised by use of prior knowledge and which
can be also optimised the use of (real or simulated) data,
the fuzzy system described above was replaced by a more
complex approach based on two neuro-fuzzy systems for
function approximation. The presented method is capable
to learn structure (rule-base) and parameters (membership
functions) of a fuzzy systems independently. In the fol-
lowing chapter a neuro-fuzzy approach for function ap-
proximation and its application in a case study will be
further outlined.

4 Neuro-Fuzzy Approach

The realm of neuro-fuzzy draws upon combining the
advantages of fuzzy systems (e.g. interpretability, use of
vague or inexact data) with the learnability of neural net-
works. One of the major challenges when applying fuzzy
systems is the set up of fuzzy sets, the design of member-
ship functions and the finding of fitting fuzzy rules. The
advantage of combining both concepts lies in the fact that
with the help of neural networks it is possible to learn
parameters of fuzzy systems better according to existing
requirements. The neuro-fuzzy approach as a self-
correcting system is able to learn from experiences, to
create fuzzy rules and to modify membership functions.
With respect to the prediction problem raised here a
neuro-fuzzy approach for function approximation is sug-
gested since we are still able to introduce and extract
knowledge in the form of fuzzy rules, but additionally we
benefit from the ability to learn the membership functions
of the fuzzy system and to create it’s appropriate fuzzy
rules.

4.1 Neuro-Fuzzy System for Function Ap-
proximation (NEFPROX)

In order to automate and support the process of develop-
ing a fuzzy system for our given task, we chose a neuro-
fuzzy architecture for function approximation called
NEFPROX. In contrast to other prominent neuro-fuzzy
methods for function approximation, e.g. ANFIS [6],
NEFPROX has the advantage that the fuzzy system it
delivers remain interpretable during and after the learning
process [13]. Furthermore, the input and – in contrast to
ANFIS – output domains are partitioned with fuzzy sets.



Therefore, linguistic terms can be used in the premises
and conclusions. NEFPROX is based on supervised
learning and can learn the structure (rules) and parameters
(fuzzy sets) of a fuzzy system. In our specific prediction
problem we can use function approximation based on
supervised learning because we know for each given input
vector the correct output vector. Results obtained from
simulation will be applied as training data, validation data
and finally as test data to obtain an initial neuro-fuzzy
system. When the system is applied to real (sales) data, it
can be continuously fine-tuned with the return data of
scrapped products.

NEFPROX Architecture

The NEFPROX model is a neuro-fuzzy approach based
on a Mamdani type of fuzzy system and can be derived
from the generic fuzzy perceptron described in [11, 12]. It
is a special 3-layer fuzzy perceptron with the following
specifications:

• Input units denoted as x1,...,xn

• Hidden rule units denoted as R1,...,Rk

• Output units denoted as y1,...,ym

• Connections are weighted with fuzzy sets and are
labelled with linguistic terms

• Connections that come from the same input unit and
have identical labels, bear the same fuzzy weight at
all times to ensure the integrity of the rule-base. This
connections are called “linked connections” and their
weight is called “linked weight”. An analogous con-
dition holds for the output units.

Figure 5 illustrates the structure of the NEFPROX model
with some linked connections in it.

R1

R2

R3

R4

R5

y1

x1

x2

Figure 5 Structure of NEFPROX

NEFPROX Learning Algorithm

NEFPROX uses a simple, computationally and inexpen-
sive heuristic procedure as learning algorithm, which was
motivated by the gradient descent of neural networks. The
learning process is separated in two learning steps: rule
learning and optimisation of the found rule-base by
adapting the fuzzy sets to minimise the error on the output
unit(s). The rule learning algorithm selects fuzzy rules
based on a predefined partitioning of the input space
given by initial fuzzy sets. It is possible to eliminate un-

necessary rules by determining individual rule errors.
Therefore, only the best rules will be in the rule-base.
During the optimisation process, the error at the output
layer is propagated backwards through the network to
adapt the fuzzy sets. The fuzzy sets of the conclusions are
shifted to higher or lower values and the width of their
support is modified. Then the obtained error value is
propagated back to the rule nodes. Now the rule nodes
determine their individual error values in order to correct
the spread and position of the antecedent membership
functions. The application and handling of NEFPROX
resembles largely that of conventional neural networks.

The following steps have to be executed:

§ A training process requiring a representative data set
which covers the entire data space.

§ A validation process (with a validation data set) to
verify the approximation quality of the trained sys-
tem. The training process could be regarded as fin-
ished, if the error does not further decrease or if the
relative error is sufficiently low.

§ In the concluding step the fuzzy system is evaluated
with a test data set.

Training data as well as validation data and test data must
be drawn from the simulation model because real data are
not available. Only in case real data are provided a post
training process can be conducted so that the actual
neuro-fuzzy system will adapt to real conditions.

4.2 Application to Case Study

The interpretation of the simulation model results, par-
ticularly comparing sales curves with return curves,
showed two significant characteristics which determine
the shape of the return curve to be learned (see also
Figure 3 and Figure 4):

• a stretching (elongation) over time and
• a compression along the amount axis.

