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Abstract 
To capture the dynamics in flexible manufacturing systems and derive appropriate production planning and control (PPC) strategies, simulation 
has proven to be a promising method. However, many simulation approaches focus on supply chain aspects, discrete production steps or were 
modeled for specific use cases involving a high degree of complexity. This paper presents an approach to structure manufacturing systems 
including parametrizable jobs, products and machines. It provides the option to choose from a normal, an energy- or time-efficient PPC strategy 
either minimizing the required time or energy demand. As a result, improved case-specific PPC strategies can be derived. 
© 2015 The Authors. Published by Elsevier B.V. 
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1. Introduction 

Nowadays, manufacturing companies face various 
challenges such as growing global competition and therefore 
increasing cost pressure, rapid technological progress, 
decreasing resources, increasing environmental challenges or 
the need for individualized products. These trends entail 
shorter product life cycles while producing a higher number 
of product variants as a result from more fluctuating customer 
demands. As a result, manufacturing paradigms have changed 
over the last two centuries leading to altered or new 
manufacturing systems (MS) and operations to account for the 
external, market driven requirements at the respective time 
[1]. At the beginning there was traditional craft production of 
individual products in small job shops. Sequential assembly 
lines have then been introduced as a next stage of evolution 
for efficiently producing high volumes of identical products, 
following the ideas of Taylorism. In the second half of the 
20th century, the lean manufacturing paradigm brought to light 
new elements and principles such as continuous production or 
one-piece-flow which were for instance realized by 
implementing flexible production cells. The invention of NC 
machines then facilitated the creation of new so called 

Flexible Manufacturing Systems (FMS) in the early 1980s [2], 
allowing for mass customization of products. 

Today’s trend towards personalized products demands for 
even more flexible MS, accelerating the need for further 
adaptations. Hence, satisfying the customer demands while 
producing cost-efficient in lot size 1 will be even more 
challenging for manufacturing companies. This situation is 
further exacerbated when stochastic system failures are 
included in the considerations despite having the need for 
maintaining an ongoing production to remain profitable [2]. 
As a consequence, modern MSs must feature an increased 
responsiveness to changes e.g. through flexible structures or 
flexible Production Planning and Control (PPC) strategies. 

2. Background 

2.1. Characteristics of flexible manufacturing systems 

Manifold definitions for flexibility in the context of 
production have emerged in research, as it has become a topic 
of high relevance during the last decades. In a general 
manner, flexibility can be described as the capacity of a 
system to change and assume different positions or states, 
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responding to changing requirements with low efforts like 
costs, time consumption or performance losses [3]. A popular 
classification comprises ten categories, allowing to 
characterize the flexibility of a MS [4,5]. 

Table 1. Flexibility categories for MS [4,5] 

Flexibility Type Explanation 
Machine Ability of machines to perform different 

operations without set-up change 

Material Handling Number of possible paths between all 
machines 

Operation Number of different processing plans 
available for part processing 

Process Set of part types that can be produced 
without major set-up changes 

Product Introducing products into an existing product 
mix 

Routing Number of feasible routes of parts 

Volume Ability to vary production volume 

Expansion Capability to physically expand the system  

Control Program The ability of a system to run virtually 
uninterrupted due to intelligent machines and 
system control software 

Production Number of all part types that can be produced 
without adding major capital equipment 

 
Research has also identified different types of MS, 

depending on their degree of flexibility and their suitability 
for different market demands. An easy distinction can be 
made between three general types - Dedicated Manufacturing 
Systems (DMS), Reconfigurable Manufacturing Systems 
(RMS) and Flexible Manufacturing Systems (FMS) [6-8]. 
DMS consist of highly specialized machines with a very high 
rate of production for the single part type they produce. 
Hence, DMS were the enabler for mass production, starting 
with Henry Ford’s moving assembly line, which allowed for a 
profitable way to produce high volumes [1,8]. FMS are 
systems which machines can produce different types of parts 
with little or no time or other effort for changeover. Usually 
these machines are processing stations and handling systems 
under computer control (CNC) for the automatic processing 
of pre-defined part families [8]. RMS is designed for rapid 
change in structure in order to quickly adjust capacity and 
functionality, which is enabled by two main aspects: First, the 
machines become Reconfigurable Machine Tools (RMT) 
through standardized and easy to change components. Second, 
self-adapting software systems allow for the quick and 
seamless integration of modular hardware [8,9]. However, 
these types of MS are not able to dynamically adapt to 
disturbances and a highly dynamic environment, but have to 
be stopped for adaptations [10,11]. Therefore, other MS types 
are needed that can be designated as Agile Manufacturing 
Systems (AMS) [12]. One kind of AMS is the Holonic 
Manufacturing System (HMS), describing a Multi-Agent 
System (MAS), which elements like products, machines and 
jobs act as autonomous cooperative agents, making 
decentralized decisions [13,14]. Such a system is intended to 
be resistant to disturbances and allows for an efficient use of 

