
ScienceDirect

Available online at www.sciencedirect.comAvailable online at www.sciencedirect.com

ScienceDirect
Procedia CIRP 00 (2017) 000–000

  www.elsevier.com/locate/procedia 

2212-8271 © 2017 The Authors. Published by Elsevier B.V. 
Peer-review under responsibility of the scientific committee of the 28th CIRP Design Conference 2018. 

28th CIRP Design Conference, May 2018, Nantes, France

A new methodology to analyze the functional and physical architecture of 
existing products for an assembly oriented product family identification 

Paul Stief *, Jean-Yves Dantan, Alain Etienne, Ali Siadat 
École Nationale Supérieure d’Arts et Métiers, Arts et Métiers ParisTech, LCFC EA 4495, 4 Rue Augustin Fresnel, Metz 57078, France 

* Corresponding author. Tel.: +33 3 87 37 54 30; E-mail address: paul.stief@ensam.eu

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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1. Introduction 

The design and manufacturing of systems based on image 
processing and neural networks are two main topics that are 
widely applied in the research and industrial sector within the 
past few years [1]. Deep learning and machine learning 
techniques have been increasingly emerged in the field of 
data-driven predictions and decisions [2]. Developing 
technologies based on pattern recognition and machine 
learning have reported impressive performance in many 
applications from speech and object recognition used by 
autonomous driving to cybersecurity applications such as 
malware protection [3]. 

Context awareness is a fast-developing domain that is 
closely akin to machine learning and is becoming increasingly 
emerged to several technological developments where the 
consideration of context is required.  The context-aware 
systems have the ability to adapt to the environment and user 
activity by taking into account information related to the 
conditions under which they are able to operate [4]. 

Machine learning techniques are widely utilized at 
computer vision systems for offering context awareness. There 
are several types of machine learning used for pattern 
recognition, with supervised learning, unsupervised learning 
and reinforcement learning being the most common [5]. 
Unsupervised learning is mainly used for clustering data by 
detecting patterns and structures without determining outputs 
to describe the groups [6]. Reinforcement learning is 
commonly preferred to make decisions by maximizing the 
accumulation of rewards when a system learns to act in a 
certain environment [7]. Supervised learning generates a 
function by using labeled training data and creating input and 
output pairs. A supervised algorithm analyzes the training data 
and produces an inferred function to map the inputs of new 
data to the desired outputs [8]. 

Classification and regression are types of algorithms 
commonly used in supervised learning and are mostly applied 
in data that lie in vector spaces. The classification problems 
involve algorithms that are used when the outputs are 
restricted to a finite number of discrete categories. In case the 
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desired output comprises of continuous variables, the task is 
called regression [9]. 

In this paper supervised machine learning techniques are 
used for context awareness to a smart mobility platform. The 
smart mobility platform is expected to move autonomously 
and to be capable of recognizing the context of the 
surrounding environment in order to avoid obstacles. The 
specific work focuses on the position estimation and the 
recognition of obstacles through image processing techniques. 
A computer vision system, and specifically a camera, is 
considered to be attached to the smart mobility platform. To 
this end, the position estimation of the camera and the 
appearance of obstacles within a predefined test area are 
evaluated. The restrictions concern a rather dynamic 
environment and a relevantly small dataset of images. The 
whole procedure is expected to interfere with the design 
procedure of the mobility platform. 

2. Approach 

The field of computer vision includes methods for 
processing and analyzing digital images and videos. This 
involves the transformation of visual images into numerical 
information through the extraction of data with high 
dimensionality [10]. 

Context awareness and pattern recognition are based on the 
use of algorithms for automatic detection of regularities in 
data with high dimensionality. These regularities are required 
for feature extraction that will be used to take actions such as 
classification and regression [11]. In regression analysis the 
parameters of a logistic model are estimated. Logistic 
regression uses a logistic function to estimate probabilities 
and measure the dependency between the dependent variable 
and one or more independent variables [12][8]. The extracted 
features are used as inputs to the pattern recognition 
algorithms. 

In this work, the supervised machine learning approach is 
utilized to offer context awareness in computer vision 
systems. Neural networks are often considered in the context 
of supervised learning, where the network is used to predict 
the output variables given values for the input variables [13]. 

Although high dimensionality leads to high performance, 
the computational and storage cost of processing such data 
requires the compression into a discriminative subspace. 
Principal Component Analysis (PCA) is a statistical technique 
that emphasizes variation by detecting strong patterns in a 
dataset [14]. PCA is based on orthogonal transformation to 
convert possibly correlated variables into linear uncorrelated 
variables. The aim is to compress the high-dimensional raw 
features resulting to much lower computational and storage 
cost. 

