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Abstract

:

The application of superplastic forming for complex components manufacturing is attractive for automotive and aircraft industries and has been of great interest in recent years. The current analytical modeling theories are far from perfect in this area, and the results deduced from it characterize the forming conditions insufficiently well; therefore, successful numerical modeling is essential. In this study, the superplastic behavior of the novel Al-Mg-Fe-Ni-Zr-Sc alloy with high-strain-rate superplasticity was modeled. An Arrhenius-type constitutive hyperbolic-sine equation model (ACE) and an artificial neural network (ANN) were developed. A comparative study between the constructed models was performed based on statistical errors. A cross validation approach was utilized to evaluate the predictability of the developed models. The results revealed that the ACE and ANN models demonstrated strong workability in predicting the investigated alloy’s flow stress, whereas the ACE approach exhibited better predictability than the ANN.
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1. Introduction


The possibility of producing the weldless complex-shape constructions, which would be difficult or even impossible to produce by other ways, is the main benefit of the superplastic-forming technology (SPF) [1,2,3,4,5,6]. Xing et al. [7] noted that the curved parts and complex shapes in automotive and aerospace sectors, small-scale structural, and architectural design elements could be fabricated from aluminum alloys, where high stiffness and low weight are desired. Among the different types of aluminum alloys, Al-Mg-based alloys are attractive for transferring into the industry owing to their lower density, good mechanical properties, and high corrosion resistance [8]. The Al-Mg-based AA5083-type alloys are widely used for SPF [9,10,11,12,13,14]. The main disadvantage of this alloy is a low forming rate of about 10−3 s−1, which limits SPF productivity [9,10,11,15]. Kishchik et al. [16] improved the Al-Mg-based alloy’s superplasticity by adding Fe, Ni (about of 2 wt% total), and a small amount of Sc and Zr (0.3 wt.% total) to the base alloy. Iron and nickel lead to form the coarse particles of the Al9FeNi phase [16,17,18,19,20,21,22,23]. Such coarse particles provide the particle-stimulated nucleation (PSN) effect during recrystallization [24,25,26,27,28]. The alloying with complex addition of Zr and Sc provides high-dense distributed nanoscale precipitates (dispersoids) of the L12-structured Al3(Sc,Zr) phase that has a strong Zener pinning effect [26,29,30,31,32,33,34]. Due to lower cost of Zr and improvement of the coarsening resistance of L12 precipitates, partial replacement of Sc by Zr is an effective way to provide a fine-grained structure at elevated temperatures [35,36,37,38,39,40,41]. As a result, bimodal particle-size distribution with coarse and fine particles helps to provide a fine-grained structure with a limited effect of the dynamic grain growth, leading to excellent superplasticity at the strain rates up to 1 × 10−1 s−1 [16,42,43]. It should be noted that a high-strain-rate superplasticity is provided by a simple thermomechanical treatment including homogenization annealing, hot and cold rolling with low reduction.



The material’s deformation behavior has a significant effect on the quality of hot-worked products [44,45]. In general, the superplastic flow stress depends on the temperature, strain rate, and strain. Depending on the alloy structure, strain hardening or strain softening accompanied the deformation. Thus, an appropriate constitutive model, which correlates with these factors, is required to designate the SPF parameters and predict the flow stress. Superplastic deformation modeling has been of great interest over the years, and many computational algorithms have been proposed for aluminum alloys [46,47,48,49,50,51,52,53,54,55,56]. Among these computational algorithms, constitutive equations and artificial neural networks (ANN) are widely used to model the superplastic flow behavior. Li et al. [56] examined the deformation behavior of the AA7050 Al-Zn-Mg-based alloy, which demonstrated strain hardening and developed a constitutive equation considering the strain compensation. The accuracy of the developed model for the AA7050 alloy was verified by comparing the experimental and predicted findings. Chen et al. [44] modeled the hot deformation behavior of the AA7005 alloy. The comparisons between the experimental and the predicted data prove the quality of the constructed Arrhenius-type model. Yakovtseva et al. [55] developed an artificial neural network (ANN) and Arrhenius-type constitutive models (ACE) to predict the flow behavior accompanied with strain softening for the Al-Zn-Mg-based alloy. The cross-validation technique demonstrated a good precision for both constructed models [55]. This study aims to develop a mathematical model for predicting the superplastic flow behavior of the novel Al-Mg-Fe-Ni-based alloy, demonstrating high-strain-rate superplasticity and strain softening during the deformation. For this purpose, the ACE and ANN approaches were involved, and their accuracies were compared.




