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Highlights:

1. A forecasting model by using GERT stochastic network analysis technique;
2. The model is generalised to be applicable to any product structure;
3. The model can predict product return quantity, probability, and expected time;

4. The model can also predict parts, components, materials and disposal in the same manner.
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Forecasting Return of Used Products for Remanufacturing Using

Graphical Evaluation and Review Technique
Abstract

This research develops a forecasting model that can predict the quantity, time and
probability of product return, recyclable parts/components/materials and digposal.
adopts the Graphical Evaluation and Review Technique (GBRTranslating the
remanufacturing operational process into a stochastic network. This stochastic
network possesses two characteristics: activities having a probability of occurrence
associated with them; and time to perform an activity. Together with the GERT
method, Masois ruleis applied to calculate the equivalence transfer function of the
system, therefore predicting the desired outcomes. A generic eight-step process on
how to implement this method in any structure of return products and
remanufacturing network is provided. A numerical example is presented to
demonstrate the result of using GERT on forecasting printer remanufacturing
outcomes. The main contribution of this research is: Instead of giving one result such
as either return quantity, or time, or probability, our research can forecast three of
these outcomes simultaneously, and the algorithm is generalised to be applicable to

any product structure and remanufacturing network.

Keywords. return forecasting, GERT, product return, remanufacturing,

Moment-Generating Function, transfer function.


http://ees.elsevier.com/ijpe/viewRCResults.aspx?pdf=1&docID=14195&rev=2&fileID=251029&msid={7881D1B1-0147-47D3-8A95-4753F47D37AA}

O©CoO~NOOOUITA,WNPE

OO UIVIVIUUIUIUIVVIUIADNRNDRNDNDRARARARNDNWWWWWWWWWWRNRNNNNNNNNNRPRPRRPRRERRRERRE
ORWNPRPOOONOTRWOMNROOONOURWNRPOOONOUIRWMNRPOOO~NOURNWNROOONOURNWNERO

1. Introduction

The challenges of sustainable production concern primarily the energy consumption
and the subsequent challenges associated with reducing the carbon footprint, other
forms of pollution, natural resource depletion, waste management and landfill space.
In this specific area, the focus on sustainability has created a plethora of terms often
used to represent the same concept such as eco-efficiency, remanufacturing, green
technology, cleaner production etc. Glavic and Lukman (2007) explain the semantic
differences between the various terms. Achievegpefficient production and
consumption systems requires ‘closing the loop’ to create circular systems. To do so,

Lund (1984) proposed the concept of remanufacturing. According to Lund (1984),
remanufacturing is interpreted as a full production process that transfers a worn,
durable product into both a useful and an economic state. Remanufacturing as a key
enabler to sustainable production plays a strategic role in waste management and
environmentally conscious production (ljomah et al., 2007). From manufacturer
point of view, the economic efficiency of remanufacturing is clear and such systems
would also be more eco-efficient. Kerra and Ryan (2001) studied Xerox photocopiers
in Australia and found that remanufacturing can reduce resource consumption and

waste generation over the life cycle of a photocopier.

However, managingemanufacturing operations has proved to be challenging (Zhou
et al., 2006). Many scholars have studied the inherent complexity and uncertainty of
the remanufacturing system. Guide and Srivastava (1997) suggested that the

remanufacturing system scomplex system. To cope with uncertainty thisr@need
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for accurate and um-date information, including the remanufacturing rate of
materials and the frequency of using a specific processing route. Guide (2000)
investigated production practices in American remanufacturing enterprises to identify
multiple uncertainties and their impact on remanufacturing production, such as
uncertainty of return of product, dismantling of parts, remanufacturing rate of
materials, lead time of remanufacturing, and imbalance between recycling and
demand. These uncertainties bring a big challenge in managiagnanufacturing
system. Therefore, to plan remanufacturing production effectively, forecasting of

product return and their time must be in place.

Conventionally, forecasting models can be classified into qualitative and quantitative
approaches. The former is based on subjective judgement when hlistiata are
unavailable. The latter is dominated by practice. Some commonly used quantitative
forecasting methods include time series methods, e.g. moving average, linear
prediction; causal/econometric forecasting methods, e.g. regression analysis and
autoregressive moving average with exogenous input; judgemental methods, e.g.
Delphi method, statistical survey; artificial intelligence methods, e.g. artificial neural
networks, data mining, machine learning; and others such as simulation (Wikepedia,
2015). Nevertheless, since there are many uncertainteeseimanufacturing system,

it is difficult to make conventional forecasting methquay a role, in view of the
current situation in which research on product return predictions is still scarce

(Andrew-munot et al., 2015; Fleischmann et al., 1997; Kelle and Silver, 1989).

