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Abstract: The poultry processing industry struggles to keep
up with new developments in meat consumption and live-
stock breeding. Designing poultry processing systems is
becoming increasingly more complex, and an increasing
number of iterations of (re)design are required to optimize
the product flow in these systems. To address this issue, this
study presents a discrete-event simulation-basedmethod for
design space exploration of production systems. Thismethod
is mostly automated, greatly reducing the time and effort
required in the design process. The steps that are automated
are iterating on the design, model construction, performing
simulation experiments, and interpreting the simulation
results. An industrial case study in which a poultry pro-
cessing system is redesigned is used to validate the effec-
tiveness of the proposed method. A detailed description of
this case study is given to showcase the different ways in
which this design space exploration method can be used.

Keywords: design space exploration; discrete-event simula-
tion; poultry processing; production systems; optimization

1 Introduction

1.1 Problem statement

The meat processing industry is undergoing rapid changes.
One example is the growing mismatch between providers
and consumers in the poultry industry. On the one hand,
broilers (chickens bred for meat consumption) are being

bred increasingly heavier [1]. On the other hand, consumer
purchasing habits are shifting [2]; lighter chicken fillets are
preferred, as they are perceived as more sustainable.
Dealing with these developments requires new methods for
designing meat processing systems.

The above mismatch introduces extra complexity in the
design process of a poultry fillet processing system. The fillet
processing system must match the incoming flow of pre-
dominantly heavyfillets to production orders, which require
mostly light fillets. This problem can be partially alleviated
by optimizing the product flow in the layout of the fillet
processing system. Another more recent solution is the
introduction of new ‘trimming’ machines, which can trim
down heavy fillets into lighter fillets, and a by-product that
can be used in minced (ground) poultry products. However,
the introduction of these machines also leads to new design
questions, such as how many of these machines are to be
used in a layout and where in the layout should these ma-
chines be placed. More design choices lead to a larger
number of feasible designs, and newmethods are needed to
help a designer explore the ever-growing solution space. The
solution space of feasible designs can be referred to as a
system’s design space [3]. The design process for poultry
processing systems, aswell as production systems in general,
is frequently a difficult task requiring numerous iterations
of design and redesign. What further complicates the design
process, is that these systems generally have multiple per-
formance objectives. Identifying which designs are optimal
requires multi-objective optimization [4].

In this work, a ‘design’ is regarded as the functional
architecture of the system, which means that a design de-
scribes the machines of the system and the connections be-
tween them. Integrating simulation in the design process
allows for design alternatives to be compared, such as shown
for an extruded food production line in Owens and Levary
[5]. However, using simulation in the design process also
introduces additional steps. It requires the system designer
to specify the different designs, construct themodels of these
designs, perform simulation experiments on these models,
and interpret the simulation results, only to repeat these
steps in the next design iteration.

Ideally, the design of a production system is optimized
automatically with respect to the selected performance
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objectives. One area of research that can help in this regard
is that of design space exploration, which discusses how
design alternatives can be automatically analyzed and
compared [3]. In this paper, a method is proposed for auto-
mated design space exploration, in which discrete-event
simulation is used for multi-objective optimization of the
system design. The proposed method is demonstrated on a
poultry processing system, but can be applied to other food
processing systems, and to production systems in general.

1.2 State of the art

This section provides overviews of applications of simula-
tion in the design of food processing systems and of methods
for (discrete-event) simulation-based design space explora-
tion of production systems in general.

1.2.1 Application of simulation in the design of food
processing systems

Simulation is used to design an industrial plant for the
production of hazelnut-based products in Bruzzone and
Longo [6]. A simulation model is used to analyze the
behavior of the designed system in various operating con-
ditions. Penazzi et al. [7] shows how simulation can be used
in the design and control of food job-shop processing sys-
tems. This is demonstrated through a case study in the
catering industry, in which simulation is used to analyze a
collection of key performance indicators.

In Owens and Levary [5] simulation is used to analyze
design alternatives for an extruded food production line. The
authors demonstrate how simulation may be a useful
decision-support tool for deciding between several design
options in the food industry. Parthanadee and Bud-
dhakulsomsiri [8] shows how value stream mapping and
simulation canbeused to analyze design choices for small and
medium enterprises in roasted ground coffee production.

Discrete-event simulation is used in Plà-Aragonés et al.
[9] to examine alternative processing strategies and to
improve production planning for a pig meat packaging fa-
cility. Comparing discrete-event simulation to deterministic
or stationary methods, Plà-Aragonés et al. find that discrete-
event simulation better captures plant behavior. Discrete-
event simulation is used in Rijpkema et al. [10] to redesign
meat production processes to make more effective use of
product quality information. Simulation was used to eval-
uate how sorting based on product quality information af-
fects the performance and processing efficiency of the
system. As shown by Plà-Aragonés et al. and Rijpkema et al.,

discrete-event simulation can be an effective tool in the
design of meat processing systems.

In Fujii et al. [11] simulation is used to optimize the
design of the facility layout of a central kitchen in the food
service industry. The proposed method for layout planning
is validated through a real-scale case study. In Masoud et al.
[12] a simulation-based framework is developed to optimize
the facility layout and resource allocation in vegetable
grafting facilities in order to maximize production capacity
and efficiency. Discrete-event simulation is used in the
design process of a greenhouse for industrial head lettuce
production in Gao et al. [13]. A framework is proposed for
integrating systematic layout planning and simulation to
design greenhouses that maximize efficiency and yield.

