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Abstract 

 Electromagnetic forming is a type of high-speed forming process to deform a workpiece through a Lorentz force. As the 

high strain rate in an electromagnetic-forming simulation causes infeasibility in determining constitutive parameters, we 

employed inverse parameter estimation in the previous study. However, the inverse parameter estimation process required us 

to spend considerable time, which leads to an increase in computational cost. To overcome the computational obstacle, in 

this research, we applied two types of surrogate modeling methods and compared them to each other to evaluate which 

model is best for the electromagnetic-forming simulation. We exploited an artificial neural network and we reduced-order 

modeling methods. During the construction of a reduced-order model, we extracted orthogonal bases with proper orthogonal 

decomposition and predicted basis coefficients by utilizing an artificial neural network. After the construction of the 

surrogate models, we verified the artificial neural network and reduced-order models through training and testing samples. 

As a result, we determined the artificial neural network model is slightly more accurate than the reduced-order model. 

However, the construction of the artificial neural network model requires a considerably larger amount of time than that of 

the reduced-order model. Thus, a reduced order modeling method is more efficient than an artificial neural network for 

estimating the electromagnetic forming and for the rapid approximation of structural simulations which needs repetitive runs. 
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1. Introduction 
 

Electromagnetic forming (EMF) is a high-speed forming 

technique that utilizes repulsive forces generated by 

opposite magnetic fields in contiguous conductors. Owing 

to high strain rates inducing transient effects, it is infeasible 

to estimate constitutive parameters for EMF. To identify 

constitutive parameters, we may employ inverse parameter 

estimation suggested in the prior studies[1, 2]. The 

parameter estimation process in Refs.[1, 2] was found time-

consuming due to repetitive runs of EMF analysis 

implemented by LS-DYNA. To reduce the EMF simulation 

time, we adopted surrogate modeling to expedite 

constitutive parameter identification. The previous research 

[1, 2] used reduced-order modeling (ROM) with proper 

orthogonal decomposition (POD) and kriging for the rapid 

approximation of EMF simulation; for details of kriging, 

please see Ref.[3]. In this research, we applied two 

different types of surrogate modeling methods to the EMF 

simulation in Ref.[2] for a comparison study. One is an 

artificial neural network (ANN) that imitates the 

information-processing structure of a human brain. In the 

literature, ANN modeling has been used for the design 

optimization of a composite structure [4~8] and a concrete 

structure[9]. The other is ROM with POD and ANN 

techniques. In the literature, POD was commonly used for 

the parameter identification of a finite element beam 

problem[10, 11] and damage mechanics systems[12~14].  
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For ROM, we extracted an orthonormal basis of EMF 

simulation outputs by POD and predicted basis coefficients 

by an ANN. In this paper, we denote a reduced-order model 

constructed with POD and an ANN as “POD-ANN” for 

convenience. To compare ANN and POD-ANN models, we 

evaluated the accuracy and efficiency of the two surrogate 

models. 

Overall, the objective of this research is to examine the 

two surrogate models of EMF simulation in terms of 

accuracy and efficiency. The outline of this paper is as 

follows. Section 2 briefly describes EMF simulation along 

with the formulations of ANN and POD methods. Section 3 

shows procedures to build surrogate models with training 

samples. Subsequently, Section 4 measures the accuracy of 

the surrogate models with training and testing samples. 

Section 5 summarizes this paper and concludes which 

surrogate modeling is more effective. 

 
2. Electromagnetic Forming Simulation 

and Formulations of Surrogate Modeling 
 

  2.1 Electromagnetic Forming simulation 

For the surrogate modeling of EMF simulation, we used 

data obtained from the numerical simulation of the EMF 

free bulge test presented in Ref. [2]. The LS-DYNA 

simulation of the EMF free bulge test was conducted with 

an aluminum 1050-H14 specimen whose thickness is 1.0 

mm. To set up the numerical simulation of the EMF free 

bulge test, we used the LS-DYNA electromagnetism 

module to carry out an electromagnetic-structural coupling 

simulation as depicted in Fig. 1. The simulation model and 

material properties of the EMF simulation are shown in Fig. 2 

and Table 1, respectively. Detailed information regarding the 

simulation model is given in Ref. [2]. 

