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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

This work proposes a non-destructive quality control for a pitting process of cherries. A system composed of a video camera and a light source 
records pictures of backlit cherries. The images processing in MATLAB environment provides the dynamic histograms of the pictures, which 
are analysed to state the presence of the pit. 
A feedforward artificial neural network was implemented and trained with the histograms obtained. The network developed allows a fast
detection of stone fractions not visible by human inspection and the reduction of the accidental reject of properly manufactured products.
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1. Introduction

In the last decade, fruits and vegetables have been 
increasingly consumed due to their health-promoting 
constituent [1]. These products easily perish and, being 
intended for human consumption, industries look for 
effective quality assessment methods both for food 
freshness and manufacturing process. Nowadays, several 
non-destructive methodologies for the inspection, 
classification and quality control of different products have 
been developed and applied [2-5]. Among these techniques 
for quality and safety assessment, imaging methodologies 
have been extensively applied [6; 7].

Anyway, in an industrial contest characterized by a 
growing competitiveness, efficiency and rapidity have 
become crucial for the management of manufacturing 
systems. Despite the human component is still a focal point 
for every manufacturing process, the support of artificial 
intelligence and big data analysis may represent a 
remarkable enhancement for the industrial systems. In this 

context, and specifically in multivariable systems analysis’, 
Artificial Intelligence and particularly the artificial neural 
networks (ANN) find a prominent position [8]. Their 
principal feature is the ability to learn from an experimental 
dataset and provide a model capable to give accurate 
responses when interrogated with unknown data. The
application fields are several and include the aid of
decision-making processes, classification tasks, phenomena 
prediction, design optimization and materials 
characterization [9-20]. Images recognition is one of the 
most exploited applications within artificial intelligence 
tasks. Several methods have already been employed such as 
fuzzy reasoning [21], linear classifier [22], texture analysis 
[23], expert systems [24] and neuro-fuzzy inference [25]. 
Since the texture is the main visual content, several kinds of 
texture representations have been used in previous studies, 
such as the Local Binary Pattern [26] and the Webber Local 
Descriptor [27]. The aforementioned works use support 
vector machines; anyway, the convolutional neural network 
[28] represents the methodology used to reach the state of 
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art in several pattern recognition problems [29; 30]. In [31]
is presented a paper where an artificial neural network was 
exploited in order to ease the welding defects detection by 
means of radiographic images analysis. In that paper, an
ANN was trained with the geometric features of defects. 
Therefore, the algorithm provides for different steps such as 
the location of the region of interest, the discontinuities 
detection and the features’ extraction. The extrapolation of 
the critical information among the entire input variables is a 
typical problem of these approaches. The work presented by 
Costa et al. [32] is an example of the topic introduced. They 
extrapolate the information from the spectrogram related to 
audio signals in a music identification problem. The study
involves the extraction of critical information by means of 
the visual content of the audio signal, simplifying the 
problem from signal analysis to pattern recognition.

In industrial productions of food, automated images 
recognition systems were applied for classification problems 
[33-35] and quality inspection tasks [36-38] by means of 
computer-integrated vision [39-43]. Anyway, the 
aforementioned papers concern the investigation of 
superficial features and any works concerning the 
investigation of the internal characteristics of food have 
been presented. In the present paper, the automation of a
quality control process for a cherries stoning system based 
on a not destructive investigation of the internal feature is 
proposed. The aim of the work was the detection of pit 
fractions within the pulp of a cherry. Since pulp and stone 
feature different absorption coefficients, a brilliance 
analysis of backlit cherries was chosen as the method for 
discerning the eventual presence of pit or pit fragment 
inside the pulp.  The core of the system created is the 
histogram analysis of backlit cherries pictures, exploited to 
train an artificial neural network able to state the stone 
presence. The network implemented allows the detection of 
the pit or its fractions inside the cherries pulp in an 
automated manner, giving a fast response with an enhanced 
resolution with respect to the visual inspection.

2. Materials and Methods

The typologies of cherries exploited in the experimental 
tests are resumed in Table 1. Particularly, two different 
qualities of cherries and five different sizes were 
considered. A classification was necessary as the stone 
dimension does not grow linearly with the diameter of the 
cherry. Furthermore, different qualities of cherries feature a
different percentage of pulp. Therefore, the same stone 
fragments produce different histograms in function of the 
cherries diameter and quality.

