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Abstract 
Optimization of production processes is essential for competitiveness in industry and nowadays this activity can benefit from 
datasets combined with simulation based solutions. In this study the authors propose application of this approach to the field of 
shoe production chain, with particular attention to improvement of coordination among its participants. 
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1. Introduction 
Introduction of innovative solutions and relative 
optimizations and improvements are key factors of 
success or even of survival in industry. Despite this fact, 
in various fields adoption of new technologies and 
methodologies is very limited. In some cases, it is 
caused by nature of operations, for example it could 
happen when an industry can't be fully automated, such 
as in the case of craftsmanship, but happens sometimes, 
also due to personal perception and preferences of 
decision makers. Indeed, some small and especially 
family-based activities try to continue operation in 
familiar way, until it is possible. In any case, at some 
point a production chain becomes poorly competitive, 
which puts relative decision maker in search for possible 
solutions, which could consist of adoption of innovative 
techniques for production or for governance of the 
process itself (Bruzzone et al., 2020a; Bruzzone & 

Longo, 2013a). Indeed, while in some cases it could be 
possible to automate, at least partially, production line, 
in others, main benefit would be provided by reshaping 
or modification of the production logic itself 
(Siemieniak, 2004; Masood, 2006); in such case the 
operation is not limited to a particular process but 
includes different aspects, which could be also 
interaction with suppliers and clients. In such case the 
improvement could be in cut of time required to supply 
materials, optimization of transportation costs, 
reduction of idle goods in the warehouse. However, 
results of such optimization could be difficult to assess 
due to complex nature of interactions. Indeed, an 
industrial process which involves multiple independent 
participants characterized by different policies, 
regulation and specific work-related characteristics, 
makes its behavior similar to that one of System of 
Systems (SoS) with consequent difficulties in prediction 
of result of specific interventions (Bruzzone et al., 2011; 
2007). 
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Figure 1. Shoe production chain 

To address such issue, it is possible to build a simulation 
model capable to reproduce different aspects of entire 
production process, with the goal to be able to perform 
experimentation on the simulator, hence, to find 
optimal or near optimal solution, identify required 
resources and check for potential pitfalls (Jimeneze et 
al., 2012). Indeed, based on analysis of years of 
production-related data it could be possible to identify 
such parameters of participants as average and median 
lead time, typical deviation in delivery time etc.  

Hence, utilization of this information could be used to 
create also a Monte Carlo simulation and to obtain not 
only most probable results for chosen configurations, 
but its statistical distribution, making possible even risk 
assessment of proposed changes (Raychaudhuri, 2008; 
Longo 2011). Indeed, this approach is nowadays used in 
variety industrial fields (Lamas-Rodríguez et al., 
2020a). One of possible fields of application of this 
approach is related to the production chain of shoes, 
which is typically composed from different suppliers of 
materials, third-party manufacturers responsible for 
specific parts of the preparation as well as principal 
production site in which the final product is assembled 
and tested (Hassan et al., 2019). At the same time, 
available data could be used to feed machine learning 
algorithm in order to have even better estimation of 
outcome (Bruzzone et al., 2020b; 2019b). 

2. Case Study 
In order to illustrate possibility of optimization the 
authors analyzed case study related to the shoe 
production chain, presented in the figure 1. As it is 
possible to observe from the scheme, the scenario is 
characterized by the presence of several suppliers of 
material and parts (e.g. leather, insoles), sub-
contractors responsible for elaboration of some of the 
materials and parts, principal production facility, in 
which the final product is assembled and stored as 
well as final clients which trigger entire 
manufacturing process. The process of interest starts 
from receiving of pre-orders from the clients, 
consequent placement of orders to material suppliers, 
receiving of materials with consequent control, 
redistribution of some of the materials among the 
sub-contractors for specific processing and finally 
assembly and quality control in the production site. 
From this point it is evident importance of proper 
interaction among all participants; indeed, delay in 

supply of a single component puts at risk delivery of 
entire lot to a client. Furthermore, number of 
interactions introduces uncertainty in time which 
passes between acceptance of order to the client and 
shipment of the ready product (Koh & Saad, 2006). In 
fact, in this particular case of interest one of the main 
objectives is related to reduction of production time 
while maintaining at required level other performance 
indicators. From this point, it is evident benefit of 
introduction of simulation-based decision support 
tool, capable to evaluate different strategies of 
acquisition of materials, distribution of orders and 
subcontracting. Indeed, similar solutions are very 
diffused nowadays and employed in different fields, 
starting from logistics and up to crisis management in 
critical infrastructures (Bruzzone et al., 2019a; 2017; 
Lamas-Rodríguez et al., 2020b). 