2. Materials and Methods


The Al–4.9Mg–0.9Fe–0.9Ni–0.2Zr–0.1Sc (wt.%) alloy was investigated. The alloy was processed in a laboratory. The 99.85% Al, 99.5% Mg, and the master alloys of Al-10% Fe, Al-10% Ni, Al-2% Sc, and Al-5% Zr were used for the alloy preparation. A Nabertherm K4/13 electric furnace (Nabertherm GmbH, Lilienthal, Germany) with air atmosphere was used for melting. The casting was processed at a temperature of 780 ± 10 °C. The ingot with a size of 30 × 120 × 250 mm was cast using a semicontinuous method in a water-cooled system providing a casting–cooling rate of about 5 K/s. The sheet was processed using the following stages: (1) homogenization annealing at 350 °C for 8 h and 450 °C for 2 h, (2) hot rolling at a temperature of 400 ± 10 °C for the reduction of 70%, and (3) cold rolling at room temperature for the reduction of 50%. The heat treatment was performed in a Nabertherm N60/85HA furnace (Nabertherm GmbH, Lilienthal, Germany) with air-force convection.



The microstructure was examined with scanning electron microscopy (SEM) using a Tescan-VEGA3 (Tescan Brno s.r.o., Kohoutovice, Czech Republic) equipped with an X-MAX80 (Oxford Instruments plc, Abingdon, UK) energy dispersive spectrometry (EDS) system. The samples were prepared by mechanical grinding using SiC papers and polishing in a 20% water solution of colloidal silica-based suspension. An Axiovert 200 MMAT (Carl Zeiss, Oberkochen, Germany) light microscopy (LM) with polarized light was used to analyze the grain structure. The samples were subjected to anodizing at a voltage of 20 V for 20 s in a 10% water solution of the H3BO4 saturated in the HF.



A JEOL JEM 2100 (JEOL, Japan) transmission electron microscope (TEM) was used to study the dislocation structure and fine precipitates’ parameters. The operating voltage was 200 kV. The TEM samples of 3 mm in diameter were cut from a plate of 0.25 mm thickness. The electrochemical thinning of the samples was performed in a Struers TenuPol-5 (Struers APS, Ballerup, Denmark) at a voltage of 22 ± 1 V using an A2 electrolyte (Struers APS, Ballerup, Denmark) at a temperature of 0 ± 2 °C.



Isothermal uniaxial tensile tests via a Walter + Bay LFM100 test machine (Walter + Bai AG, Löhningen, Switzerland) were used to characterize the investigated alloy’s superplastic flow behavior. The tests were performed at a temperature of 420, 460, 500, and 540 °C and a strain rate range of 0.002–0.1 s−1. The flow behavior data were used to construct ACE and ANN models. In the ACE model, the model parameters were correlated with strain for accurate prediction. Three layers of the backpropagation network were involved, i.e., the input layer (strain, strain rate, and temperature), the output layer (flow stress), and the hidden layer. The predictability of the constructed models is quantified by the correlation coefficient (R) (Equation (1)), the average absolute relative error (AARE) (Equation (2)), and the root mean square error (RMSE) (Equation (3)):


  R =      ∑  i = 1  N     E i  −    E ¯       P i  −    P ¯         ∑  i = 1  N       E i  −    E ¯     2   ∑  i = 1  N       P i  −    P ¯     2         



(1)






  A A R E    %  =  1 N    ∑  i = 1  N        E i  −  P i     E i       



(2)






  R M S E =    1 N    ∑  i = 1  N        E i  −  P i     2       



(3)




where;




	-

	
Ei, and Pi are the experimental and modeled flow stress,




	-

	
   E ¯    and    P ¯    are the mean values of the experimental and modeled flow stress, and




	-

	
N is the sample size.