The high complexity of high-dimensional data collected 
form visual images is further reduced by following 
Hierarchical Cluster Analysis (HCA).  HCA is a method that 
builds a hierarchy of clusters of variables and observations 
based on proximity between pairwise variables or 
observations [15]. The entire dataset is divided into a number 
of sub-datasets, each hierarchically analyzed using supervised 

machine learning. The aim is to gradually limit the 
information fed to the neural networks to high correlated data. 

3. Case study 

In this paper, the supervised machine learning approach 
has been utilized for context-awareness. A smart mobility 
platform is considered to be capable of moving autonomously 
within a predefined area and recognizing the presence of 
obstacles and objects in a dynamic and complex environment. 
A camera is considered to be utilized as a computer vision 
system and to be attached to the smart mobility platform. The 
case study is based on the implementation of a camera, that 
represents the computer vision system of the smart mobility 
platform, to several positions within a rather dynamic 
environment in a predefined test area (Fig. 1).  

The area used for the position and obstacle determination 
is composed of 33 different points where the camera was 
placed (Fig. 2). The total length of the area is 2.5m on the x-
axis and 5.25m on the y-axis. The distance between two 
consecutive positions on the x-axis and on the y-axis varies 
between two values, 0.5m and 0.75m. 

A relatively restricted dataset of images has been collected 
for training and testing the neural networks. A small dataset of 
images was selected for the training phase, while another 
dataset with different images was used for testing the 
performance of the neural networks. The key objective is to 
determine the position of the camera and the appearance of 
obstacles in the predefined area with a complex and dynamic 
background. 

 

Fig. 1. Predefined area 

Fig. 2. Positions on the predefined area 
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The high dimensionality of the dataset of images was 
restricted by using PCA and HCA. Furthermore,  due to the 
restriction of the computational and storage cost, the images 
were converted to grayscale having just one channel before 
being fed to the neural networks. Several repetitions were 
performed during the training phase of the neural networks to 
deliver the highest corellation with the real data. 

 

3.1. Position estimation of the camera 

The first phase of the case study includes the position 
estimation of the camera within the predefined area. Initially, 
supervised machine learning with neural networks was 
performed between two positions and PCA was applied. The 
objective of this task was to determine the minimum distance 
between the positions on which the camera was placed, where 
the results received after training and testing were satisfying. 
The comparison of the outcomes would determine the 
performance and the accuracy limitations of the proposed 
approach.  

The second task focuses on defining areas composed of 9 
nearby positions and evaluate the performance by feeding 
data into one neural network using PCA. Several segments 
where selected in order to assess the accuracy of the approach 
within the x-axis and y-axis along the predefined area. 

The last task of the case study includes the iplementation 
of the proposed method using PCA and HCA. The predefined 
area of 33 positions was hierarchically divided into clusters of 
positions (Fig. 3). At first the area was categorized into two 
clusters, one for each half. The first neural network was 
applied for regression on the two clusters. Then each half was 
divided into two subareas of positions and a second neural 
network was used for supervised learning. The last set of 
clusters included 3 (points 1 to 27) or 2 positions (points 28 to 
33). At this point, the neural network can determine the 
position of the camera on the y-axis within the test area. 
Finally, the neural network applied on each of the clusters 

composed of 3 positions delivered the camera position on the 
x-axis. 

3.2. Obstacle recognition 

The second phase of the case study is based on object 
detection. A number of obstacles was placed randomly infront 
of the camera spectrum in differnet positions and an image 
dataset was created (Fig. 4). The image dataset was 
categorized  into images with obstacles infront of the camera 
and images without obstacles. PCA was applied on supervised 
learning using a neural network for regression to determine 
the appearance of obstacles. 

 

4. Results and discussion 

4.1. Position estimation of the camera 

The first phase of the proposed approach includes the 
position determination of the camera itself within the test 
area. The training and testing phases of supervised learning 
were, initially, restricted to two positions where the camera 
was placed. It has been observed that throughout the positions 
evaluated, the highest accuracy was determined between the 
most distant positions, delivering a performance of 0.0170, 
while the lowest accuracy was delivered for two nearby 
positions due to higher similarity between the images. 
Nevertheless, the results were still adequate, as the 
performance of the neural network was assessed at 0.0287 
(Fig. 5). 

Fig. 3. Clusters selected for the HCA 

Fig. 4. Indicative images of test area without obstacles (top) and with obstacles 
(bottom) 

Fig. 5. Training and testing results for most distant and nearby positions 
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Fig. 6. Indicative training and testing results using clusters of 9 
positions

 
Fig. 7. Regression for positions 1 to 18 and 19 to 33 

 
At the second task of the first phase, areas of 9 positions 

were established and the approach using supervised learning 
and PCA was evaluated. The accuracy of the predictions of 
the neural networks showed a noticeable similarity for the 
different segments. The best correlation was estimated 
delivering the performance of 0.0365 (Fig. 6). 