resources, if suitable decentralized control strategies are 
applied [10,15,16]. 

2.2. PPC strategies 

Optimal production planning and scheduling is a major 
challenge for manufacturing companies. Particularly the task 
of job shop scheduling (JSS), allocating production jobs and 
resources like machinery, human and material is very 
complex. However, the basic problem can be described very 
simple as a number n of different jobs that need to be 
scheduled on m machines with the goal to minimize the lead 
time. In practice, the planning problem usually is much more 
complex due to multiple job and machine constraints, more 
complex MS structures and various target criteria. Hence, 
mathematical algorithms and simulation techniques are 
usually employed to generate optimal or at least good 
production schedules. Although the challenge of PPC has 
been studied for several decades, there is still a lot of ongoing 
research in this field. For an up to date overview see the 
review study of Negahban & Smith, comprising 290 recent 
papers [17]. A general overview about PPS approaches 
developed to solve the problem of JSS, dividing the existing 
approaches into two groups of techniques, is provided by 
Arisha et al. (see Fig. 1) [18]. 

In practice, the techniques related with priority rules – also 
referred to as dispatching rules – have the highest relevance, 
as they are easy to implement, aiming at good but not 
necessarily optimal solutions in a relatively short time [19]. 
Over the last decades, numerous rules have been described 
and examined regarding their performance in different PPC 
situations [20-23]. In the simplest form, priority rules order 
the jobs waiting in front of a machine according to some local 
criterion, assigning the highest priority job to the machine as 
soon as it is available [22]. Typical rules of this kind are for 
instance FIFO (first in first out), LIFO (last in first out), EDD 
(earliest due date), SPT (shortest processing time) or SRPT 
(shortest remaining processing time) [23]. However, none of 
the available rules generally outperforms the others for 
practical problem settings [18], hence the choice for a suitable 
priority rule has to be made considering the current situation 
and targets. 

 

 

Fig. 1. Techniques for solving JSS problems, adapted from [18]. 
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3. Concept for agent based PPC strategies 

The presented approach is based on an easy to handle 
simulation of a HMS, also featuring typical characteristics of 
an FMS such as a certain degree of machine flexibility, 
operation flexibility and routing flexibility. However, one 
must bear in mind that the main objective of the approach is 
not to present another very specific algorithm for a detailed 
planning case but rather a method for selecting and testing 
different algorithms and planning cases in one integrated 
environment. To enable this, the approach has been designed 
to be easily configurable and adjustable by the user. Besides 
the definition and configuration of all MS elements such as 
jobs, products and processes/machines, different PPC 
strategies can be selected and simulated regardless of the 
user’s knowledge about simulation. In that regard an energy- 
and time-efficient PPC strategy are suggested as two 
exemplary strategies. These strategies help identifying 
production schedule improvements by either decreasing the 
throughput time of jobs or decreasing the energy demand of 
the MS both subject to stochastic machine behavior and 
dynamic system interactions e.g. between different production 
jobs. Yet, the approach is not limited to those two strategies 
and can be adapted for other objectives following the 
proposed agent based structure.  

3.1. Workflow of concept and guidance for strategy selection 

The conceptual user workflow of the proposed approach is 
subdivided into four different steps as shown in Fig. 2. The 
first step facilitates the determination of an appropriate PPC 
strategy subject to the given manufacturing and order system. 
The second step involves an individual definition and 
configuration of the MS and all its relevant elements. During 
the third step the simulation runs are performed based on the 
underlying modeling logic to compute key performance 
indicators (KPIs) of the chosen strategy of the respective 
production jobs. The fourth and last step evaluates the KPIs 
subject to the dynamic MS behavior as well as the 
performance of simultaneously running production jobs. 
Besides the user work flow all steps are also linked to each 
other by data flows to enable a consistent applicability of the 
approach for the user. 