When designing a food processing system, the first goal
is always to meet the specified requirements; is the system
able to produce or process the products as intended? A sec-
ondary goal is often to optimize the design in regard to
certain performance measurements such as throughput and
cost. Simulation allows the capabilities of potential designs
to be evaluated early in the design process, across a range of
production scenarios. Bruzzone and Longo [6], Penazzi et al.
[7], and Plà-Aragonés et al. [9] show how simulation can be
used to evaluate the performance of a food processing sys-
tem across a range of production scenarios. Owens and
Levary [5], Fujii et al. [11], and Gao et al. [13] demonstrate
how simulation can be used to compare alternative designs
in the design process of food processing systems. Rijpkema
et al. [10], Parthanadee and Buddhakulsomsiri [8], and
Masoud et al. [12] combine both, and show the importance of
evaluating multiple production scenarios when using
discrete-event simulation to compare alternative designs.
Finally, Fujii et al. [11] and Masoud et al. [12] show a form of
automated design space exploration to solve the facility
layout planning problem. However, in both methods, the
design is regarded as the spatial layout of the system, with
the goal being to minimize the distance that products or
workers need to travel. To the best of our knowledge, there is
no previouswork on automated design space exploration for
the functional architecture of food processing systems.

1.2.2 Using discrete-event simulation for design space
exploration

A digital factory is created using a discrete-event simulation
tool in Centobelli et al. [14]. This digital factory is utilized to
optimize the facility layout with respect to the flow of ma-
terial. Simulation is used to compare the current and pro-
posed layout for a range of production scenarios. An
algorithm for generating a discrete-event simulation model
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of an assembly system layout is proposed in Kranz et al. [15].
This algorithm allows for simulation models to be generated
without the need for considerable expertise in simulation.
The model is generated based on predefined process logic
and layout data provided in an Excel spreadsheet.

Amethod for automatic simulationmodel generation of a
robotic cell layout is provided in Laemmle and Gust [16]. The
method uses layout data specified in AutomationML as input.
The facility layout of a specialized furniture manufacturing
plant is optimized using discrete-event simulation in Rodič
and Kanduč [17]. The facility layout is optimized to minimize
the total travel distance for products. Simulationmodels of the
different facility layout designs are automatically generated.

The downside of using discrete-event simulation in the
design process of a production system is that developing the
models can be complex and time-consuming. Kranz et al. [15],
Laemmle and Gust [16], and Rodič and Kanduč [17] overcome
this downside by using automated model construction. Rodič
and Kanduč [17] automates both model construction and
design space exploration to solve the facility layout planning
problem. However, none of these works uses automated
model construction to automatically explore the design space
of the functional architecture of a production system.

In all of the papers previously mentioned in the state of
the art, simulation is either used to directly compare design
alternatives, or is used for single-objective optimization.
None of these methods allow for multi-objective optimiza-
tion, even though there is often more than one performance
measure that needs to be considered in the design process of
a production system.

1.3 Contribution

This paper presents amethod for design space exploration of
production systems. The novelty of our contribution is in
how the individual steps listed below are combined to
automate the design space exploration process, and in
demonstrating how this proposedmethod can be applied to a
case study of industry-level complexity in the poultry pro-
cessing industry. The proposed method is explained and
validated through an industrial case study of a poultry fillet
processing system. Table 1 shows a comparison of the pro-
posedmethod to the state of the art. In the proposedmethod:
– The design space of the proposed system is explored

iteratively & automatically.
– The (discrete-event simulation) models for the designs

are automatically constructed using a model library.
– These models are used to carry out simulation experi-

ments to predict the system’s performance in a pre-
defined set of production scenarios (a product scenario

describes the conditions under which the production
system operates).

– The system designs are then evaluated across these
production scenarios, for the chosen performance ob-
jective(s). Both single- and multi-objective optimization
of the design are supported.

This work is a continuation of the work presented in Paape
et al. [18]. This work presents an in-depth explanation of the
proposed design space explorationmethod and an extension
of the case study. A detailed description is given of:
– Specification of the design space using a ‘design space

matrix’.
– The development of the model library in Anylogic [19].
– How the production scenarios that are simulated were

chosen.
– The trade-off between accuracy and computation time,

and the tuning of simulation parameters such as simu-
lation duration, warmup period, and the number of in-
dependent simulation runs.

– Examples of how the design space can be explored using
single- or multi-objective simulation.

The structure of this paper is as follows. First, in Section 2,
themotivating case study is described. Then, in Section 3, the
proposed method for design space exploration is presented.
The steps of the proposed method are explained using the
case study. Next, Section 4 features a critical discussion on
the advantages and limitations of the proposed method.
Finally, Section 5 concluding remarks are made, along with
ideas for future work.

2 Case study description

A case studywas conducted on an existing poultry plant. This
case study is used to showcase the proposed design space
explorationmethod of Section 3. The plant was redesigned to
better match the predominantly heavy chicken fillets which
are harvested from the broilers, to production orders
requiring mostly light fillets. Figure 1 shows the parts of a
poultry processing plant that are relevant to the processing
of fillets. First, the broilers arriving at the plant are distrib-
uted over a number of cut-up lines. These cut-up lines har-
vest (among others) the fillets, which are then sent
downstream to the fillet processing (sub)system. The pur-
pose of the fillet processing system is to distribute the fillets
of different weights to the most suitable downstream desti-
nations. How these fillets are distributed is decided by a
production controller, and depends on the layout of this
subsystem. The downstream destinations are where the
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different end products are produced, such as batches of fil-
lets in trays and chicken burgers. Finally, these end products
are packaged and sent to customers.