In abstract, the LS-DYNA EMF simulation can be 

represented as 

 y x; ,
f

f   

 

where 
120y R , 120x R , and

 
R
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 are discretized 

coordinates of a deformed workpiece, discretized spatial 

coordinates, and flow stress, respectively. The flow stress
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is a parameter of the EMF simulation and assumed to 

follow the modified Johnson-Cook model: 
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Fig. 1 (a) Coupled electromagnetic and structural analysis 

of an EMF free bulge test [2], (b) Experimental 

results of an EMF free bulge test [2] 

 

 

 

 

Fig. 2 Finite element model of LS-DYNA EMF 

simulation [2] 

 

Table 1 Material properties for LS-DYNA EMF 

simulation [2] 

 
Properties Value  Unit 

Coil 

(copper) 
Resistivity 1.72e-8 m  

Sheet 

(Al1050-H14) 

Resistivity 2.82e-8 m  

Poisson’s ratio 0.35 - 

Density 2980 
3kg/m  

Elastic modulus 69.0 GPa  
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where  , and   are strain and strain rate, respectively, 

and A , B , n , C  and P  are parameters of
 

f
 . Since 
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A , B , and n  are parameters determined by a quasi-

static tensile test, we can set C  and P  as surrogate 

model inputs. For the generation of training and testing 

samples, we utilized a specific domain of the material 

parameters defined as follows: 

      2, 0.001,1.0 0.012,2.2 RC P


   D
 
[2]. Within the 

domain, each set of 20 samples was generated for both 

training and testing data in this study. 

 

2.2 Artificial Neural Network 

An artificial neural network is computational 

architecture that has been motivated by the biological 

neural network of a human brain. Similar to a human brain 

processing information with a vast number of neurons, an 

ANN interconnects artificial neurons to address various 

problems via artificial intelligence. To tackle a problem 

with an ANN, we need a backpropagation algorithm to 

train a neural network system. After training a neural 

network, we can apply the network to unexperienced 

situations. An ANN is commonly used in diverse 

applications involving data processing, such as function 

approximation and data classification [15]. In relation to 

forming simulation, ANN modeling is applicable to any 

materials, part shapes, and forming techniques as long as 

deformation is continuous with respect to input parameter 

changes; however, it tends to struggle with the increase of 

the output size. A detailed formulation on ANN is presented 

in Ref. [15]. 

 
2.3 Reduced-Order Modeling 
Reduced-order modeling is a statistical technique to 

decrease the output dimension of mathematical models. In 

ROM, output prediction is accelerated by the reduction of 

basis vectors spanning the output space of the original 

model. Compared to the original model, a reduced-order 

model is typically slightly less accurate but greatly more 

efficient. Like ANN modeling, reduced-order modeling can 

be applied to any materials, parts shapes, and forming 

techniques if deformation is continuous with respect to 

input parameters. 

Let  ;θ Rmy x   be a large dimensional output 

associated with a spatial input Rdx  and a parameter of 

interest θ R p . In our application, 
120Ry  represents 

the discrete coordinates of a deformed workpiece, Rx  

indicates discretized spatial coordinates, and 2θ R  

denotes the two C and P parameters of the modified 

Johnson-Cook constitutive model. Suppose that we have a 

set of large dimensional outputs 
   

1
;θ

ni

i
y x



 
populated 

by variation in θ  limited to a domain D  such that 

θ RP D . If a basis
 

  
1j

r

j
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  is available, 
  ;θ
i

y x

 
can be expressed as a linear combination of the basis as 

follows: 
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where 
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i

j
a   is a basis coefficient corresponding to 

a basis vector   Rm

j
u x  , and y  is the sample mean of 

the output collection evaluated by 
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  . In general, we may drop the 

r q  insignificant basis vectors and employ the first q  

leading basis vectors to effectively represent 
  ;θ
i

y x  as 
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              (2) 

In this research, we achieved  
1

q

j j
u

  as an orthonormal 

basis evaluated by POD and estimated  
1

q

j j
a

  through an 

ANN. For details of POD, please see Refs. [16, 17].  

