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Abstract 

In today’s business environment, the trend towards more product variety and customization is unbroken. Due to this development, the need of 
agile and reconfigurable production systems emerged to cope with various products and product families. To design and optimize production
systems as well as to choose the optimal product matches, product analysis methods are needed. Indeed, most of the known methods aim to 
analyze a product or one product family on the physical level. Different product families, however, may differ largely in terms of the number and 
nature of components. This fact impedes an efficient comparison and choice of appropriate product family combinations for the production
system. A new methodology is proposed to analyze existing products in view of their functional and physical architecture. The aim is to cluster
these products in new assembly oriented product families for the optimization of existing assembly lines and the creation of future reconfigurable 
assembly systems. Based on Datum Flow Chain, the physical structure of the products is analyzed. Functional subassemblies are identified, and 
a functional analysis is performed. Moreover, a hybrid functional and physical architecture graph (HyFPAG) is the output which depicts the 
similarity between product families by providing design support to both, production system planners and product designers. An illustrative
example of a nail-clipper is used to explain the proposed methodology. An industrial case study on two product families of steering columns of 
thyssenkrupp Presta France is then carried out to give a first industrial evaluation of the proposed approach. 
© 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 
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1. Introduction 

Due to the fast development in the domain of 
communication and an ongoing trend of digitization and
digitalization, manufacturing enterprises are facing important
challenges in today’s market environments: a continuing
tendency towards reduction of product development times and
shortened product lifecycles. In addition, there is an increasing
demand of customization, being at the same time in a global 
competition with competitors all over the world. This trend, 
which is inducing the development from macro to micro 
markets, results in diminished lot sizes due to augmenting
product varieties (high-volume to low-volume production) [1]. 
To cope with this augmenting variety as well as to be able to
identify possible optimization potentials in the existing
production system, it is important to have a precise knowledge

of the product range and characteristics manufactured and/or 
assembled in this system. In this context, the main challenge in
modelling and analysis is now not only to cope with single 
products, a limited product range or existing product families,
but also to be able to analyze and to compare products to define
new product families. It can be observed that classical existing
product families are regrouped in function of clients or features.
However, assembly oriented product families are hardly to find. 

On the product family level, products differ mainly in two
main characteristics: (i) the number of components and (ii) the
type of components (e.g. mechanical, electrical, electronical). 

Classical methodologies considering mainly single products 
or solitary, already existing product families analyze the
product structure on a physical level (components level) which 
causes difficulties regarding an efficient definition and
comparison of different product families. Addressing this 
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Abstract 

Increasing the manufacturing resource efficiency requires pushing the process limits by customizing the machining parameters to 
the job at hand. Such optimizations performed usually based on empirical methods and experience due to the sheer complexity of 
physical modeling. Current research presents a system comprised of advanced machine learning methods, where model-based 
optimization employed to simultaneously create a digital twin and optimize the process as a self-learning virtual operator using a 
case study with the EDM processes. 
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1. Introduction 

    Improving the resource efficiency for economic and 
environmental motives is an increasing demand across 
different industries, which is bolstered even further by 
innovations in materials, evolutions in part design and 
customization. These factors may adversely affect the 
manufacturing process efficiency if the process parameters are 
not set optimally for the application specific requirements, 
resulting in the machine tools used at a much lower efficiency 
then their intrinsic capacity. For example in Wire EDM, the 
wire annealing parameters used to prepare the wire for 
threading in the wire circuit are different for each wire 
material, diameter and annealing length. Thus tuning such 
parameters lead to significant improvements in the threading 
operation so guaranteeing the autonomy of the machine tool. 
Similarly, machining parameter settings such as pulse energy, 
frequency of sparks, servo loop reference could be adjusted 
based on the application in terms of used wire type, diameter, 
work piece material and its height to obtain optimal process 

and so maximal roughing speed outputs. Thus, machining 
parameter tuning is very common and performed by skilled 
operators. Additionally, skilled operators are capable to fine 
tune parameters faster in new similar (but not identical) 
situations in order to generalize their knowledge on that 
particular task. For this reason generalization of similar tasks 
are crucial for developing EDM technologies otherwise the 
lead-time may result easily infinite. 

