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Abstract

:

Flexibly-reconfigurable roll forming (FRRF) is a novel sheet metal forming technology by which sheet metal is shaped into a desired curvature using reconfigurable rollers and gaps. FRRF is conducive to producing multi-curvature surfaces by controlling the longitudinal strain distribution. However, it is difficult to predict the forming results since FRRF technology forms a secondary surface from the primary curvature. This study investigates the use of regression analysis as a basis for a model that can predict the longitudinal curvature of sheet metal. The following variables were considered as input parameters: Maximum compression value, radius of curvature in the transverse direction, and initial blank width. Regression model samples are obtained by performing experiments using FRRF equipment whilst the experimental design was generated by a three-level, three-factor full factorial design. The experimental surfaces are of a convex and of a saddle-type shape, with a total sample size of 54. Through regression analysis it has been shown that the longitudinal curvature can be expressed by means of a quadratic equation. The matching quadratic function was verified with R-squared values and root-mean-square errors, whilst the normality of the sample data was also verified. To apply the model to the actual forming process, the regression model was converted to deduce the compression characteristics for forming the target surface. Throughout the study, the proposed analytical procedure was validated, and a statistical formula for estimating the longitudinal curvature produced by the FRRF apparatus established.
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1. Introduction


The aerospace and automobile industries are developing rapidly and are well suited to multi-product, small-volume production systems. Supported by the growth of these industries, research into techniques for creating atypical curved surfaces is advancing, even in the process of forming sheet metal. Generally, the process of forming sheet metal is conducted by processing each target-shape matching die individually; if the number of target-shapes increases, so does the manufacturing cost of the dies. To avoid such an increase in manufacturing cost, flexible forming techniques have been investigated [1,2,3].



The multi-point forming process, a representative technique of variable flexible forming technology, can create a mold by employing a variety of forming punches [4]. The most obvious advantages of this process being its economy and enhanced productivity, as various mold forms can be created using a single piece of equipment, unlike conventional press forming. Considerable research has been conducted on the multi-point forming process [5,6,7], but some disadvantages of this forming technique have been observed, particularly dimples and wrinkles in the sheet metal due to the discontinuous mold surface [8,9]. Additionally, in this technique, the size of the product is limited by the size of the forming apparatus, as it is not possible to form a product larger than the experimental machine itself. To overcome these disadvantages, a new technique called flexibly reconfigurable roll forming (FRRF) has recently been proposed [10].



The basic principle behind FRRF is strain control. The difference in strain between the center and the edge line during the roll forming process produces a difference in length between the center and the edge of the blank, thus forming a curvature in the blank. A Patent Cooperation Treaty for FRRF was submitted by Kang and Yoon [11]. The FRRF technology utilizes a method to create curved surfaces by using a flexible flexure roller and multiple curvature adjustment punches. By using a roller, this method maintains a continuous curvature, thus avoiding dimples and wrinkles. Furthermore, FRRF technology has the advantage that there are no size restrictions placed on the forming product in the rolling direction. In light of these advantages, research on FRRF technology is ongoing [12,13,14].



However, unlike the multi-point forming process whereby the shape of the target curved surface can be determined intuitively, it is very difficult to predict the target surface shape when using FRRF. This is because FRRF is a technique for forming a two-dimensional curved surface from a one-dimensional curved line. Figure 1 shows a schematic of the FRRF process. Due to the difficulty to picture the target surface in the method employed in Figure 1, a statistical prediction model using a regression analysis is used in this study to predict the forming results of the FRRF process. A previous study has conducted research on statistical models that utilized simulation and has confirmed a high level of conformity for this process [15]. On the basis of this previous study, the predictive model is created using actual experimental results. Sample data are obtained through actual experiments and a statistical model that predicts the radius of curvature in the longitudinal direction is proposed. The goodness-of-fit test is performed to ensure the reliability of the predictive model. The experimental sample data is obtained by utilizing an in-house developed FRRF apparatus. The target shapes are double-curvature surfaces such as convex and saddle-type shapes. Using the experimental results, a second-order, non-linear regression analysis is performed. Based on the coefficients obtained through the regression analysis, a predictive formula for the FRRF process forming results is obtained. In order to validate the regression model, the coefficient of determination, and the root-mean-square error are assessed. For practical use, it is necessary to acquire the compression characteristics whilst manufacturing the target surface by using the derived regression analysis model. Therefore, the regression model is employed to deduce the compression characteristics according to the shape of the target surface, by utilizing the numerical analysis method. This model is compared with the conventional regression model under the same conditions.