 

3. Generation of surrogate models 
 

3.1 Procedures of surrogate modeling   
In this paper, we conducted the following steps for the 

construction of an ANN surrogate model. The first step is 

to generate training and testing data based on Latin 

hypercube and uniform random design, respectively. The 

second step is to build an ANN surrogate model to predict 

EMF simulation outputs. The next step is to verify the 

ANN surrogate model for training data. If the accuracy of 

the constructed ANN model is acceptable for training data, 

we verify the ANN model for testing data. 

In the case of ROM, the first step is the same as that of 

the ANN modeling process. The second step is to extract an 

orthonormal basis by POD and to evaluate basis 

coefficients by orthogonal projection. The next step is to 

select a few dominant basis vectors based on eigenvalues 

and to build a surrogate model of basis coefficients by 

ANN modeling. The final step is to verify the basis 
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coefficient model for training and testing data. If the 

verification results are satisfactory, we construct a reduced-

order model and then apply the same verification process to 

the reduced-order model.  

 

3.2 Artificial neural network model  
 

 

 
Fig. 3 Neural network architecture to approximate 

EMF simulation 

 

With the help of the neural network toolbox in MATLAB, 

we constructed an ANN model with two hidden layers 

composed of 10 nodes as delineated in Fig. 3. The 

mathematical model behind a neural network is 

 
0 0 0

,
e d c

l i kl jk ij i

k j i

y x h u g v f w x
  

   
    

   
         (3) 

where 
i

x  and 
l

y  represent the parameters   2, RC P   

and the coordinates of deformed workpiece 120Ry , 

respectively. To determine the neural networks system 

expressed in Eq. (3), we need to find weights and basis 

terms, jk
v  and ijw , in the layers. For this matter, we used 

Bayesian regularization backpropagation to train a neural 

network. For the 20 training samples, the ANN model 

construction took about 4 hours on a Mac 10.12 machine 

with 2.5 GHz Intel Core i7 and 16GB memory. 

 

3.3 Reduced-order model 
3.3.1 Basis extraction 

To form a reduced-order model, we extracted the basis of 

the EMF simulation output with POD and calculated basis 

coefficients by orthogonal projection. To examine the 

significance of basis vectors, we normalized eigenvalues by 

their sum and sorted out the normalized eigenvalues in a 

decreasing order. As shown in Fig. 4, the sum of the first 

two leading eigenvalues is 0.9998, which means the first 

two basis vectors delineate 99.98% variations in the EMF 

simulation outputs. Therefore, we selected the two basis 

vectors to build a POD-ANN model. In Fig. 5(a), the first 

basis vector is associated with the central region of the 

EMF simulation output. On the other hand, the second 

basis vector is related to the area near the flanges as shown 

in Fig. 5(b).  

 

 

 

 
 
 
 
 

 
Fig. 4 Cumulative sums of normalized eigenvalues 

 

 
 
 
 
 
 
 
 

(a)  

 

 
 

 
 
 

 
 
 

(b) 

Fig. 5 (a) The 1st dominant basis of EMF simulation 

outputs obtained with training samples, (b) The 

2nd dominant basis of EMF simulation outputs 

obtained with training samples 

 

3.3.2 Basis coefficients prediction 
 

 

 

Fig. 6 Neural network architecture to approximate the 

two basis coefficients of the reduced-order model 
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(a)  

 
 

 
 
 
 
 
 
 

(b) 

Fig. 7 (a) The 1st basis coefficient, (b) The 2nd basis 

coefficient  

 

 
 

 

 

 

 

 

 

 

Fig. 8 EMF simulation outputs for the changes of C and 

P parameters 

 

  We estimated two basis coefficients by ANN modeling. 

