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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. 
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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  

In order to promoting the optimization of the theme: “grinding-dressing”, this study intends to contribute to the fill the gap of works completed 
with the damage diagnostic systems in dressing tools. For this purpose, this work aims to use neural models based on multilayer Perceptron 
networks (MLP) to improve the damage pattern recognition in diamond dressing tools based on electromechanical impedance (EMI). Thus, 
experimental dressing tests were performed with a single-point diamond-dressing tool and a low-cost lead zirconate titanate (PZT) transducer to 
acquire the impedance signatures at different dressing passes. The proposed approach was able to select the optimal frequency range in 
impedance signatures to determine the dressing tool condition. To achieve this, representative damage indices in several frequency bands were 
considered as input to the proposed intelligent system. This new approach open the door to effective implementation of future works for a 
broader situation in grinding process. 
© 2018 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 12th CIRP Conference on Intelligent Computation in Manufacturing 
Engineering. 
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1. Introduction 

A significant amount of research has been dedicated to 
attain a final solution for control and automation of the 
grinding process-dressing operation [1–8]. Since, grinding is a 
complex manufacturing process influenced by many factors, 
such as workpiece, machine, grinding wheel and process 
configuration [8, 9]. Otherwise, in the context of industry 4.0, 
improvements in machining monitoring systems are being 
promoted, which forms an opportunity to supply the purpose 
of the grinding process optimization. So far, the performance 
of the grinding process depends on dressing operation i.e., the 
topography and the conditions which the grinding wheel is 
prepared deeply influence on the quality of the grinding, 
which is evidenced by the cutting forces, consumed energy, 
temperature in the cutting zone, and often, in the finish of the 
workpiece [11–13].  

On the other hand, impedance-based structural health 
monitoring (SHM) is an innovative technique to be applied in 
manufacturing process[14, 15], which is characterized by its 
flexibility of using low-cost piezoelectric transducers, such as 
ceramics of Lead Zirconate Titanate (PZT), and a very simple 
methodology for structural damage detection. In the last 
decades, the use of PZT patch transducers for damage 
diagnostic is becoming increasingly important in the SHM 
field [15–17]. This approach presents a great relevance for 
monitoring of the dressing operation because the diamond 
dressing tools suffer damage, such as, the wear during the 
process. Furthermore, the use of worn dressers can provide 
less sharpness to the tool, causing an increase in cutting forces 
and faster loss of edges of grains. For this reason, a system of 
damage diagnostic becomes necessary. 

The application of impedance-based SHM for dressing 
operation is characterized by the selection of frequency bands 
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in order to recognize a damage pattern in dressing tools, based 
on damage metrics[14, 18]. Further, a more reliable and 
systematic approach needs to be established for selecting the 
optimal frequency bands in impedance signatures, considering 
different dressing conditions, the type of grinding wheel and 
the type of dresser. Therefore, in order to improve the 
selection of the frequency bands most sensitive to damage in 
dressing tools, this study aims to use neural models based on 
multilayer Perceptron networks (MLP). MLP networks are a 
powerful computational tool, which models the basic behavior 
of logical thought patterns by numerical representation, using 
many artificial neurons, that are individual computational 
elements, linked to each other. Nevertheless, in this study, 
experimental dressing tests were performed with a single-
point diamond-dressing tool and a low-cost lead zirconate 
titanate (PZT) transducer to acquire the impedance signatures 
at different dressing passes by using an EMI data acquisition 
system. The authors expect to bring new contributions to the 
theme “grinding-dressing” through the implementation of the 
proposed approach. 

2. Material and equipment 

To achieve the purpose of this study, experimental 
dressing tests were conducted in a surface grinding machine, 
model RAPH 1055, from Sulmecanica, which was equipped 
with an aluminum oxide grinding wheel, model 
38A150L6VH (specification of hardness, grain, flange and 
vitrification), with the dimensions 355.6 x 25.4 x 127 mm, 
from NORTON. The experimental tests were conducted based 
on researches of [3, 14, 19]. Fig. 1 presents a diagram of the 
proposed approach. 