Table 1 Cherries classification

Diameter (mm)
Cherries typology

A B

14-16 x -
16-18 x -
20-22 x x
22-24 x x
24-26 x -

In order to acquire images of backlit cherries, the 
experimental set up represented in Figure 1 was arranged.

Fig. 1 scheme of the experimental setup.

A support for the cherries was placed between a light source 
and a video camera. The optical instrumentation used during 
the experimental activities was a digital video camera 
PIXERA Mod 150ES, which captures pictures in the RGB 
format.  The camera was equipped with a light unit Nikon 
with a lens model AF NIKKOR 28-55 mm. The 
illumination system was composed of an optical fiber 
powered by a current transformer. Because of the light beam 
deviation, the source was placed as close as possible to the 
cherries support in order to focus the light beam on the 
cherry.

The wavelength of the light source was defined in 
consequence of a spectrographic analysis of the cherries. 
This analysis, reported in Figure 2, showed how the best 
transmittance is given by wavelengths of 1300 nm and 1650 
nm. A source characterized by 1300 nm was chosen for the 
experimental tests.

The defects of a not correct pitting operation were 
represented by the residues of the stone inside the pulp. 
Particularly, an entire, a half, a quarter and an eighth of the 
cherries stone was considered.

Since during the manufacturing process the cherries roll 
on tubular support, their position under the camera is 
random. The same occurs for the stone fragments embedded 
in the pulp. Therefore, the histograms extrapolated from 
pictures representing the same cherry with the same pit 
fraction could be different. For each stone fragments, the 
cherries were recorded in six different positions. A total of 
2520 pictures were acquired, equally divided for quality, 
size and stone fraction.

Fig. 2.  spectrographic analysis results with transmittance percentage 
function of wave lengths.
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2.1 Assessment of spectral analysis and images 
processing

During the pictures acquisition, it was evident the low 
information given by the blue channel while the red channel 
was saturated, as shown in Figure 3. In addition, the 
histograms achieved from the combination of green and red 
channel led to a misclassification of the cherries. Indeed, 
the histograms obtained from cherries with an eighth of 
stone and properly pitted are similar, as highlighted in 
Figure 4. Therefore, only the green channel was considered 
for the neural network training.

The images concerning the green channel were 
elaborated in MATLAB environment for the extrapolation 
of the histograms. Being the resolution of the camera 
1392×1040 and the images acquired in a single channel, 
MATLAB creates a matrix which dimensions was 
1392×1040, 1447680 elements. Each element assumed a 
value ranged between 0 and 255, corresponding to the pixel 
colour intensity in a grey-scale. Following, a matrix 256×2 
was created; the first column refers to the different level of 
the colour intensity and the second to the number of pixels 
characterized by a given level. A further row was then 
added in order to consider the other variable of the network, 
the cherries diameter, obtaining a vector 257×2. The quality 
of the cherry investigated was not included in the variable 
set since from a preliminary analysis resulted that it does 
not affect the histograms shape. 

2.2 Neural network implementation

The dynamic histogram analysis was performed by 
means of an artificial neural network. To that purpose, an 
ANN composed of a single hidden layer was implemented 
with a 257 neurons in the input layer, 8 in the hidden layer 
and 1 in the output layer. The ANN structure is represented 
in Figure 5. The transfer function exploited for both the 
layers’ connection was the log-sigmoidal transfer function.

Fig. 3 images of the RGB format in the scale of grey for the A) red B) 
green c) blue channel.

Fig. 4 histogram corresponding to a) pitted cherry b) cherry with an 
eighth of stone.

Fig. 5 Artificial neural network scheme

For the neural network training, 1761 histograms of 
2520 acquired were used for the training while the 759 left 
were applied for the validation phase. For each histogram 
used in the training matrix, a discrete output variable was 
associated. While the value “0” corresponds to a cherry 
with a stone of a stone fraction, “1” is associated with 
cherries properly processed during the pitting operation. 
The training algorithm was the resilient backpropagation 
algorithm with a learning rate of 0.01. Finally, the stop 
parameter was defined; particularly, a maximum number of 
epochs equal to 2000 and with an error equal to 1e-5 were 
set. The performance function chosen was the Mean 
Squared Normalized.