In the case study, the fillet processing system was
redesigned. The performance of the system is measured by
how well it is able to meet the throughput targets for the
given production orders of end products such as batches and
burgers. To properly predict the system’s performance, re-
quires that a wide range of production scenarios is analyzed
so that the variation in production orders throughout the
year is aptly captured. Some modifications have been made
to the case study to ensure confidentiality. However, the
complexity of the modified case study is similar to that of the
originalwhen it comes to the size of the design space. Thefirst
difference is in the plant layer, where different (but similar)
numbers of lanes, destinations, and modules are used. How-
ever, the types of physical modules are the same as in the
original case. The second difference is in the production
controller; in the actual system, a more elaborate production
strategy is utilized for more optimal performance.

First, the characteristics of the inflow of fillets arriving
from the cut-up lines are described in Section 2.1. Next in
Section 2.2, ‘recipes’ are explained, which specify how pro-
duction orders must be fulfilled. Finally, a description of the
system is given in Section 2.3.

2.1 Fillet inflow

Each day a poultry processing plant processes multiple
different ‘flocks’ from various farmers. Each flock has its
own characteristic weight distribution. The weight of the
flock can have a large influence on which orders can be
fulfilled, and thus on the performance of the system. Poultry
fillet weights are generally normally distributed [20]. For
this case study, it is assumed that the mean fillet weight of a
flock is between 200 and 300 g, with a standard deviation
equal to 10 % of the mean weight.

In a poultry processing plant, the broilers in a flock are
distributed over multiple cut-up lines according to their

weight tomaximize production yield. For this case study, it is
assumed that each of the five lanes of the poultry fillet
processing system receives a quintile of the weight distri-
bution. For example, the first lane in Figure 3 processes the
lightest 20 % of fillets, and the fifth lane processes the
heaviest 20 %. An example of the weight distributions per
lane for a flock with a mean weight of 250 g is shown in
Figure 2.

2.2 Recipes

A poultry processing system has a set of production orders it
aims to fulfill, for end products such as trays of fillets,
chicken schnitzels, and chicken burgers. There are re-
quirements for what fillet weights can be used for each end
order. For example, to make chicken schnitzels only fillets of
between 200 and 350 g can be used. The requirements of
which products can be used, and how they should be pro-
cessed, are described in a recipe. A recipe describes:
– The product destination of products for this recipe.
– The priority of the recipe.
– The target throughput in fillets/minute.
– A lower and upper limit for fillet weight (post-trim).
– A weight limit for trimming (most customers want to

limit how much of a fillet is trimmed).

The production targets of a poultry processing plant are
season-dependent. A good design for a fillet processing sys-
tem performs well throughout the entire year. In this case
study, typical production orders for summer and for winter
are analyzed. The sets of recipes for the two seasons can be
seen in Table 2. In both instances, there is a default recipe for
fillets that do not fit any of the other recipes.

2.3 System description

A fillet processing system can be decomposed into a (phys-
ical) plant layer and a (cyber) production control layer. In

Poultry processing plant

Broiler 
distributionBroilers

Cut-up

Cut-up
Cut-up

Cut-up
Cut-up

Fillet
processing

Batching 1

Burgers
Batching 2

Schnitzels
Fillet strips

Minced meat

End 
productsPackaging

Figure 1: The parts of a poultry processing plant that are relevant to the processing of fillets. The case study in this paper focuses on the (highlighted)
fillet processing system. This system receives fillets from the five cut-up lines and distributes them to various subsystems that use them to produce end
products. If the fillet processing system has the capacity for trimming down fillets to a lighter weight, then the by-product is sent to the minced meat
subsystem.
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this subsection, the two layers will be explained. The current
design of the fillet processing system is shown in Figure 3.

2.3.1 Plant layer

The plant or physical layer of the system consists of a set of
production ‘lanes’. Each lane represents a conveyor sys-
tem through which the fillets are transported, with pro-
duction steps occurring in-line. The plant layer can be
decomposed into modules that define the production steps
carried out on the fillets. The origin and destination
modules represent the inflow from and outflow to other
subsystems. For this case study, it is assumed that the or-
der of processes is always the same (in the order in which
they are described below). The ‘modules’ of the plant layer
operate as follows:

2.3.1.1 Origin
The origin module is where the fillets flow into the fillet
processing system. Each lane has a different segment of the
total weight distribution, as explained in Section 2.1.

2.3.1.2 Weighing
The first production step is weighing the fillets. The
measured product weight is sent to the production
controller. The production controller uses data on the fillet
weight distribution at each lane to calculate a production
strategy (more on this in the next subsection).

2.3.1.3 Assignment
After the fillets are weighed, a request for the product to be
assigned is sent to the production controller. The controller
then decides on the product routing and trim instruction
based on the calculated production strategy. A product
routing determines to which destination the fillet should be
distributed. A trim instruction describes if and howmuch of
the fillet should be trimmed.

2.3.1.4 Trimming (optional)
Some lanes have a trimming station, which can be used to
trim a small piece of a fillet. This is done to make ‘heavy’
fillets suitable for recipes that need ‘light’ fillets. How a
fillet is trimmed depends on the assigned trim instruction.

Figure 2: The weight distribution of each lane
for a mean fillet weight of 250 g.

Table : The typical recipes for the summer and winter production orders.

Summer

Recipe Destination Priority Target throughput (fillets/min) Min. fillet weight (g) Max. fillet weight (g) Max. trim weight (g)

 Batching      

 Batching      

 Burger     

 Schnitzel     

Default Fillet strips – –   

Winter

Recipe Destination Priority Target throughput [fillets/min] Min. fillet weight [g] Max. fillet weight [g] Max. trim weight [g]

 Batching      

 Batching      

 Burger     

 Schnitzel     

Default Fillet strips – –   

In this example, only the throughput and priority are changed (highlighted in bold). However, other recipes with different values in any of the columns are
also possible.
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The trimmed by-product is sent to the ‘minced meat sub-
system’ destination where it is used to make minced
poultry products.