2. Experiment


2.1. FRRF Equipment


The FRRF technique forms the desired shape of a surface by adjusting the strain in the sheet metal blank. In other words, the curvature is formed from the strain variations in the thickness direction of the sheet. In this experiment, two rollers were used for this purpose, and the FRRF equipment was arranged around these rollers. The position of each roller was determined by the target curvature radius in the transverse direction, the compressive strain difference between the center and tip of the blank, and the width (length in the transverse direction) of the original blank. The basic position of each roller was first set based on the target curvature of the blank, in its transverse direction. The final position of each roller was then calculated based on the compressive strain. The FRRF equipment was designed in previous studies [16,17], and this machine consisted of numerous forming roller modules, a curvature guide assembly, a guide-height-adjusting module, and a transmitter. The complete configuration of the equipment is shown in Figure 2. The curvature guide assembly adjusted the height of the guide, which controlled the upper and lower roller curvature by means of a servo motor. Forming roller modules rotated the corresponding rollers when the blank was placed between the upper and lower rollers by the means of the motor. The guide-height-adjusting module moved the roller guide to set the curvature of the roller. Ideally, the number of guide-height-adjusting modules should be equal to the number of guides, however, due to cost restraints, the combination of a single transmitter and only one servo motor was utilized in this experiment. The servo motor was moved to each roller guide height by means of a linear guide. The height was calculated according to the input value specified by the user, and the servo motor controlled the height of the roller guide as a calculated position. Figure 3 shows a picture of the actual FRRF equipment used. All experiments were performed using this machine.




2.2. Experiment Conditions


To determine the number of samples necessary for the regression analysis, both dependent and independent variables were selected. The dependent variable in this study is the curvature radius in the longitudinal direction from the FRRF experimental results, and the independent variables are the maximum compression value, the transverse curvature radius, and the width of the initial blank. By combining these three independent variables, the curvature radius in the longitudinal direction (dependent variable) was determined. To obtain an appropriate number of samples, a design of experiments was undertaken, exploiting a three-level, three-factor full factorial design.



The deformation prediction of the target surface was the main focus of this study, and this deformation shape determined by the position of the flexible roller. The position of the roller can be defined by the compression value of each roller, the blank’s curvature radius in the transverse direction and the width of the blank. The above three variables are controllable elements in the FRRF technology and they are more correlatable with the dependent variables than other variables. Therefore, these three parameters were selected as the independent variables that influence the dependent variable. The minimum compression applied to the blank was set at 0%; thus, the maximum compression value was selected as an independent variable. In this research, the target surfaces were convex and saddle-type surfaces, the most frequent double-curvature surfaces in the industry. To form a convex-type surface in the FRRF process, the compression value at the central position of the blank must be larger than that of the edge-line portion. Conversely, to form a saddle-type surface in the FRRF process, the compression value of the central position of the blank must not be larger than that of the edge-line portion. In the case of a convex-type surface, the maximum compression was applied at the center line. In the case of a saddle-type surface, the maximum compression was applied at the edge line. Generally, the compressive strain was limited to 10% of the initial blank thickness, owing to the extreme difficulty of achieving higher strains. In addition, a much smaller compressive strain would not form the curvature. Thus, the minimum compressive strain was determined as 2%. The compressive strain parameters were selected at 2%, 6%, and 10% of the initial blank thickness. The minimum transverse radius of curvature that the equipment can operate at is 1000 mm. Therefore, a radius of up to twice the minimum radius of curvature was selected as a boundary condition. The magnitude of this independent variable was selected as 1000 mm, 1500 mm, and 2000 mm. The level of the remaining independent variable (the width of the initial blank) was selected as 100 mm, 125 mm, and 150 mm. The size of the blank was selected within this range for the convenience of the experiment. Table 1 summarizes the selected independent variable levels.