3. Criticalities 

The proposed case study involves some criticalities 
that require simulation to be properly addressed. One 
criticality is related to the transversal constraints 
related to the capabilities of leather producers (Braglia 
et al., 2020). Indeed, these suppliers are used to serve 
major corporation and are almost saturated by the 
existing demand, as result the orders arriving from 
medium size enterprises are added to the stack, but 
often are overpassed by other requests arriving from 
big players. Even the minimum quantity to order, 
considering the necessity to don’t fall in very low 
priority group, are a constraint for small, medium size 
producers (Ball et al., 2002; Lorentz et al., 2013); these 
two factors combined together could delay the 
emission of the orders to the moment a sufficient 
cumulative request is ready, but in this way the orders 
are transmitted pretty late and there is an high 
probability that any new request by high priority 
customers could generate critical delays. The problem 
of leather supply is not easy to be addressed and 
should require to better understand the needs and 
opportunities using simulation to investigate 
alternatives over different scenarios. Another 
interesting way to mitigate this problem is to create 
combined orders among different SME (Small, 
Medium Size Enterprises) involved in shoes 
production. Indeed, by this approach it could be 
possible to obtain better positioning in terms of 
priority and service from leather producers (Ivanov, 
2018). Another criticality existing in this context is due 
to the demand estimation, indeed in fashion industry 
there is usually not available history on previous 
demand of products, considering that they change in 
the new seasons. The lack of historical data on the 
demand of a new model of shoes, by the way almost all 
are new each season, don’t allow to generate reliable 
forecasts by traditional approaches. In this case it is 
necessary to move up to the definition of new entities 
for the forecasts that could correspond to meta-items 
and that aggregate data of previous years of different 
models characterized by similar characteristics. 
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This issue is not trivial at all, because the 

aggregation characteristics have different nature 
dealing with different aspects that need to be 
considered and that involve the creation of multiple 
criteria for the aggregation to be recombined for the 
demand estimation. For instance, in the case of the 
shoes the aggregation criteria could at least include: 

• Style (e.g. elegant high heels) 

• Color (e.g. black, green, brown) 

• Attributes (e.g. buckles, green highlights) 

• Price Sector (e.g. low, medium, high) 

• Distribution Channel (e.g. Speciality Stores, 
Internet) 

• Target Type (e.g. teenagers, yoing adults, mature) 

• Country Market (e.g. Italy, France, Europe, Japan) 

This approach has been used in past to predict sales on 
specific channels for fashion leader by the authors and 
nowadays could be renewed by adopting Strategic 
Engineering Concepts (Bruzzone et al., 2009). In facts, 
by company digitalization it could be possible 
nowadays to have a continues update over the product 
lifecycle that could lead to redefine the process 
including within a Strategic Engineering Perspective 
(Madenas et al, 2014; Bruzzone et al., 2020a) 

Indeed, the combined used of Artificial Intelligence 
and Data Analytics from these meta-categories could 
be used to identify the best clustering among the 
different criteria and to fuse back the estimates on 
each of them; one approach could be to adopt fuzzy 
logic to consider the meaning of the index and 
machine learning to support forecasting (Braglia et al., 
2009; Bruzzon et al., 2013b). As soon as the analysis is 
finalized it turns possible to feed the simulator with 
proper estimates on demand to identify most 
promising solutions, while the use of machine 
learning guarantees the possibility to update 
continuously the models based on the evolution of the 
market. 

4. The Model 

Based on provided documentation and analysis of 
production process the authors developed a conceptual 
model, which takes into account various operations on 
different levels of details; the model aims to create a 
classical discrete event stochastic simulator, but open to 
be federated with a smart forecasting systems based on 
modern Strategic Engineering concepts (Law et al, 1987; 
Field et al., 2007). Indeed, while detailed simulation of 
internal production line of the principal facility is useful 
for proper optimization, internal processes of suppliers 
and sub-contractors are less relevant for the scope of the 
project, hence, they could be represented as black boxes - 
single virtual entities characterized by specific set of 
parameters. In the next figure it is illustrated a 
preliminary visualization of material exchange in the 
simulated supply chain.  

 

 

 
Figure 2. Production process in virtual environment 

In the figure it is possible to see how the preprocessed 
materials (yellow) are distributed from corresponding 
warehouse to the 3rd party contractors (top image), kit for 
assembly of shoes (green) is sent in the production 
(middle image) and the finally assembled pair of shoes 
(violet) goes to the warehouse of ready products (bottom 
image). 

The simulator could be adapted to be agent driven 
in case more sophisticate cooperative scenarios 
among multiple SME will be investigated (Caridi et 
al.,2005, Long 2016; Zhou et al., 2019) 

During the execution, the program first analyzes data 
related to past production processes, taking care of 
identification of parameters of distribution of production 
time for single suppliers as well as for distinct categories 
of them. At this point the software is capable to predict 
behavior of the system under different boundary 
conditions, effectively allowing experimentation on the 
model. The simulator is implemented within Unity 3D 
environment by using C# and reuse Simulation Team 
Libraries for manufacturing. The major advantage to use 
this solution, is the possibility to support virtual 
simulation within an immersive environments also for 
other future purposes (Paul et al.,2019). 

The Simulation is currently in development phase, while 
preliminary verification of the model is conducted with 
the subject matter experts.  

At this step of development, the simulator is capable 
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to analyze input files, create virtual representation of 
the supply chain with all its participants and simulate 
production process. 

5. Conclusions 
Optimization of production processes is one of keys to 
competitiveness and nowadays this activity could be 
significantly speed up and simplified thanks to 
utilization of simulation and data analysis solutions. 
Indeed, based on available datasets it is possible to 
construct specific models and to perform 
experimentation on them, reducing cost and time of 
this critical activity. 

In this research the authors are focused their attention 
on development of the framework for supply chain 
optimization with particular interest to the case study 
of shoe production. The project is in active 
development phase; indeed, while the algorithm is 
mostly complete and passed preliminary testing, 
finalization of the user interface is ongoing. 
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