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Abstract: An ANN or Artificial Neural Network is prototypical 
that is employed to connect the variety of parameter space. The air 
bend contains curve force and spring-back. These are predicted 
through the numerical and semi-logical model. A number of 
researchers examine these models. A collection of information is 
fitted by Artificial Neural Network which has high flexibility, the 
capacity to delineate non-straight connections and parallel usage, 
collaborations of process parameters, Vigor and the adaptation to 
non-critical failure are the main characteristics of ANN. Due to 
these characteristics, and the device of ANN successfully monitors 
the problems. The significant quality of ANN is that the "U" 
shaped profile of bending among the information that is involved 
in the associations of parameters and mind-boggling and the sheet 
metals bend researchers. 

Keyword: FEM, spring back, Bouncing error 

I. INTRODUCTION 

ANN is discussed about the conduct of any 
unpredictable and process of non-straight that shows the 
apparatus. As per (Harshal et al., 2016)ANNs used in 
ostensible of a few assembling forms. There are so many 
factors take place during the sheet metal shaping such as 
material, apparatus, process intricate and non-straight. (Salvi 
et al., n.d.) have described that the counterfeit neural systems 
utilized in a vast number of metal forming issues. It's neither 
optimized fashioner nor tedious tryouts are necessary at the 
client end. 
 (Ekici & Tekeli, 2004) have described that the natural 
sensory system (cerebrum) forms information that brings out 
the counterfeit Neural Network (ANN) which means 
information handling framework. A collection of information 
is fitted by an Artificial Neural Network which has high 
flexibility. The capacity to delineate non-straight connections 
and parallel usage, collaborations of process parameters, 
Vigor and the adaptation to non-critical failure are the main 
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characteristics of ANN. Due to these characteristics, the 
device of ANN successfully monitors the problems. An 
expectation of apparatus among the information that is 
involved in the associations of parameters and mind-boggling 
and the sheet metal bend researchers. These are treated as 
main quality and it is actually weaker. A machine learning 
model in a neural system is used to construct a framework in 
sheet metal bend for the optimal of tolling A limited quality is 
based on the models of learning. The arrangement of capacity 
is attained through this model back-engendering neural 
system. 
In the channel stepping process, the spring-back minimized 
by the demonstration of ANN and FEM reenactments are 
employed to attain numerous restricting force. Due to back 
proliferation calculation, NN is prepared through the 
methods of FEM reenactments. (Jamli et al., 2015) have 
depicted that in the process of steel channel forming, both a 
ventured fastener force dissection and a neural system that 
controls the framework had been enhanced. So that the 
spring-back point is controlled. For the ventured folio 
direction, a polynomial bend fitting of the punch force 
direction is designed through three contributions. These were 
used to develop parameters in Neural Network. The 
collaborations of the procedure parameters and non-straight 
networks are used to prepare the NN calculation. 
 (Ghiotti et al., 2017) investigated that in an L twisting 
procedure, the neural systems are utilized to predict the 
spring-back of a perforated plate or perforated sheets. There 
are some information parameters used in the neural system 
such as the proposition of kick the bucket leeway to sheet 
thickness, clear holder force, pass on, opening size, punch 
range, and material sort. A light that has 40 cases explores is 
used in the calculation of back spread. The ANN was 
prepared with these calculations. 