The importance of forecasting is significant in remanufacturing operations. To
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construct a profitable remanufacturing process and reverse logistics system, its
capacity planning, remanufacturing scheduling, inventory management, network
design and resourcing allocation heavily rely on the amount of product return. These
strategic plans are primarily based on return forecasting. In a recently published
literature review by Govindan et al. (2014), return forecasting has been identified one
of research gaps that needs to be addressed. This motivates us to develop
approach that can be used in forecasting returns for remanufacturing production. The
proposed model is able to predistoducts’ return quantity, possibility and time
through applying the theories of stochastic networks and feedback control systems
(Pritsker and Happ, 1966; Samuel, 1956). Furthermore, it also can estimate the
amount and time of detachable parts based on product structure. The result of this
paper contributes to the literature of return forecasting methods and wé hopkl

help responsible manufacturers and remanufacturers to improve the efficiency of

production scheduling through forecasting returns.

Section 2 reviews the relevant literature on returns and forecasting methods. The
proposed Graphical Evaluation and Review Technique (GERT) methodology with
Masoris rules is described in Section 3. By using this methodology, Section 4
provides more details on how to apply GERT on analysing a product return and
remanufacturing stochastic network, followed by a numerical exam@edion 5.

Section 6 concludes.

2. Literaturereview

2.1 Probability distribution of product returns
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Despite uncertainties, distribution of product return is expected toabt@yain type

of random distribution. Thierry (1993) stated that the uncertainties of return time,
guantity and quality have considerable impact on remanufacturing production
planning and optimisation. Garcia-Alvarado et al. (2015) and Decroix et al. (2005)
assumed that product returns conformatdiscrete distribution. Some researchers
consider product return or processing time to aoBgpisson distributioiBayindir et

al., 2003; Zhao et al., 2015; Kiesmduller and van der Laan, 2001; Toktay et al., 2000).
De Brito and Dekker (2004) suggested that if market demand is subjext to
homogeneous Poisson distribution, the return rate of discarded products will also

conform to the same distribution.

The majority of returned products are due to malfunction or breakdown. Most of the
existing research treats machine breakdown time as a negative exponential
distribution (Christer and Waller, 2015; Fu et al., 2015; Ke and Wang, 1999; Taylor
and Andrushchenko, 2014). It refers to the life cycle of a non-aging product, i.e. one
not totally worn but one that fails to function for some reason, before it reaches to the
expected end of life. This indirectly implies that the time of multiple uses of product

should also obey a negative exponential distribution, as adopted in this research.

2.2 Forecasting models on return quantity

It is quite common that product return is assumed to be independent of demand
(Garcia-Alvarado et al., 2015; Richter, 1996a, 1996b), while others believe that there
are some links between return and demand (Kelle and Silver, 1989; Kiesmuiller and

van der Laan, 2001; Toktay et al., 2000).
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Kiesmdller and van der Laan (2001) and Kelle and Silver (1989) considered the
situation where return product quantity is probability coreslatith product demand.
Toktay et al. (2000) predicted probability densities for the return probability and the
return delay based on real-time sales and return data by applying Bayesian statistics
and survival analysis. De Brito and van der Laan (2009) suggested tist it
reasmable to select historical information about sales and returns in terms of products’

characteristics when predicting return quantity.

Carrasco-Gallego and Ponce-Cueto (2009) suggest that univariate time series models
would be useful when only data available are historic return series in a linear reverse
logistics system. In contrast, when available data are in a wider range variety,
dynamic regression models would be more suitable (Kumar and Yamaoka, 2007)
This type of models can capture the relationship among different activities and
illustrate the consequence of various adopted strategies. Hanafi et al. (2008) adopt
fuzzy Coloured Petri Net (CPN) approach to simulate product return network and
forecast time and location of returns. It is noted that CPN was initially developed for
project management, which then extended to various comprehensive techniques, one

of them is GERT.

Similar to Hanafi et al. (2008) and Kumar and Yamaoka (2007), in this paper we
adopt GERT approach to capture the dynamic process of remanufacturing operations

to predict return quantity, time and probability.

2.3 Prediction of parts disassembly
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This refers to predicting the time and availability of disassembling parts. The
fluctuation of disassembly time is usually reflected in operations time variance, which
is not simply accumulated by adding up operations time among different processes.
Therefore, the uncertainty of remanufacturing has deepened. Lye et al. (2000) used
the shortest path algorithm to optimise the disassembly and reassembly sequence.
Gungor and Gupta (2001) applied a branch-and-bound algorithm to predict the
disassembly of products. However, calculation of these metisoelstremely time
consuminglIn this paper, the adopted GERT together with Mason’s rule simplifies the

calculation by using Laplace transfer functions.

2.4 Graphical Evaluation and Review Technique (GERT) and its application

GERT was first developed by Pritsker and Happ (1966)s a procedure for.. (1)
analysing networks that contained activities that had a probability of occurrence
associated with them, and (2) treating the plausibility that the time to perform an
activity was not a constant, but a random variahléNetworks containing these two
elements were described by the term ‘stochastic networks’” (Pritsker, 1966, piii).