The sheet material used for the FRRF experiment was made of Al 5052-H32 with an initial thickness of 1 mm. The physical properties of the material were as follows: Young’s modulus of 70.3 GPa, Poisson’s ratio of 0.33, and density of 2.68 g/cm3. In order to confirm the material properties for this sheet in the plastic region, the stress–strain curve was obtained using a dynamic tensile test machine (Instron). The resulting stress–strain curve is shown in Figure 4, and the yield strength and tensile strength are confirmed from this graph. The yield strength of the material was 176 MPa and the tensile strength was 260 MPa. Table 2 summarizes the physical properties of this sheet material.





3. Experimental Results and Regression Model


3.1. Experimental Results


FRRF experiments were conducted based on the conditions described in the previous section. The target surfaces were convex and saddle-type curved surfaces of various curvature radiuses, and the experiments were conducted with consideration to each parameter. Figure 5 shows the FRRF experimental results. Figure 5a shows the convex-type results, and Figure 5b shows the saddle-type results. Since the sample data in this study consisted of curvature values in the longitudinal-direction, surface data was extracted from the resulting samples using a 3D scanner. In the surface data, the center-line curvature profile of the formed sheet was used, and the radius of curvature was measured with respect to three points, i.e., the start point, center point, and end point.



From the experimental results, the trends with respect to each parameter could be analyzed. Firstly, in terms of the maximum compression value, the largest and smallest radii of curvature appeared for an initial blank thickness of 2% and 10%, respectively. Naturally, the greater the compression, the smaller the radius of curvature. Secondly, the experimental results confirmed that the larger the transverse radius of curvature, the greater the radius of curvature in the longitudinal direction. Finally, with respect to the width of the blank, opposite tendencies were observed in the case of convex- and saddle-type surfaces. In the convex-shaped samples, the radius of curvature increased as the width of the blank increased, but the opposite trend was observed for the saddle-shaped samples. The measured data for the convex and saddle shapes are given in Table 3 and Table 4, respectively. The summarized results were used as sample data for the regression analysis.




3.2. Regression Analysis Model


As defined earlier, the independent variables that affect the experimental results include the maximum compression value, transverse radius of curvature, and the width of the initial blank. The first step in the regression analysis is determining a suitable regression model. To achieve this, the main influence of the independent variables and their interactions must be confirmed. The investigation of the influence and interactions was conducted using MATLAB. Figure 6 shows the main effect of each dependent variable, where X1 is the maximum compression value, X2 is the radius of curvature of the original blank in the transverse direction, and X3 is the width of the original blank. All design variables demonstrated mildly quadratic behavior on the dependent variable. Figure 7 shows the interactions among the design variables. Differences can be observed among the slopes of the interaction graphs, indicating different degrees of interaction among the design variables. The regression model selected considering these points is summarized in Equation (1):


y=β0+β1X1+β11X12+β2X2+β22X22+β3X3+β33X32+β12X1X2+β23X2X3+β31X3X1+ε,



(1)




where y is the radius of curvature in the longitudinal direction (dependent variable), X1 is the maximum compression value (independent variable 1), X2 is the transverse radius of curvature (independent variable 3), X3 is the width of the initial blank (independent variable 2), βi are the regression coefficients, and ε is the error value. After selecting the appropriate regression model, the regression coefficients βi were estimated from the data obtained in the FRRF experiments. Generally, the coefficients can be obtained by the least square method, which was used to calculate the regression coefficients in Equation (1), such that the sum of the error values ε was minimized. Hence, the function of the least square method can be expressed as in Equation (2), which can be simplified and written in matrix form [18].


LSM=∑i=1nε2=εT⋅ε=(y−Xβ)T⋅(y−Xβ).



(2)







In this equation, ε, y, β, and X are defined as follows:


ε=ε1ε2⋮εn,y=y1y2⋮yn,β=β1β2⋮βn,X=1x11x21⋯xp11x12x22⋯xp2⋮⋮⋮⋱⋮1x1nx2n⋯xpn,



(3)




where n is the number of cases and p is the number of independent variables in each interaction. Equation (3) is solved for the regression coefficients as follows:


β=(XT⋅X)−1XT⋅y.



(4)







In the present study, there were 10 unknown coefficients; those estimated using Equation (4) are presented in Table 5 for each respective case.