An innovative case is employed to trial the prepared 
ANN and dissimilar test outputs are attained. It is proved that 
the expectation provided through the neural system is 
adjacent. In a wipe twisting procedure, a perceptive model of 
spring-back is made through ANN and FEA acquired in the 
light of the information (P. Chen & Koç, 2007). After the 
preparation of the system, the strain solidifying and 
numerous arrangements of solidarity coefficient along with 
the spring-back edge are forecasted. The uniformity among 
the system display and the FE reproduction is established 
through the outcomes. The zero spring-back is delivered 
through the expected force. These forces are predicted 
through a neural system display in the U shaped twisting 
procedure. The sever significant aspects are the quality 
factor, strain solidifying example, pass on width, sheet 
thickness, punch span, spring-back edge and bite the dust 
sweep.  
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The three occurrences of introduction are displayed towards 
the moving of the sheet metal through the three distinct 
systems because of the preparation set which has a tiny 
dimension. The three occurrences are displayed at 0o, 45o and 
90o. An acceptable possibility of the spring-back edge was 
established at height. Out of three systems, a single neural 
system had been employed to reduce the adequate range. 
In U shaped bend utilizing neural systems, bite the dust or 
sweep the thickness proportion on spring-back edge, and the 
twisting edge is the properties of numerous resources. These 
are examined by (Naceur et al., 2006). In this study, the 
methods of learning calculations such as scaled conjugate 
gradient or SCG, pala-Ribere conjugate gradient or CGP, 
Leverberg-Marguardlm or LM are employed. LM 
calculations are employed to attain the best consequences. 
The punch uprooting control framework involved in a neural 
system. The procedure of AA5454 aluminum compound 
sheets is employed to control spring-back in an air bend. The 
three sheets with consistency are examined. So that the three 
neural systems had been developed, each sheet for each 
system. The punch uprooting is predicted through the 
prepared neural systems. The spring-back is recompensed 
through this punch uprooting.  
 (Abdullah et al., 2013) have described that the spring-back 
in air twisting of metallic sheets are forecasted through the 
improved ANN. The spring-back and punch travel, pass on 
the hole to the section of bite the dust sweep proportion, two 
yields and strain solidifying type, punch range/thickness 
proportion and an edge of twist are the five sources of 
information in engineering.  
It also considered the impacts of the system parameters over 
mean square blunder (MSE). The force term and the learning 
rates are also considered for the invention. The ANN may 
make with another arrangement of testing information.  
present that the optimization of the ANN wide to the issue of 
spring back in their other paper point by point. It was 
produced ANN using diagnostic models that can refine 
through the machine. The information created by the 
examination model and info esteems from distributed writing 
through preparing the ANN. The expository models are 
employed to attain the spring-back point. Among these points 
and the test yield of ANN, the connection was detected 
perfectly. As per the learning method concern, much in the 
preparation of the measure and the neural system only 
optimized. So that the punch dies lodging, the last twisting 
span and spring back had been predicted. There is the 
completion of the preparation of a few systems and it is 
created that the performance is superior at each system.  

According to (Harshal et al., 2016), the difficult situation 
in a non-direct twist is defeated through two concealed layers 
which are comprised in an ANN engineering and it delivers 
accurate twist recompense forecasts the also brings 
differentiate between the observational and its methodologies 
and the prediction of ANN and test. An ANN had been 
observed as precise mostly.  

(Lal et al., 2016) have associated the neural system show 
and a relapse display. So that the spring-back of interstitial 
sheet metal is predicted in the procedure of air twisting. The 
Infant and spring back are the punch range, punch travel, 
width of the sheet, an introduction of the sheet are considered 
as anxieties of strain solidifying example and punch speed. 
(Zang et al., 2013) have illustrated that for air bend of 
high-quality sheet metal, the spring back is predicted through 
a hereditary computation of a backpropagation neural 

system. The symmetrical testing of an air twisting of high 
superiority sheet metal through info factors are dependent on 
the models. The factors are apparatus hole, punch span, sheet 
thickness, punch uprooting and the proportion of yield 
solidarity to the modulus of elasticity. The accurate 
consequences of the workpiece in the sheet metal air bend are 
attained through the technique of expectation. These are 
employed as crane blast.  

II. ARTIFICIAL NEURAL NETWORK 

METHODOLOGY 

Neurons are known as ANN's parallel appropriated 
along with several data handling components that are 
connected by association joins. Among neurons, the data is 
transmitted by means of methods. They have related weight 
for these connections. Each neuron takes a flag from the 
neurons in the past layer and the weight esteem makes fake 
signs at every neuron. There is a summarization of weighted 
sources of info and departure towards an origination of work. 
So that the scales to a settled scope of qualities are developed. 
In the following layer, each and every neuron is associated 
through the production of the initiation work. Fig 1 
demonstrates the implicit of fake neurons. The system is 
employed to defeat the issues and apply between the primary 
layer and the esteems of info. 

 
Fig 1: Artificial neuron model 

 
The shrouded layers, yield layer, and information layer are 
present in the design of a multilayer neural system. The input 
information is carried out through the information layer. 
Further, the information molded through the shrouded layer. 
The yield layer receives a response that is directed by the 
shrouded layer. The yield layer directs a response 
acknowledgment and yields are produced. The feed-forward 
system is the system that a data is forward between the info 
layer and the yield layer. The approximation of the weights 
among neurons contains the knowledge of the system. The 
problems are maintained through a technique that is 
employed to change the weights. The learning or preparing 
system is referred to as a mode of changing weights in the 
connection among the target of finishing the normal yield and 
the system layer. Precedent acquires a system that is 
organized and equipped.  
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Along with the test, input-yield matches it present to compare 
the normal response and the yield of the system. The learning 
calculations balance the weight and these computations 
permit the system to alter towards the conduct. (Abvabi et al., 
2014; Kitayama & Yoshioka, 2014) have described that the 
computation of backpropagation (BP) is considered as the 
learning calculation.  