 

Fig. 2. User workflow for agent based PPC concept. 

3.2. Guidance for selecting a PPC strategy 

Prior to defining, configuring and evaluating different 
strategies, it needs to be clarified which strategy is most 
relevant for the given manufacturing and order system. To 
facilitate this decision-making process, the first step of the 

approach provides some guidance for selecting a suitable 
strategy, as shown in Fig. 3.  

Regarding the selection process, it is first necessary to 
distinguish whether the given MS allows for flexibility which 
can be represented e.g. by redundant machines for the same 
process. Depending on the decision it can be further examined 
whether the given manufacturing system allows for buffering 
of products or not. In the latter case, it seems most appropriate 
to follow a ‘normal’ PPC strategy which does not involve any 
decentralized product decision making logic by simply 
following the only given production sequence or path. 
However, if both initial decisions are granted the user needs to 
consider the importance of express or rush orders for the 
business and whether such orders should be included in the 
PPC or not. In case express or rush orders can be omitted, it is 
advised from an environmental point of view to choose an 
energy-efficient production strategy to save energy and 
possibly costs. Otherwise, the user needs to decide on the 
importance and frequency of the express or rush orders 
leading either to a blended strategy comprising both energy- 
and time-efficiently executed job orders or a solely time-
efficient PPC strategy. 

  

Fig. 3. Guidance for choosing an appropriate PPC strategy. 

3.3. Definition and configuration of manufacturing system 

In order to follow the proposed approach in a structured 
manner it is required to initially configure and define the main 
elements of the MS. This includes information about the 
involved processes and related machines, products and overall 
jobs as well as the MS layout. With respect to the processes 
and machines, different state based power demands and times 
e.g. for ramp up can be parameterized, whereas the product 
and job elements facilitate the configuration of individual 
process sequences and involved parameters, job starting 
times, product quantities, product priorities as well as the 
choice of a PPC strategy. In addition to that, the positions and 
sizes of the different machines can be specified by defining 
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the MS layout which helps to quantify e.g. transport time and 
individual machine buffer capacities.  

The definition and configuration of all relevant MS 
elements and its data is facilitated by a tool based on Excel®, 
which provides separate user forms for each element to 
specify the required data in a structured way.  

3.4. Modeling/Simulation of manufacturing system elements 

The modeling and simulation of the different MS elements 
require an approach that enables considering a dynamic 
system behavior and decentralized decision making logic of 
individual elements such as jobs and its products. Traditional 
process chain modeling and simulation where products and 
jobs usually represent certain events e.g. product arrival at 
machine triggering specific actions such as a machine process 
cannot sufficiently describe autonomously acting elements 
such as jobs and its products in a flexible system. This is why 
the simulation of the elements is realized following an agent 
based approach in combination with DES.  

3.4.1. Interactions of manufacturing system elements 

In that regard, single jobs, its products as well as the 
machines performing the different processes are modeled as 
agents. Fig. 4 shows the interaction and logical progress of the 
involved agents with each other. 

 

Fig. 4. Interaction between MS elements. 

At first all specified jobs are automatically created as 
individual agents according to the previously defined 
production schedule. Each job contains individual information 
and generates product agents accordingly. Each product agent 
is an individual instance of its class also comprising specific 
information. Next, each product selects the optimal machine 
of the MS depending on its individual information. 
Simultaneous to the job creation all involved machines are 
created as agents as well and positioned in the manufacturing 
layout in accordance to their specific parameters. These 
machine agents can then receive different products, fail and 
require maintenance as well as perform their specified process 
on the products while writing the process relevant information 
into the product agent such as energy and time demand per 
process step. After the process is finished the product agent 

moves to the next machine agent until all process steps and all 
jobs are completed.  