First, we built a neural network that involves two hidden 

layers as described in Fig. 6. To determine the weight and 

bias terms in Eq. (3), we conducted a backpropagation 

process as we did in Section 3.2. As a result, we obtained 

the basis-coefficient-predicting ANN model as shown in 

Fig. 7. Note that the first basis coefficient depicted in Fig. 

7(a) tends to increase as the surrogate model inputs C  

and P  grow. Since the first basis vector in Fig. 5(a) is the 

reversed shape of a deformed workpiece, large C  and P  

values lessen overall deformation. On the contrary, small 

C  and P  values result in the opposite effect. As an 

illustration, the effect of C  and P  on shape deformation 

is delineated in Fig. 8. The large and small C and P values 

produce small and large deformation, respectively. The 

POD-ANN model construction took just about a few 

seconds on the same computing environment described in 

Section 3.2. 

 
4. Verification of surrogate models 

 
4.1 Verification of surrogate models 

with training samples 
We examined the prediction accuracy of the constructed 

ANN and POD-ANN models for the training samples. As 

shown in Fig. 9, the predictions of both ANN and POD-

ANN models are almost identical to that of the LS-DYNA 

EMF simulation for the training data. Note that the central 

region of the deformed shape in Fig. 9 is similar to the first 

basis vector in Fig. 6(a) in reverse. Along with the first 

basis vector, the POD-ANN model uses the second basis 

vector to compensate fluctuations near the edges to predict 

the overall deformation. 

For numerical evaluation, we calculated the coefficient 

of determination ( 2R ), mean absolute relative error 

(MARE), and maximum absolute relative error (max.ARE) 

defined as follows: 
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where 
i

y , ˆ
i

y , y , and n  denote the actual and predicted 

responses, the sample mean of actual data, and the number 

of samples, respectively. In Fig. 10, we summarized the 

numerical verification results. In Fig. 10(a), the 2R  values 

of the two surrogate models are at least over 0.9982 and 

almost one. Furthermore, MAREs are less than 0.25 and 

spike to about 0.35 in Fig. 10(b); similarly, maximum 

AREs mostly do not exceed 20 and rise up to about 30 in 

Fig. 10(c).  
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 (a)   

 

 
 

 
 
 
 
 

 
 

(b) 

Fig. 9 (a) EMF simulation outputs across the X 

direction (the 5th training case), (b) EMF 

simulation outputs across the Y direction (the 

5th training case) 

 

Next, we checked the worst prediction cases in terms of 

maximum AREs. We found that the 5th and 13th training 

cases were worst in case of the ANN and POD-ANN 

models, respectively. In particular, Fig. 10(b) shows that 

the 13th training case of the POD-ANN model resulted a 

significantly large maximum ARE value. According to Eq. 

(4), a small exact value could cause a large maximum ARE. 

The maximum ARE of the 13th training case turned out 

significantly large because of a small exact value, -2.4161e-

04, in the flange area; other than that, the 13th case 

exhibited prediction accuracy comparable with other 

training cases. 

 

4.2 Verification of surrogate models 
with testing samples 

We repeated the same verification process in Section 4.1 

for testing samples. Note that both ANN and POD-ANN 

models do not show large errors as shown in Fig. 11. 
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(c) 

Fig.10 (a) 2R of the surrogate models for the training 

data (b) MARE of the surrogate models for the 

training data, (c) Maximum ARE of the 

surrogate models for the training data 

 

In addition, we calculated 2R , MARE, and maximum 

ARE values for testing samples and plotted the results in 

Fig. 12. Figure 12(a) shows that 2R  values of all testing 

cases are close to one; 2R  values are at least over 0.9982. 