This technique was initially developed for managing the Apollo project, which was
then widely adopted in project management such as risk management (Ahmed et al.,
2007), dynamic scheduling (Pena-Mora and Li, 2001), managing uncertainty (De

Meyer et al., 2002) and many others.

In the last three decades, the applications of GERT have been extended to other areas
For instance, Fisher and Goldstein (1983) appéiesimilar technique in analysing

cognition behaviour; and Kosugi et al. (2004) applied GERT to evaluate energy
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efficiency in the R&D projects o€0, capture technologies. Five technologies were
studied and their R&D processes were analogised into stochastic networks with the
above-mentioned two characteristics; that is, probability ar@hdom variable. By
using GERT, they predietl the time of project completion, success probabilities and

cost effectiveness of investment.

In system engineering, stochastic network modelling is a technique for analysing the
events of a process with branches of probability and closed loops. It is effective for
prediction and planning when uncertainty exists among different operations. Through
analysis of the transition function between nodes of stochastic networks, recovery
network models with multi-starts to multi-terminals and multi-loops can be analysed.
Xie et al. (2007) built a forecasting model for reclaiming and reusing products based
on GERT network theory. Through the GERT method, the average time of every
disassembly process and the availability rate of parts were derived. However, the
model was designed for a specific product structure, which would be hard to apply in
general. Zhou et al. (2010) justified that product return and remanufacturing (PRR)
networks have the same characteristics as stochastic networks: multiple loops because
of product use and reuse; branches and loops for different remanufacturing activities;
uncertainty and randomness in the process; the entire network having more than one
start point and end point. Hence, applying GERT in the analysis of tHRRe P
networks is feasible and viable. They developed a product return forecasting model by
using the GERT technique, and figured out the quantity and timing of

remanufacturable parts and components as well as recyclable materials. However, the
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model did not take into account product return and resale in first- and second-hand
markets, and in particular the decision on remanufacturing activities was limited,

without including disposal.

This paper develops a generic forecasting model of product return and
remanufacturing quantity, time and probability. It can be applied to any type of
products provided that the BOM is known. We start by mapping the product return
and remanufacturing process, as shown in Figure 1. This is then translated into a
GERT network, as shown in Figure 2. Based on the structure of the network, a series

of process transfer functions are derived to calculate quantity, time and probability.
3. Description of GERT methodology: A generic eight-step process

The inputs of the GERT are the parameters for each activity. These parameters include:
the probability from activity (node) to activity (node)j, estimated time period for

each activity and the product original structure. In this case, the outputs are the
prediction of product return quantity, timing and probability, salvageable

parts/components/materials’ quantity, timing and probability, and finally disposal.

To generalise and also simplify the process, the methodology can be described in

eight steps:
Step 1: Mapping the process in order to derive the causal flow chart;

Step 2: Translating the flow chart into the stochastic network;

Step 3: Estimatingach activity’s parameters (from nodeto nodej): probability P,

and time probability density functicx’n(ti );
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Step 4: Integrating the two parameters of each activjdyirfto one transfer function
w; (s): w(s)=RM(9

Where M, (s) = E(€°) =Jj é° (1) dt isamoment-generating function (MGF).

Step 5: Applying Masol rules (Mason, 1956a) - details explained in 4.4.2 -
calculate total equivalence transfer functidf from initial node 0 to nodg¢ based

on the network structure and the valuewf(s). This is a rather complex calculation

but indeed a key stage;

Step 6: According to the definition of MGF, the probabilit?éoj() of the activity from

initial node 0 tg is P, =W ()

s=0

Step 7: According to the characteristics of MGF (Pishro-Nik, 2016), the expected

return time from initial node 0 to node j is:
0 1 0

E() =14 =—[M. (9] o= —=[W, ;

(=1 as[ N C] | PEOH@S[ £ (9] oo

Step 8: The predicted quantity of product return/parts/components/materials equals to

the probability of each activity multiple total amount of sold produqi x Sales.

In the following section, further details on how to calaeleach activity and the

desired outcomes are provided.
4. Analysisof the GERT remanufacturing networks
4.1 Mapping the process of product return and remanufacturing

As shown in Figure 1, whemconsumer receives product, if he/she is not satisfied

with the productt can be returedto the retailer. The returned products will be tested
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and classified into directly resellable or reconditionable and for sale back to the
first-hand market. This i® common practice in mobile phones and laptops, for
instance refurbished Apple Macs; there might be some products going to the
second-hand market at a lower price. In this research, to simplify the case, we assume
that retailers are involved in both first- and second-hand markets. If a product is not
resellable, it will be sent ta remanufacturer to undertake sorting and testing. Based
on return quality, remanufacturing processes include: (a) disassembling product into
parts, reconditioning and resale; (b) disassembling parts into components,
reconditioning and resale; (c) exttiag useful materials from components and sale to

amaterial market; and (d) disposal.