3. Results

Some of the 2520 picture acquired are reported in Figure 
6, with the corresponding histogram. Particularly, the 
images reported refer to the quality “A” with the diameter 
of the cherries ranged between 14 and 16 mm with a) entire 
pit, b) a half of the pit, c) a quarter of the pit, d) an eighth of 
the pit, e) any pit. Furthermore, in order to resume the data 
acquired from 2520 pictures all the histograms, obtained 
from the same kind of cherries in terms of quality and size, 
were superimposed to obtain a single graph. In Figure 7 the 
results obtained for the cherries with diameters ranged in 
14-16 [mm] are reported; the histograms belong to cherries 
of A.

The histograms analysis showed a clear correlation with 
the pit fraction. When an entire pit was embedded within 
the pulp, the great part of the pixels was characterized by 
dark tones of grey due to the low quantity of light passing 
through the cherry. This implies the presence of a single 
peak in the histogram at the darker tones of grey. When 
smaller stone fractions were considered, the light and 
middle tones of grey increased due to a reduced stone 
portion affecting the light transfer. Therefore, a second peak 
could be identified at the lightest tones of grey. The smaller 
is the stone portion the greater is the peak shift towards the 
light tones of grey. A small dispersion due to the variability 
of the meat of the cherries characterizes the peak. The 
results obtained for the other categories are not reported but 
the previous consideration can be generalized for the whole 
pictures acquired. 
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Fig. 6 pictures and histograms of a cherry with a) entire stone, b) a half, 
c) a quarter, d) an half, e) an eighth of the tone.

Fig. 7 superimpositions of the histograms of quality A cherries A) with 
the entire pit B) with an eighth of the pit C) without pit

Also, considering the same stone fraction, a slight 
shifting of the peak towards the light tone of grey was 
visible with the growth of the cherry diameter. This 
behaviour was attributed to the non-proportioned growth of 
pulp and stone entailed by the cherry dimension. As the 
ratio between pulp and stone growth with the diameter, the 
count of the light pixel increase and the peaks feature a 
larger base. In Figure 8, the histograms of A quality 
cherries with an eighth of the pit within the pulp are 
reported for diameters of A) 14-16 mm B) 16-18 mm C) 20-
22 mm D) 22-24 mm E) 24-26 mm.

Fig. 8 histograms of cherries with an eighth of the pit for different size.

The analysis of the network results concerned the 
performance of the validation by comparing the difference 
between the actual and the simulated output. On a 
validation set of 759 images, the pictures wrongly 
interpreted are 59, for an accuracy of 92.3 %.  The results 
are reported in Table 2. 

G. Baiocco et al. / Procedia CIRP 00 (2019) 000–000

Table 2 error committed in the validation phase
Cherry 

diameter (mm)
Stone fragment Misclassified 

images0 1/8 1/4 1/2 1
14-16 0 0 0 0 0 0
16-18 4 0 0 0 0 4
20-22 17 1 0 0 0 18
22-24 13 0 0 0 0 13
24-26 20 4 0 0 0 24

Misclassified 
images

54 5 0 0 0

The 91,5% of the misclassified cherries images, concern 
cherries without pit. The network has learnt and could 
actually recognize all the histograms of not properly pitted 
cherries while its weight assignment disadvantages the 
detection of properly manufactured cherries. Since the 
training was developed with an 80% of histograms from 
cherries with a pit fraction within the pulp, this behaviour 
was expected. Furtherly, dark spots on the cherries surface 
were detected and confused with stone portions. The other
kind of error committed by the network is related to the 
incorrect identification of an eighth of the pit. The random 
placement of the cherries, because of the small dimension 
of the pit portion, may be such that the stone fragment is 
aligned with the camera. This reduces the dark pixel content 
of the histogram. Moreover, there is a strong similarity with 
the histograms of cherry without the stone, as shown in 
Figure 9, and it is stronger the bigger is the cherries 
dimension.

