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Abstract. Although production planning in remanufacturing systems
has attracted great interest from the research community, only a cou-
ple of real industrial applications can be perceived. Additionally, in real
cases, companies are faced with manufacturing multiple products, which
further complicates remanufacturing production planning (RPP). There-
fore, there is a need to optimise RPP where manufacturers are involved
in remanufacturing multiple products. Also optimized systems should
consist of a number of uncertainties, such as the uncertain quality of the
returned products.

Because of these uncertainties the manufacturers have to use new
parts or components - with both higher environmental impacts, as well
as costs. In the present paper a line balancing scheduler of a remanufac-
turing system is presented - focusing on the disassembly, machining and
reassembly of parts. The objective of the paper is the reduction of usage
of the energy and cost intensive new parts with production scheduling
using a genetic algorithm (GA). The achievements are illustrated and
presented with a real industrial use case from a gas engine producer. A
discrete event simulation (DES) is used for evaluation purposes and the
results from the scheduler are compared with benchmarks of the current
production planning of the gas engine manufacturer.

Keywords: remanufacturing - genetic algorithm - production
planning - simulation - uncertainties

1 Introduction

Humanity currently requires the equivalent of 1.7 planets to compensate for
resource consumption by human activities [17]. Furthermore the manufacturing
industry is one of the main consumers of material and energy resources, in addi-
tion to generating significant amounts of waste. Due to the scarcity of resources,
the concept of circular economy based on remanufacturing has become an impor-
tant approach for resource-efficient sustainable development, representing one of
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the most significant aspects of waste management [15]. Remanufacturing is most
commonly referred to as a recovery process for used products that involves the
collection, repair, disassembly, and replacement of worn-out components to bring
the products back to the quality level of newly manufactured products [14]. In
remanufacturing, there are particular challenges for production planning systems
(PPS) that do not exist in traditional manufacturing [1]. These characteristics,
unique to remanufacturing, require a change in the fundamental concept of tra-
ditional PPS [4].

1.1 Motivation of This Research

To highlight the research gaps within RPS systems for this paper, the identified
research needs from two literature reviews are used. For example, in an analysis
of 160 scientific journal publications, Suzanne et al. [14] state that although
from an academic perspective RPS have attracted a lot of interest, but only
weak links with industrial applications can be perceived. In addition, Ansari
and Daxini [2], in an analysis of 123 scientific journal publications, point out
that in real cases, companies are faced with manufacturing multiple products,
further complicating remanufacturing production planning. Therefore, they call
for future research to optimize RPS in a way, that manufacturers are involved
in remanufacturing multiple products and the system consists of a number of
uncertainties, such as uncertain quality, time, return, and demand [2]. In addition
to the research needs from academia, those challenges presented in [1] can be
observed in a remanufacturing plant for gas engines. The uncertain timing as
well as the quality and reusability of the recirculated components and assemblies
pose the problem to the manufacturer that the regular use of energy- and cost-
intensive new parts has to be accepted. From the above findings, the central
research question for this paper results in how the use of a genetic algorithm
can minimize the use of energy and cost intensive new parts through production
schedule sequence optimization. The main objective of this work is to develop
an approach to optimize RPS, taking into account the uncertain quality of the
returned products as well as the diversity of variants. Subordinately, this work
attempts to remedy the above-mentioned research gaps of Suzanne et al. [14]
and Ansari and Daxini [2] by developing a procedure with stronger connections
to industrial applications and by incorporating uncertainties from reality into
the optimization.

The paper is structured as follows. First, a literature review is presented
regarding RPS and the addressed research gaps are discussed. The following
chapter deals with the method description and the research question. Than the
simulation model is introduced that is used to evaluate the genetic algorithm,
which was designed to optimize the production plan sequence of the company
partner.
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2 Literature Review

2.1 State of the Art

Research activities in the field of PPS for remanufacturing often focus on disas-
sembly planning and scheduling. Jeunet and her coauthors present an approach
for solving practical sequencing problems [8]. Lage Junior and Godinho Filho [9]
propose a stochastic dynamic programming model considering stochastic rout-
ings. They apply their model to a real case of automotive clutch remanufacturing.
Mao et al. [11] combine genetic algorithm with Petri net modeling and stochas-
tic programming for used car parts under uncertain conditions. Wang presents
a parallel partial disassembly line balancing model with stochastic disassembly
time [16]. In the paper of Rent et al. the desassembly planning is extended with
end-of-lyfe consideration aiming at the maximization of the recovered value [13].