Insert Figure 1 here.

4.2 GERT Stochastic Network

In the GERT network, each node is preedrity a different icon. In inputs, there are
three types of relationship: XOR, OR and AND. Outputs have two types of
relationships: non-deterministic and deterministic. By combining input and output,

there are six logic nodes, as shown in Table 1.

Insert Table 1 here.

In the GERT networka line with an arrow meansa job and each line has two
parameters: probability, which means the possibility of dtdegob; and time, which

means the duration of the job.

The network for product return and remanufacturing is shown in Figure 2. For each
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nodei, the process can be classified as three types, the distribution times of which are:

e Activity 1: sales from new product launch to exit market. We assume that the
process time obeys a normal distributidf(z;, o), which reflects the curve of the

product life cycle.

e Activity 2: multiple uses of products. We assume that the multiple usageutime
is a negative exponential distribution given the fact thatsitin correlation with
product breakdowns (Christer and Waller, 2015; Fu et al., 2015; Ke and Wang, 1999;

Taylor and Andrushchenko, 2014).

e Activity 3: remanufacturing-related activities include sorting, testing, dismantling
and so on. Without loss of generosity, to sifypthe mathematical process, we

assume that the process timeis a constant (Xie et al., 2007).

The parameterP, refers to the probability of statetransitioning to statg with the

value ofaP. The superscripts, candm mean that the product can be dismanith¢d

anumber ofp parts,c components anah types of materials, respectively.
Insert Figure 2 here.

4.3 Notation

The description of each node is shown Table 2:
Insert Table 2 here.

The transition process is shown in Table 3.

Insert Table 3 here.
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4.4 Mathematical model
4.4.1 Moment-Generating Function (MGF)

The Moment-Generating Function (MGF) is used to desaiilb#ndom variable’s
probability distribution as an alternative specification. Comgarth the cumulative
distribution function (CDF) or probability density function (PDF), MGF offers a
different method of analysing results through the weighted sum of random variables
(Wikipedia). The MGF ofrandom variable is defined:

M, (s) = E(€®), sc F (1)
wherever this expectation exists.

In the PRR network, assuming that the density function is continuous and the

completion time’s density function atnodei is f (t,) , then the MGF oft, is the MGF

of the arrow fromi toj, which is

M, (s)= E(€%) =" & (1) df ®)
If t is constant, the MGF is

M, (s)= e* )

If t obeysanegative exponential distribution, the MGF is

M;; (s)=

1
1-us (4)

Whileif t obeys the normal distributiow(z, o°), the MGF is

M _ /.liSJr%UZSZ (5)
i (s)=e
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4.4.2 Mason equivalence principle

The equivalence transfer function from any notie nodej can be obtained by using

Mason’s rules (Mason, 1956b):

i GIAI

WEU (S) = Zl# (6)

where G, is the gain of thé™ forward route from toj, and A, is the loop gain of

thel™loop, | e{l,n} , and must be an integén. control theory, ‘gain’ means the path

or loop's transfer function i.e. output is divided by input.
A is the determinant of the graph, where
A=1-Y L+ LL, DLLE, 4+t COD ot @)
WherelL refers to a loop
Z L, is the sum of the transfer coefficient for different loops
ZLXLy is the sum of the transfer coefficient for two non-touch loops
ZLXLyLZ is the sum of the transfer coefficient for three non-touch loops

(—1)"2... is the sum of the transfer coefficient fonon-touch loops

4.4.3 Transfer functions for the product recycling process

The process must account from initial node 0. Through using (3), (4) and (5), the

MGF for each state transition is

yos-#EO'Z 3

M 01(3) = e ) MlZ(S) = Ml3(s) =e °? ) M 21(5) =g* )
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1

M 33(5) =M 34(5) = 1— ) M 45(5) =M 47(3) =e* ) M 56(5) =€ )
M 66(5) =M 67(3) = = ) M?S(S) = M7 11(3) =M 7 15(5) =e° )
1-u,s ' ’

Mgo(s) = Mg, (S) = Mg 1 {9) = & , M :m (s)=M 5,12(5) =& ’

M 1(S) = M5o.{S) = €°, M} (s) = MT] {s) = €°
The transfer function for arrow, () is described below:
w,(s)=R M (9 (8)

Therefore, the transfer function for each state transiion

,uos+£o-2 3

R yos+%o-232 > s
W01(S) =€ ) le(S) = (1_ Fi) € ) W13(S) = Fie ) W21(S) =é )

Wy, (S) = ]__L , Wy,(s)= 1_L3S , W45(S) = Pﬁs 1 W47(S) =1~ le) ézs, Wss(s) =é* )

H H
P P . .
WGG(S) = 1_; S ' W67(S) = 1_; S ' W78(S) = I:)7 é4 ’ \N7,11(S) = F%é‘ )
2 2

W,15(S) = (1~ P~ R) &, Wee(S) = RE”, wy,o(5) = Ro€”, Wi,4(8)=(1- R~ Ry €,
Wio(8) = (=P €7, wi(9)= PRE" , Wiou(9)=(1-PR)E" | wfyy(s) = PLé"
w1 (s) = PRES, i i(s)=(1- PE)é&".