In the final task of the first phase, the HCA has been 
utilized and the test area was divided into clusters. Supervised 
learning combined with PCA were used for regression to 
estimate the position of the camera.  

At the first step of HCA, the overall test area of 33 
positions was initially divided into two clusters and a dataset 
of 3000 images, 1500 for each cluster, was fed into the neural 
network. The neural network applied to the overall test area 
could determine the position of the camera regarding two 
clusters, one composed of the positions 1 to 18 and the other  
of the postitions 19 to 33. The performance of the neural 
network was estimated at 0.0074 (Fig. 7). 

The second step of the HCA was based on the results 
received from the first regression. A neural network was 
applied to the cluster of positions 1 to 18 to estimate the 
placement of the camera at the subareas of positions 1 to 9 and  
10 to 18. A dataset of 1600 images, 800 for each cluster was 
utilized for training (Fig. 8). The performance of the neural 
network was 0.0081.  

 

Fig. 8. Regression for positions 1 to 9 and 10 to 18 
 

Fig. 9. Regression for positions 19 to 27 and 28 to 33 

Fig. 10. Indicative results for positions 19 to 21, 22 to 24 and 25 to 27 
 

Additionally, for the cluster of positions 19 to 33 the neural 
network could determine the placement of the camera at the 
segments of positions 19 to 27 and 28 to 33 (Fig. 9). The 
performance was estimated at 0.0132. 

The third step of the HCA included the partition of each of 
the above clusters into 3 subareas, each of which assessed the 
position of the camera on the y-axis of the test area, as 
presented in Fig. 3. The cluster of positions 1 to 9 was 
segmented into clusters of positions 1 to 3, 4 to 6 and 7 to 9. 
The same approach was used for the division of the clusters 
composed of positions 10 to 18, 19 to 27 and 28 to 33. The 
dataset that was fed into each neural network consisted of 240 
images for each cluster. The performance the neural networks 
applied to the additional clusters varies at the range of 0.0080 
to 0.0214. Indicative training and testing images of are 
presented in Fig. 10. 

The final step of the HCA was utilized for the estimation of 
the camera position along the x-axis of the test area. A neural 
network was applied on each of the latest clusters to deliver 
the final results of the individual positions. The dataset that 
was fed into each neural network was consisted of 200 to 300 
images. The performance of the neural networks was 
distributed at the range of 0.0017 to 0.0076. Indicative results 
are presented in Fig. 11. 

 
 

Fig. 11. Indicative results for individual positions 16 to 18 
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Fig. 12. Regression for obstacle recognition  

4.2. Obstacle recognition 

The second phase of the case study relates to the ability of 
recognition of obstacles placed along the test area and in close 
distance to the camera. A dataset of 400 images was utilized 
for training the neural network, 200 of which included 
obstacles and 200 collected without obstacles in front of the 
camera. A different dataset was utilized to determine the 
efficiency of supervised learning. The appearance of obstacles 
was assessed along the overall test area composed of 33 
positions by applying one neural network combined with 
PCA. The results received after testing the neural network for 
regression were quite adequate, delivering a performance of 
0.0083 (Fig. 12). 

5. Conclusions and future work 

In this work, an approach based on supervised machine 
learning was proposed for context recognition. Neural 
networks were utilized for regression analysis applied to 
image processing techniques. PCA and HCA were selected to 
reduce the dimensionality of the data aiming at the limitation 
of the computational and storage cost. The position estimation 
and the recognition of obstacles within a complex and 
dynamic environment using a small dataset of images were 
evaluated. Regarding the position estimation of the camera, 
tests performed between two consecutive positions and 
clusters of nine positions delivered adequate results 
considering the performance limitations of supervised learning 
applied in the examined case study. For the position 
estimation within the overall test area, the categorization of 
positions into clusters and the application of supervised 
learning combined with PCA and HCA delivered the most 
sufficient results compared to the other approaches tested. The 
performance of supervised learning combined with PCA for 
obstacle recognition delivered quite adequate results despite 
the relatively small dataset of images that was used for 
training the neural network. 

As future work, research on the design and manufacturing 
of the smart mobility platform that will be capable of moving 
autonomously within a predefined area could be performed. 
The platform could be considered to be attached to a number 
of modules or means, such as bicycles or wheelchairs, to 
facilitate mobility. The design of a computer vision system 
based on the principals of the work presented could be 
integrated into the smart mobility platform for offering 

position and obstacle awareness. This is expected to interfere 
with both the design and the manufacturing of the platform 
itself. Therefore, there is need for a design of a framework 
allowing the information exchange between monitoring 
system design and platform design. 
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