Furthermore, it was evident how the error number 
increased with the cherries diameter. This behavior was 
justified considering the histograms shape modification in 
function of this parameter. The shift of the second peak 
towards the lighter tones of grey was associated both with 
the reduction of the stones dimension and with the cherries 
diameter increment. Therefore, when large not stoned 
cherries were analyzed, histograms with an increased shift 
of the second peak to the lighter tones of grey were 
detected. This behaviour was wrongly interpreted by the 
network causing the increase of the error rate, even more if 
pitted cherries or small stone fractions were analyzed as 
they feature a histograms peak heavily shifted towards the 
light tones of grey. In the test phase, 252 cherries were 
furtherly investigated. The focus laid on cherries correctly 
pitted and characterized by an eighth of the pit. The results 
obtained in the generalization step are reported in Table 3.
The network response is characterized by an error of 4.8% 
considering the cherries without pit not properly classified 
and 6.3% for the cherries with an eighth of the pit.
Therefore, the network features an accuracy of 88.9%, close 
to the result obtained in the validation step. Furtherly, 
considering the goal of the stoning quality assessment as the 
identification of not properly pitted cherries the 
performance of the system grows to 93.7%. However, the 
results obtained with this method can be furtherly 
improved. Being the instrumentation inexpensive it is 
possible to implement several control stations on the same 
production line.

Fig. 9 histograms of cherries without stone (A) and superimposition of 
the histogram A with the histogram for an eighth of pit (B).

Table 3 error committed in the generalization phase

Cherry diameter (mm)
Stone fragment Misclassified 

images0 1/8
14-16 0 3 3
16-18 2 6 8
20-22 2 4 6
22-24 2 3 5
24-26 6 0 6

Misclassified images 12 16

Two and three control stations placed in series would 
results in a reduction of the error rate of about, respectively, 
one and two orders of magnitude. In addition, it is possible 
to set two cameras oriented in orthogonal axis to reduce the 
error caused by the random placement of the cherry during 
the analysis.

4. Conclusion

In the paper proposed, an automated system for the 
quality control of a pitting system for cherries production 
was developed. In MATLAB environment, a code capable 
to extrapolate essential information in a simple and brief 
manner from the pixel content of backlit cherries picture 
was implemented. The histograms analysis allowed to 
correlate several shape with the eventual presence of pit 
fraction embedded in the pulp.

Following, a neural network was implemented and 
trained with the histograms acquired. The validation 
analysis showed an increasing error rate with cherry 
diameter increment. Particularly, the misclassification 
regarded pitted cherries and the smallest pit fraction 
investigated, an eight of pit. This was due to the fact that 
cherries diameter increment and pit fraction decrement 
produced the same effect on the histogram shape. Anyway, 
during the network testing an accuracy of 93.7% was 
reached that can be furtherly increased due to the simplicity 
of the system implemented. Furthermore, the software 
implemented can be connected with a sorting system of the 
cherries, activated in function of the network output. 

The method implemented allows the detection of pit 
fraction up to an eight, in contraposition with the visual 
inspection performed that lead to the detection of pit 
fraction up to a quarter. Moreover, the system allows a 
faster detection of pit fraction not visible by human. On the 
light of the performance achieved, the methodology 
proposed for the quality control of a cherries pitting system 
can be considered valuable.
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Fig. 6 pictures and histograms of a cherry with a) entire stone, b) a half, 
c) a quarter, d) an half, e) an eighth of the tone.

Fig. 7 superimpositions of the histograms of quality A cherries A) with 
the entire pit B) with an eighth of the pit C) without pit

Also, considering the same stone fraction, a slight 
shifting of the peak towards the light tone of grey was 
visible with the growth of the cherry diameter. This 
behaviour was attributed to the non-proportioned growth of 
pulp and stone entailed by the cherry dimension. As the 
ratio between pulp and stone growth with the diameter, the 
count of the light pixel increase and the peaks feature a 
larger base. In Figure 8, the histograms of A quality 
cherries with an eighth of the pit within the pulp are 
reported for diameters of A) 14-16 mm B) 16-18 mm C) 20-
22 mm D) 22-24 mm E) 24-26 mm.

Fig. 8 histograms of cherries with an eighth of the pit for different size.