3.3. Goodness-of-Fit of the Regression Model


To validate the regression model, a goodness-of-fit test was conducted. In the previous study [15], goodness of fit about the regression model was already validated. Thus, the procedure of fit test is carried out in the same way as Ref [15]. Initially, the R-squared value was determined; this value is the yardstick for evaluating the suitability of a regression model developed using the sample data. In other words, the R-squared value is a measure of how well the variability of y is accounted for by the regression variables of a model. The closer the value of R-squared is to 1, the better the regression model fits the data. This value is calculated as follows:


R2=SSRSST=1−SSESST,



(5)




where SSR=∑(y^i−y¯)2, SST=∑(yi−y¯)2, and SSE=∑(yi−y^i)2. SSE is the sum of the squared errors, SST is the total sum of squares, SSR is the regression sum of squares, y¯ is the average value of the data, yi denotes the actual data values, and y^i denotes the estimated data values. The root-mean-square error (RMSE) is an intuitive and reasonably accurate evaluation metric, while the normalized root-mean-square error (NRMSE) is used to evaluate the relative accuracy of the regression model using Equation (6). In contrast to the R-squared value, the NRMSE indicates smaller error as it approaches zero.


NRMSE=SSEn⋅1(ymax−ymin).



(6)







In the case of a convex-shape, the R-squared value and NRMSE were calculated to be 0.9724 and 0.0423, respectively, and the corresponding results for the case of the saddle-shape were 0.9273 and 0.0615, respectively. In general, when experimental results are utilized as sample data, an R-squared value greater than 0.8 is considered as being appropriate; the calculated R-squared values achieved here were higher than 0.9. In addition, the NRMSE values were almost zero, suggesting a very high accuracy of the regression model. The regression model can therefore be considered as being appropriate.



For an intuitive comparison, it is also necessary to confirm the difference between sample data and data estimated by the regression model. Figure 8a,b show the graphs of the observed curvature of sample data versus the predicted curvature from the regression model, and Figure 9a,b show the differences between the original samples and the estimated values for the saddle and convex shapes, respectively. The figures demonstrate that the trends of the estimates follow those of the sample experimental data.



To evaluate the accuracy of the estimation model, the percentage errors were investigated. The red circle in Figure 9 is the estimated result, yi, from the regression model, and the percentage error values between the estimated data and the original data are shown in Table 6 together. The maximum and minimum percentage errors for the convex cases were determined to be 29.0% and 0.1%, respectively. Most of the error values for the convex cases were within 18%, and the mean percentage error was 10.7%. Additionally, the corresponding values for the saddle-shaped samples were almost the same. The maximum and minimum percentage errors were 59.0% and 1.6% respectively. As evident, the former value was very high but, even when this was included in the analyses, the mean percentage error resulted in 16.2%, which was lower than the acceptance threshold, indicating that the regression model might still follow the general trend of the FRRF process. The model can therefore be used to predict the resulting output of the process. Figure 10a,b show the residual plots for the convex and saddle shaped samples, respectively. The presence of a definite pattern in the residual plot would suggest that some explanatory variables were missing from the regression model however, there were no definite patterns apparent in the results shown in Figure 10, confirming that no explanatory variables were missing from the obtained regression model. The mean residual values were also examined; for the convex and saddle-shapes, these were calculated to be 2.0527 × 10−14 and 5.7370 × 10−14, respectively. As might be observed, the mean residuals for both cases were therefore nearly zero. The results of the goodness-of-fit tests for both cases are summarized in Table 7.



One of the most important assumptions in response surface methodology is that the error has a Gaussian distribution with a zero mean, and this is also assumed in the application of the least square method. It is therefore necessary to confirm the normality of the sample data. Figure 11 shows the data normality plots. In both the saddle and convex-shaped cases, almost all the sample data fits well within a normal distribution. However, two high residual values indicate some discrepancies. A frequency distribution histogram of sample data was used to ascertain the normality of the distributions. Figure 12a,b show the histograms for each case. Both graphs plot bell shapes, denoting the normal distributions of the model results. The curve in Figure 12a has a narrow bell shape because the residual values in the convex case were all small. Compared to Figure 12a, Figure 12b shows a bell shape with a long tail, which means that the error distribution for the saddle-shaped case was wider than for the convex-shaped case. Nevertheless, since the plot shows a bell shape, it is taken to follow a normal distribution.