3. Results and Discussion


3.1. Microstructural Parameters of the Alloy Studied


The alloy studied contained the aluminum-based solid solution as a matrix phase and the secondary particles of the Fe- and Ni-enriched phase (Figure 1a,b), a small fraction of the Mg2Si phase owing to the residual Si and the L12-strucutred phase (Figure 1c,d). The coarse Ni- and Fe-bearing particles belonged to the Al9FeNi phase of crystallization (eutectic) origin [20,57,58]. A mean size of the coarse particles was 0.8 ± 0.1 µm, and their volume fraction was 8 ± 1%. The L12-structured dispersoids belonged to the Al3(Sc,Zr) phase which precipitated during thermomechanical treatment [59,60,61]. The L12 precipitates demonstrated the superlattice reflexes in SAED and the Ashby–Brown contrast owing to the precipitates coherency with the Al matrix (Figure 1c) [59,62,63]. The mean size of the L12 precipitates was 11 ± 1 nm. Fine and coarse precipitates were near-uniformly distributed in the aluminum matrix. Due to the nanoscale dispersoids, the sheets demonstrated a predominantly non-recrystallized grain structure before the start of the superplastic deformation in a temperature range of 420–540 °C (Figure 2). The TEM study confirmed the formation of subgrains after annealing of the samples at 500 °C (Figure 1c,d).



The recrystallized grains were formed during the superplastic deformation. The grain structures after the strain of 1.5 at a temperature of 460 °C with strain rates of 0.008 and 0.06 s−1 are presented in Figure 2c,d. The mean grain size of 4.6 ± 0.5 and 3.5 ± 0.4 µm at 0.008 and 0.06 s−1 was formed respectively; therefore, a higher strain rate of superplastic deformation provided a finer grain structure.




3.2. Tensile Test Results


The elongation-to-failure exceeded 250% in the studied temperatures and constant strain rates of 460–500 °C and of 10−3–10−2 s−1 (Figure 3a). The elongation above 500% was observed at the studied temperatures for a strain rate of about 1 × 10−2 s−1 with a maximum mean elongation value of 560 ± 30% at 460 °C and 0.8 × 10−2 s−1 and 540 °C and 2 × 10−3 s−1. The strain-rate-sensitivity m-values calculated for a strain of 200% for each testing conditions are presented in Figure 3b. The temperature–strain-rate conditions provided the maximum m-value were corresponded with the testing regimes for the maximum elongations.



The superplastic behavior is characterized by elongations above 200% and m-values above 0.3 [64,65,66]. The experimental stress–strain data for strains below 200% (Figure 4) were used to develop mathematical models of the superplastic flow for the testing conditions providing required high elongation and m. An increase in the deformation temperature or a decrease in the strain rate expectedly decreased the peak stress values. Strain softening, attributed to dynamic recrystallization, was observed for most of the testing conditions that in agreement with [16].




3.3. Flow Stress Behavior Modeling Experiments


In this work, the Arrhenius-type constitutive hyperbolic equation (ACE) and artificial neural network (ANN) were created to predict the flow behavior of the investigated alloy. The experimental data obtained from the uniaxial isothermal tensile tests were utilized to construct these models. Over this section, the sequences of each model’s creation and the validation process are described in detail.



3.3.1. ACE Model


As follows (Equation (4)), the flow stress (σ) varies with the deformation temperature (T), strain rate (   ε ˙   ), and strain (ε).


  σ = f   T ,  ε ˙  ,   ε    



(4)







In an exponent-type equation, the Zener–Holloman parameter (Z) was used to identify the relationship between T,    ε ˙    and ε (Equations (5) and (6)) [67,68]. The equation constants are collected in Table 1.


  Z =     ε  ˙  ( e x  p     Q  R T       )  



(5)






    ε ˙  = A f  σ    e x  p    −  Q  R T           =        A 1   σ   n 1    ( e x  p    −   Q 1   R T       ) − P o w e r   l a w          A 2  ( e x  p    β σ     ) ( e x  p    −   Q 2   R T       ) − E x p o n e n t i a l   l a w          A 3      sinh   α σ        n 2      e x  p    −   Q 3   R T         − H y p e r b o l i c   s i n e   l a w         



(6)







In general, due to its high efficiency in large ranges of stress levels, the hyperbolic sine law was used to create the proposed constitutive model [69].