A synthetic diamond (chemical vapor deposition – CVD) 
single-point dressing tool was used in the experiment. Each 
test consisted in dressing passes throughout the grinding 
wheel surface until the end of the grinding wheel lifespan. 
The main parameters were the constant dressing speed at 3.45 
mm/s, the constant dressing depth of 40 µm, the overlap ratio 
(Ud) of 1 at the beginning of the test. The tests were carried 
out without application of cutting fluid in order to cause a 
faster wear. 

2.1. Proposed approach-based data acquisition system 

The data acquisition system adopted was based on the 
research presented in [15], and then the electromechanical 
impedance (EMI) technique was considered following the 
approach presented in [21]. Fig. 1 showed as the EMI data 
acquisition system was used. To this purpose, a NI USB-6221 
a DAQ device was adopted, which allowed for collecting 
impedance signatures from a low-cost PZT transducer, 
mounted on the dressing tool holder, as shown in Fig. 1, at 
sampling rate of 250 kS/s.  

The PZT transducer used was the model 7BB-20-6 low-
cost diaphragm type, from MURATA [23], which is 
constructed of a circular bronze disc with a diameter of 20 
mm and thickness of 0.20 mm.  For the present measurement 
system, this transducer was excited through a resistor of 2.2 
kΩ by a chirp signal with magnitude of 1 V and frequency 

from 0 to 125 kHz. The mean value for three measurements 
was calculated, ensuring a satisfactory accuracy, based on the 
recommendations of [21, 24, 25]. A computer equipped with 
LABVIEW software was used to acquire the impedance 
signatures from DAQ system. For the structural damage 
detection, the impedance measurements were taken at 300 and 
600 dressing passes, respectively.  

The damage conditions defined at the present study were: 
damage1 (D1) at 300 dressing passes, and damage 2 (D2) at 
600 dressing passes, compared with the baseline signal which 
indicates the dresser with healthy diamond (H). Fig. 2 shows 
the real part of impedance signatures for each one of the 
conditions. The healthy condition was established for the 
dresser diamonds before the dressing passes. In addition, to 
analyse the results, the root mean square deviation (RMSD) 
damage index was computed. The RMSD is one of the most 
employed metrics in SHM applications, according to [25], 
which is presented in Eq. (1). The results are shown in Fig. 3. 
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4. Neural models results 

This section presents the configurations resulting from the 
training performed with the MLP neural network for the 
proposed pattern recognition system. Mean features of the 
neural model are presented in the Table 2, where the first 
column shows the considered parameters in the training and in 
the feature extraction process, such as, input patterns, layers 
and neurons structure, training function, and percentage errors 
of the each input pattern. The second column indicates 
respective specifications for those parameters.  

According to results, the input pattern that obtained the 
best percentage errors was the #c with an error of 1.4 %, 
which used the frequency band of 50-75 kHz, and a simple 
structure of 3-10 neurons, with only two hidden layers. 
Otherwise, the input pattern #d, which has used frequency 
band of 75-100 kHz also presented good results with an error 
of 2.3 % and a structure only one hidden layer with 19 
neurons. 

On the other hand, the input pattern #b, and, in particular, 
the input pattern #a, showed errors of 4.9% and 11.2 %, 
respectively, by fixing the frequency bands of 0-25 kHz and 
25-50 kHz. Thus, this input pattern has not proved attractive 
for implementation because their overall errors were too high 
when compared to the other input patterns of the neural 
model.  
In order to verify the recognizing success of the proposed 
approach to achieve the optimal frequency band, confusion 
matrices and region classifier graphics based on cross 
validation process were considered for the best-input pattern.  

Table 2. Mean features of the neural models  

Parameters Specification  

Input 
pattern #a #b #c #d 

Range 0-25 kHz 25-50 kHz 50-75 kHz 75-100 kHz 

Structure 1-8-5-5-2 1-15-15-3 1-3-10-0-2 1-19-0-0-2 

Algorithm LVM Backpropagation 

Error 11.2 % 4.9 % 1.4 % 2.3 % 

Fig. 2. Real part of the impedance signature for dressing tool conditions 
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These graphics are presented in Fig. 5 (a) and Fig. 5 (b), 
respectively, which shows only the results of the input pattern 
#c, which used the frequency band of 50-75 kHz. 