4. Application for Experiment Condition Deduction


4.1. Conversions for a Prediction Model


The desired target shape of the curved surface is the first parameter to be determined in the manufacturing industry, following which, the conditions under which the target surface can be acquired is defined, and later fabrication is carried out to match the condition. Therefore, in order to apply the model to the actual forming process, it was necessary to acquire the experimental conditions for the target surface, by using the prediction model developed in this study. The regression prediction model for the longitudinal curvature of FRRF process can be obtained by using the maximum compression value, the transverse curvature of sheet, and the width of the sheet metal. This model is expressed as an equation with four variables and, if only three variables are determinable, the other may be calculated. Combining the dependent variable with the independent variable X2 (the radius of curvature of the original blank in the transverse direction) determines the shape of target surface, and the independent variable X3 (the width of the original blank) defines the dimension the sheet. Therefore, the desired target surface is determined by these three variables, and the other variable is the forming condition to fabricate that target surface. In other words, the X1 variable could be deduced from input y and X2, whilst X3 deduced according to the target surface shape by the user. In order to deduce the X1 value, the right-hand side of Equation (1) needed to be transposed to the left-hand side. In order for this equation to be true, all sum of terms with appropriate X1 values must be zero. An optimization by means of a numerical analysis was performed to deduce an appropriate value for X1. The univariate method was one of the direct search methods that were used, as it is a simple unconstrained optimization technique whose iterative scheme is shown in Figure 13. The unit of X1 is a percentage, whose values below 0.01 were judged as insignificant. Thus, the step length of this optimization process was considered as 0.01. The convergence condition was also selected so that the residual value of the target surface curvature radius was below 0.5 mm. The assumptions of the FRRF forming conditions were carried out in the following section by utilizing this same optimized technique.




4.2. Assumptions Underlying the Experimental Characteristics


By using the numerical analysis method described in the section above, the compression characteristics for forming the actual target surface was derived. By utilizing this prediction model, it was possible to confirm the experimental characteristics (compression conditions) suitable for each shape, which was extracted as the target surface. The characteristics of the target surface were randomly acquired from 10 samples (for each of the two forms) by using the Latin-hypercube design; these sampling characteristics are summarized in Table 8 and Table 9. The compression conditions were predicted according to each sampling condition. For the first saddle-shape sample, the maximum compression value to manufacture a target surface, which had a transverse curvature radius of 1405.1036 mm and a longitudinal curvature radius of 498.6408 mm with a width of 102.8773 mm, was deduced as 2.07%. Similarly to the saddle-shape sample, the first convex-type sample required a 2.67% compression value to form the target surface, which had a transverse curvature radius of 1111.9200 mm and a longitudinal curvature radius of 257.9682 mm, with a width of 105.2663 mm. The calculated compression values were applied to the regression model to confirm that the compression values by each condition were in conformance to the results estimated in the previous section. Table 10 and Table 11 show the results of the compression characteristics deduced by numerical analysis based on each sample. In this table, y’ represents the estimated longitudinal curvature radius by using the deduced compression value, and the comparison between regression model results and numerical analysis results are also shown in this table. It has been shown that the difference in the longitudinal curvature radius (|y − y′|) was within 1.0 mm for all samples. In other words, the results suggest that it was possible to utilize the model corresponding to the compression condition derivation for forming the actual target surface, by converting the acquired regression analysis model. Through a comparison with actual experimental results, the reliability of this prediction model was investigated. Using this prediction model, the compression condition for forming a saddle-type target surface with a transverse curvature of 2000 mm, a longitudinal curvature of 266.447 mm, and a sheet material width of 150 mm was calculated to be about 8.96%. From the actual experimental results, the compression value to form the target surface, which had the longitudinal radius of curvature matching the condition, was confirmed as 10%, a result that was not significantly different from the prediction model. Similarly to the saddle-type sample, the predicted compression condition to produce the convex-type target surface with a longitudinal curvature of 255.129 mm, a transverse curvature of 2000 mm, and the width of the sheet material of 150 mm, was calculated to be about 9.81%. The experimental result under the same conditions results in a 10% compression value.