 
Fig 2:7-14-2 Feedforward neural network 

 
A Backpropagation is referred to as an inclination 

plummet-based delta-learning regulation exploited through a 
multi-layer feed-forward system. In a feed-forward system, a 
clear methodology is employed to establish a model of 
information yield and to modify the weights through 
differentiable that perform work units. The working principle 
of Backpropagation learning computations is based on two 
instances. They are, the system is connected to one of the 
precedent cases and then the yields are formed by the system, 
which depends on the existing disorder of its synaptic 
weights. The difference is made among the known yield and 
this yield. As a result, a blunder flog is determined. The 
weights in each layer are altered. So that the blunder esteem 
is stimulated in reverse through the system. 

In each model case, the whole procedure was 
repeated. When the general blunder esteem dips, the cycle is 
repeated in the point under pre-decided edges, 
approximately. The main backpropagation systems are the 
Levenberg-Marquardt (LM), the Gradient Descent 
backpropagation (GD) and the 
Broyden-Fletcher-Goldfarb-Shanno (BFGS) fit into the 
method of Quasi-Newton strategy. The moderate-sized 
feed-forward neural systems are formed through the 
methodology of the computations of Levenberg-Marquardt 
learning (Song et al., 2013; Zang et al., 2013) and the 
problems of nonlinear are defeated through this methodology 
(Parsa et al., 2014; Sanchez et al., 1996) have describes that 
the viewpoint of the computations of LM is MSE limiting. 
The main steps in the learning producer are given below, 

Step 1: The data is transferred among the arbitrary 
qualities and each of the weights of the associates. 

Step 2: The predisposition and the weight are 
refreshed through the established yield design and the created 
information. The condition for inclination and the refreshing 
weights is followed as, where the Jacobean matrix is 

represented as J is the multipurpose preparing parameter. 
Based on inclination and weights, which contains the first 
subsidiaries of the system mistakes. The character grid is 
represented as I, the energy term and the vector of system 
blunders is represented as e.  

Step 3: The believable device to resolve the motions 
among the preparation of the system and to locality minima 
are exhausted through the force employed in the calculation 
of backpropagation. Also, by applying little force the LM 
calculation is employed to expand the system. 

Stage 4: If the MSE target then stops, else to stage 2. 
If an innovative MSE is smaller than compared to the 
previous, at that point there is a reduction in the preparation 
parameter µ by µ+. The informational collections of yield 
and info among the preparing are employed to approve and 
arrange the system after the preparation. These processes are 
known as the approval and the test informational indexes. 
The systems are modified. This system doesn’t affect the test 

information. So, the unremarkable outcomes are summed. 
The real perceptive strength of the system had been 
confirmed through the approved informational indices.  

III. NETWORK ARCHITECTURE 

In the procedure of Airbender utilizing ANN, the 
association among the yields and the information factors are 
examined. It is the main goal of this study. The punch speed, 
punch sweep, bite the dust opening, punch travel, kick the 
bucket span, covering thickness and strain solidifying type 
are the main factors of info. 

A non-straight inquiry apparatus is a neural system. The 
non-direct associations are routed by this system through 
numerous communications among the response and the 
information factors in Airbender bitterly. A multilayer 
perception with the calculation of backpropagation employs a 
system engineering plan. It is employed to build the 
application. This is the first and foremost advance in the 
ANN methodology. Each layer contains the imitated neurons 
and the concealed layer. Both quantities are considered. So 
that there is an improvement or corruption of an execution of 
a neural system. The combinations of neurons and the 
amount of the concealed layers are selected without 
considering any rules. ANN engineering is a great 
experimentation procedure.  
 (Song et al., 2013; Zajkani & Hajbarati, 2017) have 
described that a valuable problem is defeated approximately 
through a solitary shrouded layer. Then it can assess any 
dimensions that contain consistent mapping with one limited 
space. The ANN designed by the selection of a solitary 
concealed layer. It contains a three-layer structure. They are 
yield layer, shrouded layer and information layer. The 
difference is made among the yields and info layer. So, the 
amount of neurons in the yields and info layer is calculated as 
4 and 2.(Ghiotti et al., 2017) have explained the heuristic 
principle. These principles are employed. So that the amount 
of neurons in the concealed layer is up to 2n+1. The number 
of neurons in the information layer is denoted as n throughout 
this study, there is a change in the number of neurons 
transmitted in the concealed layer. So that there is an 
estimation of Mean Square Error (MSE).  
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At MSE, the consequence of the number of neurons is 4 
which is selected for the concealed layer. The process of 
structured design toward becoming 4-14-2. Fig 2 presents the 
structured ANN engineering. The exchange work is 
suggested in the system. At any info there is an estimation of 
a log-sigmoid capacity and yield is produced which is limited 
between 0 and 1. 

