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Abstract 

Decision support tools are essential to help the management of industrial systems at different levels: strategic to size the system; 
tactical to plan activities or assign resources; operational to schedule activities. We present a generic and modular decision 
support tool to solve different problems of planning, assignment, scheduling or lot-sizing. Our tool uses a hybridization between 
a metaheuristic and a list algorithm. The specification of the considered problem is considered into the list algorithm. Several 
tactical and operational problems have been solved with our tool: a problem of planning activities with resources assignment for 
hospital systems, a lot-sizing and scheduling problem taking into account the setup time for plastic injection, and a scheduling 
problem with precedence constraints. At the strategic level, this tool can also be used as part of the Industry 4.0 to design 
reconfigurable production systems. This paper summarizes some problems solved with the proposed tool, and presents the 
evolution of our tool. 
 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 27th International Conference on Flexible Automation and 
Intelligent Manufacturing. 

Keywords: Agile manufacturing; Scheduling algorithms; Heuristic searches; Resource allocation; Industrial production system.  

 

 
* Corresponding author. Tel.: +33 3 20 62 27 69. 

E-mail address: nathalie.klement@ensam.eu 

© 2017 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the scientific committee of the 27th International Conference on Flexible Automation and 
Intelligent Manufacturing

http://crossmark.crossref.org/dialog/?doi=10.1016/j.promfg.2017.07.293&domain=pdf


1685 Nathalie Klement et al.  /  Procedia Manufacturing   11  ( 2017 )  1684 – 1691 

1. Introduction 

Industry 4.0 is the main international program which aims at improving the operational system in companies. 
More 
companies are concerned by this approach. Thanks to Internet of things, “things” are connected to ease the 
communication, but other improvements may be envisaged. An integration of the whole production system is 
needed. Managers need to fully control the production, the actual one and the future one. Decision Support Systems 
are needed to help managers to decide. Because of Industry 4.0, more data are available, more variability can be 
considered, so DSS become necessary. How can the future demand be integrated without major changes in the 
actual layout? The production system needs to be flexible to face the variety of products and the quantities of 
products. A lot of problematics are concerned by this 4th industrial revolution: sizing of the shop floor, sizing of 
resources, planning of activities, assignment of resources, scheduling of activities. To propose some decision 
support tools to help the manager, new trends need to be considered such as continuous improvement, Big Data or 
collaborative robotics [1]. For instance, it would be necessary to use the data in the shop floor to treat them in real 
time to adapt the schedule and the planning to the hazards, a link with the used ERP by the company needs to be 
done. Thanks to collaborative robotics, flexible production means can be used in our future flexible and agile 
production system, which will be reconfigurable. Many companies are actually thinking about converting their 
actual system into a reconfigurable production system. 

We propose a decision support tool which can be used to design reconfigurable production system. At a 
beginning, three static problems have been studied, in which the demands are already known. We focused on many 
problems: planning, scheduling, resources assignment. These problems can be summarized: they represent a system 
in which activities have to be done over a horizon planning. Each activity has some characteristics such as 
processing time and needed resources. Some resources are available to process the activities. The system is ruled by 
some constraints. Different objectives can be achieved such as optimizing the productivity of the system. Once this 
tool has been validated for the static problems, we can focus on the dynamics ones: the demands are not completely 
known, they can vary in quantity and/or variety of products.  

Section 2 presents the generic and modular decision support tool we developed. Some examples of problems that 
have been identified and solved are presented in Section 3. Our future work will focus on the reconfigurable 
production systems, presented in Section 4. This paper ends by a conclusion in Section 5. 