5. Conclusions


In this study, a statistical model was developed utilizing a regression analysis to predict the outcome of the FRRF process. To obtain the sample data used for the regression analysis, 54 physical experiments were performed using the FRRF equipment. Based on the sample data, a regression model that could predict the radius of curvature in the longitudinal direction in the FRRF process was suggested, and the results were summarized as follows:




	(1)

	
To utilize experimental results in the regression model, a three-level, three-factor full factorial design was used. The experiments were conducted using the FRRF apparatus. The maximum compression value, radius of curvature in the transverse direction, and width of the blank were selected as the input parameters, and the radius of curvature in the longitudinal direction of in the FRRF process was the dependent variable. The radius of curvature values in the longitudinal direction, for the experimental samples, was obtained using a 3D scanner.




	(2)

	
Regression analysis was conducted using the experimental results as the sample data. A polynomial, nonlinear regression model was used, and a goodness-of-fit test was conducted to confirm the validity of the model. R-squared values, NRMSE, and residual data were examined. The test results fitted well with the experimental data; thus, the regression model was confirmed to follow the trend of the experimental results.




	(3)

	
From the completed regression model, it was concluded that it was possible to predict the results of the FRRF process. The optimization for converting the regression model was carried out to deduce the compression characteristics for forming the target surface. The compression conditions for the actual target surface might also be determined by using the converted regression model. This study thus confirms the feasibility of statistically predicting the curvature produced by the FRRF process. Future progress will focus on further research to evaluate the effects of physical properties on the FRRF process, conducted using different materials.
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Figure 1. Schematic illustration of the flexibly-reconfigurable roll forming (FRRF) process. 
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Figure 2. Configuration of the entire equipment. 
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Figure 3. FRRF apparatus. 
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Figure 4. Stress–strain curve of Al 5052-H32. 
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Figure 5. Results of the experiment using the FRRF apparatus. (a) Convex shape and (b) saddle shape. 
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Figure 6. Plots of the main effects of the design variables. (a) Convex shape and (b) saddle shape. 
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Figure 7. Plots of the interactions of the design variables. (a) Convex shape and (b) saddle shape. 
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Figure 8. Graph of observed versus predicted curvature. (a) Convex shape and (b) saddle shape. 
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Figure 9. Difference between the original and estimated data. (a) Convex shape and (b) saddle shape. 
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Figure 10. Plot of residuals. (a) Convex shape and (b) saddle shape. 
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Figure 11. Normality plot. (a) Convex shape and (b) saddle shape. 
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Figure 12. Histogram of the frequency distribution. (a) Convex shape and (b) saddle shape. 
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Figure 13. Iterative scheme of the compression condition deduction using the univariate method. 
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Table 1. Levels of the design variables.






Table 1. Levels of the design variables.





	
Variables

	
Level






	
Maximum compression value

	
2%




	
6%




	
10%




	
Width of blank

	
100 mm




	
125 mm




	
150 mm




	
Curvature radius of transvers direction

	
1000 mm




	
1500 mm




	
2000 mm
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Table 2. Material properties of Al 5052-H32.






Table 2. Material properties of Al 5052-H32.





	Material Property
	Value
	Unit





	Young’s modulus
	70.30
	GPa



	Poisson’s ratio
	0.33
	-



	Yield strength
	176.00
	MPa



	Ultimate strength
	260.00
	MPa



	Density
	2.68
	g/cm3
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Table 3. Statistical table for convex shape.






Table 3. Statistical table for convex shape.





	Number of Case
	Maximum Compression Value X1
	Curvature Radius of Transverse Direction X2 (mm)
	Width of the Blank X3 (mm)
	Result y (mm)





	1
	2.0
	1000
	100
	262.8



	2
	2.0
	1500
	100
	339.0



	3
	2.0
	2000
	100
	435.1



	4
	2.0
	1000
	125
	326.0



	5
	2.0
	1500
	125
	357.8



	6
	2.0
	2000
	125
	457.8



	7
	2.0
	1000
	150
	611.4



	8
	2.0
	1500
	150
	639.7



	9
	2.0
	2000
	150
	698.9



	10
	6.0
	1000
	100
	146.4



	11
	6.0
	1500
	100
	158.8



	12
	6.0
	2000
	100
	169.1



	13
	6.0
	1000
	125
	217.0



	14
	6.0
	1500
	125
	260.1



	15
	6.0
	2000
	125
	335.0



	16
	6.0
	1000
	150
	336.3



	17
	6.0
	1500
	150
	321.5



	18
	6.0
	2000
	150
	340.0



	19
	10.0
	1000
	100
	101.9



	20
	10.0
	1500
	100
	117.3



	21
	10.0
	2000
	100
	121.5



	22
	10.0
	1000
	125
	141.1



	23
	10.0
	1500
	125
	192.3



	24
	10.0
	2000
	125
	212.4



	25
	10.0
	1000
	150
	213.6



	26
	10.0
	1500
	150
	234.7



	27
	10.0
	2000
	150
	255.1
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Table 4. Statistical table for saddle shape.