As per ANN, an initiated work is centralized through 
consistent conduct, curvilinear conduct, and direct conduct. 
This is employed to produce models with improved accuracy. 
The subsidiaries are determined for any exploited exchange 
capacities in the backpropagation. (Noma & Kuwabara, 
2014) have described that the back engendering systems 
employ the log-sigmoid capacity. The existing system’s 

actuation work is based on the log-sigmoid. Table 1 
demonstrates the learning factors identified in the system. 

 
Table 1: ANN architecture and learning factors 

Network type Feedforward neural network 

Network topology 7-16-2 

Transfer function Log-Sigmoid function 

Training method Backpropagation 

Training function Levenberg-Marquardt 

Learning function Gradient descent 

Performance function Mean Square Error 

IV. TRAINING THE NETWORK 

Table 2 labels extra 15 information mixes. The speculation 
execution of the neural system is estimated through these 
mixes. These are utilized to characterize speculation 
execution. There is an estimation of blender through the 
outsight portion of improved esteem. The R2 represents 
esteem. The value is nearly 1. Table 3 fitted out the 
approximations of twist drive and spring back for test 
information. There is a calculation of the R2 esteems. A 
0.9994 is attained for the R2 benefit of testing the indices of 
information for both the constraints of the curve and the 
spring back. The attained R2 is cohesion approximately. 
These are employed to distinguish that catch is displayed 
through ANN and the behavior of the prepared indices of 
information is considered. 
 

Table 2: Test Data Set 

Test. 
Sl.no 

Strain 
values  

Thick- 
nes  

Die 
opening 

(mm) 

Die 
radius 
(mm)  

Punch 
radius 
(mm) 

Punch 
travel 
(mm) 

Punch 
velocity 
(mm/s) 

1 0.335 0 66 6.6 12 12 0.2 

2 0.335 5 66 3 18 18 0.7 

3 0.306 15 66 6.6 10 6 1 

5 0.311 5 66 8 18 20 0.55 

5 0.333 15 80 6 12 15 0.55 

6 0.306 0 66 6 10 6 1 

5 0.306 5 66 6.6 12 12 0.7 

8 0.333 5 60 8 10 6 0.7 

9 0.319 5 66 6 15 12 0.55 

10 0.335 5 66 8 10 15 0.55 

11 0.311 5 60 6.6 15 16 0.7 

12 0.311 10 66 6 15 16 0.55 

13 0.319 0 80 3 18 26 0.2 

15 0.306 5 66 6 15 20 0.55 

15 0.306 5 60 6.6 12 16 0.7 

16 0.304 5 62 6.3 15 12 0.7 

 
Table 3: Measured and Predicted Values of Test 

Data 
Test 

Numb
er 

Springback (deg) Bend Force (kN/m) 

     
 Measured Predicted Measured Predicted 

     
1 9.85 10.01 5.52 5.42 

     
2 15.38 15.31 5.04 4.94 

     
3 13.18 12.90 3.04 2.94 

     
4 15.65 15.45 5.4 5.49 

     
5 15.35 14.96 2.92 2.90 

     
6 9.64 9.55 4.4 4.35 

     
4 9.14 9.00 4.85 4.80 

     
8 9.15 8.85 4.06 4.04 

     
9 10.98 10.84 4.44 4.85 

     
10 12.91 12.95 4.09 4.04 

     
11 11.12 11.16 3.95 3.90 

     
12 11.42 11.40 3.44 3.64 

     
13 16.25 15.49 5.85 5.81 

     
14 11.38 11.35 4.42 4.34 

     
15 11.18 11.21 4.03 3.98 

     
16 11.23 11.36 4.35 4.36 

 R2 = 0.9998 R2= 0.9997 
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The 10 new information mixes contained in an approval 
informational collection is used to estimate the forecastability 
of the neural system. Table 4 presents the approval of the 
informational collection. Table 5 and Table 6 comprise the 
exact results among the trail estimated values and the 
prescient qualities.  

V. VALIDATION OF NETWORK 

 The 10 new information mixes contained in an approval 
informational collection is used to estimate the forecastability 
of the neural system. Table 4 presents the approval of the 
informational collection. Table 5 and Table 6 comprise the 
exact results among the trail estimated values and the 
prescient qualities.  