4.4.4 Forecasting product return

From state O to state 7, there are 2 paths, which-afe€8—4—7 and 0~1—3—4

—5—6—7. Its characteristic formula is

A 21_W12W21_W33_W66+W1¥V Wt WW W W W GgWWWW (9)
= (1= Wiy ) (1 W) (- W)

and by using (6) for simplification, the equivalence transfer function is
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W01(W13W34W4{1_ w 66) TW W W MWW 97
(1_ W12W21) (1_ W33) (1_ W66)

W, W, W W
01 L_Wi3Wag -[W47+ WV WV 67}

WE07(S) =

) (1_W12W21) 1- W33) (1_W66) 10
_ etos . F])_ Fg éoso—o'z 12 ’ [(1_ P )ézs N E) E(é+t3)s j ( )
(1- (1- B> ) (1- 45— ) Y (- ms-R)
S+ osto? $12 +t3)s
= Plp3ép 225 [(1_ P4)é25+—EE% }
(1- (1~ R)e***" )1~ ;5 R) (1~ 15— R)

Lets=0, W, (0)=PR, M(0)=FR, '[:j & f(Ydtl = R and the expected time

from O toj is the first-order derivation of MGF.

Therefore, the probability of product return is:

P PR
P =—3 |(1-P)+ 46} (11
o a—%)( Y a-R)
With the expected time:
0 1 0
te, = E(1) :a_s[ME"”(S)“&O:Ea_s[WE@"( 9l <o (122)

Theorem: For the probability at each stage in the network, it must be in the range of

[0,1].
Proof.

Let B+ B<1, whereR and = O, thereforex { P (13.1)
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[(1—P4)+ Rk }:(1‘ R- Rl- - P

(1-F) (1-R)
where X (:R-R X 1, andOR< 1
therefore &P, (:R-R ¥ 1, (13.2)

then R yR & R-RBR¥ & B)

thereforei( &P, } ﬂj <
1-F) 1-R)

The expected time of product return is:

)
+R(1-R)(1- B) 4
(=14 R) (=14 R) (b + o)+ RR( £+ 1+ o)
0 +(_1+ P4)(_1+ F%)ﬂ1+ P R+ (_1+ Et)) Bt PR,
a_ E07(S) = 2 2
S =0 Pl(_1+ F;) (—1+ PS)
1 0
o sl
tﬁ[l—l]tl{i— ],uo— Pty
R ) R R 5

4.4.5 Forecasting remanufacture-able parts

From node 7 to node 12, which is the parts inventory, the equivalence transfer

function is

WP (9) = WP = €4S PR B (16)

E712 942

And the probability of remanufacturable parts
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F.=REE (17)
LetO<PR,R,F <1 Wehave& BRB< (18)
The expected recycling time is

te , =t +ts+tg (19)

If the quantity of returned product ig, , the amount op" parts in each produst

BOMis q,, then the amount of remanufacturaple part is
QD = (PEo7 qp Fé,lz). qv: KO qv (20)

Substituting (11) and (17) into (20), we have

%eea[ RP
=134 (1-P)+ -q (21)
" A-R) Ya-R)) T
And the total remanufacturable past
2.Q =Ky, =Ko d, (22)
p p

where K’ _means the remanufacturable parts in each product.

parts

4.4.6 Forecasting remanufacturable components

Similarly, from node 7 to node 13, which is the component inventory, the equivalence

transfer function is

Wp’c (S) = NS(%QWS,IO—F W8,la WClO,lf ét4+t5+t$)5 PPl(Z Pl_(!)_ tés @'_ P?]) (23)

and the probability of remanufacturable comporefom partp with its recycling

time expectatiots
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R = RR( R+ B1- B) (24)

E7 A3

Lemma 1: The probability from node 0 to 7 must be in the range of [0, 1].

Prod.