Hybrid systems that use both raw materials and returned products in the pro-
duction process are often addressed in the literature as well. Fang [5] optimizes
the operation strategy (determining the amount of new and remanufactured
products) considering the related costs, uncertainty about recycling, demand
substitution, capacity limitations and component durability. Han and his coau-
thors [7] focus on uncertainties of quality, process times, remanufacturing costs
as well as market demands and using robust optimization. Polotski et al. [12] con-
centrate on manufacturing and remanufacturing costs, holding costs, backlog and
set-up costs. Benkherouf et al. investigate an inventory system with production,
remanufacturing and refurbishing activities using mathematical programming

[3]-

3 Methods

The procedure in this research was divided into five steps, which includes prob-
lem identification, goal definition, development, demonstration, evaluation, and
publication. The focus is on the development and demonstration, in which the
GA is adapted for the use case and coupled with the simulation. The exact
implementations of the research steps can be seen in Table 1.

4 Simulation Model of a Real Remanufacturing
Application

In an remanufacturing shop, cast housings of returned cylinder heads are basi-
cally disassembled, machined, and reassembled after reaching end-of-life status.
The remanufactured cylinder heads, which are an essential part for gas engines,
can be used for a maximum of three product life cycles. The two-shift cylinder
head production system specialized in refurbishment with several disassembly,
machining, storage and assembly stages is designed as a simulation in a multi-
line discrete event simulation (DES) model after [6], which is run through by a
work piece agent population, shown in Fig. 1
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Table 1. Conceptual Framework for this research after Pfeffers et al. (2007)

Steps from Pfeffer et al. (2007) | Implementation

i) problem identification and RPS have only weak links with industrial
motivation

Applications and to optimize RPS such that
manufacturers are involved in remanufacturing
multiple products and the system consists of a
number of uncertainties, such as uncertain quality

ii) defining goals for a solution | Usage reduction of energy and cost intensive

New parts of an industrial remanufacturer

iii) designing and developing Constrain a GA for the given industrial use case

iv) demonstrating Implementing and validating GA in Python

with Anylogic simulation

v) evaluating and publishing Evaluate GA with simulation and publish findings

Disassembly Machining Washing Buffer | Assembly
Line C — il - — . — -
|
[ !
.
Line B -
-+--'-->-->-—?—'- L I -
| !
| | - N N
B Queue { :
B Machine Line A L — L e B

I Batching not remanufacturable parts (scrap) new parts

Fig. 1. Flowchart and simulation model

In order to follow the call of Ansari and Daxini [2] and to optimize RPS in
such a way that different product variance and a system with different uncer-
tainties are taken into account, the population within the agent is defined with
different influencing factors, such as series, product variants, production times.
The DES that the agents run through acts with the uncertainties of the reject
rate, which varies randomly per series and station, as it was measured in real-
ity. The exact used agent parameters and system parameters can be found in
Table 2.

The evaluation of the simulation is carried out by means of a monthly pro-
duction plan of the company partner. The total number of assembled cylinder
heads at the end of the month are known, as well as the number of units of which
variants were assembled and the sequence in which the lines are planned. The
sequence is done in always alternating push into the lines (as an example: Aj,
By, Cy, As, By ,Cs, As,...). The simulation needed 22 h (4,44% deviation) more,
then the real remanufacturer (496 h), whereby a start-up time of the simulation
must be taken into account, i.e. the filling up of the lines. This small difference
validates the DES model.
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Table 2. Agent and system parameters of the simulation