Constants Determination


An example was taken to implement the solution procedures to determine the equation constants at a strain of 50%. By taking the logarithm of both sides of Equation (6), the following Equations (7)–(9) were expressed.


  ln      ε  ˙   = ln  A 1  +      n   1  ln σ −      Q 1    R T    



(7)






  ln      ε  ˙   = ln  A 2  +  β σ  −      Q 2    R T     ⇒  



(8)






  ln      ε  ˙   = ln  A 3  +      n   2  ln sinh    α σ      −    Q 3    R T    



(9)







By partial differentiation of Equations (7)–(9) and Equations (7)–(15) were derived.


   n 1  =         ∂ ln  ε ˙    ∂ ln σ      T   



(10)






  β =         ∂ ln  ε ˙    ∂ σ      T   



(11)






   n 2  =         ∂ ln  ε ˙    ∂ ln   sinh   α σ          T   



(12)






   Q 1  =  R    ×         ∂ ln  ε ˙    ∂ ln σ      T    ×         ∂ ln σ   ∂    1 T          ε ˙    



(13)






   Q 2  = R   ×         ∂ ln  ε ˙    ∂ σ      T    ×         ∂ σ   ∂    1 T          ε ˙    



(14)






   Q 3  = R   ×         ∂ ln  ε ˙    ∂ ln   sinh     α σ          T    ×         ∂ ln   sinh     α σ       ∂    1 T          ε ˙    



(15)







Figure 5 illustrates the   ln  ε ˙  − ln σ   (Figure 5a),   ln  ε ˙  − σ   (Figure 5b),   ln  ε ˙  − ln sinh   α σ     (Figure 5c), and   ln sinh   α σ   −     1000   R T     (Figure 5d) linear plots. The    n 1   ,  β , and Q1,2 constants were computed as the correlation coefficients of the slopes of the   ln  ε ˙  − ln σ   and   ln  ε ˙  − σ   plots, respectively (Figure 5a,b). While    n 2    and Q3 were obtained from the slope of the plots of   ln  ε ˙  − ln sinh   α σ     and   ln sinh   α σ   −   1000   R T     (Figure 5c,d). The equations constants at a strain of 50% for the investigated alloy are collected in Table 2.



The strain rate and the flow stress at a strain of 50% dependent on the hyperbolic sine law can be calculated as follows (Equations (16) and (17)) once the ACE constants were determined:


   ε ˙  =  A 3       sin h    α σ        n 2    e x  p    −  Q  R T       =   12160        sin h    0.04 σ       1.99   e x  p    −   86 × 1000   R T        



(16)






  σ =  1 α  ln        z   A 3         1   n 2      +            z   A 3         2   n 2      + 1      1 2      =    1  0.04   ln          ε ˙  e x  p    86 ×   10  3    R T       12160        1  1.99     +              ε ˙  e x  p    86 ×   10  3    R T       12160        2  1.99     + 1      1 2       



(17)







To model the flow behavior, the strain impact on the ACE model constants should be regarded. Thus, the ACE model constants α, Q3, ln(A3), and n2 versus a different strain were computed (Figure 6a–d).



The 5th polynomial order was the best relevant order, depending on the determination coefficient (R2), for all ACE model constants, the polynomial regression coefficients were as follows (Equations (18)–(21)):


  α = a +  b     ε  +  c       ε 2    +  d       ε 3    +  e       ε 4    +  f       ε 5     



(18)






   Q 3  = a +  b     ε  +  c       ε 2    +  d       ε 3    +  e       ε 4    +  f       ε 5     



(19)






  Ln    A 3    = a +  b     ε  +  c       ε 2    +  d       ε 3    +  e       ε 4    +  f       ε 5     



(20)






   n 2  = a +  b     ε  +  c       ε 2    +  d       ε 3    +  e       ε 4    +  f       ε 5       



(21)




where a, b, c, d, e, and f are the polynomial regression coefficients, R2 is the coefficient of determination, which is shown in Table 3.