Let0<1-Pi<1wehavl® By R+ Hl- B)< PH B B
We konw & (R, + B,) < 1 from node 8, therefore
PR R RA- B))< R (@3.1)

Because@ P, < 1,8 B, < 1,

(25.2)
We hae 0<RE, (B,+ B B))<1

Therefore,

Swpe| =RB(4+ b+ (R HI- B)+ (1B ) (26)

65 E713

1 ¢
t2 (s) = —[wPe
259 = mae s WPl

PR+ b+ E)(Re+ R1- B))+ (% Rl- R)
F)7Pl;(P10+ Pg(l_ Pnp))

_Plo(t4+t5+t°7)+ Pg(l— Ffl)( t+ t+ G+ f)
P,+R-RR

9~ M1 '9
Rote
P10+ Pg 1- Iﬁ)

(27)

=t, +t+ty +t5 -

If the quantity of product isg, » the amount of thec" component from thep" part
in each product isq?, then the amount of the returned’ component from thp"

part is
Q=R 4R, a= K- q (28)

where
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R (o BR)oon o
C_(l—F’Z) ((1 P“)+(1_P5)jp7plz(|:1)o+ RA-R)) gd (29)

The total returned component is

ZZQcp = (Zz ch) : qw = K:omponents' q \ (30)
c p c p

where K’

components

is the total remanufacturable component in each product.
4.4.7 Forecasting recyclable materials

Likewise, from node 7 to node 14, which is the material inventory, the equivalence

transfer function is

p,c,m

()= (W7,117L W78(W8,11+ (Ws,o + WW" YW YW

E7 14 9,10 10,11 1114

31
e B BE (1 B B (Be B R)EE PN F

The probability and time of material recycle for componemwe

PPem= (R + R((- R- R)+( B+ Hl- R)A- B) ?
=(R+P(1-(R+ R) - PR1- B) B (32)
~(R+R(+RE(B-1- B B+ §) B

Lemma 2: The probability from node 7 to 14 must be in the range of [0, 1].

Proof.

ForP™“"= R+ R ((1- R- R)+ (B+ B B)E B)) B
Because 1R, -R,> 0, @r; 3 0,4F; B RR P 1?2 (33.1)
Therefore PES’;"“z 0
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Because & R+B, ¥ 1

We have P*""< §+ R (F RE, (v B))HE;

Also, becausel, B> 0, and{1F, >) O,

We havePEi";"“s E+P R (33.2)
And O<P, B, FS< 1,

Therefore, PE"'C"“S 1

7,14

Hence, we have

R+ €)= B2+ Rt B)( 1+ t+ §)
Swrere) =R <Rl -1 B b 1 b ) (34
o REY(R-Y RR( b f 1 D)
p.c,m - 1 0 WPRe
t25"(8) = rem 2 WS (8]

R(t+ €)= P(Ret R-D( 4+ & §)-
Po( B—1) Be( t+ t+ £+ )+ A B-1)-
_U(Re-YRR(4+ t+ £+ 6+ §)
R+ R (1 BB B-1- B BP))
(1-Po—R)(t+ t+ §)- Ry B9 (35)
Rt +t7 )+ P | (t+ o+ t+ )+ (PL-1)( P ) P
(

t,+tg+ g+t +t7)

R+R(1+ RRE( B-1)- B B B)

(1-R)(t5 + 1)
(t5+t§+t§)P8+ P, gcta c7p
_Plo(t7+ Pl2t6)

R+R(1+ RE( B2~ B B+ )

=t +tg+th +t5+tg —

If the weight of materiah from componentisg;,, the returned weight afiis

Mp®=P, q, R & q= K% q, (36)
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where

pe_ P [ RR
Km - [(1 P4)+(1_ F%)j

(R+R@-(R+ &) B~ BRO- B)) Ha, &g

(37)

And the total weight of the returned component is

;gzpl\/lnﬁ,c:(ZmZCZpKn?C)'qw:K:waterial.q w (38)

where K’

material

, Is the total renewable material in each product.

4.4.8 Forecasting discarded materials

Finally, from node 7 to node 15, which is the material inventory, the equivalence

transfer function is

WPET(8) = (W 13+ Woe Wy 3+ (W 6t W sy\’;o)V\f DWW, o

E715 1011 1115

— Sty ) 1 (1_ R3 - PlO) m
=) | p+ R€ » e ll@rs)
+(P10 + Pg(l_ Fﬁ))e g )(1_ P> )é7 (39)

+(1-P,—R)e"*

The probability and time of raw material manufacture for companars

PP"=(R+P(L- B~ R)+( R+ Bl- R)@- B)E B
+1-F-R)

(40)
=(R+ R~ (R+ PP, R~ R))I- B)+(-P-R)

Lemma 3: The probability from node 7 to 15 must be in the range of [0, 1].