1.1 Manufacturing process optimization 
 
    In order to support operators and decrease the lead-time in 
development mechanical modeling and empirical modeling 
are widely used approaches to gain insights into the process 
and derive optimal results faster as described in [1]. In the 
example of Wire EDM, complex phenomena involved in the 
process [2] limit the use of physical modelling in an industrial 
context, where machine operators may not possess the 
necessary expertize. Furthermore, such models require fitting 
parameters due to their complexity, which may need to be 
determined using further experimentation. Such limitations 
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where the expectation is with respect to the GP posterior 
distribution of 𝑓𝑓(𝑥𝑥). The 𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚 term stands for the minimum 
cost ever observed and is updated accordingly after each new 
evaluation is made.  The jitter 𝜉𝜉 allows the algorithm to 
behave optimistically by striving to beat 𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚  by setting it 
positive of the amount we are willing to outperform the 
current optimal cost and so restrict even more the non-zero EI 
region, in the attempt to exclude such a region which are not 
yielding the desired improvement 𝜉𝜉 respect to 𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚. When 𝑔𝑔 
is a nonlinear function, the expectations must be computed 
numerically (e.g. via Monte Carlo sampling), due to the fact 
that its posterior distribution is non-analytical. EI by nature 
provides a trade-off between exploration (evaluating at points 
with high uncertainty) and exploitation (evaluating at points 
with a low mean, the optimal point). As a consequence, BO 
finds the optimum of 𝑔𝑔(𝑓𝑓(𝑥𝑥)) while learning the function 
𝑓𝑓(𝑥𝑥) as well as the variance of the noise 𝜀𝜀. Hence, at the end 
of the optimization process, a robust process model (digital 
twin of the process) is obtained in relation to the inputs and 
outputs. Note that, GPs can deal with continuous, discrete or 
categorical variables via either variable transformations (e.g. 
encoding) or a suitable choice of the kernel function.  
    The procedure of BO is explained in a simplified manner 
using Fig. 2 and Fig. 3. In Fig. 2, two existing evaluations 
(experiments) are seen which are used to form a Gaussian 
prior with predicted variance and predicted mean, along with 
the actual process function 𝑓𝑓(𝑥𝑥). 𝐸𝐸𝐸𝐸(𝑥𝑥) shows the maximum 
expected improvement in the value of 𝑦𝑦 at 𝑥𝑥𝑚𝑚𝑛𝑛𝑛𝑛𝑛𝑛  as depicted 
in the lower subplots Fig. 2. As the next evaluation is 
performed at 𝑥𝑥𝑚𝑚𝑛𝑛𝑛𝑛𝑛𝑛  obtained from (2), the predicted mean and 
variance of 𝑓𝑓(𝑥𝑥) are updated based on the observed outputs 𝑦𝑦. 
This process is repeated until a good approximation of 𝑓𝑓(𝑥𝑥)is 
obtained while also achieving optimized 𝑔𝑔(𝑓𝑓(𝑥𝑥)) (optimal 
process parameters), as illustrated in Fig. 2.                      
 

 
  
Fig. 2. Optimization session in different stages: A): after 4 experiments, B): 
after 5 experiments, C): after 6 experiments, D): after 18 experiments. 

4. TLA: Transfer Learning Algorithm 

    We focus now on the implementation of a strategy that 
takes advantage of the prior knowledge of similar models to 
add so called transfer learning capabilities to the developed 
optimization algorithm described in Section 3.  
 

 
Fig. 3. Optimization session in different stages using transfer learning.  
A): after 1 experiment, B): after 2 experiments, C): after 4 experiments,  
D): after 5 experiments. 
 
    Different approaches has been assessed as a possible 
strategy that takes advantage of the prior knowledge acquired 
from previous experiments. To this aim, we enhanced the 
ordinary Bayesian Optimization with transfer learning 
capabilities in order to exploit all the available data from  
previously executed experiments.  This knowledge is used to  
speed-up the process by reducing the number of experiments 
required to converge to an optimum of a new function to be 
minimized as depicted in Fig. 3. Prior knowledge is necessary 
for transfer learning feature. The following equation shows 
the general GPR [8]: 
 
𝑝𝑝(𝑓𝑓∗|𝑋𝑋∗, 𝑌𝑌∗, 𝑋𝑋) = 𝑁𝑁(µ∗, 𝛴𝛴∗)  
µ∗ = 𝑚𝑚(𝑋𝑋∗) +  𝐾𝐾∗

𝑇𝑇[𝐾𝐾 +  𝜎𝜎𝜀𝜀
2 𝐸𝐸]−1(𝑌𝑌∗ − 𝑚𝑚(𝑋𝑋))  (3) 