 

2.1. Genericity 

The proposed tool, illustrated by Fig. 1, uses a hybridization of a metaheuristic and a heuristic, specifically a list 
algorithm. A single solution based metaheuristic or a population based metaheuristic can be used. The encoding 
used by the metaheuristic is a list Y of activities. List algorithm L considers the activities according to their order in 
list Y, to plan and assign them to the required resources, considering the problem constraints. This builds solution X. 
Objective function H evaluates solution X. According to this evaluation, the solution is chosen or not by the 
metaheuristic. At the end of the computation, the given solution by the hybridization is the best list Y  of activities: 
the one which optimizes the objective function by applying the list algorithm. This hybridization can be used to 
solve many problems: only the list algorithm and the objective function need to be specific to the considered 
problem by integrating the different constraints which rule the system, and the objectives to achieve.  

Fig. 1. Hybridization Metaheuristic – List algorithm 
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2.2. A list Y of activities 

The general scheme of the encoding is given by Equation (1), with Ω the set of all lists Y and S the set of all 
admissible solutions X built by the list algorithm L. Ω is the set of all permutations of activities. Cardinal of Ω is N! 
with N the number of activities. Y  is a list of activities. More details about the encoding are given in [2]. 

                (1) 

2.3. Metaheuristic 

The metaheuristic performs in Ω. An initial solution is randomly computed: a list of activities randomly sorted 
between one and the number of activities. A neighborhood system is used to visit the set of solutions; it allows to go 
from one solution to another one. Neighborhood system V is a permutation of two activities in list Y: the activity at 
position i permutes with the one at position j, with i and j two different random numbers. V satisfies the accessibility 
and reversibility properties. Several metaheuristics have been used: some single solution based metaheuristics such 
as iterated local search and simulated annealing. 

A simple descent stays in the first found local minimum. [3] showed that an iterated local search allows to go out 
from this local minimum. After having applied a local search, the current solution is disrupted to go out from the 
local minimum. A new local search is applied from the disrupted solution. Kangaroo algorithm is an iterated local 
search. It consists in applying a stochastic descent, but if there is no improvement of the current solution during A 
iterations, a jump is made. The used formula to compute the number of iterations A is given by Equations (2) and 
(3). To make this jump, a solution is chosen in a neighborhood system W, different from V. Kangaroo algorithm 
converges in probability to the set of optimal solutions if neighborhood system W satisfies the accessibility property. 
We choose W as the consecutive application five times of V. 

                   (2) 

                   (3) 

Simulated annealing is inspired by a process used in metallurgy which consists of alternating cycles of slow 
cooling and heating. Inhomogeneous simulated annealing was used by [4] to simulate the physical cooling in 
metallurgy. Applied to the optimization field, it consists in executing a descent with a non-zero probability to choose 
a worst solution than the current one. This probability decreases while the number of iterations increases. [5] proved 
that simulated annealing converges in probability to the set of optimal solutions if neighborhood system V satisfies 
the accessibility and reversibility properties. Two parameters are used. The initial temperature  is chosen such as 
all the transitions are accepted at the beginning, defined by Equation (4). The decreasing factor α is chosen such as 
the final temperature  is close to zero, computed as Equation (5), with IterMax the maximum number of iterations.  

                  (4) 

                    (5) 

2.4. List algorithm 

A list algorithm is used to build the solution X from the list Y: it assigns the activities to resources over the 
horizon planning according to the problem constraints. List scheduling algorithms are one-pass heuristics that are 
widely used to make schedules. [6] defined standard list scheduling algorithm as the construction of a schedule by 
assigning each activity in listed order to the first resource that becomes idle. It is important to work with a list 
algorithm because the metaheuristic browses the set of lists Y. So the used algorithm needs to consider the order of 
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the list to assign activities to resources over the horizon planning. The developed list algorithms are detailed in 
Section 3. 

2.5. Objective function 

Solutions are compared according to an objective function which characterizes the quality of the solution. The 
aim of our tool is to find the solution X  defined by Equation (6). The used objective functions are detailed in 
Section 3. The weighed criteria method defined by [7] is used. The objective function is a weighed sum between 
some criteria. An example with two criteria and  is defined by Equation (7).  is defined by Equation (8), so 
both criteria can be easily readable. This method can be used with more than two criteria. 