Table 4. Statistical table for saddle shape.





	Number of Case
	Maximum Compression Value X1
	Curvature Radius of Transverse Direction X2 (mm)
	Width of the Blank X3 (mm)
	Result y (mm)





	28
	2.0
	1000
	100
	401.7



	29
	2.0
	1500
	100
	403.3



	30
	2.0
	2000
	100
	1164.7



	31
	2.0
	1000
	125
	345.0



	32
	2.0
	1500
	125
	365.4



	33
	2.0
	2000
	125
	861.2



	34
	2.0
	1000
	150
	260.6



	35
	2.0
	1500
	150
	471.3



	36
	2.0
	2000
	150
	668.2



	37
	6.0
	1000
	100
	244.0



	38
	6.0
	1500
	100
	267.1



	39
	6.0
	2000
	100
	605.9



	40
	6.0
	1000
	125
	217.6



	41
	6.0
	1500
	125
	232.4



	42
	6.0
	2000
	125
	392.6



	43
	6.0
	1000
	150
	164.6



	44
	6.0
	1500
	150
	178.2



	45
	6.0
	2000
	150
	374.2



	46
	10.0
	1000
	100
	148.6



	47
	10.0
	1500
	100
	171.1



	48
	10.0
	2000
	100
	355.2



	49
	10.0
	1000
	125
	140.9



	50
	10.0
	1500
	125
	166.9



	51
	10.0
	2000
	125
	267.3



	52
	10.0
	1000
	150
	138.9



	53
	10.0
	1500
	150
	165.9



	54
	10.0
	2000
	150
	266.4
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Table 5. Estimated regression coefficients.






Table 5. Estimated regression coefficients.





	Regression Coefficient (βi)
	Value (Convex Shape)
	Value (Saddle Shape)





	β0
	230.0
	199.4



	β1
	−141.0
	−173.3



	β11
	63.9
	78.3



	β2
	100.0
	−59.6



	β22
	28.0
	26.2



	β3
	37.1
	160.8



	β33
	7.7
	120.8



	β12
	−45.9
	38.8



	β23
	−6.8
	−48.9



	β31
	−21.6
	−102.2
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Table 6. Estimated results and percent error.






Table 6. Estimated results and percent error.





	Number of Case
	Estimated Result yi (mm)
	Percent Error y−yiy×100
	Number of Case
	Estimated Result yi (mm)
	Percent Error y−yiy×100





	1
	262.8
	1.4
	28
	384.7
	4.4



	2
	339.0
	6.5
	29
	575.7
	42.7



	3
	435.1
	10.3
	30
	1008.3
	13.4



	4
	326.0
	17.8
	31
	308.9
	10.5



	5
	357.8
	21.5
	32
	451.1
	23.4



	6
	457.8
	9.5
	33
	834.8
	3.1



	7
	611.4
	7.7
	34
	285.5
	9.6



	8
	639.7
	4.8
	35
	378.8
	19.6



	9
	698.9
	4.4
	36
	713.7
	6.8



	10
	146.4
	16.8
	37
	196.4
	19.5



	11
	158.8
	0.5
	38
	285.2
	6.8



	12
	169.1
	24.0
	39
	615.7
	1.6



	13
	217.0
	7.6
	40
	159.5
	26.7



	14
	260.1
	11.6
	41
	199.4
	14.2



	15
	335.0
	18.0
	42
	481.0
	22.5



	16
	336.3
	0.3
	43
	174.9
	6.2



	17
	321.5
	11.3
	44
	166.0
	6.9



	18
	340.0
	16.5
	45
	398.7
	6.5



	19
	101.9
	10.0
	46
	164.7
	10.8



	20
	117.3
	8.1
	47
	151.4
	11.5



	21
	121.5
	29.0
	48
	379.6
	6.9



	22
	141.1
	2.7
	49
	166.6
	18.2



	23
	192.3
	20.5
	50
	104.4
	37.5



	24
	212.4
	17.1
	51
	283.7
	6.2



	25
	213.6
	9.5
	52
	220.9
	59.0



	26
	234.7
	0.1
	53
	109.8
	33.8



	27
	255.1
	1.5
	54
	240.3
	9.8
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Table 7. Summary of results of the goodness of fit tests.