𝛴𝛴∗ = 𝐾𝐾∗∗ −  𝐾𝐾∗
𝑇𝑇[𝐾𝐾 +  𝜎𝜎𝜀𝜀

2 𝐸𝐸]−1𝐾𝐾∗∗ 
 
where 𝑝𝑝(𝑓𝑓∗|𝑋𝑋∗, 𝑋𝑋, 𝑦𝑦) is the conditioned PDF of the unknown 
function, 𝑋𝑋∗ the observed evaluation points and 𝑌𝑌∗ the 
observed outputs, 𝑋𝑋 the points to be evaluated, 𝑚𝑚(∙) is the 
prior of GP, 𝐾𝐾(∙,∙) is the selected kernel function such that 
𝐾𝐾 = 𝐾𝐾(𝑋𝑋, 𝑋𝑋), 𝐾𝐾∗ = 𝐾𝐾(𝑋𝑋∗, 𝑋𝑋), 𝐾𝐾∗∗ = 𝐾𝐾(𝑋𝑋∗, 𝑋𝑋∗), 𝜎𝜎𝜀𝜀 standard 
deviation of outputs noise. 
The heuristic aims to use a non-zero prior function 𝑚𝑚(∙) 
which can be parametric or non-parametric depending of the 
use-cases.  
 

 
 
Fig. 4. Left: machining speed maximization without prior knowledge. Right: 
machining speed maximization with prior knowledge on a different material. 
In this case the optimum in the new situation is obtained after 3 iterations. 
However to make sure it is actually the new optimum, 9 iterations has been 
performed, yielding to 70% effort reduction compared to the 30 iteration in 
the source optimization session.  
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have driven a number of researchers towards statistical and 
machine learning techniques [3] and optimization algorithms 
such as genetic algorithms or design of experiments methods 
for the purpose of process modeling and optimization.  
Complex manufacturing processes often require non-linear 
multi-objective optimization, where neural networks have 
been widely investigated. However, the robustness of such 
models are commonly compromised by noise in the measured 
outputs, originating from process repeatability, metrology, 
etc. Nevertheless, the required experiments to create a reliable 
model can be expensive. In fact, a cost-effective method 
robust against noise and requiring minimal experimentation is 
still lacking both in academia and in industry. 

2. ViOLA: Virtual operator with self and transfer 
learning ability 

    The selection of machining data typically relies on the 
business objectives related to the machining costs and part 
quality. Here, mainly two extreme scenarios can be 
envisioned. In the first case, no prior knowledge is available 
to select the optimal parameters, typical for a new machining 
technology, material, etc. In the other scenario, sufficient data 
and expert knowledge are available to reach the machining  

             Fig. 1. Trial and error iterative optimization approach. 

objective, however, it may not be accessible across production 
locations. In this work, model-based optimization (MLA) and 
transfer learning algorithm (TLA) are used to address these 
challenges. As shown in Fig. 1, by combining these 
algorithms in a system, a virtual operator is created, having 
the ability to optimize the process for unknown situations, but 
also utilize the existing data to meet the complex machining 
objectives, enabling autonomous extraction of the optimal 
process outputs from the machine tools. 

3. MLA: Model-based optimization Learning Algorithm 
 
    Machining parameters optimization can be formulated into 
the problem of finding the optimum of an unknown function 
in a multidimensional space. In fact, a process model can be 
thought as a multiple input multiple output nonlinear unknown 
function  
 
𝑦𝑦 = 𝑓𝑓(𝑥𝑥) + 𝜀𝜀  (1) 
 
where 𝑦𝑦 are the process outputs, 𝑓𝑓(𝑥𝑥) is an unknown function 
describing the process as the depicted in upper subplots in 
Fig. 2, 𝑥𝑥 ∈ 𝑋𝑋 are the machining parameters in the feasible 
parameters setting space and 𝜀𝜀 is the noise which will be 

assumed as Gaussian to be addressed effectively with 
Gaussian Processes (GP) uncertainty confidence bounds. Here 
the goal is to find the best input 𝑥𝑥, that is the one that 
optimizes a scalar known function of the outputs 𝑔𝑔(𝑓𝑓(𝑥𝑥)) 
(e.g., machining speed, quality, wear, threading score, etc.). 
Since the function to be optimized 𝑔𝑔(𝑓𝑓(𝑥𝑥)) is unknown 
(because of unknown 𝑓𝑓(𝑥𝑥)), optimization methods such as 
simplex method can be employed, in the case of small noise 𝜀𝜀 
variance. On the other hand, machine learning methods with 
GP as described in detail in [4] can be used where noise 𝜀𝜀 
variance is not trivial. GP Regression is used for reliable 
estimation of 𝑓𝑓(𝑥𝑥) for WEDM in [5], without a consideration 
for the cost of optimization of 𝑔𝑔(𝑓𝑓(𝑥𝑥)).  
In the problems where experiments are expensive (in terms of 
time and/or cost) as in the case of manufacturing processes, 
Bayesian Optimization (BO) has been shown to outperform 
other state of the art global optimization algorithms on a 
number of challenging optimization benchmark functions [6]. 
What makes Bayesian Optimization different from other 
procedures is that it constructs a probabilistic model for 𝑓𝑓(𝑥𝑥) 
and then exploits this model to make decisions about where in 
𝛸𝛸 to next evaluate the function while integrating out 
uncertainty and with the goal of optimizing 𝑔𝑔(𝑓𝑓(𝑥𝑥)). This 
results in a procedure that can find the minimum of difficult 
non-convex functions with relatively few evaluations, at the 
cost of performing more computation to select the next point 
in 𝑋𝑋 to try [7].  
 