                   (6) 
                  (7) 

         
          (8) 

 The best list Y

Algorithm 1 describes the whole method with the example of simulated annealing as the used metaheuristic. Set 
Ω of lists Y of activities is browsed thanks to the metaheuristic using neighbourhood system V. Lists are compared 
thanks to list algorithm L and objective function H. According to an acceptance criterion, some lists are selected. At 
the end, the metaheuristic gives the best found list Y .  

3. Applications 

In the industrial engineering field, many problems can be solved according to the used decision level. Some of 
these problems are summarized in Table 1. The applications presented in the current section are about tactical or 
operational level. Data used as an entrance of our tool and results given by our tool are different according to the 
considered level. For example, at the operational level, production plan is a result given the description of the shop 
floor, while at the strategic level, description of the shop floor is a result given the production plan. Each problem is 
detailed in the same way: analysis, the two specific parts (list algorithm and objective function), some results. 

   Table 1. Decision levels and problems. 

Decision level Horizon timing Studied problem 

Strategic Years Sizing of the problem 

Tactical Months Activities planning & Resources assignment 

Operational Weeks, Days Activities scheduling & Response to hazards 
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3.1. Activities planning and resources assignment 

Our method has firstly been used to solve an activities planning and resources assignment problem in a multi-
place hospital context [8]. The application has been made for the medical imaging department. The planning horizon 
is divided into periods. Each period represents one half-day. Activities are exams. The hospital system is composed 
by several places. Some material resources belong to each place. Each material resource has an opening schedule. 
All material resources cannot treat all the exams, there are some incompatibilities between exams and material 
resources. Each exam has a given processing time and a due date before it has to be done. The objective is to assign 
each exam to one material resource during one period, respecting the time and compatibility constraints. 

This problem has been analyzed as a bin packing problem [9]. The proposed list algorithm assigns each exam to 
one resource and one period. It is an extension of an existing list algorithm to solve the bin packing problem: First 
Fit. It consists in assigning the exams to the first available couple (resource, period). Compatibility between exam 
and couple must be respected. Exams have to be done as soon as possible so all resources from one period are tested 
before going to the next period. Current exam Yi is assigned to couple (resource, period) if available time in this 
couple is bigger than the processing time of exam Yi and if exam Yi is compatible with the resource. A new period is 
considered if there is no couple in the current one with enough time to receive the exam. 

The objective function represents the timing aspect of our problem. Exams have to be done as soon as possible, 
thus the makespan, the period assigned to the last exam, should be considered. Because many solutions may have 
the same makespan, we choose instead the sum of assigned periods to all exams, so the solutions can be dissociated. 
Another criterion is considered to ensure that most of the exams are assigned before their due date. This criterion is 
computed as the number of exams assigned after their due date. 

Our tool provides a good planning of exams, with the assignment of one resource and one period to each exam, 
minimizing the objective function. We could also add the assignment to human resources. Human resources can 
move over the different places belonging to the hospital system. Each human resource has a planning defining its 
availability. Each human resource has some skills to use some material resource. The new objective could be to 
assign each exam to one material resource and one human resource during one period. Some additional constraints 
have to be considered for each assigned exam: the capability of the human resource to work on the material 
resource, the availability and the location of the human resource at the place where is the material resource. 

3.2. Lot-sizing and scheduling 

The second solved problem with our tool is a lot-sizing and scheduling problem with setup and due dates, for the 
injection plastic case [10]. Activities are jobs to schedule. A set of N jobs has to be scheduled on shared machines 
with their respective mold. Each job has a given processing time and an associated due date. A sequence dependent 
setup time is required when the production changes over from a job requiring a given mold to a job requiring a 
different one. A job is not allowed to be split but several jobs, requiring the same mold, may be grouped together to 
form one lot and, thus, saving setup costs. Due to compatibility factors, each mold can only be allocated to a subset 
of the available machines. Each mold is unique; thus the same mold cannot be allocated to different machines during 
the same time period. The objective is to allocate jobs to each available machine and define the processing sequence 
on each machine in order to minimize the total tardiness. 

