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A B S T R A C T   

This study analyses the influence of the key process parameters during friction assisted joining process on the 
frictional power. Experimental joining tests were performed by varying the plunging force, the tool rotation 
speed, and the tool diameter. During the tests, the main processing loads were acquired through an instrumented 
equipment. The physical correlation between the process parameters and the frictional power was determined 
and modeled through machine learning. Different model configurations were tested varying the number of 
neurons in the hidden layer. The results proved the possibility to predict the frictional power through machine 
learning with good reliability (R2 = 0.90) and generalization capability. This was pursued using a limited number 
of experimental tests through a signal breakdown approach.   

1. Introduction 

Thermo-mechanical joining processes are a promising solution to 
produce hybrid multilateral joints [1]. These processes are based on 
softening a thin layer of the thermoplastic component at the metal- 
polymer interface. During thermo-mechanical joining processes, the 
two materials are heated to a temperature close to the melting/softening 
ranges of the polymer [2]. Then, the application of an external pressure 
enables the formation of the joint. Different joining mechanisms can 
develop, including physical bonding (van der Valls forces), chemical 
bonding (C-O-M bonds) [3], and also micro-mechanical interlocking [4] 
through surface roughness or process-induced surface asperities on the 
metal surface. The surface of the metal component can be functionalized 
to increase the strength of these joints. Several technological solutions 
have been proposed, e.g. anodization (for aluminum sheets) [5,6] 
plasma electrolytic oxidation [7,8], and laser texturing [9–14]. 

The mechanical strength of these joints is directly related to the 
temperature reached at the interface of the two components [15]. The 
temperature depends on the power absorbed during the joining process 
[16]. Previous studies investigated the influence of the process param
eters on the strength of the joints using an almost “likely black-box” 
approach. Direct relationships between the process parameters and the 
joint's quality can be established by sophisticated models such as Arti
ficial Neural Networks. However, this approach tends to hinder the 
causality involved in the process, how the material behaves and how to 

optimize the process outside the bounds of the analyzed processing 
window. A more “enlightened approach” would uncover such relation
ships by a breakdown of the cause-effect relationships, as schematized in 
Fig. 1. 

This approach starts from the joints' quality and goes back to the 
influence of the process parameters; furthermore, it can be split into 
separate steps and more focused activities. This approach would pro
duce larger amount of transferable knowledge as the process causality is 
pursued. Many studies investigated the influence of the joint's 
morphology on the mechanical behavior of the joints. It is crucial to 
determine which process condition is the most significant to trigger the 
bonding mechanism and the development of process-induced defects 
[17]. Finite element models [18] as well as artificial Intelligence based 
approaches would provide more insights for the prediction of the pro
cess conditions based on a selection of process parameters. The results 
reported in [14] for friction-assisted joining indicate that the tempera
ture at the metal-polymer interface represents the key parameter. This 
confirms the close relationship between the temperature window and 
the mechanical behavior of the joints made by thermomechanical 
joining processes. 

Direct temperature measurements at the metal-polymer interface are 
extremely complex. Thus, numerical [16] and machine learning-based 
models [19] have been developed to predict the temperature pro
duced once the power supplied during the process is known. However, 
unlike laser joining processes [20–24], the power involved in friction- 
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based processes is not known a priori [25]. This problem is common to 
friction-based joining processes such as ultrasonic joining [26–34], 
friction spot joining [35–41], friction lap welding [5,42,43], friction stir 
lap welding [44–46], and friction riveting [47–49]. The knowledge of 
the relationship between the process parameters and the frictional 
power would greatly improve the selection of the process parameters. In 
addition, the frictional power also changes during the process owing to 
the variable heat exchanges with the environment and the surrounding 
clamping equipment and above all the variation (softening) of the flow 
stress on the metal in contact with the tool [19]. Thus, the prediction of 
the frictional power in the friction-based joining process is a challenging 
objective. Thus, the key demand for process design in friction-based 
joining processes is the possibility to predict the amount of frictional 
power once a set of process parameters is selected. This would represent 
the first step towards an engineered process design. 