2.3.1.5 Distribution
The last oduction step in the fillet processing system is dis-
tribution to the different destinations. Due to technological
constraints, product flows can only diverge, not merge. The
exception is when fillets are sent to the fillet strips destina-
tions. Distributors are used to diverge product flow in one of
two directions. Each lane requires at least one distributor
with a connection to the ‘fillet strip subsystem’, this is the
default destination for fillets that cannot be used for other
end products. Besides these five fixed distributors, there are
three distributors to be placed freely.

2.3.1.6 Destination
After distribution products arrive at their destination. In a
fillet processing system, the destinations are the starting

points of subsequent subsystems, of which there are multi-
ple types (e.g., for producing batches, burgers, schnitzels,
etc.). Each destination has its own recipe, with different re-
quirements for the weight of fillets. As mentioned earlier,
the ‘fillet strip subsystem’ destination is a special destination
which is the default destination. The ‘minced meat subsys-
tem’ destination is another special destination for the pro-
duced trim.

In this case study, there are two design questions that
are to be analyzed. First, howmany trimming modules are
needed, andwhere should they be placed? These trimming
modules are costly, and the client would like to knowwhat
the added value of each additional trimming module is,
and in which lanes these trimming modules should be
placed. Second, which lanes should be connected to which
destinations, and how should the three extra distributors
be used? The modules and connections of the current
design which can be modified are highlighted in red in
Figure 3.
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Destination 
 To minced meat 

subsystem
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Weigh

Assign
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Distribute

Distribute

Distribute
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product 
routingProduction  

control layer

Recipe 1 Recipe 1 Recipe 1 Recipe 1 
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product 
routing

Trim
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Figure 3: The architecture of the current fillet processing system. The system can be divided into a plant layer and a production control layer. In red are
the connections and modules which can be modified in the redesign.
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2.3.2 Production control layer

The production controller is responsible for ensuring
that the target throughput of each of the recipes is met. It
does so by calculating a production strategy. A produc-
tion strategy describes which fillet weights are allocated
to which recipes and which fillets must be trimmed.
When calculating the production strategy, the produc-
tion controller takes into account which lanes are con-
nected to which destinations, and which lanes have the
capability for trimming. The interactions between the
production control layer and the plant layer are shown
in Figure 3. The production controller functions as
follows:
(1) The production controller collects data on the weights of

fillets in each lane, as measured at the weigher in each
lane.

(2) The production controller employs a sliding window
technique, consisting of the most recent N fillet weight
measurements from each lane, to generate a ‘measured
fillet weights’ histogram. This histogram describes the
measured arrival rate of the different fillet weights in
each lane. An example of such a histogram is shown in
the top figure of Figure 4.

(3) The production controller calculates the production
strategy every t seconds using Algorithm 1. This algo-
rithm functions as follows:
(a) The recipe with the highest priority is selected.
(b) The controller determines which lanes have a route

to the destination of the recipe. The ‘measured fillet
weights’ histograms of these lanes are used to
calculate the expected throughput of each fillet
weight interval.

(c) Starting fromthe lowerweight limit of the recipe, the
weight range allocated to this recipe is increased,
until either the upper weight limit is reached, or
until the expected throughput equals the target
throughput of the recipe.

(d) If the target throughput is not yet reached, then the
controller determines which of the selected lanes
have trimming modules.

(e) Starting from the upper weight limit of the recipe,
theweight range allocated for trimming is increased,
until either the upper weight limit for trimming is
reached, or until the expected throughput equals the
target throughput of the recipe.

(f) The calculated weight ranges are assigned to the
recipe. Theseweight intervals canno longer be used
in other recipes. The process is then repeated for
the next recipe until all recipes are processed.

(g) Themiddle figure of Figure 4 shows an example of a
production strategy and the expected throughput
allocated to each recipe. Fillets between 100 and
300 g are allocated to batching, with fillets between
250 and 300 g being trimmed. Fillets above 300 g are
used for schnitzels.

(4) Upon the arrival of a product at an assignment module,
the production controller assigns a product to a recipe,
and determines the required product routing and trim
instructions. This is based on the production strategy for
that lane and the measured weight of that fillet.

(5) Whenever a product arrives at a distribution or trim-
mingmodule, the corresponding product routing or trim
instruction is communicated to that module for execu-
tion. An example of the resulting production output is
shown in the bottom figure of Figure 4.
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3 Proposed method for design
space exploration

This section explains the proposed method for design space
exploration, which is shown in Figure 5. This method can be

used to automatically explore the design space of a pro-
duction system using discrete-event simulation. The pro-
posed method uses the following four steps: design space
exploration, model construction, simulation, and evaluation.
After iterating through all designs, the method outputs a
set of recommended designs. There can be multiple

Figure 4: An example of the production strategy for a systemwith one lane, with recipes for batching and schnitzels. The top histogram shows the arrival
rate for different fillet weights, as measured at the weigher. The middle histogram shows the production strategy as calculated using Algorithm 1. The
bottom histogram shows the resulting production output. Fillets between 250 and 300 g are trimmed down to around 200 g so that they can be used for
the batching recipe. The trim by-product is used in the production of minced meat.
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recommendations, from which the system designer can
select themost suitable option. Details on these steps, as well
as the input and output for each step, will be explained
further below, using the case study of the fillet processing
system as an example. The use of themethod is not limited to
fillet processing systems but should extend to production
systems in general.