The proposed list algorithm to solve this problem is given by Algorithm 2. 
The evaluation of a solution is made according to the value of the total tardiness. For a given solution, for each 

job, the difference between its due date and its actual final date given by the solution is computed. Then the sum of 
all tardiness for all jobs is made. The number of setups is not considered because all that matters is to minimize the 
tardiness while delivering the jobs. 
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For small instances (2 machines, 10 or 15 jobs), the solutions built by our method were compared to the optimal 
one obtained by solving a mathematical model with CPLEX. It was found that our proposed method gives an 
optimal solution for these two instances. Next, our solutions were compared to the ones daily used by the injection 
company. Thanks to our method, an average reduction of 25% of tardiness is achieved. 

3.3. Scheduling with precedence constraints 

The third application is a scheduling problem considering precedence constraints between activities. A set of 
metallic components is to be produced to satisfy the demand from an assembly line. Each component has to follow a 
processing sequence to be produced and each operation in this sequence requires a given machine. The planning 
horizon is a week which is divided in five periods of one day. To satisfy the demand from the assembly line, a set of 
different lots of components is to be produced in each day of the planning horizon. Thus, a set of N jobs has to be 
processed on a set of M machines. Each job is defined by a sequence of operations that are associated with a 
particular machine. Each operation has a processing time and there is a setup time between the processing of two 
consecutive operations which is sequence dependent. Each job has a requested period. Each machine has an opening 
schedule. We consider a penalty function, composed by two parts: a storage cost (earliness) if the job is produced in 
a period prior to the requested one, and a tardiness cost if the job is produced in a period after the requested one. The 
objective is to define the operations sequence in each machine in order to minimize the total penalty. 

The list algorithm works in two phases. During the first one, operations are assigned to the needed machine, 
respecting the precedence constraints, during the requested period. The second phase revises the solution previously 
built: if operations are assigned overtime, they are moved to the previous or next period, respecting the precedence 
constraints. If all jobs cannot be done during that week, they will be strongly penalized and done next week. 

The evaluation of a solution is made according to the value of the total lateness as defined by the penalty 
function. For each job, we compute the difference between the period in which it is concluded and the period for 
which it has been required. The weights of earliness and tardiness are different.  

One instance, representative of the reality, has been created. Result of using our method is promising. It was 
decided that the researchers involved in this project will continue their collaboration with the company in order to 
keep developing the proposed tool to solve real size problems. 

 

At operational and tactical levels, the previous examples may be part of the context of Industry 4.0. Thanks to the 
Information System, results given by our tool considering planning, scheduling, assignment, and lot-sizing problems 
can be transmitted live to the shop floor. For instance, the shop floor can apply the determined schedule and 
assignment by producing the right product with the right resource at the right time. Dynamics problems could also 



1690   Nathalie Klement et al.  /  Procedia Manufacturing   11  ( 2017 )  1684 – 1691 

be considered, by defining an appropriate horizon planning. If hazards or variability of the demands are considered, 
the running of our tool may be done often, to actualize the schedule and assignment in response to these changes.  

At a strategic level, we intend to size systems for the next years. One objective is to determine the needed number 
of resources. But because the variety and quantity of products are not stable and not easily predictable for the next 
years, we should consider new trends, defined by the Industry 4.0 project. 

4.1. Agility and flexibility 

 The current market context is characterized by global competition between industries, high product variety and 
variable volumes. Those are keys that require the launch of products with a short life cycle and a high degree of 
customization. To do so, reconfigurable layout has been introduced. One first definition has been given by [11] as 
“the change of an existing plant configuration to another that optimizes costs and time”. Since then, many 
researchers are working on the subject. [12] summarized in Fig. 2 different strategies of reconfigurability. 