The analysis of the network results concerned the 
performance of the validation by comparing the difference 
between the actual and the simulated output. On a 
validation set of 759 images, the pictures wrongly 
interpreted are 59, for an accuracy of 92.3 %.  The results 
are reported in Table 2. 
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Table 2 error committed in the validation phase
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diameter (mm)
Stone fragment Misclassified 

images0 1/8 1/4 1/2 1
14-16 0 0 0 0 0 0
16-18 4 0 0 0 0 4
20-22 17 1 0 0 0 18
22-24 13 0 0 0 0 13
24-26 20 4 0 0 0 24

Misclassified 
images

54 5 0 0 0

The 91,5% of the misclassified cherries images, concern 
cherries without pit. The network has learnt and could 
actually recognize all the histograms of not properly pitted 
cherries while its weight assignment disadvantages the 
detection of properly manufactured cherries. Since the 
training was developed with an 80% of histograms from 
cherries with a pit fraction within the pulp, this behaviour 
was expected. Furtherly, dark spots on the cherries surface 
were detected and confused with stone portions. The other
kind of error committed by the network is related to the 
incorrect identification of an eighth of the pit. The random 
placement of the cherries, because of the small dimension 
of the pit portion, may be such that the stone fragment is 
aligned with the camera. This reduces the dark pixel content 
of the histogram. Moreover, there is a strong similarity with 
the histograms of cherry without the stone, as shown in 
Figure 9, and it is stronger the bigger is the cherries 
dimension.

Furthermore, it was evident how the error number 
increased with the cherries diameter. This behavior was 
justified considering the histograms shape modification in 
function of this parameter. The shift of the second peak 
towards the lighter tones of grey was associated both with 
the reduction of the stones dimension and with the cherries 
diameter increment. Therefore, when large not stoned 
cherries were analyzed, histograms with an increased shift 
of the second peak to the lighter tones of grey were 
detected. This behaviour was wrongly interpreted by the 
network causing the increase of the error rate, even more if 
pitted cherries or small stone fractions were analyzed as 
they feature a histograms peak heavily shifted towards the 
light tones of grey. In the test phase, 252 cherries were 
furtherly investigated. The focus laid on cherries correctly 
pitted and characterized by an eighth of the pit. The results 
obtained in the generalization step are reported in Table 3.
The network response is characterized by an error of 4.8% 
considering the cherries without pit not properly classified 
and 6.3% for the cherries with an eighth of the pit.
Therefore, the network features an accuracy of 88.9%, close 
to the result obtained in the validation step. Furtherly, 
considering the goal of the stoning quality assessment as the 
identification of not properly pitted cherries the 
performance of the system grows to 93.7%. However, the 
results obtained with this method can be furtherly 
improved. Being the instrumentation inexpensive it is 
possible to implement several control stations on the same 
production line.

Fig. 9 histograms of cherries without stone (A) and superimposition of 
the histogram A with the histogram for an eighth of pit (B).

Table 3 error committed in the generalization phase

Cherry diameter (mm)
Stone fragment Misclassified 

images0 1/8
14-16 0 3 3
16-18 2 6 8
20-22 2 4 6
22-24 2 3 5
24-26 6 0 6

Misclassified images 12 16

Two and three control stations placed in series would 
results in a reduction of the error rate of about, respectively, 
one and two orders of magnitude. In addition, it is possible 
to set two cameras oriented in orthogonal axis to reduce the 
error caused by the random placement of the cherry during 
the analysis.

4. Conclusion

In the paper proposed, an automated system for the 
quality control of a pitting system for cherries production 
was developed. In MATLAB environment, a code capable 
to extrapolate essential information in a simple and brief 
manner from the pixel content of backlit cherries picture 
was implemented. The histograms analysis allowed to 
correlate several shape with the eventual presence of pit 
fraction embedded in the pulp.

Following, a neural network was implemented and 
trained with the histograms acquired. The validation 
analysis showed an increasing error rate with cherry 
diameter increment. Particularly, the misclassification 
regarded pitted cherries and the smallest pit fraction 
investigated, an eight of pit. This was due to the fact that 
cherries diameter increment and pit fraction decrement 
produced the same effect on the histogram shape. Anyway, 
during the network testing an accuracy of 93.7% was 
reached that can be furtherly increased due to the simplicity 
of the system implemented. Furthermore, the software 
implemented can be connected with a sorting system of the 
cherries, activated in function of the network output. 

The method implemented allows the detection of pit 
fraction up to an eight, in contraposition with the visual 
inspection performed that lead to the detection of pit 
fraction up to a quarter. Moreover, the system allows a 
faster detection of pit fraction not visible by human. On the 
light of the performance achieved, the methodology 
proposed for the quality control of a cherries pitting system 
can be considered valuable.
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