The present investigation is aimed at meeting such demand through 
the development of a model that predicts the frictional heat supplied 
when a given set of process parameters is adopted. This was pursued 
through the adoption of a machine learning modeling approach. To this 
end, an experimental campaign of joining tests was conducted using an 
instrumented equipment, which enabled the measurement of the force 
and torque during the process. The experiments involved different 
processing conditions, including the plunging force, the rotation speed, 
the tool diameter, and joining time. The measurements were elaborated, 
used to train, and validate a Machine Learning based model. Different 
configurations were tested to improve the generalization and accuracy 
capabilities of the developed model. 

2. Materials and methods 

Friction assisted joining process is a thermomechanical joining pro
cess that is used to produce lap joint between metal-polymer [2] and 
metal composite [50] thin components. During the process, the tool 
rotates at relatively high speeds (typical values range between 2000 and 
8000 RPM) and slightly plunges the metal component with a relatively 
low plunging force (typically smaller than 1 kN). This enables the pro
duction of high frictional power with a small plunging imprint released 
by the tool on the metal sheets. The imprint is usually lower than 0.1 mm 
in depth. The frictional power enables to rapid heat of the tool-metal 
interface and the heat diffuses towards the metal-polymer interface. 
Then, the polymer gets softer for a certain thickness leading to the 
penetration of the artificial asperities (previously produced on the metal 
surface) within the polymer. This enables the formation of strong micro- 
mechanical interlocks. After the penetration, the tool rapidly retracts 
leading to the cooling and consolidation of the joint. The process pa
rameters (those influencing the frictional power and those influencing 
the interaction time) have to be selected to provide sufficient energy to 
enable a thin layer of polymer to soften/melt. On the other hand, excess 
of energy should be avoided since it would involve excessive tempera
tures (and consequently process-induced defects, such as those reported 
in [17]), waste of energy, and higher joining time. A schematic of the 
main phases along with the joint development is depicted in Fig. 2. 

Fig. 1. Analysis steps towards friction-based joining process design and optimization.  

Fig. 2. Schematic of the joint formed by the frictional assisted joining process.  

F. Lambiase et al.                                                                                                                                                                                                                               



Journal of Manufacturing Processes 68 (2021) 750–760

752

2.1. Experimental details 

A campaign of experimental tests was conducted using 3 mm thick 
sheets of aluminum AA7075 alloy and polyamide PA66 sheet (5 mm 
thick). The main physical characteristics of the materials involved are 
summarized in Table 1. The samples were cut into strips that were 25 
mm wide and 80 mm long. The resulting area of overlap was 25 × 25 
mm2. 

Experimental joining tests were conducted under prescribed 

plunging force (Fmax) through a prototypal joining machine equipped 
with load and torque sensors. A schematic of the clamping system and 
the piezoelectric modules schematizing the experimental setup is 
depicted in Fig. 3. The machine was equipped with a spindle having a 
maximum power of 13.5 kW and a maximum rotational speed of 8000 
RPM. Three tools with a cylindrical shape, flat end tooltip, and 0.1 mm 
corner radius were used. The tools differed by the tooltip diameters (D =
10 mm, D = 15 mm, and D = 20 mm), as also schematized in Fig. 3. The 
tools were made of Bohler K720 steel. 

The joining process consisted of different phases. First, the tool was 
put in rotation at a prescribed speed (ω). Then, the tool was plunged 
against the metal sheet at a prescribed rate (1000 N/s) until the pre
scribed plunging force Fmax was reached. Then, the tool continued 
plunging the metal (at the prescribed load Fmax) as long as the dwell time 
elapsed. Finally, the tool was rapidly retracted from the metal (at 50 
mm/s). 

Table 1 
Main physical and thermal characteristics of involved materials [17].  

Material Density [kg/m3] Glass transition [◦C] Melting point [◦C] 

PA66  1150 47 258 
AA7075  2810 – 477–635 ◦C  

Fig. 3. Schematic of the equipment used to produce FAJ joints and main dimension of the tools adopted.  
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The experimental campaign involved the variation of the tool 
diameter (D) rotation speed (ω), and the plunging force (Fmax) over a full 
factorial plan 3 (D) × 5 (Fmax) × 4 (ω). This led to 60 joining conditions. 
The joining experiments were conducted with a Dwell time Dt of 15 s. 
The choice of the adopted process parameters was based on typical 
values adopted for friction assisted joining process. The levels involved 
in the experimental plan are reported in Table 2. 