Fig. 2. Changeability strategies 

Our proposed tool may be used to solve such problems, where production system should be convertible to face 
the increasing product variety, and extensible to face the increasing volumes. The method first starts with an 
analysis of the system: what are the demands or future demands and what are the constraints ruling the system. At 
the opposite of the previous applications, type and number of resources are a result given by our tool, according to 
the production. Many factories or companies are actually focusing on this problematic. To help them to understand 
better our proposed solution, we could also use some simulation tool. The optimization part, using the proposed tool, 
will define one good solution of the problem. This solution is then simulated, using the data or future data of the 
company, with performance indicators that the company is used to understand. Fig. 3 summarizes the method. 

Fig. 3. Hybridization: optimization and simulation 

4.2. Collaborative robotics 

Thanks to collaborative robotics, robots and human can work together. Safety barriers are not needed anymore. 
Security has increased because these robots are more sensible. Thanks to many captors, they know when the human 
is close to them. So they can adapt their work and speed. If a contact is made between the robot and the human, the 
robot stops and needs a human action to start again its work. These robots are less imposing than traditional robots. 
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Because safety barriers are not needed, these robots can easily be moved from one place to another place of the 
layout. Mobile collaborative robotics is also existing, where the collaborative robot is put on a mobile platform. In 
this way, the robot can move independently. Moreover, these robots are easily configurable. While with a traditional 
robot or machine, a changing of production needs a changing of tools with setup, a collaborative robot only needs to 
change its program. Collaborative robotics should be used in reconfigurable production system. They will be 
compatible with more products, they need less or shortest setups, they can move from one place to another in the 
layout and they are smaller than the traditional machines. All these characteristics can easily be modeled and better 
used with our tool.  

4.3. Big Data 

Some new technologies have emerged the last years: Internet of Things, RFID, Cloud Computing, Mobile 
Devices, etc. Each company can have much more information about the running of its system: it is called Big Data. 
Manufacturing Execution Systems exploits Big Data to collect data about the system in real time. [13] discussed 
about the future of MES. It has to be decentralized, vertical integrated to consider the whole supply chain, mobile 
and connected, and using the cloud computing. The future evolution of our tool needs to consider Big Data. But how 
to collect every available data? How to treat these data? And how to exploit them? Big Data can feed our tool to 
generate more entry data to describe the system. The better the system is known, the better the proposed solution 
will be. Once our tool has built some solution, it can feed the MES. For example, if the proposed tool is used at an 
operational level, it will build the schedule of activities day to day. This schedule is transferred to the required 
resource. Another use is the response to hazards: if some resources are missing, our tool needs to be efficient enough 
to compute in real time a new schedule considering the missing resources. Big Data, which is an axis of study part 
of Industry 4.0, can improve the use of our tool. 

5. Conclusion 

Because of the quick evolution of the market, future demand in finished products is highly not predictable in 
quantity and variety. Production system needs to be adapted. To do so, some new definitions of production systems 
have been given: they need to be reconfigurable, agile, flexible or changeable. But how to design them and maintain 
them? We proposed a generic and modular decision support tool. It already solved many problems with a static 
dimension where the demand is known. It can now be used to consider reconfigurable production system. It can 
design a new layout, defining the right number of needed resources, considering the future demand. Because this 
demand is supposed highly variable, some new means of production such as collaborative robotics main be 
considered. Many information is needed to describe the system. Big Data needs to be integrated to our tool. Once 
the system has been designed, our tool could be daily used, to schedule the activities, facing the possible hazards. 
Our method can build a good solution in less than a few minutes. Our research activity is in the heart of industrial 
problematic in the context of Industry 4.0. Many companies are thinking about new systems which can face the 
future demand in variety and/or product. This purpose is experimented in our laboratory with an experimental field. 
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