3.1 Design space exploration

The first step in the design space exploration of a production
system is defining the design space itself. A design is
described by a set of modules, with connections between
their input and output ports. The design space can be
considered the set of allowedmodules, and the possibleways
in which these modules can be connected. In this method-
ology, the design space is defined through the use of a Design
Space Matrix (DSM), which describes all permissible con-
nections between the output and input ports of the selected
modules. The columns and rows of the DSM represent the
allowed connections of each input and output port respec-
tively. An element (i, j) of the DSM is a Boolean value that
indicates whether the output port i of a module can be
connected to the input port j of another module. After
specifying in the DSM which connections are allowed, the
minimum and maximum number of connections that each

port can have must also be specified. If a module can have
both 0 input and output connections, then this means the
module can be excluded from a design.

The design space exploration process begins by iterating
through the various configurations of the DSM. In each
iteration, a new design is generated. For every design, each
port is connected between the minimum and maximum
number of allowed connections for that port. It is possible
that some modules may not be connected in the generated
configuration of the system design. This allows for the
evaluation of the performance of a system with and without
specific modules.

3.1.1 Case study

The design space for the case study is presented in Table 3. In
the table, an example of a possible system design is high-
lighted. In the fillet processing system, the parameters of the
design space are: which lanes have a trimming module, and
how are the lanes connected to the destinations (using the
three distributors which can be placed freely). Most con-
nections in the system are fixed. For example, ‘origin1.out’
must be connected to ‘weigh1.in’; it is the only possible
connection for both input and output ports, and both ports
must have exactly one connection. In this specific case study,
it is required that either all or none of the ports of a module
are connected. Configurations of the system design that do
not satisfy this condition are discarded. The case study
design space is represented by a Design Space Matrix of
42 × 30, from which 11,520 possible configurations of the
system design can be derived (32 permutations for which
lanes have trimming modules, multiplied by the 360 per-
mutations for how lanes can be connected to destinations).

3.2 Model construction

The next step in this method is the ‘model construction’ step,
in which a simulation model of the system design is con-
structed using a model library in a modeling and simulation
environment. This requires that all system modules have a
corresponding model component (Figure 5 shows this rela-
tionship between the design space and the model library). It
also requires that these model components are modeled
modularly, and that themodel components can be connected
dynamically. Finally, model construction requires that the
production control layer of the system can be automatically
adjusted to different system designs.

When constructing the model library, it is important to
define if and what performance measures the model com-
ponents should give as output after simulation. These

Explore 
design space

Construct  
model

Simulate

Evaluate

End

continue
stop

Simulation model

System design

Recommended
designs

Performance
indicators

Performance

Scenarios

Model library

Design space

Start

Figure 5: The method for design space exploration.
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Table : This table shows the design space matrix (DSM) for the case study, and it highlights one possible design.

The rows represent all output ports of the DSM, the columns represent input ports. The check marks indicate which connection between input and output
ports are allowed. The two columns to the right of the matrix and the two rows below the matrix indicate the minimum and maximum number of
connections that each port is allowed to have. The green encircled check marks indicate the connections in the current system design shown in Figure .
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performancemeasures are later used in the ‘evaluation’ step
to score the system design on the performance indicators
selected by the user of the design space exploration method.

3.2.1 Case study

For the case study, amodel library was built in Anylogic. The
model library consists of all model components for the plant
modules such as weighing and distribution described in
Section 2.3, and one model component for the production
controller. These model components are built using Any-
logic’s process-modeling library. Eachmodel component has
a number of input and/or output ports. Between the input
and output ports of a component, are a number of process-
modeling blocks, which describe the production processes
that are executed on the product, and their duration.

To model a complete system, specific instances of the
model components can be placed on a canvas. These instances
can be connected by their ports. Anylogic allows the model
components to be connected to each other through the call of a
function, allowing the same canvas to be used for all of the
different designs. Figure 6 shows a simulation model con-
structed based on the design of the current system. This design
is also highlighted in Table 3 and shown in Figure 3.

To correctly set up the model component of the pro-
duction controller, the possible routings through the system

have to be calculated for this specific system design. These
routings can be deduced from the connections which were
selected in the DSM, and from knowledge of how fillets flow
through themodules. For example, for themodel in Figure 6,
it can be deduced that fillets in lane 3 can be routed to either
the batchingDestination2 or the filletStripsDestination, and
that these fillets can be trimmed if necessary.

Besides the mincedMeatDestination, each destination
corresponds to a recipe as defined in Table 2. Each destina-
tion model component records which percentage of the
target throughput is fulfilled for the recipe corresponding to
that destination. These are the performance measures later
used in the ‘evaluation’ step.

3.3 Simulation

The third step in the methodology involves simulating the
constructed model. In order to accurately predict the per-
formance of a production system, it is necessary to simulate
its behavior under a range of conditions, as highlighted
by Penazzi et al. [7]. The operating conditions for which
the production system is simulated are described in a pro-
duction scenario. The selection of scenarios to be simulated
is determined by the designer of the system. In rigid pro-
duction systems, where operations are consistent, a single

Figure 6: The simulation model of a system design as built after the ‘model construction’ step. This figure shows the simulation model of the current
system design shown in Figure 3, which is also highlighted in the DSM in Table 3.
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scenario may be sufficient to predict system performance.
Conversely, in flexible manufacturing systems, a variety of
production scenarios may be necessary to obtain a compre-
hensive understanding of system performance. Additionally,
specific scenarios may be included to account for the intro-
duction of new products or machine breakdowns.