3.1. Objective function  
 
    In order to perform BO, a prior over functions that express 
the assumptions about the unknown function 𝑓𝑓(𝑥𝑥) must be 
selected. GP is a convenient and powerful prior distribution 
on functions. The support and properties of the resulting 
multivariate Gaussian distribution on functions are 
determined by a mean function and a positive definite 
covariance function (95% confidence region for the 
underlying function 𝑓𝑓(𝑥𝑥) as shown in Fig. 2), i.e. kernel 
function. By a suitable choice of the kernel, GPs encompass, 
as some particular cases, linear regression, spline 
interpolation, neural networks and their combinations. 
Multiple outputs can be taken into account in GPs assuming 
them uncorrelated one with each other. In current work, 
Matern 5/2 kernel is employed. Kernel related 
hyperparameters are optimized by maximizing the marginal 
likelihood function. 
 
3.2. Acquisition function  
 
    The second main component of BO is the acquisition 
function that is used to construct a utility function from the 
posterior of 𝑓𝑓(𝑥𝑥), which allows to determine the next input to 
evaluate 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛. There are several popular choices of 
acquisition functions and in this work it has been adopted the 
Expected Improvement (EI) one. If one aims to optimize 
𝑔𝑔(𝑓𝑓(𝑥𝑥)), Furthermore a jitter 𝜉𝜉 > 0  is introduced for trading-
off exploration and exploitation by attempting to get a better 
cost by the amount of the selected jitter. EI could be 
formulated as written in the following key equation: 
 
𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑎𝑎𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎𝑥𝑥𝑛𝑛∈𝑋𝑋 𝐸𝐸[max (0, 𝑔𝑔𝑚𝑚𝑚𝑚𝑛𝑛 − 𝑔𝑔(𝑓𝑓(𝑥𝑥)) −  𝜉𝜉)]  (2) 
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where the expectation is with respect to the GP posterior 
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speed-up the process by reducing the number of experiments 
required to converge to an optimum of a new function to be 
minimized as depicted in Fig. 3. Prior knowledge is necessary 
for transfer learning feature. The following equation shows 
the general GPR [8]: 
 
𝑝𝑝(𝑓𝑓∗|𝑋𝑋∗, 𝑌𝑌∗, 𝑋𝑋) = 𝑁𝑁(µ∗, 𝛴𝛴∗)  
µ∗ = 𝑚𝑚(𝑋𝑋∗) +  𝐾𝐾∗

𝑇𝑇[𝐾𝐾 +  𝜎𝜎𝜀𝜀
2 𝐸𝐸]−1(𝑌𝑌∗ − 𝑚𝑚(𝑋𝑋))  (3) 

𝛴𝛴∗ = 𝐾𝐾∗∗ −  𝐾𝐾∗
𝑇𝑇[𝐾𝐾 +  𝜎𝜎𝜀𝜀

2 𝐸𝐸]−1𝐾𝐾∗∗ 
 
where 𝑝𝑝(𝑓𝑓∗|𝑋𝑋∗, 𝑋𝑋, 𝑦𝑦) is the conditioned PDF of the unknown 
function, 𝑋𝑋∗ the observed evaluation points and 𝑌𝑌∗ the 
observed outputs, 𝑋𝑋 the points to be evaluated, 𝑚𝑚(∙) is the 
prior of GP, 𝐾𝐾(∙,∙) is the selected kernel function such that 
𝐾𝐾 = 𝐾𝐾(𝑋𝑋, 𝑋𝑋), 𝐾𝐾∗ = 𝐾𝐾(𝑋𝑋∗, 𝑋𝑋), 𝐾𝐾∗∗ = 𝐾𝐾(𝑋𝑋∗, 𝑋𝑋∗), 𝜎𝜎𝜀𝜀 standard 
deviation of outputs noise. 
The heuristic aims to use a non-zero prior function 𝑚𝑚(∙) 
which can be parametric or non-parametric depending of the 
use-cases.  
 