According to results of the confusion matrix, which is 
shown in Fig. 5 (a), the network presented 97.8 % of 
predictive capacity and 99.5 % of sensitivity for D1 condition, 
with occurrence of false positive. In D2 condition, the 
predictive capacity of the neural model was 99.4 % and the 
sensitivity was 97.7 %, corresponding to the occurrence of 
only one false negative diagnostic. The overall accuracy rate 
of the network for this input pattern was 98.3%, which is 
attractive for implementation.  

Fig. 5 (b) shows the region graph based on pattern 
recognition system proposed in this study, where the data of 
both damage condition D1 and D2 are located and classified 
by regions. The points on the map correspond to space 
location of the values used at the model input. It is possible to 
verify the errors indicated by arrows, which occurred in the 
patterns located closer to the boundaries of the damage 
classes. Thus, it is possible to see the patterns which were 
classified wrong, i.e., one pattern pertaining to D1 class that 
were classified as D21, also some patterns pertaining to D2 
class that were classified as D1. 

 

 

 

 

 
 
 

 
 
 
 
 

Fig. 4. Proposed pattern recognition system using MLP networks 
 

Fig. 5. Confusion matrix for optimal frequency band achieved by neural (a); region graph for the optimal frequency band achieved by neural model 
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5. Conclusions 

Artificial neural networks has recently emerged as a 
promising tool to improve the damage diagnostic in SHM 
applications. Therefore, this study presented this respective 
approach for the dressing operation monitoring, incorporating 
MLP neural models, in order to promoting a damage pattern 
recognition system in dressing tools. To this end, a neural 
model was built considering as input the damage metric 
RMSD by fixing different frequency bands. The proposed 
intelligent system was an efficient technique to improve the 
damage diagnostic in the dressing operation. Since, as result, 
the pattern recognition system was able to determine the 
frequency band most sensitive to damage, which was the 
range of 50-75 kHz. Further, the proposed approach presented 
a general average error of 1.4 % to determine the damage 
severity D1, D2 in the single-point dressing tool. Finally, this 
paper presented a new approach to monitoring the dressing 
operation, bringing improvements to the grinding process.  
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These graphics are presented in Fig. 5 (a) and Fig. 5 (b), 
respectively, which shows only the results of the input pattern 
#c, which used the frequency band of 50-75 kHz. 

According to results of the confusion matrix, which is 
shown in Fig. 5 (a), the network presented 97.8 % of 
predictive capacity and 99.5 % of sensitivity for D1 condition, 
with occurrence of false positive. In D2 condition, the 
predictive capacity of the neural model was 99.4 % and the 
sensitivity was 97.7 %, corresponding to the occurrence of 
only one false negative diagnostic. The overall accuracy rate 
of the network for this input pattern was 98.3%, which is 
attractive for implementation.  

Fig. 5 (b) shows the region graph based on pattern 
recognition system proposed in this study, where the data of 
both damage condition D1 and D2 are located and classified 
by regions. The points on the map correspond to space 
location of the values used at the model input. It is possible to 
verify the errors indicated by arrows, which occurred in the 
patterns located closer to the boundaries of the damage 
classes. Thus, it is possible to see the patterns which were 
classified wrong, i.e., one pattern pertaining to D1 class that 
were classified as D21, also some patterns pertaining to D2 
class that were classified as D1. 

 

 

 

 

 
 
 

 
 
 
 
 

Fig. 4. Proposed pattern recognition system using MLP networks 
 

Fig. 5. Confusion matrix for optimal frequency band achieved by neural (a); region graph for the optimal frequency band achieved by neural model 
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5. Conclusions 

Artificial neural networks has recently emerged as a 
promising tool to improve the damage diagnostic in SHM 
applications. Therefore, this study presented this respective 
approach for the dressing operation monitoring, incorporating 
MLP neural models, in order to promoting a damage pattern 
recognition system in dressing tools. To this end, a neural 
model was built considering as input the damage metric 
RMSD by fixing different frequency bands. The proposed 
intelligent system was an efficient technique to improve the 
damage diagnostic in the dressing operation. Since, as result, 
the pattern recognition system was able to determine the 
frequency band most sensitive to damage, which was the 
range of 50-75 kHz. Further, the proposed approach presented 
a general average error of 1.4 % to determine the damage 
severity D1, D2 in the single-point dressing tool. Finally, this 
paper presented a new approach to monitoring the dressing 
operation, bringing improvements to the grinding process.  
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