During the experimental tests, the plunging force and the torque 
were acquired using two piezoelectric modules, Kistler model 9055- 
9063B and Kistler multichannel Model 5017 charging amplifier at a 
sample rate of 2.0 kHz. An I/O acquisition board model USB6009 by 
National Instrument was adopted for data acquisition. 

2.2. Machine learning approach 

For each processing condition, the plunging force and the frictional 
power were determined. To this end, the torque value (Mz) was multi
plied by the tool rotation speed (ω) used in the test. The frictional power 
data were related to processing conditions through two layers of Arti
ficial Neural Network (ANN), which was developed within the Matlab 
2019b environment, as depicted in Fig. 4. Different network configu
rations were tested by varying the key parameters (mainly the number of 
neurons and the transfer functions). The “early-stopping” algorithm was 
adopted to avoid overfitting. Indeed, data was subdivided into separate 
sets, namely training, validation, and test sets. The training set was used 
to determine the weights and biases of the neural network. The vali
dation set was adopted to trigger the onset of overfitting. Indeed, during 
the training, the overall error on the training and validation sets was 
monitored. The overall error that is computed on the training set is 
monotonically descended. However, since the model was not trained on 
the validation set, when the model tends to overfit the training data, the 
error computed on the validation set starts to increase. This triggers the 
early stopping of the Artificial Neural Network model. To this end, 20% 
of data were used for the training set, 50% for the validation set, and the 
remaining 30% for the test set. The samples used for the three datasets 
were selected randomly from the experimental database. 

2.3. Data extraction 

During the joining process, the torque Mz was measured using the 

above-mentioned piezoelectric cell. This enabled the calculation of the 
frictional power P as the product of Mz by ω (rotation speed). Then, the 
mean frictional power P, that is the energy provided for unit time, was 
determined using Eq. (1). 

P(t*) =
1
t*

∫ t*

0
Mzω dt (1) 

Fig. 5 depicts schematically the approach used for data extraction 
from the experimental curves. For a given set of processing conditions, e. 
g. D=D*, Fmax = Fmax*, and ω = ω*, the experimental curve of P is 
calculated as Mz × ω. Then, the energy Et* supplied for a given interval of 
time t* was calculated as well as the mean frictional power Pt* = Et*/t*. 
Each experimental curve was consequently subdivided to provide the 
mean frictional power after given time intervals (between 0.5 s and 15 s 
with steps of 0.5 s). Thus, from each curve, up to 30 values of P were 
determined (for each joining time). This procedure was conducted for all 
the experimental curves measured during the joining tests performed 
with varying the process parameters (tool diameter, tool rotation speed, 
and plunging force). This led to a dataset of almost 30 (joining time) ×
60 (joining conditions) = 1800 records. This information was used to 
populate a database that was used to train, validate, and test the Arti
ficial Neural Network model, as schematically depicted in Fig. 5. 

3. Results 

3.1. Effect of process parameters on frictional power 

Fig. 6 depicts the influence of the tool rotation speed on the frictional 
power during the process. The trends indicate that the increase ω pro
duces an increase in frictional power. However, for ω = 2000 RPM, the 
power showed a first initial steep increase, as long as the plunging force 
increased up to the prescribed load (500 N). Then, the power showed a 
knee and then a plateau [14]. On the other hand, for higher rotation 
speeds (ω = 4000 RPM, 6000 RPM, and 8000 RPM), the frictional power 
showed different trends. After the first peak, which increased with the 
rotation speed, the power tended to decrease during the dwell time. This 
was due to the metal and polymer softening that partially reduced the 
frictional heat (and power). 

The influence of the mean plunging force and tool diameter on the 
frictional power variation during the process is reported in Fig. 7. These 
curves pertain to the same rotation speed (ω = 6000 RPM). These trends 
indicate the increase of the frictional power with the plunging force, 
regardless of the tool diameter. Higher plunging forces involved higher 
pressure, which in turn led to higher frictional power. Similarly, the 
increase in the tool diameter involved higher friction. Indeed, consid
ering a sliding condition between the tool and the metal surface, the 
frictional heat Q produced by a flat tool with diameter D, a tool rotation 
ω, a coefficient of friction μ, and a pressure p is given by Eq. (2) [51,52]: 

Table 2 
Levels used for the experimental campaign.  