Once the ACE model’s constants were computed through Equations (18)–(21), the flow stress at an effective strain rate was predicted using Equation (17). Figure 7 compares the experimental and the predicted stress vs. strain via the ACE model at different temperatures and strain rates. The ACE modeled stress–strain data well fitted the experimental stress–strain superplastic behavior for the alloy studied.



The values for the effective (apparent) activation energy of about 75–90 kJ/mol were close to the value of the activation energy of the grain boundary self-diffusion for pure aluminum, QGB = 84–86 kJ/mol [70,71]. Thus, the effective activation energy values suggested that the superplastic deformation was controlled by the grain boundary diffusion. The same effective activation energy of the superplastic deformation with the activation energy for the grain boundary self-diffusion were observed for various superplastic alloys [72,73,74,75,76]. A small increase of the activation energy along with increasing the strain for small strain values may be explained by the increased dislocation activity required for dynamic recrystallization. This suggestion agrees with the grain structure evolution of the alloy studied and the experimental data in [16]. A mean m-value for the studied strain-rate–temperature conditions reached 0.41 for 200% of strain, and, for the temperature of 460 °C and 1 × 10−2 s−1 providing the maximum elongation, m exceeded 0.5. These values suggested that the grain boundary sliding mechanism was predominant, and its contribution increased with increasing strain in the studied strain range [16]. The effective (apparent) activation energy slightly decreased, and the m-value increased with an increase in strain due to dynamic recrystallization and a related increase in the HAGB fraction [16]. The alloy studied deformation behavior agrees with the data for other dynamically recrystallized Zr and Sc bearing aluminum-based alloys [23,55,77,78,79].





3.3.2. ANN Model


Due to its simplicity and quick response, the ANN was commonly used to model and simulate metallic materials’ flow behavior. Accordingly, the main objective here was to examine the predictability of the investigated alloy’s flow behavior via the developed ANN and the classical method based on the ACE approach. A backpropagation algorithm with a three-layer network was utilized to model the investigated alloy’s flow behavior in the present work. The input layer (strain and deformation strain rate and temperature), the output layer (flow stress), and the hidden layer were the three selected layers used here. The graph in Figure 8 schematically demonstrates the ANN architecture. The function of TrainLM with a Tan-sigmoid hidden-transfer function and a Purelin output-transfer function were utilized for the ANN training due to its speed and effectiveness [80,81].



With one neuron in the hidden layer, the trial-and-error process was initiated and further executed with more neurons. A suitable number of hidden layers should be identified. Figure 9 illustrates the reliance on the network efficiency of the number of neurons in the hidden layer. To verify the output of the used ANN, the mean squared error (MSE) was used. It was found that at 20 neurons, the MSE reached the minimum value. The relationship between the fitted stresses and the experimental stresses derived from the ANN model is shown in Figure 10. At the studied temperature and strain rate ranges, the fitted and approximated stresses were in excellent compliance with the experimental stresses.




3.3.3. Verification of the Proposed Models


The prediction quality of the proposed models was quantified by the correlation coefficient (R), the average absolute relative error (AARE), and the root means square error (RMSE). Figure 11 displays the correlation between the experimental and the modeled flow stress via both ACE (Figure 11a) and ANN (Figure 11b) models. The values of the performance metrics R, AARE (%), and RMSE for both models are presented in Table 4. Both ACE and ANN models demonstrated strong workability for the fitting of the flow stress of the investigated alloy; however, the ANN exhibited smaller errors than the ACE.




3.3.4. Models Cross-validation


The cross-validation method was used to compare the predictability of the proposed model, ACE and ANN. Both models were evaluated by extracting the stress–strain experimental curves tested at 500 °C, and then the models were reconstructed without the data for 500 °C. The prediction of the data tested at 500 °C was made. In the same manner, the prediction of the data tested at 1 × 10−2 s−1 was performed. The comparison between the predicted by both ACE and ANN modelled and the experimental curves are shown in Figure 12. The predicted data by both models at 500 °C (Figure 12a,c) and 1 × 10−2 s−1 (Figure 12b,d) were in good agreement with the experimental data.