 
Table 5: Difference between the predictive values of 
ANN, RSM and Experimental values of Spring-Back 

Test 
Number 

Measured 
(deg) 

RSM ANN 

Predicted 
(deg) 

Absolute 
Error 
(%) 

Predicted 
(deg) 

Absolute 
Error 
(%) 

1 15.02 15.42 2.66 14.98 0.27 
2 11.28 11.49 1.86 11.33 0.44 
3 12.92 13.16 1.86 12.98 0.46 
4 15.44 15.19 1.62 15.29 0.97 
5. 16.01 16.07 0.37 15.98 0.19 
6 16.48 15.95 3.22 16.66 1.09 
7 13.59 14.08 3.61 13.78 1.40 
8 15.68 16.46 4.97 15.45 1.47 
9 13.65 13.86 1.54 13.67 0.15 

10 13.22 13.11 0.83 13.32 0.76 
11 14.00 13.15 1.12 13.56 1.12 
12 14.51 14.01 1.25 14.12 1.45 
13 15.10 15.54 0.41 15.26 1.36 
14 15.21 15.61 0.21 16.21 1.21 
15 16.11 16.87 0.50 16.51 1.59 
16 16.50 16.81 0.31 16.89 1.87 

 
Table 6: Difference between the predictive values of 
ANN, RSM and Experimental values of bend force 

Test 
Number 

Measured 
(KN/m) 

RSM ANN 

Predicted 
(KN/m) 

Absolute 
Error 
(%) 

Predicted 
(KN/m) 

Absolute 
Error 
(%) 

1 5.22 5.11 2.11 5.15 1.34 
2 4.01 4.12 2.74 4.03 0.50 
3 3.81 3.77 1.05 3.84 0.79 
4 3.92 3.85 1.79 3.9 0.51 
5. 3.41 3.44 0.88 3.45 1.17 
6 3.23 3.10 4.02 3.22 0.31 
7 6.61 6.85 3.63 6.74 1.97 
8 3.88 3.97 2.32 3.81 1.80 
9 3.71 3.64 1.89 3.74 0.81 

10 3.92 3.95 0.77 3.93 0.26 
11 3.93 4.15 0.22 4.53 0.27 
12 4.12 4.96 0.84 4.81 0.82 
13 4.16 5.15 0.99 5.21 0.97 
14 4.97 5.87 0.9 5.78 0.91 
15 5.14 6.12 0.98 6.21 0.98 
16 5.69 6.81 1.12 6.52 1.11 

VI. DIFFERENCE OF ANN AND RSM MODELS 

There is a difference between the curve compel and the 
spring back from the 10 approval tests. The predicted models 
of the test insertion are considered to associate the 
assessments of RSM and ANN models. It demonstrates the 
association between the curve compel and the spring back. It 
demonstrates that the test esteems are employed to support 

the expectation of both the methods. As a result, the quality 
of the ANN is approximate to the test esteems. 
The expectation precision is employed to study the curve 
constraint and the spring back of the model of RSM prescient 
and forecasted ANN. The capacity of the blunder is assessed 
through the methods which are employed to examine the 
expectation of RSM models and the forecasted ANN. Fig 3 
demonstrates the characterization of these methods. 

 
Fig 3: Difference of measured and predicted bend force 

for validation data 
Absolute Error (%) =( (- Yexp)/Yexp) X 100 
the projected value of the prototypical is denoted by Yp and 
the measured experimental value is denoted by Yexp. Layout 
describes the profiles of blunder for twist constraint and 
spring back are examined and its emphasis separately for 10 
approval information. Table 5 and Table 6 demonstrates the 
attained values of 0.95% and 0.42% of the normal blunder of 
curve constrain and spring back in the ANN. Whereas the 
attained values for the RSM are 2.12% and 2.25%. 

VII. CONCLUSION 

The computation of back proliferation through a 
feed-forward neural system which has three layers is 
employed to forecast the spring back in the Airbender twist 
drive of sheet metal of electro-galvanized.  
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The information factors are punch speed, strain solidifying 
example, punch travel, pass on opening covering thickness, 
punch range and pass on a sweep. The input-yield examples 
are provided through the study of a structure of focal 
composite, which has run of 88. These illustrations are 
employed to prepare another structure for testing which has 
run of 15, and another structure for the system approval 
which has run of 10. The difference is made among the 
results of ANN and RSM and these are examined. As a result, 
ANN predicts expectations approximately. In process 
structure of Airbender give the best and exact expectations. 
The consistency level high in ANN than RSM. 
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