Besides selecting the simulation scenarios, simulation
parameters must be chosen. Law [21] notes that when
creating a simulation experiment it is necessary to tune
simulation parameters such as simulation duration, the
length of the warmup period, and the number of (indepen-
dent) simulation runs. Law describes some methods on how
these parameters can be tuned to find the right balance
between the accuracy of the results and computation time.
During each ‘Simulation’ step, the constructed model is
simulated for the chosen simulation scenarios and param-
eters. The outcome of this step is the performance of the
design under the specified scenarios. The performance
measures which are obtained in this step were previously
chosen during the construction of the model library.

3.3.1 Case study: selecting the simulation scenarios

As mentioned in Section 2.1, it is of vital importance that the
system performs well for the many different incoming
flocks. This requires that the effect of the mean fillet weight
of a flock on the performance of the system is analyzed.
Sensitivity analysis can be used to analyze the influence of a
parameter on the system’s performance [21]. A sensitivity
analysis was carried out on the current system layout, to
analyze how much influence the weight distribution of the
incoming flow of fillets has on how much of the target
throughput can be reached. The findings of this analysis
were that the fillet weight distribution does indeed have a
substantial effect on howmuch of the target throughput can
be reached (a difference of up to 20 % was identified). To
account for the variation in fillet weight distribution, five
summer scenarios and five winter scenarios have been
selected to be simulated in the case study, with mean fillet
weights ranging from 200 to 300 g. Table 4 shows the selected
scenarios. Increasing the number of scenarios furtherwould

result in a more accurate estimation of the variation in
performance, with the downside that it would take a longer
computation time to simulate all scenarios for every design.

3.3.2 Case study: choosing the simulation parameters

Next, the simulation duration, the length of the warmup
period, and the number of independent simulation runs were
chosen. These parameters are tuned to find the right balance
betweenaccuracy of results and computation time. These three
parameters were analyzed based on the simulation model of
the current system (shown in Figure 3) and the most common
production scenarios for both summer andwinter (scenarios 3
and 8 from Table 4). The performance measure in these two
scenarios is the average percentage of the target throughput
achieved for the four main recipes shown in Table 2 (not
including the fillet strips recipe). The goal was to find the right
settings that give an accurate estimation of this performance
measure for a low computation time.

First, the warmup period was chosen to be 200 s. The
warmup period is needed because enough fillets need to be
weighed before the production controller can make a pro-
duction strategy. Increasing the warmup period beyond
200 s has shown to have no demonstrable effect on the ac-
curacy of the simulation.

Next, an analysis was done on how the simulation
duration affects the accuracy and precision in predicting the
performance measures, and how it affects the computation
time of the simulation. The simulation duration was varied
between 400 and 25,600 s, and each setting was simulated 30
times. Figure 7 shows how the simulation duration affects
the accuracy and precision in predicting the performance
measures for scenarios 3 and 8. Calculating the precision and
accuracy requires a reference point. Preferably, this would
be obtained through experiments with the real-world sys-
tem. However, this was not possible in this case study, so
instead, the mean of 30 simulations with a duration of
25,600 s was taken as the reference.

In both scenarios, simulating 30 times with a simulation
duration of 3200 s resulted in a mean within 0.01 % of the
reference. This shows that the results are accurate; given
enough simulations of 3200 s the mean will converge to that
of the reference. All of the 30 simulations with a simulation
duration of 3200 s were within 1 % of the mean. This shows
that the results are also precise; the results of individual
simulation runs are close to each other. Combined, these
indicators show that one simulation run of 3200 s should give
accurate results which are likely to be within 1 % error.
However, there is no guarantee as these results are based on
the current system, and for only two scenarios. For any other
design or scenario, the same simulation parameters could be

Table : The  selected simulation scenarios. The summer and winter
recipes are found in Table .

Scenario Recipes Mean fillet
weight (g)

Scenario Recipes Mean fillet
weight (g)

 Summer   Winter 

 Summer   Winter 

 Summer   Winter 

 Summer   Winter 

 Summer   Winter 
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inadequate. A solution to this problem is to repeat this
experiment with the recommended designs to validate the
accuracy of the simulation results.

Finally, the expected total computation time for simulating
one independent simulation run of 3200 s for all scenarios (10)
and each design (11,520), was calculated to be less than one day.
This was deemed to be a good balance between accuracy and
computation time for the purpose of this case study.

3.3.3 Case study: total computation time

For each design, the constructed model was simulated once
for each of the chosen scenarios. All simulations were done
for 3200 s of production, during which a total of around
18,000 fillets are processed. In total, simulation of all 11,520
designs, 10 scenarios each, resulted in around 12 years of
production being simulated. This took roughly half a day of
computation, using a PC with an Intel(R) Core(TM) i5-8365U
CPU with 16GB of RAM.

3.4 Evaluation

In the final stage of the design space explorationmethod, the
performance of the designs is evaluated. This evaluation is

conducted using performance indicators selected by the
system designer. Which performance indicators are rele-
vant largely depends on the chosen production scenarios.
Different types of performance indicators might be required
for different scenarios. Only performance measures
included in the construction of themodel library can be used
in the calculation of these performance indicators.

Once a design has been evaluated, the outcome is
recorded, and the process proceeds to the next iteration.
This continues until all designs have been evaluated or
until a predefined stopping criterion has been met (e.g.,
the designer only seeks the first design that satisfies the
specified requirements). Ultimately, the method yields
one or more recommended designs based on their scores
on the selected performance indicators. However, there
are many methods for selecting which design(s) to
recommend. Two methods for single- and multi-objective
optimization are described below, and examples for both
are given in the case study.