The prediction quality for the proposed models after cross-validation was quantified by R, AARE, and RMSE (Table 5). Figure 13 demonstrates the overall correlation between the experimental and the predicted flow stress via the ACE (Figure 13a,b) and ANN (Figure 13c,d) models at 500 °C and 0.01 s−1.



Both ACE and ANN models demonstrated a good predictability of the flow stress behavior of the studied alloy. At 500 °C, the minor difference between the modeled and experimental data were achieved for the strain rates in a range of 0.002–0.01 s−1 (Figure 14a,c). For higher strain rates, 0.03–0.1 s−1, the ACE model demonstrated a lower deviation from the experiments than that of the ANN model (Figure 14b,d). The proposed models are required for the simulation superplastic forming process and the prediction forming parameters. The models are important instruments for the optimization superplastic forming regimes and processed high-quality complex-shape parts from the alloy studied.






4. Conclusions


The superplastic deformation behavior for the Al-Mg-Fe-Ni-Zr-Sc alloy in a temperature range of 420–540 °C and a strain-rate range of 0.002–0.1 s−1 was studied. The testing conditions provided the strain-rate-sensitivity m coefficient of 0.35–0.55 and elongation to failure of 250–570%. Two mathematical models (Arrhenius type and artificial neural network) of the stress–strain behavior in superplastic conditions were developed. The following conclusions were drawn:




	A

	
The alloy studied containing coarse Al9FeNi particles of crystallization origin and fine L12-structured Al3Zr dispersoids exhibited a non-recrystallized grain structure before the start of the superplastic deformation. Due to dynamic recrystallization, a fine-grained structure was formed during deformation, which provided high-strain-rate superplasticity with elongation-to-failure above 500%. A higher strain rate provided a finer grain size for the alloy.




	B

	
The effective activation energy of the superplastic deformation suggested that the alloy deformation was controlled by the grain boundary self-diffusion of aluminum. The strain-rate-sensitivity coefficient m values suggested that the grain boundary sliding mechanism was predominant and its contribution increased with increasing strain in the studied strain range.




	C

	
The Arrhenius-based model and the three-layer artificial neural network were developed. The hidden layer of the used artificial neural network contained 20 neutrons that exhibited a minimum error level. In fitting and approximating the hot deformation behavior of the investigated alloy, the two constructed models demonstrated good performance. For the unmodeled deformation conditions, the cross-validation approach verified good predictability of the established models. However, relative to the artificial neural network model, the Arrhenius-based model demonstrated better predictability with a lower error level.
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Figure 1. Microstructures for the Al-Mg-Fe-Ni-Zr-Sc alloy studied before the start of the superplastic deformation at 500 °C; (a) SEM image (b) SEM-EDS element distribution maps for the alloying elements (c,d) TEM images; insert: SAED for (c) image. 
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Figure 2. Grain structure of the investigated Al-Mg-Fe-Ni-Zr-Sc alloy (a,b) before the start of the superplastic deformation at (a) 420 °C, (b) 540 °C, and (c,d) after the superplastic deformation (logarithmic strain of 1.5) at a temperature of 460 °C with strain rates of (c) 0.008 and (d) 0.06 s−1. 
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Figure 3. (a) Elongation to failure and (b) the strain-rate-sensitivity m coefficient as a function of temperature and a constant strain rate of the investigated Al-Mg-Fe-Ni-Zr-Sc alloy. 
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Figure 4. Experimental flow behavior at temperatures of (a) 420 °C, (b) 460 °C, (c) 500 °C, and (d) 540 °C with various constant strain rates. 
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Figure 5. Plots of (a)   ln  ε ˙  − ln σ  , (b)   ln  ε ˙  − σ  , (c)   ln  ε ˙  − ln sinh   α σ    , and (d)   ln sinh   α σ   −     1000   R T     corresponding to a strain of 50%. 
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Figure 6. Dependence of the (a) α, (b) Q3, (c) ln(A3), and (d) n2 vs. strain. 
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Figure 7. Experimental and predicted stress vs. strain via the ACE model at different strain rates and temperatures of (a) 420 °C, (b) 460 °C, (c) 500 °C, and (d) 540 °C. 
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Figure 8. Artificial neural network (ANN) architecture schematic illustration for the used network. 
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Figure 9. Dependence of the mean squared error (MSE) in the hidden layer vs. the number of neurons. 
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Figure 10. Experimental and predicted stress vs. strain via the ANN model at different strain rates and temperatures of (a) 420 °C, (b) 460 °C, (c) 500 °C, and (d) 540 °C. 