3.4.2. Logic of energy- and time-efficient PPC strategies 

This subsection deals with the routing of the products 
through the MS. Depending on the chosen PPC strategy (see 
Fig. 3), the respective product paths can be quite different for 
each product of the same job resulting from the inherent 
decentralized control logic within each product agent making 
independent decisions (see. Fig. 4). Fig. 5 (a) illustrates the 
overall control logic of a product agent in a schematic 
manner. Subsequent to the dynamic creation of the product 
agent and the initialization of all relevant job information, the 
product agent starts with the first production process as 
specified in the process sequence for each product.   

However, in a flexible MS multiple machines might be 
suitable for the same production process. In that regard, the 
decentralized control logic of the product agent determines 
the next optimal machine for the required process type subject 
to the specific job information such as job priority and chosen 
PPC strategy. This decision is made whenever a new product 
first enters the system or when it is completed at one machine 
and selects the next machine. 

For an energy-efficient PPC strategy the respective product 
would choose the machine with the lowest energy demand for 
the production step regardless of any time constraints such as 
longer set-up or processing times. The lowest energy demand 
is represented by the minimal sum of the processing ( .pr

iE ), 
idle ( .id

iE ) and ramp up ( .ru
iE ) energy for the specific 

product on a machine i, as shown in Eq. (1). Furthermore, it is 
assumed that each process can be performed by multiple 
machines, but each machine can only execute one process. 

...min ru
i

id
i

Ii

pr
i EEEE                                        (1) 

The decision which machine might be the best choice for 
the product to minimize time is determined by the sum of the 
following times for each machine i that yields the lowest 
value according to Eq. (2): 

 .prT = processing time for the specific product, 
 .ruT  = machine ramp up time, 
 .suT  = set-up time in case of a new product type, 
 .mtT  = maintenance time comprising frequency of total 

productive maintenance (TPM), stochastic failure rates and 
a mean time to repair, 

 .tpT   = transport time from current to possible machine, 
 .waT  = waiting time due to preferred products at machine 

buffer with a higher priority and remaining processing time 
of current product. 

.....min wa
i

tp
i

mt
i

su
i

ru
i

Ii

pr
i TTTTTTT          (2) 
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Fig. 5. (a) Overall flow chart of a product agent; (b) Flow chart for determining the waiting and maintenance times of a product at a specific machine. 

Apart from the more obvious time calculations e.g. for the 
product processing, machine ramp up, set-up and product 
transport time, Fig. 5 (b) shows some of the more complex 
steps that need to be taken into account when the potential 
waiting and maintenance times are computed at the product 
agent’s time point of decision. In that regard, the product 
agent checks ex-ante at which position k it would be listed if it 
moved to the respective machine i depending on the product 
being processed and/or the ones already that are waiting. In 
addition to that, it is initially checked whether the product 
belongs to a normal, energy- or time-efficient PPC strategy. 
This aspect particularly gains in importance when mixed PPC 
strategies have been selected (see. Fig. 3). Together with the 
computation of the estimated maintenance time the product 
agent determines the real overall time for this processing step 
at this point of time and moves to the preferred machine.  

However, during the course of production it cannot be 
ruled out that other new production jobs with a higher priority 
might be released to the MS, as indicated in Fig. 5 (a). As a 
consequence, it may happen that a new product with a higher 
product priority (e.g. due to a rush or express job) arrives at 
the same machine. In that case, the product agent is allowed to 
check for an alternative new optimal machine due to its new 
positioning in the waiting or buffer area leading to a 
prolonged waiting time. Yet, this may entail that product 
deadlocks occur where products are constantly moving 
between different machines without being processed at all. To 
prevent such deadlocks from happening each product agent is 
only allowed to change between machines twice per process 
step. 

This decentralized control logic is repeated for all product 
agents until each product and job is completed. 

3.5. Evaluation of PPC strategies 

The last work step of the proposed approach deals with an 
evaluation of the results. This step is important to identify 
measures for improvement for existing and future PPC 

strategies alike. Since all system element agents (jobs, 
products and machines) provide information about the 
prorated energy and time per job and its products it is possible 
to derive detailed as well as aggregated MS information. On a 
detailed level the share of energy and time per product and 
machine can be easily quantified. This helps identifying the 
most value- and non-value adding processes for the system. 
Whereas from an aggregated perspective different planning 
scenarios regarding the systems robustness can be evaluated. 
This may lead to new investment decision e.g. concluding the 
integration of new, redundant machines to optimize system 
KPIs such as the utilization rate or to decrease the impact of 
machine failures on the system performance. In addition to 
that, the systems capabilities can be more accurately evaluated 
in terms of varying job lead times and boundaries due to job 
interdependencies which can be utilized again for production 
planning, scheduling and control. This helps to quantify and 
generally grant a flexible product price structure depending on 
the time pressure of the respective job which can be a 
significant business benefit. 