 
 
Fig. 4. Left: machining speed maximization without prior knowledge. Right: 
machining speed maximization with prior knowledge on a different material. 
In this case the optimum in the new situation is obtained after 3 iterations. 
However to make sure it is actually the new optimum, 9 iterations has been 
performed, yielding to 70% effort reduction compared to the 30 iteration in 
the source optimization session.  
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have driven a number of researchers towards statistical and 
machine learning techniques [3] and optimization algorithms 
such as genetic algorithms or design of experiments methods 
for the purpose of process modeling and optimization.  
Complex manufacturing processes often require non-linear 
multi-objective optimization, where neural networks have 
been widely investigated. However, the robustness of such 
models are commonly compromised by noise in the measured 
outputs, originating from process repeatability, metrology, 
etc. Nevertheless, the required experiments to create a reliable 
model can be expensive. In fact, a cost-effective method 
robust against noise and requiring minimal experimentation is 
still lacking both in academia and in industry. 

2. ViOLA: Virtual operator with self and transfer 
learning ability 

    The selection of machining data typically relies on the 
business objectives related to the machining costs and part 
quality. Here, mainly two extreme scenarios can be 
envisioned. In the first case, no prior knowledge is available 
to select the optimal parameters, typical for a new machining 
technology, material, etc. In the other scenario, sufficient data 
and expert knowledge are available to reach the machining  

             Fig. 1. Trial and error iterative optimization approach. 

objective, however, it may not be accessible across production 
locations. In this work, model-based optimization (MLA) and 
transfer learning algorithm (TLA) are used to address these 
challenges. As shown in Fig. 1, by combining these 
algorithms in a system, a virtual operator is created, having 
the ability to optimize the process for unknown situations, but 
also utilize the existing data to meet the complex machining 
objectives, enabling autonomous extraction of the optimal 
process outputs from the machine tools. 

3. MLA: Model-based optimization Learning Algorithm 
 
    Machining parameters optimization can be formulated into 
the problem of finding the optimum of an unknown function 
in a multidimensional space. In fact, a process model can be 
thought as a multiple input multiple output nonlinear unknown 
function  
 
𝑦𝑦 = 𝑓𝑓(𝑥𝑥) + 𝜀𝜀  (1) 
 
where 𝑦𝑦 are the process outputs, 𝑓𝑓(𝑥𝑥) is an unknown function 
describing the process as the depicted in upper subplots in 
Fig. 2, 𝑥𝑥 ∈ 𝑋𝑋 are the machining parameters in the feasible 
parameters setting space and 𝜀𝜀 is the noise which will be 

assumed as Gaussian to be addressed effectively with 
Gaussian Processes (GP) uncertainty confidence bounds. Here 
the goal is to find the best input 𝑥𝑥, that is the one that 
optimizes a scalar known function of the outputs 𝑔𝑔(𝑓𝑓(𝑥𝑥)) 
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3.1. Objective function  
 
    In order to perform BO, a prior over functions that express 
the assumptions about the unknown function 𝑓𝑓(𝑥𝑥) must be 
selected. GP is a convenient and powerful prior distribution 
on functions. The support and properties of the resulting 
multivariate Gaussian distribution on functions are 
determined by a mean function and a positive definite 
covariance function (95% confidence region for the 
underlying function 𝑓𝑓(𝑥𝑥) as shown in Fig. 2), i.e. kernel 
function. By a suitable choice of the kernel, GPs encompass, 
as some particular cases, linear regression, spline 
interpolation, neural networks and their combinations. 
Multiple outputs can be taken into account in GPs assuming 
them uncorrelated one with each other. In current work, 
Matern 5/2 kernel is employed. Kernel related 
hyperparameters are optimized by maximizing the marginal 
likelihood function. 
 
3.2. Acquisition function  
 
    The second main component of BO is the acquisition 
function that is used to construct a utility function from the 
posterior of 𝑓𝑓(𝑥𝑥), which allows to determine the next input to 
evaluate 𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛. There are several popular choices of 
acquisition functions and in this work it has been adopted the 
Expected Improvement (EI) one. If one aims to optimize 
𝑔𝑔(𝑓𝑓(𝑥𝑥)), Furthermore a jitter 𝜉𝜉 > 0  is introduced for trading-
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𝑥𝑥𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑎𝑎𝑎𝑎𝑔𝑔𝑎𝑎𝑎𝑎𝑥𝑥𝑛𝑛∈𝑋𝑋 𝐸𝐸[max (0, 𝑔𝑔𝑚𝑚𝑚𝑚𝑛𝑛 − 𝑔𝑔(𝑓𝑓(𝑥𝑥)) −  𝜉𝜉)]  (2) 
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Table 1. List of experiments used to guess the next most promising θ to 
evaluate. The last row corresponds to the next evaluation point based on the 
available history of experiment in probabilistic terms of improvement.