Cylinder head variant | A; As As B Bs Bs C1 Cs Cs Ca Cs

Quantity nai nA2 | NA3 | NB1 nB2 |nMB3 |nci ncz | nes nca | Nes

Machining time tmal |tma2 |tmas |[tmB1 |tmB2 |tmB3 |tmci |tme2 |tmes |tmca | tmes
Assembly time taal |taa2 |laas |taB1 |laB2 |taB3 |tac1i |tac2 |tacs |taca |tacs
Scrap rate srda |srda |srda | srdp |srdp |srdp |srdc |srdc |srdc | srdc | srdc

After disassembly

Scrap rate STMA | STMA | ST A | STMB | STMB | STMB | STMC | STMC | ST | STMe | Srme

after machining

N
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Fig. 2. How the GA changes from population to population

5 Optimization

The GA is designed in [6] following [10] and adapted to this use case. Here one
population is used, which presents one monthly production plan and has single
crossover and mutation (with a mutation rate of 10% as possibilities to change
from population to population each iteration like it is described in [10] and shown
in Fig.2. While single crossover causes a heavy change in the sequence, which
can lead to overlooking present minima, it is only used every tenth iteration, if
no new minima was found.

Start 2 o 1
single
Python initialise mutate population
! - population crossover for offspring selection
(genetic algorithm) offspring
oo por - - End after n iterations
N o fitness_val
e N A ]
init_pop o

Start

Anylogic initialise run pop 5;‘&‘:‘::;
(simulation) simulation through parts quantity)
frer n i . !
) Endafterniterations g o Value  population

Fig. 3. Communication between simulation and GA
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For evaluation of the GA, Python is connected to the simulation software
Anylogic through the add-on library Pypline, where Anylogic acts as a main-
frame and calls and runs function codes from Python. To run the optimiza-
tion exactly, Python starts by initializing a random population representing a
monthly schedule, as provided by the company partner, in random production
order. The initialized population is run through the simulation in Anylogic to
obtain the first fitness value, which represents the number of new parts needed.
After single crossover and a mutation of the offspring population is triggered by
Python, a new run of the new population through the simulation is performed,
in order to get a new fitness value. With population selection the fitness values
are compared and lowest one is used as new population for the next iteration,
till a given number of maximum iteration is reached, as it is shown in Fig. 3.

6 Results and Limitations

As visible in Table 3, the sequence optimization of the production plan by the
GA resultes in a decrease of 44.41% of required new parts compared to the real

Table 3. Results of the GA highlighting the quantitative benefits in comparison

Anew Bnew Cnew Aold Bold cVold Summonth Sumnew
(pes) | (pes) | (pes) | (pes) | (pes) | (pes) | (pes) (pes)
Real use case | 200 |240 |150 [480 |220 |620 |1910 590
Simulation 200 240 |150 |480 |220 |620 |1910 590
GA 136 | 136 | 56 622 326 |620 |1916 328
700
©
=
g 600
g
£
£ 500
0
=
[
o
2
g 400
300
0 10 20 30 40
Iteration

Fig. 4. Fitness value course of the GA per iteration
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use case and the simulation. However, a slower cycle time is expected since the
GA was compared with the 4.44% slower simulation. An upper limit of available
cast housings for machining, as is the case in reality, was not introduced for this
simulation in order to be able to determine the maximum production capacity
of the lines.

In Fig. 4 the fitness value improvement of a total of 38 iterations of the GA
is shown. It is to be expected that by further GA fine tuning and increasing the
number of iterations (this was limited by the Personel Learning Edition (PLE)
restriction of Anylogic) further minima can be found, which undercut the value
of this research.

7 Conclusion

To address the research gaps within RPS, which show weak links to industrial
applications and a lack of optimization with multiple products and multiple
uncertainties, a GA optimization with coupled DES is presented and applied to
an industrial use case. This approach considers a number of parameters related
to the product variance (such as different duration in disassembly, machining
and assembly) and uncertainties (such as different scrape rates for each vari-
ant) of the RPS. An overall improvement of the cost- and energy-intensive new
parts requirement of 44.41% can be achieved. As a next step the environmental
impacts of the new and old parts and their optimization will be investigated. On
longer term other optimization methods like ant colony optimization, simulated
annealing and grey wolf optimization will be tested as well.
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