4. Case Study 

The developed approach was applied to parts of the 
manufacturing of transmission shafts. This case was chosen 
due to a good availability of data from former studies, 
including measured data. Although machine, process and 
product data were available it needs to be mentioned that the 
MS itself does not feature a flexible product routing yet. 
However, the potentials of such a flexible routing can be 
assessed with the proposed approach in order to derive 
appropriate investment or scheduling decisions. To analyze 
the effects of different PPC strategies multiple influencing 
factors need to be considered, such as the amount of jobs, 
uniform or differing job sizes, job starting point or initial 
sequencing/sorting, job priority, chosen PPC strategy, product 
specific set up and cycle times per machine, stochastic 
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machine failures etc. In the given scenario, the following 
configurations of the jobs are assumed: 

 Number of involved processes: 4, 
 Number of available machines per process i (Pi): P1 (3 

machines), P2 (4 machines), P3 (3 machines), P4 (2 
machines), 

 Each machine has individual parameters, e.g. for power 
demands, ramp up times, efficiency rates etc. 

 Number of jobs: 5, 
 All jobs require 4 process steps in different sequences, 
 Priority of job i (JPi), where 1 indicates the highest priority 

and 5 the lowest: JP1=3, JP2=4, JP3=2, JP4=5, JP5=1 
 Uniform job size of 10 products per job, 
 Differing set up and cycle times per product per machine, 
 Two different starting points of jobs: job 1-3 start from the 

beginning whereas job 4-5 start after an offset, 
 Stochastic machine behavior and failures are included 

using the Weibull function. 
 
The results for this scenario are shown in Table 2, where 
negative values indicate less and positive values more energy 
or time. 

Table 2. Comparison of different planning strategies and resulting trade-offs 

Criteria Normal 
strategy (NS) 

Energy-efficient 
strategy (EES) 

Time-efficient 
strategy (TES)

Energy demand [kWh]  70,4 48,8 94,4 

Lead time [s]  13102,5 15916,6 11721.9 

 to NS: Energy  -30,7% 25,5% 

 to NS: Time  17,7% -10,5% 

 to EES: Energy 30,7%  48,4% 

 to EES: Time -17,7%  -26,4 

 to TES: Energy -25,5% -48,4%  

 to TES: Time 10,5% 26,4%  

 
With respect to the results it becomes clear that all 

strategies imply certain trade-offs that need to be considered 
prior to making a decision. Furthermore, the presented 
scenario states only one possible case out of many. Therefore, 
the final decision regarding the most suitable composition of 
PPC strategies has to be made by the user himself/herself in 
accordance to his/her objectives. 

5. Conclusion 

The presented approach can be a promising guidance for 
production planners to assess their MS performance in general 
and the effects of different job configurations in particular. 
This progress is facilitated by a decision support for selecting 
a suitable PPC strategy for the given MS and different jobs. In 
that regard, the approach distinguishes between a normal, an 
energy- or time-efficient PPC strategy that can be chosen for 
each job and therefore its products. Apart from the selection 
of the job strategy, the approach also allows for a 
prioritization of each job. The combination of the job strategy 
and priority then determines the individual product routing 

through the system. Due to the agent based structure of the 
simulation model individual product and job characteristics 
can be revealed and compared with each other e.g. indicating 
longer product and job lead times or the individual amount of 
embodied energy of each product. Based on this information 
more sophisticated decisions regarding new investments 
and/or system alterations can be derived. 

Further research will focus on concepts for smart intra 
logistics enabling quick set-up times and material supply. 
Furthermore, new control algorithms for higher energy and 
resource flexibility e.g. through automated machine shut 
downs are worth considering as well as questions regarding 
the economic benefit of such systems and strategies are yet to 
be answered.  
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