Table 7. Summary of results of the goodness of fit tests.





	Summary of Fit
	Convex Shape
	Saddle Shape





	R-squared value
	0.9482
	0.9273



	Normalized root mean square error (NRMSE)
	0.0595
	0.0615



	Maximum percent error
	29.0
	59.0



	Minimum percent error
	0.1
	1.6



	Mean percent error
	10.7
	16.2



	Mean residual
	2.0527 × 10−7
	5.7370 × 10−14
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Table 8. Statistical table for the convex type random sample.






Table 8. Statistical table for the convex type random sample.





	Number of Case
	Curvature Radius of Transverse Direction X2 (mm)
	Width of the Blank X3 (mm)
	Curvature Radius of Longitudinal Direction y (mm)





	1
	1111.9
	105.3
	258.0



	2
	1099.6
	124.5
	176.6



	3
	1948.8
	137.4
	572.7



	4
	1332.2
	104.4
	141.0



	5
	1843.4
	117.3
	468.3



	6
	1652.2
	111.6
	401.9



	7
	1767.9
	144.3
	323.3



	8
	1239.8
	131.1
	526.0



	9
	1508.7
	148.0
	360.3



	10
	1431.7
	125.5
	245.4
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Table 9. Statistical table for the saddle type random sample.






Table 9. Statistical table for the saddle type random sample.





	Number of Case
	Curvature Radius of Transverse Direction X2 (mm)
	Width of the Blank X3 (mm)
	Curvature Radius of Longitudinal Direction y (mm)





	11
	1405.1
	102.9
	498.6



	12
	1554.2
	146.2
	374.0



	13
	1890.9
	124.1
	527.1



	14
	1218.7
	113.4
	149.6



	15
	1308.7
	138.6
	213.5



	16
	1022.2
	126.7
	317.3



	17
	1118.7
	121.0
	127.9



	18
	1609.7
	131.1
	394.9



	19
	1696.2
	103.6
	463.3



	20
	1837.5
	112.7
	690.7
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Table 10. Deduced results of the compression condition for the convex type.






Table 10. Deduced results of the compression condition for the convex type.





	Number of Case
	Deduced Compression Value X1 (%)
	Deduced Curvature Radius of Longitudinal Direction y’ (mm)
	Curvature Radius of Longitudinal Direction y (mm)
	Difference (y−y′)





	1
	2.67
	257.8
	258.0
	0.21



	2
	6.99
	176.6
	176.6
	0.06



	3
	1.97
	572.7
	572.7
	0.08



	4
	6.55
	141.2
	141.0
	0.20



	5
	1.56
	468.3
	468.3
	0.07



	6
	1.72
	402.1
	401.9
	0.28



	7
	6.43
	323.5
	323.3
	0.17



	8
	0.87
	525.6
	526.0
	0.38



	9
	5.70
	360.4
	360.3
	0.03



	10
	5.50
	245.5
	245.4
	0.12
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Table 11. Deduced results of the compression condition for the saddle type.






Table 11. Deduced results of the compression condition for the saddle type.





	Number of Case
	Deduced Compression Value X1 (%)
	Deduced Curvature Radius of Longitudinal Direction y’ (mm)
	Curvature Radius of Longitudinal Direction y (mm)
	Difference (y−y′)





	11
	2.07
	498.9
	498.6
	0.27



	12
	2.51
	373.9
	374.0
	0.11



	13
	4.27
	527.3
	527.1
	0.23



	14
	6.59
	149.7
	149.6
	0.10



	15
	4.08
	213.5
	213.5
	0.08



	16
	1.82
	317.2
	317.3
	0.12



	17
	7.18
	127.7
	127.9
	0.24



	18
	3.19
	394.5
	394.9
	0.32



	19
	4.61
	463.1
	463.3
	0.14



	20
	2.63
	690.9
	690.7
	0.22
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