The first proposed method is to use single-objective
optimization. A fillet processing system hasmany relevant
performance measures. When there are many different
performance measures, it can become difficult to identify
which designs are best. In such cases, an effective
approach can be to collect all performance measures into

Figure 7: Figures (a) and (b) show a ‘boxplot’. These figures show how the simulation duration affects the accuracy and precision in predicting the
performance measure in scenarios 1 and 2. The vertical axes show the percentage error in estimating the performance measure (percentage of target
throughput realized). The mean performance measure of all simulations with a duration of 25,600 s is taken as the reference. A simulation duration
produces accurate results if its mean is close to the reference. A simulation duration produces precise results if its estimations are close to each other (a
small ‘box’ and ‘whiskers’).
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a single objective function. The goal is then to find the
design(s) that score best according to this function.

Another option for selecting the best design is to use
multi-objective optimization to identify all designs that are
Pareto optimal. A design is Pareto optimal if no other design
scores better in at least one performance indicator, without
having to sacrifice in another performance indicator [22].
Multiple designs can be Pareto optimal, each offering a
unique trade-off between the selected performance mea-
sures. The advantage of this approach is that the system
designer can select which of the Pareto optimal designs of-
fers the best trade-off.

Besides optimization, this design space exploration
method can also be used for extensive analysis of the design
space. The case study shows two examples of how the
collected performance data can be used to answer specific
design questions.

3.4.1 Case study: single-objective optimization

The single-objective optimization approach is to select the
design that scored best on a chosen objective function. For
example, suppose that the goal is to find the design with the
highest 10-year return on investment (ROI), with the ROI
being calculated as follows:

10 − year ROI = (w + s) ⋅ P ⋅ Y
B + t ⋅M

⋅ 100%

With the following variables:
(A) The average percentage of target throughput reached in

summer scenarios over all recipes: s.
(B) The average percentage of target throughput reached in

winter scenarios over all recipes: w.
(C) The number of trimming modules: t.

And constants:
(I) Each percentage of throughput in summer and in

winter results in the yearly profit: P = $10000.
(II) The number of years over which ROI is calculated:

Y = 10 years.
(III) The base cost of the system: B = $10 million.
(IV) The cost of each trimming module: M = $50000.

When the design space exploration method is used to
optimize towards the 10-year ROI, then the method
recommends the design shown in Figure 8. This design has
the highest 10-year ROI at 167 %.

3.4.2 Case study: multi-objective optimization

The second approach is to use multi-objective optimization,
inwhich the goal is to identify all Pareto optimal designs. For

Figure 8: The design space explorationmethod recommends the design shown as it has the highest 10-year ROI. In the design, the selected connections
and modules are depicted in green.
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this approach, the three variables (A), (B), and (C), which
were also used in the calculation of the single-objective cost
function, are chosen as objectives.

Figure 9 shows the performance of each of the 11,520 de-
signs. In the figure, each dot represents one design. The per-
formance in summer scenarios (A) and winter scenarios (B) is
displayed on the horizontal and vertical axes, respectively. The
color of the dot indicates the number of trimmingmodules (C).
When judging the designs on these three performance

indicators, only the Pareto optimal designs are relevant (given
that your simulation is accurate enough). For each number of
trimming modules (C), the Pareto optimal designs that score
best in summer (A) andwinter (B) are highlightedwith a bigger
dot. These designs are in the top right corner of the figure. The
right figure zooms in on these 27 Pareto optimal designs. Also
highlighted in the figure with a star is the (Pareto optimal)
design depicted in Figure 8, which had the highest 10-year ROI
according to the single-objective cost function.

Figure 9: The performance for all of the 11,520 different designs. Each dot represents one design; designs that are Pareto optimal with respect to (A) and
(B) are indicated with a bigger dot. The right figure zooms in on these Pareto optimal designs. The Pareto optimal design which has the highest 10-year
ROI is highlighted with a star, and is shown in Figure 8.

Figure 10: The performance in summer and winter of systems with or without a trimming module in lane 4.
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A system designer can use Figure 9 to select which
design is most suited to the needs of the project. The designs
with the highest performance are in the top right of the
figure; these are the designs with three or four trimming
modules. The poor performance for systems with five trim-
ming modules might be unexpected as more trimming
modules should give more flexibility, and thus better results
(as it is always possible not to use the trimming module).
However, Algorithm 1 for calculating the production strategy
is rather naive, as it prioritizes the throughput of recipes
with a higher priority over getting an optimal overall
throughput. One takeaway of this analysis might be that a
better algorithm needs to be developed.

3.4.3 Case study: further analysis of the design space

This section shows how the collected performance data can
be used to further analyze the design space with regard to
specific design questions. An example of such a design
question is whether lane 4 should or should not have a
trimming module. Figure 10 shows which designs perform
better in performance measures for summer (A) and winter
(B): designs with, or without a trimmingmodule in lane 4. As
can be established from the figure, designs with a trimming

module in lane 4 outscore designs without one. Note that the
number of trimming modules is not considered, resulting in
a different set of Pareto optimal designs.

Similarly, it is possible to answer design questions with
respect to specific performance measures. Previously, the
performance was average over all of the four recipes. Sup-
pose that the system designer wants to analyze which de-
signs are best for fulfilling the target throughput of only
recipe 1.

Figure 11 shows the performance of each design with
respect to recipe 1. As can be seen in the figure, a design with
at least 3 trimming modules is required to obtain a 100 %
throughput for recipe 1 in all winter and summer scenarios.
The ‘clustering’ in Figure 11 is due to design choices being
discrete. There is a limited number of ways to connect the
incoming lanes to the destination of recipe 1. The difference
in performance between designs in a cluster is due to
random variation in the weights of fillets.

4 Discussion

In this section, each of the four steps in the design space
exploration method are discussed.