Level Tool diameter, D 
[mm] 

Plunging force, Fmax 

[N] 
Rotation speed, ω 
[RPM] 

I  10  150  2000 
II  15  250  4000 
III  20  350  6000 
IV   450  8000 
V   550   

Fig. 4. Schematic of the Artificial Neural Network model structure.  

F. Lambiase et al.                                                                                                                                                                                                                               



Journal of Manufacturing Processes 68 (2021) 750–760

754
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If F is the plunging force, 

p =
F

π∙
(

D
2

)2 (3) 

Therefore, the frictional heat is 

Q =
2
3
∙π∙μ∙p∙

(
D
2

)3

=
2
3
∙π∙μ∙ F

π∙
(

D
2

)2∙
(

D
2

)3

=
1
3
∙μ∙F∙D (4) 

Eq. (4) indicates that larger tools would involve higher frictional 
heat. Deep differences existed between the tests performed with 
different tools in terms of power variation during the joining time. The 
tests performed with tool diameters D = 10 mm and D = 15 mm were 
generally characterized by an almost constant frictional power. On the 
other hand, the tests performed using the larger tool (except those 
involving a plunging force of 150 N) showed a tendency of the frictional 

Fig. 5. Typical power variation curve calculated through Eq. (1) using experimental measurements of the torque Mz, and data extraction. Mean power after (a) 0.5 s; 
(b) 1.0 s; (c) 1.5 s and (d) 2.0 s. 
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power to decrease after reaching a peak value. This difference was still 
due to the polymer softening that reduced the frictional power. Indeed, 
as a thick layer of polymer melted, this started to flow (leading to the 
polymer sheet thinning) causing a steep reduction of the frictional heat. 
This confirmed that the frictional power was highly influenced by the 
flow stress of the material involved. 

Fig. 8 depicts the variation of the frictional power for different tool 
diameters and plunging forces. The above observations indicate that the 
processing conditions involving a mean frictional power lower than 600 
N showed a more regular behavior (lower reduction of frictional power 
during the process). On the other hand, processing conditions leading to 
higher values of the frictional power involved a steeper reduction of the 
frictional power after reaching the peak value. 

The trends of the plunging force confirm that after reaching the 
preset value, the plunging force held constant over time. On the con
trary, the power can show great variations in time according to the 

process parameters adopted and severe variation of the material's flow 
stress. 

The above results indicate that all the involved process parameters 
severely influenced the frictional power trends. Some of these factors 
showed a direct influence, e.g. the increase of the rotation speed 
involved a linear increase of the frictional power as long as both the 
metal and the polymer can bear the plunging force. On the other hand, 
other process parameters, e.g. the plunging force, the dwell time, and 
the tool diameter showed a more complex interwoven influence. This 
increases the difficulty to develop closed-form analytical or empirical 
models for power forecasting. This pushed to the development of the 
Artificial Neural Network relationship between the process parameters 
and the frictional power. 

Fig. 6. (a) Influence of the rotation speed on the frictional power as measured experimentally (D = 15 mm, Fmax = 500 N); (b) variation of the contact surface when 
the metal is plunged by the tool. 

Fig. 7. Influence of Plunging force and tool diameter on the frictional power as measured experimentally. (a) D = 15 mm and (b) D = 20 mm. ω = 6000 PRM.  
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3.2. Machine learning model predictions 

Table 3 compares the mean and standard deviation values of the 
error of different Neural Networks which differ by the number of 

neurons within the hidden layers. These error estimators were calcu
lated as the difference between the experimental measurement and the 
Artificial Neural Network prediction of the power over the entire dataset 
(almost 1800 samples). As expectable, increasing the number of neurons 
within the hidden layers increased the capability of the model to get 
closer to the experimental data (the mean error slightly reduced with an 
increase of the number of neurons, while the coefficient of determina
tion R2 slightly increases). However, this was done at the expense of 
model generalization, which is the capability to avoid overfitting. 

A further comparison of the developed Artificial Neural Networks is 
depicted in Fig. 9. Here, the model error probability plot of the three 
network configurations is compared. Fig. 9 indicates a substantial 
equivalence among the network's accuracy. The statistical quality 
assessment predictors confirm such equivalence, thereby the simpler 

Fig. 8. Influence of tool diameter D and plunging force, Fmax on frictional power, (a–b) 200 N, (c–d) 400 N, (e–f) 600 N.  

Table 3 
ANN models characteristics and evaluation of error estimators.  