In Fig. 12(b), MAREs are mostly less than 0.4 and increase 

up to about 1.7 for the 3rd testing case in the case of POD-

ANN. Similarly, in Fig. 12(c), maximum AREs are mostly 

less than 40 except the 3rd testing case of POD-ANN, 

which has a maximum ARE exceeding 160. For the worst  
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(a)  

 

 
 

 
 
 
 
 
 

(b) 

Fig.11 (a) EMF simulation outputs across the X direction 

(the 3rd testing case), (b) EMF simulation output 

across the Y direction (the 3rd testing case) 
 

prediction case, we chose the 3rd testing case based on Fig. 

12(b). Similar to Section 4.1, we noticed that a very small 

exact value of the 3rd testing case in the flange, 7.9850e-05, 

caused a large maximum ARE. 

  For further investigation, we checked the MARE and 

maximum ARE values in Figs. 10(b) and 10(c) for the 

training data and Figs. 12(b) and 12(c) for the testing data. 

We found that the MARE and maximum ARE values of the 

ANN model are mostly a little smaller than those of the 

POD-ANN model. As for model construction cost, ANN 

modeling took tremendous amount of time compared to 

POD-ANN modeling; the former spent about four hours 

whereas the latter spent a few seconds. Due to low 

computational cost and comparable accuracy, we consider 

that the POD-ANN model is more effective than the ANN 

model for rapid EMF analysis. 

 
5. Conclusion 

 

  In this paper, we constructed and verified the ANN and 
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(b) 

 
 

 

 

 

 

 

 

 

 

(c) 

Fig.12 (a) 2R  of the surrogate models for the testing 

data, (b) MARE of the surrogate models for the 

testing data, (c) Maximum ARE of the surrogate 

models for the testing data 

   

POD-ANN models to rapidly approximate EMF simulation 

to facilitate constitutive parameter identification. For the 

surrogate modeling, we used 20 combination of C and P 

parameters for the inputs and 120 coordinates of a 

deformed workpiece for the outputs. With the training 

samples, we developed the ANN and POD-ANN models. 



 Comparative Study on Surrogate Modeling Methods for Rapid Electromagnetic Forming Analysis  35 

 

To compare the ANN and POD-ANN models, we carried 

out graphical and numerical verification processes for the 

training and the testing data. As a result, we found that the 

ANN model was slightly more accurate than the POD-

ANN model. However, the ANN model construction was 

computationally more expensive than the POD-ANN 

model due to a large output dimension. In conclusion, we 

recommend employing POD-ANN modeling over ANN 

modeling since the former better deals with the large 

dimensional output of forming simulation than the latter. 
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Appendix 
 

Table 2 lists the 20 combinations of training and testing 

data obtained by Latin hypercube and uniform random 

design, respectively. 

 

Table 2(a) Training samples of C and P parameters 

Case C  P  Case C  P  

1 3.895e-3 1.695 11 7.947e-3 1.189 

2 6.211e-3 1.821 12 1.579e-3 1.947 

3 9.684e-3 1.884 13 1.000e-3 1.568 

4 1.026e-2 1.253 14 6.789e-3 1.442 

5 3.316e-3 1.126 15 1.084e-2 2.137 

6 5.632e-3 1.063 16 7.368e-3 2.074 

7 8.526e-3 1.632 17 4.474e-3 2.011 

8 9.105e-3 1.000 18 1.200e-2 1.758 

9 2.737e-3 2.200 19 5.053e-3 1.316 

10 2.158e-3 1.379 20 1.142e-2 1.505 

Table 2(b) Testing samples of C and P parameters 

Case C  P  Case C  P  

1 5.826e-3 1.901 11 4.036e-3 2.009 

2 5.197e-3 1.306 12 8.477e-3 1.305 

3 9.421e-3 1.607 13 8.206e-3 1.977 

4 9.747e-3 1.839 14 2.789e-3 1.292 

5 3.056e-3 2.069 15 2.309e-3 2.115 

6 6.387e-3 2.151 16 6.482e-3 1.420 

7 5.901e-3 1.657 17 1.156e-2 1.236 

8 8.109e-3 1.166 18 4.744e-3 1.301 

9 8.803e-3 1.179 19 7.438e-3 1.739 

10 9.302e-3 1.309 20 3.462e-2 1.568 
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