This can be confirmed by experts, who depict that, for
example, an intermediate collapse in sales reflects in a
delayed and smoothed intermediate collapse in the return
amount. Based on these findings and considering that
sales data are limited until the end of life cycle it appears
possible to design two independent neuro-fuzzy systems
for this special purpose. The first neuro-fuzzy system is
designed to learn the stretch factor over time and consid-
ers the influencing factors usage intensity and life expec-
tancy as inputs. The second fuzzy system is designed to
learn the compression along the amount axis, i.e. the
quantitative course. It considers the influencing factors
sales, phase and incentive system and delivers the fore-
casted amount of scrapped copiers over time at the output.
Accordingly, a separate modelling for the training proce-
dures concerning the stretching over time and the quanti-
tative course, respectively, has to be implemented. After
termination of training procedures the obtained results
were connected and rendered the final return curve as
illustrated in Figure 6.
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Figure 6 The structure of the neuro-fuzzy progno-
sis model

In advancing the approximation procedure outlined above
we initialised the neuro-fuzzy system with specific rules
and membership functions for input and output variables
to learn elongation factor. The training data applied con-
sist of a representative set of values for usage and life
expectancy derived from 95 runs of the simulation model.
The respective output to be learned attains the elongation
values “approximately 2”, “approximately 3” or “ap-
proximately 4”. After training NEFPROX delivers the
best found fuzzy system including the modified member-
ship functions and the adjusted rule-base. Membership
functions as well as rule-base remain interpretable (see
Figure 7).

R1: if Usage is VeryLittle & LifeExpectancy is VeryLow then Elongation is Much
R2: if Usage is Little & LifeExpectancy is VeryLow then Elongation is Medium
R3: if Usage is Medium & LifeExpectancy is VeryLow then Elongation is Little
R4: if Usage is Much & LifeExpectancy is VeryLow then Elongation is Little
R5: if Usage is Much & LifeExpectancy is Low then Elongation is Little
R6: if Usage is VeryLittle & LifeExpectancy is Low then Elongation is Much
R7: if Usage is Little & LifeExpectancy is Low then Elongation is M edium
R8: if Usage is Medium & LifeExpectancy is Low then Elongation is Medium
R9: if Usage is Medium & LifeExpectancy is Medium then Elongation is Medium
R10: if Usage is VeryLittle & LifeExpectancy is Medium then Elongation is Much
R11: if Usage is VeryLittle & LifeExpectancy is High then Elongation is Much
R12: if Usage is Little & LifeExpectancy is High then Elongation is Much

Figure 7 Rule-base after training (elongation)

The quantitative course was modelled based on expert
rules and afterwards a post training with NEFPROX was
executed. Training data as well as validation and test data
for sales, phase, incentive system and return amount were
drawn from the simulation study. An interpretable fuzzy
system with its structure and parameters is provided after
training.

R1: if Sales is Little & Phase is PhaseOut & Incentive is Good  then Return is
Little
R2: if Sales is Little & Phase is PhaseOut & Incentive is Medium then Return is
Little
R3: if Sales is VeryLittle & Phase is PhaseOut & Incentive is Good then Return is
Little
R4: if Sales is VeryLittle & Phase is Stop & Incentive is Good then Return is
VeryLi ttle
R5: if Sales is Medium & Phase is PhaseOut & Incentive is Good then Return is
Medium
R6: if Sales is VeryLittle & Phase is PhaseOut & Incentive is Medium then Return
is Little
R7: if Sales is Medium & Phase is PhaseOut & Incentive is Medium then Return is
Little
R8: if Sales is VeryLittle & Phase is Stop & Incentive is Medium then Return is
VeryLittle
R9: if Sales is Medium & Phase is Saturation & Incentive is Good then Return is
Little
R10: if Sales is Medium & Phase is Saturation & Incentive is Medium then Return
is Little
R11: if Sales is Little & Phase is Rise & Incentive is Good then Return is
VeryLi ttle
R12: if Sales is Medium & Phase is Rise & Incentive is Good then Return is
VeryLittle
R13: if Sales is Little & Phase is Rise & Incentive is Medium then Return is
VeryLittle
R14: if Sales is Medium & Phase is Rise & Incentive is Medium then Return is
VeryLi ttle

R15: if Sales is Much & Phase is Saturation & Incentive is Good then Return is
Little

Figure 8 Rule-base after training (quantitative)

Prognosis Test Runs

To demonstrate the proper utilisation of the neuro-fuzzy
model for function approximation suggested in this paper
three typical test runs are illustrated in
Figure 9, Figure 10 and Figure 11. They showed a satis-
factory approximation respectively prognosis of the return
amount.
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Figure 9 Approximation result with stretch
factor 2
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factor 3
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Figure 11 Approximation result with stretch
factors 4



5 Conclusions

In this paper we have shown that the selected approach,
combining a simulation model with softcomputing meth-
ods (fuzzy reasoning and neuro-fuzzy approach), was
successful in forecasting returns of scrapped products.
Future research will have to take into account real data
provided by production and recycling companies to vali-
date the simulation and the prognosis model more appro-
priately, than it is possible by inquiry of experts. Further-
more, different (recurrent) neuro-fuzzy systems should be
analysed which integrate the two co-operating fuzzy sys-
tems and thus simplifying the training process. Extended
research into both questions mentioned is highly recom-
mended in order to obtain more reliable results concern-
ing prognosis of real data.
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