ID 
NET 

Number of 
neurons 1st 
layer 

Number of 
neurons 2nd 
layer 

Mean 
[W] 

STD. 
DEV. 
[W] 

Coefficient of 
determination R2 

ANN1  5  5  41  61  0.899 
ANN2  10  10  40  64  0.890 
ANN3  20  20  37  70  0.905  
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Artificial Neural Network (ANN1) was chosen as the higher general
ization capability. 

The above ANN1 was used to construct the response maps (reported 
in Fig. 10) that describe the relationship between the process parameters 
and the frictional power. Fig. 10a indicates the tendency of the frictional 
power to increase with the plunging force and the rotation speed. 
However, while the increase with the rotation speed is almost mono
tonic, the increase of the frictional power with the plunging force shows 
a plateau. For plunging forces higher than 400 N, the increase in the 
plunging force does not involve significant variation of the frictional 
power. This phenomenon was addressed to a severe aluminum reflow 
that was observed when the tool with smaller diameter D = 10 mm was 
used in conjunction with high plunging forces. 

When the tools with larger diameters were used (D = 15 mm, and D 
= 20 mm), the frictional power still showed a tendency to increase with 

the plunging force and the rotation speed, as shown in Fig. 10b–c. 
However, the maps concerning D = 15 mm and D = 20 mm did not show 
the plateau. This was due to the lower pressure exerted by the tool on the 
underlying aluminum (as larger contact areas were involved). Thus, 
even under heavier conditions (higher plunging force and higher rota
tion speeds), the material reflow, which limits the plunging force, did 
not occur for diameters D = 15 mm and D = 20 mm. 

The results also indicate that larger tools enabled to provide higher 
frictional power as higher torque was demanded, in agreement with Eq. 
(4). 

In analogy to laser processes, the response surfaces of mean frictional 
specific power were calculated by dividing the power by the contact area 
(the surface area of the tool tip), as shown in Fig. 10d− f. It is worth 
noting that this is only a reference value as the frictional power is un
even under the tool-metal contact surface [16]. The temperature is 
highly dependent on the frictional specific power. The comparison be
tween Fig. 10d–f shows that the increase in the diameter of the tool 
involved lower frictional specific power. For instance, the peak of fric
tional specific power reached with a diameter D = 10 mm was about 6.4 
W mm− 2. This value drops to 3.7 W mm− 2 (Fig. 10e) for a tool with 
diameter of D = 20 mm. 

Fig. 11 analyses the interactions between the plunging force and the 
dwell time, as the rotation speed of the punch diameter changes. When 
using the tool with a diameter D = 10 mm, the increase in dwell time led 
to an increase in the average frictional power. This increase was 
attributed to the aluminum reflow that increased the contact area be
tween the tool and the metal sheet. 

The use of the tool with a diameter D = 20 mm involved different 
trends. For longer dwell time, the average power reduced as shown in 
Fig. 11g–i. This behavior was ascribed to the sharp variation of frictional 
Power shown in Fig. 7and Fig. 8e, especially when high plunging forces 
were adopted. The use of the tool with intermediate dimensions (D = 15 
mm) shows an intermediate behavior between the tools with diameters 
D = 10 mm and D = 20 mm. In this case, the frictional power did not 
change with the dwell time. 

Fig. 9. Distribution of error affecting different Artificial Neural Networks 
configurations. 

Fig. 10. Predicted response surface: influence of plunging force and rotation speed on frictional power (Dt = 1 s) using different tool diameters: (a)(d)D = 10; (b)(e) 
D = 15; and (c)(f) D = 20 mm. 
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These trends are also depicted in Fig. 12, where the predicted values 
(Model) are compared to experimentally measured values (calculated as 
the torque by the rotation speed). It must be concerned that all the three 
curves were not used for training the ANN, but rather they were pro
vided for validating the network. This comparison further indicates the 
good capability of the developed model to predict the power trends 

under different conditions. 

4. Discussion 

Friction-assisted joining enables the production of high-strength 
joints of dissimilar materials with simple equipment, in a short time, 
and reduced cost. When applied to join metals to thermoplastics or fiber- 
reinforced thermoplastics, the temperature at the metal-polymer inter
face triggers the successful joint formation [15]. Previous studies [16] 
demonstrated the close relationship between temperature and the fric
tional power involved in the process. However, unlike other joining 
processes such as direct laser joining, in frictional-based processes, the 
supplied power (frictional power) is not an input process parameter. 
Rather, it derives from the selection/combination of the process pa
rameters such as plunging force, rotation speed, and tool diameter. Be
sides, the power can vary during the process since the severe change of 
the material behavior. 