Figure 11: The performance of each design with respect to recipe 1. Pareto optimal designs with 3, 4, and 5 trimming modules in the top right corner
overlap, which is why the marker shows three colors.
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4.1 Discussion on design space exploration

The Design Space Matrix, while useful in describing the
design space of a production system, may not always be
sufficient for capturing the complexity of certain design
specifications. One such example is the requirement: if
component A is connected to component B, component C
must be connected to component D. Furthermore, the design
space may contain nonsensical or impermissible designs,
such as the creation of a loop in which a destination can
never be reached. Also, the current implementation only
allows changing connections or swapping modules in or out.
It does not allow for the parameters of these modules (e.g.,
their processing time) to be changed. One potential solution
to these issues is to use a specification language that can be
used to describe the design space, such as proposed in [24].

Another problem is that functionally equivalent designs
may existwithin the design space, resulting in a reduction in the
number of distinct designs. It is important to consider pruning
the design space of functionally equivalent designs [23].

The current approach for exploring the design space,
which involves iterating through various configurations, is
limited in its efficiency and effectiveness. Some alternative
methods formore intelligent exploration of the design space,
such as simulated annealing or genetic algorithms, are
proposed as potential solutions in Pimentel [23].

4.2 Discussion on model construction

The advantage of using a library formodel construction is its
reusability. Model components are reused in all the different
designs, and can even be repurposed in future case studies.
However, the main challenge in model construction is that
building a model library requires very specific expertise.

One of the challenges in constructing the model library
lies in creating a model for the production control layer. In
the case of a fillet processing system, the production
controller uses a generic design that can be applied to any
plant layout. This is possible because the production
controller always interacts with the other components in the
same way. Adapting the production controller to a new
design only requires all possible product routings to be
calculated.

However, more research is needed to determine how
the proposed model construction method generalizes to
other types of production systems. The method works best
for systems in which the production control layer is flexible
enough to deal with different designs. The proposed method
might not be feasible for systems in which the production
control layer needs to be tailor-made for each design.

4.3 Discussion on simulation

The bottleneck of this method is in the computation time for
simulating all designs. In the case study, simulating 12 years
of production, across 11,520 different designs and 10 sce-
narios, required roughly half a day of computation. How-
ever, when dealing with bigger design spaces, or with more
complex models, iteratively simulating all designs might be
infeasible. This makes it crucial to implement intelligent
methods for exploring the design space, in which not all
designs need to be simulated.

Still, even if intelligent methods for exploring the design
space are implemented, scalability can remain a challenge
for larger and more complex systems. The simulation of
even a small number of very complex designs can be
computationally expensive. Xu et al. [22] suggests that uti-
lizing multi-fidelity simulation, which utilizes models of
varying fidelity levels, may help reduce computational costs
by utilizing lower-fidelity models when many design alter-
natives are being considered.

4.4 Discussion on evaluation

As shown in Section 3.4, the evaluation of designs can be
accomplished through various methods. One method is
multi-objective optimization, which can be used to identify
Pareto optimal designs. This enables the designer to select
the preferred design from the available options. However,
when more than three performance indicators are present,
visualizing the system’s performance becomes challenging,
which may impede the designer’s ability to interpret the
results and select the best option. In such cases, it is rec-
ommended to employ an alternative approach that allows
the method to determine the recommended designs, such as
single-objective optimization.

Defining the right objective function is not always
straightforward, particularly when comparing the values of
different types of performance indicators. It becomes even
more difficult when scenarios that are completely different
must be compared. For instance, it is difficult to compare a
scenario where the system operates under normal condi-
tions with a scenario in which amachine failure occurs. One
solution to this challenge is to establish minimum re-
quirements that a design must meet, such as a minimum of
80 % target throughput for normal conditions and 60 % for
the case of a breakdown. Another solution could be to assign
weights to the different performance indicators, such as
assigning a weight of 0.9 to performance under normal
production and a weight of 0.1 to performance during ma-
chine failure.
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5 Concluding remarks

This paper presents a method for design space exploration
using discrete-event simulation in which most of the steps are
automated. This greatly reduces the time and effort required to
iterate throughdifferent designs. Thismethod takes as input the
specified design space of the production system, amodel library
with model components for each of the system’s modules, and
the chosen production scenarios and performance indicators.
The method has four steps: design space exploration, model
construction, simulation, and evaluation. Most of the effort
when using this method is in constructing the model library.
However, one of the biggest advantages is that this model li-
brary canbe reused for futurecase studies.Multiple approaches
are presented for evaluating the different designs in the design
space. It is shown how the system designer can use thismethod
for both single- andmulti-objective optimization, andhow it can
be used to answer specific design questions.

The method is validated through a case study of
industrial-level complexity. In this case study 11,520 different
designs are compared over 10 different simulation scenarios.
The presented case study shows that this method is effective
for design space exploration of poultry processing systems.
Our hypothesis is that these results extend to other types of
food processing systems, and production systems in general.

One of the main challenges of this method is in dealing
with case studies of increased complexity; the bottleneck of the
method is in simulating the many different system designs for
multiple scenarios. An improvement to the proposed design
space exploration method would be to iterate through the de-
signs more intelligently, which could be achieved by using
optimization methods, and/or by using feedback from the
‘evaluation’ step to identify which direction design space
exploration should continue. If needed, the computational cost
required for simulation could be reduced by using multi-
fidelity simulation.

Another challenge lies in the specification of the design
space. In this work, the design space is specified through a
design space matrix, which denotes which connections are,
and are not allowed in a design. This method is sufficient for
the case study presented in this paper, but it is quite limited
in terms of expressiveness. In future work, the authors
would like to integrate the more expressive design space
specification language proposed in Paape et al. [24] into the
design space exploration method of this work.
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