Heating 
power 
[%]

Stretching 
speed 

[mm/s]

Cooling 
delay 
[ms]

Threading 
speed 

[mm/s]

THD 
Score

THD 
time 
[sec]

6.9 -1 0 100 23 53
13.4 -7 269 145 12 45
7.8 -3 434 159 5 39

⋮ ⋮ ⋮ ⋮ ⋮ ⋮
9.5 -4 112 161 226 38

10.1 -6 350 178 573 34
10.4 -5 225 159 1'000 40
10.3 -5 215 141 1'134 ± 54 35 ± 3

5.2 WEDM roughing speed maximization

We introduce now the consecutive use-case of blackbox 
optimization respect to the first one described in Section 5.1,

Fig. 8. Typical aerospace machining speed maximization for fir tree disk use-
case where the iteration distance corresponds to each fir tree machined.

in the sense that this optimization can be concatenated to 
previous one and carried out as a combined optimization 
session to threading performance enhancement. The first step 
in WEDM technology development is to define a parameters 

Fig. 9. GUI developed to maximize WEDM roughing machining speed 
through the definition of a multi-objective optimization problem by also 
considering several technical aspects such as feasibility of the parameters, 
wire break likelihood, process instability beside the technology parameters.

setting for roughing machining, meaning just cutting the 
workpiece according to the geometry regardless the surface 
quality and geometry precision which are supposed to be 
achieved in so called cut trims where less pulse energy is used 
to achieve such a degree of machining high precision.
Therefore the main goal of roughing cutting is to be 
performed as fast as possible for boosting productivity as the 
aerospace use-case depicted in Fig. 8. and save time for more 
delicate trim cuts operations. So the optimization problem we 
want to solve is formulated as:

min
θ∈ Θ

 [− WEDMspeed(θ) +  ∑ λiφi
N
i=1 (θ)] (5)

where  WEDMspeed(θ) is the roughing speed to maximize
(main objective) and φi(θ) are secondary objectives
introduced as soft constraints as wire break probability, 
instability of the WEDM process and pulse energy, used to 
correctly trade-off speed with robustness selecting the 
appropriate weights λ𝑖𝑖 . The latter aspect is non-trivial because
the behavior of the optimization can lead to dramatically 
different outcomes depending how hyperparameters are set.

5.3 WEDM roughing speed Digital Twin

During optimization sessions we collect iteratively data 
after each experiment which can be exploited offline to 
extract insights of the WEDM process. 

Fig. 10. GUI for accessing the Digital Twin of the WEDM roughing in terms 
of machining speed and wire break probability. This GUI allows the users to 
explore models in terms of predictions (with associated uncertainty) of 
machining performance, potential danger of wire breaks by moving on the 
contour plots to find safe areas and so saving time, material and machine 
allocation to redo machining if the model is confident about the predictions.

In particular we can model machining speed and wire break 
probability without having to evaluate on a real machine the 
actual performance of a parameter setting if the prediction 
confidence bound is sufficiently tight. 
The latter aspect is a key feature in supporting application 
technology development tasks in terms of reducing trial and 
error efforts, machine tool commitment and waste material as 
workpieces and wire electrodes. 
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Conventionally was assumed that if µ𝑠𝑠 is mean of  GP of the 
source model and µ𝑡𝑡 the mean of GP of the still unknown 
target model, we can plug 𝑚𝑚(∙) =  µ𝑠𝑠(∙) and insert it in the 
equation (3). 
With the model description in the source context, it has been 
tried to transfer this knowledge in a target context in which it 
is wanted to exploit similarities with the original one and 
hence get the optimal tuning much faster as depicted in Fig. 4. 
Among different use-cases in EDM, a reduction up to 80% of 
the iterations needed to achieve an optimal operational point 
has been recorded.  