Proof.
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Because 1PR,-B,> 04AB-RB> 0,4 F > O,
> >

(PR3 > 0,1-P3)
Therefore, P**"> 0 (41.1)

ForP**"= (R + R (1- (R+ B) B~ BRI~ BN B)
+(1-P-R)
Because, @ R+PR, 3 1,

(41.2)
HenceP’""< R+ R (X RE & B NERS $(1-P-R);
also
becaus® R} > 0, and{1F, >) O,
thenP?"< £+ B )(&- B »(1-P - R) ;
and because OP, B, 1F) <) 1, (41.3)

(Ps+ P7)(1_ Fljg )"‘(1_P7_P8):1_ Ps"' P7)PE-3

Therefore, Pj"*"‘ <1

Hence, we have

0
ZwPen(s
as 715 ()

_0=—(P7+F;—1)t4—( -1 B t+ §)
(Plr; ) ( ot B 1)( b bt E) (42)
+PR(B-1)( B-1( ¢+ t+ b+ B

—P7F;( ! 1)( >, 1)( )( o+ §t+t8m)

(2en(9) = O | WP *(9] 1o

E715 pP.cm as E715

E715

~(P+R-1)t—(R;-1) B( 4+ §)

+(P5 -1 R( Ry+ R-1)( t+ t+ §) (43)
+PRo( B 1)( BB-1)( b+ &+ b §)

_ [ -PR(R-Y(R-Y(B-I( ¢ &+ &+ £+ )
((R+PA-(R+Ry) B,-P, B~ B))A- B)+(1-P- P)

If the weight of discarded materialfrom componentisd: , the discarded weight of

mis
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Dn=PF g, R _d q= K™ q (44)
where
1-P)+ 1-(R,+ R, F.
T i (LT A | 1
T TR | A -RRIA-R) d,-q - dy, (45)
TR Jia-r-R)

And the total weight of the returned component is

Zm:ZC:ZpDn’f:(Zm‘,ZCZp‘, K™ Ay = Kigeara'd (46)

where K’

discar

4 IS the total discarded material in each product.
5. Numerical example

A printer manufacturer begins to deal with product return and remanufacturing. Table
4 shows the probability and time duration aprinter’s return and recycling. One

printer can be disassembl&do four partsink cartridge, cleaning device, trolley and
paper feeder. Each part contains screws, chips, plastic components and metal
components (or some of them). In line with Ingeéigure 2, the parameters are listed

in Tables 4 and 5.
Insert Table 4,5,6 and 7 here.
(1) Prediction of product returns:

Applying Eq. (12) and Eq.(14)-(15) and Table 4, the probability of the product

returning isf, = 0.82, and the expected return timeis = 200.9 weeks.

Insert Figure 3 here.
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2
Although the meanu and variancec? :%[MEO (9)]l., —#*can be derived, it is
S n

not possible to decide which distribution exactly is. To verify the analytic result, we
cross-checid it through a simulation in Matlab. The results of product return
probability density function (PDF) is shown in Figure 3 and the cumulative
probability function (CPF) in Figure 4. Figure 3 indicates that the expected product
return peak time is week 200.94 with the probability of 82.04%, which matcies th
analytic result. In addition, the PDF shows a negative skewness. It means after the
expected time, product return rate will rapidly reduce. This is useful information for
remanufacturers when planning capacity in advance. From Figure 4, it suggests that
the remanufacturer should consider allocating the major resources no later than week

150 when the return rate reaches 50%, for the sake of economic benefits.
(2) Prediction of renewable parts

Applying Eg. (17) and (19), the renewable parts probability and exgb&ote are

derived. For example, the probability and expected time for the ink cartridge are

P! =0.39, t =0.65 weeks.

E712

(3) Prediction of remanufactured components

Remanufactured components can be predicted by using Eq. (24), (26) and (27). For

example, the probability and expedttime for the chip from the paper feeder are

(4) Prediction of extracted materials
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For example, through Eqg. (32), (34) and (35), the probability and expicte for
remanufactured raw plastic from plastic parts on the trolley @& =0.32,

t331=0.935C weeks.

E7 14

(5) Prediction of disposal waste

Equations Eq. (40), (42) and (43) are used to calculate the discarded waste. For

example, the probability and expedttime for discarded metal from metal parts on

the cleaning device ar®’**=0.09, tZ"*=0.6341 weeks.

E7 15

For 1000 printers, the renewed, remanufactured, recycled and discarded materials are

as follows:

(1) Through Eg. (20)-(22)1054 parts will be remanufactured, includiBgl ink

cartridges, 137 cleaning devices, 229 trolleys and 367 paper feeders.

(2) There are 9664 remanufactured components, including 6335 screws, 467 chips,

1378 plastic components and 1484 metal components, by using Eqg. (28)-(30).

(3) Applying Eg. (36)-(38), total recycled materials are 1827.4g, including 1180.19g

plastic material and 647.3g metal material.