Figure 10. Experimental and predicted stress vs. strain via the ANN model at different strain rates and temperatures of (a) 420 °C, (b) 460 °C, (c) 500 °C, and (d) 540 °C.



[image: Applsci 11 02208 g010]







[image: Applsci 11 02208 g011 550] 





Figure 11. Correlation between the experimental and modeled flow stresses obtained by (a) ACE and (b) ANN models. 
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Figure 12. Compression between the experimental and predicted data by (a,b) ACE and (c,d) ANN at (a,c) 500 °C and (b,d) 1 × 10−2 s−1. 






Figure 12. Compression between the experimental and predicted data by (a,b) ACE and (c,d) ANN at (a,c) 500 °C and (b,d) 1 × 10−2 s−1.



[image: Applsci 11 02208 g012]







[image: Applsci 11 02208 g013 550] 





Figure 13. Correlation between the experimental and predicted flow stress obtained by (a,b) ACE and (c,d) ANN models. 
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Figure 14. Correlation between the experimental and predicted flow stress obtained by (a,b) ACE and (c,d) ANN models at (a,c) 0.002–0.01 s−1 and (b,d) 0.03–0.1 s−1. 
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Table 1. The equations constants.
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	A1,2,3, α (α = β/n1), β, n1, n2
	the material constants that vary with the strain



	Q1,2,3
	the activation energy of the deformation, J/mol



	T
	the absolute temperature, K



	R
	the universal gas constant, 8.314 J/(mol.K)
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Table 2. The determined constants of the Arrhenius-type constitutive hyperbolic-sine equation model (ACE) at a strain of 50% of the investigated alloy.
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	ln(A1)
	n1/m *
	Q1 [KJ/mol]
	ln(A2)
	β [MPa−1]
	Q2 [kJ/mol]
	α
	ln(A3)
	n2
	Q3 [kJ/mol]





	1.6
	2.6/0.4
	86 ± 5
	6.1
	0.11
	80 ± 5
	0.04
	9.4
	1.99
	86 ± 5







* The strain-rate sensitivity (m) was calculated by   m =  1   n 1     .
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Table 3. The calculated polynomial regression coefficients and R2 in Equations (18)–(21).
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	α
	     Q 3     
	    L n    A 3       
	     n 2     





	a
	0.07
	52.5
	4.33
	2.69



	b
	−0.001
	1.62
	0.26
	6.91 × 10−4



	c
	2.42 × 10−5
	−0.02
	−0.004
	4.30 × 10−5



	d
	−1.99 × 10−7
	1.59 × 10−4
	2.61 × 10−5
	−1.26 × 10−6



	e
	7.94 × 10−10
	−4.88 × 10−7
	−8.22 × 10−8
	8.49 × 10−9



	f
	−1.22 × 10−12
	5.75 × 10−10
	1.00 × 10−10
	−1.74 × 10−11



	R2
	0.997
	0.999
	0.998
	0.997
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Table 4. Performance indicators the correlation coefficient (R), average absolute relative error (AARE) (%), and root means square error (RMSE) values of the proposed models after fitting and approximation of the flow behavior for the alloy studied.
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	R
	RMSE
	AARE (%)





	ACE
	0.98
	1.42
	6.54%



	ANN
	0.99
	0.27
	0.91%
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Table 5. Performance indicators R, AARE (%), and RMSE values of the proposed models after prediction of the flow behavior of the investigated alloy via a cross-validation technique.
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R

	
RMSE

	
AARE (%)




	
500 °C

	
1 × 10−2 s−1

	
500 °C

	
1 × 10−2 s−1

	
500 °C

	
1 × 10−2 s−1






	
ACE

	
0.98

	
0.98

	
1.92

	
1.2

	
9.5%

	
7%




	
ANN

	
0.94

	
0.99

	
1.87

	
0.7

	
10.5%

	
5%
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