5. Case studies in EDM 

5.1 Wire annealing and threading optimization  

    In WEDM more autonomous machining operations require 
highly reliable threading and rethreading capabilities in order  
 

 Fig. 5. Left: submerged threading in the workpiece slot without auxiliary jet. 
Right: submerged threading in the workpiece holes (Ø wire +0.1mm) without 
auxiliary jet. 
 
resume machining in case of wire break and when a geometry 
is cut and we need to move to the next one and start from a 
small workpiece hole as shown in Figure. In that sense, one of 
the key feature to guarantee such a degree of autonomy in  
WEDM machines is the wire annealing system used to cut  
thermo-mechanically the wire in a such a way to confer it 
physical and geometrical properties for reliable threading. 
Typical properties can be easily resume as straight wire, 
diameter reduction, bullet-shaped tip  as depicted in Fig. 6. 
    In general, fine-tuning such wire annealing parameters is 
extremely time consuming because generalizing the suitability 
of such parameters is not available for different workpieces  

 
Fig. 6. Picture of a WEDM wire prepared for threading operation. 

 
heights, wire materials and threading conditions like  
submerged workpiece without threading jet in a small hole. 
In that sense the optimality of parameters found in a 
determined condition would probably not be optimal even for 
small changes, meaning in a further fine-tuning of this 
parameters each time if demanding threading reliability is 
required. 

    A virtual operator was developed to fine-tune such 
annealing parameters as shown in Fig. 7. The main perks of 
this closed-loop optimization is that the session is carried out 
in full autonomy [9] as plug and play solution during the night 
or the weekend. 

 
Fig. 7. GUI for automatic wire annealing parameters optimization to 
maximize the trade-off of threading reliability in terms of successful 
threading score in hard conditions and threading speed to reduce time spent in 
such operation during machining. 
 

In order to optimize the threading performance in terms of 
scoring without failures and perform the latter as fast as 
possible to reduce machine downtime, 4 parameters namely 
heating power, stretching speed, cooling air delay and 
threading speed are accurately selected by the self-learning 
algorithm using previously described optimization techniques 
where no gradient is available, so called blackbox 
optimization. The goal is to find a suitable parameters 
setting θ ∈  Θ,  where Θ is a hyper-rectangle whose vertices 
correspond to minimum, respectively maximum values of 
each parameter is allowed to take, such that θ maximizes the 
threading nonnegative scoring rate 𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) with a soft 
constraint on the threading nonnegative elapsed time 
𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠(𝜃𝜃) which is used as a secondary objective which 
will play a crucial role on the Pareto optimal front trading-off 
score and elapsed time depending on the goal weight λ, as 
expressed in Equation 4. This constraint introduces a penalty 
term whose weight λ is a hyper-parameter selected by domain 
experts based on the importance degree it carries. 

 
min
𝜃𝜃∈ Θ

 [− 𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) +  λ ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠(𝜃𝜃)]    (4) 
 

The optimization session is performed iteratively where each 
experiment at stage 𝑘𝑘 is evaluated using parameters setting 𝜃𝜃k 

measuring 𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
(𝑘𝑘) (𝜃𝜃k) and 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠

(𝑘𝑘) (𝜃𝜃k) which will 
be added to the list of all experiments done for stage 0…k as 
shown in Table 1, in order to obtain from the optimization 
engine a guess of the optimizer location  𝜃𝜃k+1. This procedure 
is repeated at user discretion until the desired target of 
threading performance is achieved as depicted in Fig. 7. 
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Table 1. List of experiments used to guess the next most promising θ to 
evaluate. The last row corresponds to the next evaluation point based on the 
available history of experiment in probabilistic terms of improvement.

Heating 
power 
[%]

Stretching 
speed 

[mm/s]

Cooling 
delay 
[ms]

Threading 
speed 

[mm/s]

THD 
Score

THD 
time 
[sec]
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13.4 -7 269 145 12 45
7.8 -3 434 159 5 39

⋮ ⋮ ⋮ ⋮ ⋮ ⋮
9.5 -4 112 161 226 38

10.1 -6 350 178 573 34
10.4 -5 225 159 1'000 40
10.3 -5 215 141 1'134 ± 54 35 ± 3

5.2 WEDM roughing speed maximization

We introduce now the consecutive use-case of blackbox 
optimization respect to the first one described in Section 5.1,

Fig. 8. Typical aerospace machining speed maximization for fir tree disk use-
case where the iteration distance corresponds to each fir tree machined.

in the sense that this optimization can be concatenated to 
previous one and carried out as a combined optimization 
session to threading performance enhancement. The first step 
in WEDM technology development is to define a parameters 

Fig. 9. GUI developed to maximize WEDM roughing machining speed 
through the definition of a multi-objective optimization problem by also 
considering several technical aspects such as feasibility of the parameters, 
wire break likelihood, process instability beside the technology parameters.

setting for roughing machining, meaning just cutting the 
workpiece according to the geometry regardless the surface 
quality and geometry precision which are supposed to be 
achieved in so called cut trims where less pulse energy is used 
to achieve such a degree of machining high precision.
Therefore the main goal of roughing cutting is to be 
performed as fast as possible for boosting productivity as the 
aerospace use-case depicted in Fig. 8. and save time for more 
delicate trim cuts operations. So the optimization problem we 
want to solve is formulated as:

min
θ∈ Θ

 [− WEDMspeed(θ) +  ∑ λiφi
N
i=1 (θ)] (5)

where  WEDMspeed(θ) is the roughing speed to maximize
(main objective) and φi(θ) are secondary objectives
introduced as soft constraints as wire break probability, 
instability of the WEDM process and pulse energy, used to 
correctly trade-off speed with robustness selecting the 
appropriate weights λ𝑖𝑖 . The latter aspect is non-trivial because
the behavior of the optimization can lead to dramatically 
different outcomes depending how hyperparameters are set.