(4) Applying Eqg. (44)-(46) total discarded materials are 674.6g, including 491.9g

plastic material and 182.7g metal material.
6. Conclusion

This research applies the GERT technique to develop a forecasting tmgdedict

the quantity, probability and time of product returns, parts and components
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remanufacturing, material extracting and final disposal, respectively. The steps of
using this model involve process mapping, developing GERT stochastic networks and
deriving the transfer function of each transfer process and a system equivalence
transfer function. The model can be used in any type of product and the
remanufacturing process in general. Compared to existing research, the uniqueness of
this model is the ability to capture the dynamics of reverse logistics system and
remanufacturing process with stochastic features, and be able to predict desired
outputs. The main contributions of this research are: developing a new approach and
procedure that can be easily adopted in any structure of PRRrketwal to our
knowledge, this possibly is the first model that can predict the quantity, time and
probability of return simultaneously. While we appreciate that the model itself may
appear to be mathematically challenging to general practitioners, we hope the result of
implement of model could provide the practitioners the predicted return statues so

they can use them when planning and scheduling remanufacturing more efficiently.

Our model assumes that the data are extracted from historic data. But how the past
data are analysed are into consideration in this paper, which could limit the utilisation
of the available information. For future researg¢hwould be worth considering
developing a model that integeatwith other methodologies that can handle different
type of historical data, such as grey theory when part of data are incomplete, fuzzy
logic when data are imprecise, and machine learning to improve predictive capacity.

This would help to improve the accuracy of forecasting.
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Table 1: Logic nodes for GERT

Input/output
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Table 2: Node description

Node Indication

0 Company manufactures the products
1 First-hand market

2 Goods returned without using

3 Product in use in first-hand market

4 Used product sorting

5 Second-hand market including refurbishment
6 Product in use in second-hand market
7 Classifying products

8 Product disassembly

9 Parts refurbishment

10 Component refurbishment

11 Recycling for materials

12 Refurbished parts inventory

13 Refurbished components inventory
14 Recycled material inventory

15 Disposal
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Table 3: Arrow indication for each process

Probability

Arrow | Indication

of P;
0—1 | Productto first-hand market 100%
1—2 | Product return from the consumer 1-P
2—1 | Return product to the retailer 100%
1—-3 | Product sold to the customer in use P1
3—3 | Multiple uses by customer in first-hand market P,
3—4 | Product enters the sorting point Ps
4—5 | Refurbishment P,

Product cannot be refurbished and enters product s¢
4—7 1-P,
and testing point

5—6 | Sold to the customer in second-hand market 100%
6—6 | Multiple uses by customer in second-hand market Ps
6—7 | Product enters product sorting and testing point Pe
7—8 | Product enters dismantling point P,
7—11 | Product goes to material extracting process Pg
7—15 | Disposal 1-Pr-Ps
8—9 | Enter parts refurbishment process Pg
8—10 | Enter component remanufacturing process P1o
8—11 | Enter material extracting process 1- R —Ppo
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Part refurbishment fails so goes to compor

910 1-P
remanufacturing process

9—12 | Enter the parts inventory PE
Refurbishment fails so goes to material extrac

10—~11 1—P§,
process

10—13 | Enter component inventory Pf,

11—14 | Enter material inventory P

11—15 | Disposal 1- P}

Where O<P,+ R<1land0O< P+ fX 1
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Table 4: Probabilities and parameters in line with Figure 2

P1=0.95 | P,=0.3 P=0.6 |P=03 |Ps=0.3
P=0.6 | P,=0.8 Pe=0.15 | Ps=0.7 | Py=0.2
t,=0.6 | N(z,=100,62=30 | 14=60 |t,=01 |t,=0.1
t,=0.2 | y,=24 t,=0.1 |t,=0.15| g, =100C
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Table 5: Recycling probability and time for parts remanufacturing

Component
Remanufacture t Processing | Quantity in each
dismantling
parts (B}) time tJ product q,
1-RY
Ink cartridge
0.7 0.3 0.4 1
(IC)
Cleaning
0.3 0.7 0.5 1
device (CD)
Trolley (TO) | 0.5 0.5 0.4 1
Paper feede
0.8 0.2 0.3 1

(PF)




Table 6: Recycling probability and time expectation for component remanufacturing
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Material Quantity in each
Component Processing
recycling part (IC, CD,
remanufacturindg; time t;
1-R; TO, PF) o
Screw (SR) | 0.95 0.05 0.1 (4, 4,8, 4)
Chip (CI) 0.8 0.2 0.8 (0,0,1,1)
Plastic
component | 0.6 0.4 0.3 (2,1,3,1)
(PC)
Metal
component | 0.7 0.3 0.4 (1,2,2,1)
(MC)
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Table 7: Recycling probability and time for material recycling and disposal

Weight in each part

Material Waste Processing
(SR, CI, PC, MC)
renewalP; 1-B% timetg’
9 (9)
Plastic
0.8 0.2 0.5 (0,0.3,0.5,0)
material
Metal
0.9 0.1 0.8 (0.1, 0.05, 0, 0.3)
material
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Figure 1: Closed-loop manufacturing and remanufacturing process
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Figure 3. The simulation result of the product return’s PDF showing the expected time 200.94 with the
probability 0.8204
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Figure 4. The simulation gelt of the product return’s CPF