A machine learning approach was developed to predict frictional 
power based on the selection of the process parameters. To this end, a 
comprehensive campaign of experimental tests was conducted varying 
the main process parameters. The results indicated that there is a non- 
negligible interaction among the process parameters. This renders the 
prediction of the frictional power using analytical and traditional 
empirical models extremely complex. This is mainly due to the change of 

Fig. 11. Predicted response surface: influence of plunging force and dwell time on the frictional power using different tool diameters and rotation speeds.  

Fig. 12. Comparison of experimental and predicted power trends using 
different tool dimaters (ω = 4000 RPM, Fmax = 600 N). 
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material behavior during the process. The model predictions were in 
good agreement with the experimental measurements. This was indi
cated by an average model error of almost 40 W and a coefficient of 
determination R2 ≅ 0.90. Also, great care was taken to model gener
alization, by avoiding overfitting. 

In all the cases, the plunging force showed a lower influence on the 
frictional power than the tool rotation speed. This is particularly 
important in terms of process design and machine selection. Indeed, 
higher speeds would lead to a higher power and would be preferable to 
higher plunging forces. Besides, lower plunging forces would require 
lighter and more flexible equipment as lower forces are involved. 
Finally, lower plunging forces would involve shallower indentations left 
by the tool on the upper surface of the metal sheet, which leads to a 
better aesthetical appearance of the joints. 

Although the influence of the plunging force on the frictional power 
was expectable, the adoption of larger tools represents the principal way 
that enables to increase the frictional power during the friction-assisted 
joining process. Besides, it would also increase the dimension of the 
joined area and consequently increase the load-bearing capability. 
When relatively small tools were adopted, high plunging forces and/or 
rotation speed should be avoided to prevent metal perforation. Conse
quently, the adoption of a larger tool enables to spread of the plunging 
force over a larger area reducing the contact stress at the tool-metal 
interface. 

Fig. 13 further schematizes the influence of the tool diameter on the 
material flow. Small tools involve higher pressure that may lead to metal 
reflow and surface perforation. On the other hand, when larger tools are 
adopted, this issue is avoided as the larger contact area. Larger tools 
involved higher power supplied during the process. This led to higher 
heating of the polymer upper surface, which shortly approaches the 

melting/softening point. Consequently, the reduced polymer viscosity 
leads to the (unnecessary) ejection of a thin layer of material (polymer), 
as schematized in Fig. 13b. 

5. Conclusions 

The frictional power during the friction-assisted joining is not input 
data (such as laser direct joining) but rather it depends on the selection 
of the process parameters. The power also varies during the process 
owing to the variation of the metal flow stress and the contact tool-metal 
surface, metal reflow as well as polymer softening/melting. The devel
oped machine learning model was capable to capture the influence of 
the process parameters (the tool diameter, the rotation speed, the 
plunging force, and dwell time) on the mean power supplied. The main 
achievements of the study are summarized as follows:  

• The influence of the processing parameters on the mean frictional 
power was determined. The smaller tool involved lower power (650 
W) but the highest power density (6.4 W mm− 2) while the larger tool 
involved almost double power (1150 W) and half power density (3.7 
W mm− 2).  

• The developed Machine Learning model was characterized by good 
reliability, as indicated by the key model indicators: R2 = 0.90 and 
average temperature error of 40 W. The developed Machine Learning 
model was also capable to capture the steep variation of the frictional 
power with the interaction time. Also, great generalization capability 
was obtained as the predicted surface maps showed a regular 
behavior without falling in experimental data overfitting.  

• the proposed signal breakdown approach was based on the time 
subdivision of the experimental measurements. This enabled to 

Fig. 13. Schematic of material reflow when (a) small and (b) large tools are adopted.  
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development of a reliable Artificial Neural Network model with a 
limited number of testing conditions (60). Indeed, each power-time 
curve provided 30 experimental data leading to a sufficient num
ber of records for training, validation, and testing the developed 
Artificial Neural Network. 
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