5.3 WEDM roughing speed Digital Twin

During optimization sessions we collect iteratively data 
after each experiment which can be exploited offline to 
extract insights of the WEDM process. 

Fig. 10. GUI for accessing the Digital Twin of the WEDM roughing in terms 
of machining speed and wire break probability. This GUI allows the users to 
explore models in terms of predictions (with associated uncertainty) of 
machining performance, potential danger of wire breaks by moving on the 
contour plots to find safe areas and so saving time, material and machine 
allocation to redo machining if the model is confident about the predictions.

In particular we can model machining speed and wire break 
probability without having to evaluate on a real machine the 
actual performance of a parameter setting if the prediction 
confidence bound is sufficiently tight. 
The latter aspect is a key feature in supporting application 
technology development tasks in terms of reducing trial and 
error efforts, machine tool commitment and waste material as 
workpieces and wire electrodes. 
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Conventionally was assumed that if µ𝑠𝑠 is mean of  GP of the 
source model and µ𝑡𝑡 the mean of GP of the still unknown 
target model, we can plug 𝑚𝑚(∙) =  µ𝑠𝑠(∙) and insert it in the 
equation (3). 
With the model description in the source context, it has been 
tried to transfer this knowledge in a target context in which it 
is wanted to exploit similarities with the original one and 
hence get the optimal tuning much faster as depicted in Fig. 4. 
Among different use-cases in EDM, a reduction up to 80% of 
the iterations needed to achieve an optimal operational point 
has been recorded.  

5. Case studies in EDM 

5.1 Wire annealing and threading optimization  

    In WEDM more autonomous machining operations require 
highly reliable threading and rethreading capabilities in order  
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resume machining in case of wire break and when a geometry 
is cut and we need to move to the next one and start from a 
small workpiece hole as shown in Figure. In that sense, one of 
the key feature to guarantee such a degree of autonomy in  
WEDM machines is the wire annealing system used to cut  
thermo-mechanically the wire in a such a way to confer it 
physical and geometrical properties for reliable threading. 
Typical properties can be easily resume as straight wire, 
diameter reduction, bullet-shaped tip  as depicted in Fig. 6. 
    In general, fine-tuning such wire annealing parameters is 
extremely time consuming because generalizing the suitability 
of such parameters is not available for different workpieces  
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required. 
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where no gradient is available, so called blackbox 
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correspond to minimum, respectively maximum values of 
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will play a crucial role on the Pareto optimal front trading-off 
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min
𝜃𝜃∈ Θ

 [− 𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝜃𝜃) +  λ ∙ 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠(𝜃𝜃)]    (4) 
 

The optimization session is performed iteratively where each 
experiment at stage 𝑘𝑘 is evaluated using parameters setting 𝜃𝜃k 

measuring 𝑇𝑇𝑇𝑇𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
(𝑘𝑘) (𝜃𝜃k) and 𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠

(𝑘𝑘) (𝜃𝜃k) which will 
be added to the list of all experiments done for stage 0…k as 
shown in Table 1, in order to obtain from the optimization 
engine a guess of the optimizer location  𝜃𝜃k+1. This procedure 
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Conclusions 

A comprehensive self-learning system is created to perform 
the tasks of a virtual machine tool operator. Bayesian 
Optimization with Gaussian processes is used for model-
based optimization. The capabilities of the system are 
demonstrated within different contexts using EDM processes 
case studies. It is shown that the virtual operator is able to: 

 perform multi-objective optimization and create a robust 
process model (Digital Twin) simultaneously, with lower 
required experiments,  

 achieve complex optimization objectives to obtain 
application and business goal specific manufacturing 
process technology,  

 achieve results through exploration in large multivariate 
parameter space, which can lead to new insights into the 
manufacturing processes.  

 transfer prior knowledge of an existing optimization 
session to a new one if the task is similar but not identical 
and do inference about the new optimum point, reducing 
dramatically the number of experiments needed to 
converge to it. 
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