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Abstract Incremental Sheet Forming (ISF) is a unique sheet-forming technique. The process is a die-less
sheet metal manufacturing process for rapid prototyping and small batch production. In the forming
process, the critical parameters affecting the formability of sheet materials are the tool diameter, step
depth, feed rate, spindle speed, etc. This study examined the effects of these parameters on the
formability in the forming of the varying wall angle conical frustum model for a pure Al3004 sheet with
Imm in thickness. Using Minitab software based on Back Propagation Neural Network (BPNN) and
Genetic Algorithm (GA), a second order mathematical prediction model was established to predict and
optimize the wall angle. The results showed that the maximum forming angle was 87.071° and the best
combination of these parameters to give the best performance of the experiment is as follows: tool
diameter of 6mm, spindle speed of 180rpm, step depth of 0.4mm, and feed rate of 772mm/min.
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Table 1. Level of selected parameters

Level-1 Level 0 Level 1
a: Tool diameter(mm) 6 8 10
b: Spindle speed(rpm) 60 120 180
c: Step depth(mm) 0.2 0.4 0.6
d: Feed rate(mm/min) 400 800 1200
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Table 2. Design of experiment

Exp. no a b c d

1 0 -1 -1 0
2 0 1 0 -1
3 1 0 1 0
4 0 0 0 0
5 0 1 0 1
6 -1 0 0 1
7 0 -1 0 1
8 0 1 1 0
9 1 -1 1 0
10 1 0 0 -1
11 -1 0 -1 0
12 1 0 -1 0
13 0 0 1 -1
14 1 0 0 1
15 1 1 0 -1
16 0 1 -1 0
17 0 0 -1 1
18 -1 1 1 1
19 -1 0 1 0
20 -1 -1 0 0
21 0 -1 1 0
22 0 -1 0 -1
23 0 0 -1 -1
24 -1 -1 -1 -1
25 1 0 -1 1
26 -1 0 0 0
27 0 0 1 1
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Fig. 1. Geometry used to determine the wall angle ¢
for a given tool position
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Fig. 2. Result of 27 experiments for incremental sheet

forming

Table 3. Experiment result with angle

Exp. no Max angle (¢°) Formability(mm)
1 85.233 31.200
2 85.693 31.600
3 84.543 30.600
4 85.233 31.200
5 85.693 31.600
6 84.733 30.800
7 85.693 31.600
8 84.543 30.600
9 84.773 30.800
10 84.543 30.600

11 85.463 31.400
12 85.003 31.000
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13 83.851 30.000
14 84.312 30.400
15 84.773 30.800
16 84.312 30.400
17 84.312 30.400
18 84.543 30.600
19 84.543 30.600
20 86.152 32.000
21 83.159 29.400
22 85.693 31.600
23 85.233 31.200
24 84.543 30.600
25 85.003 31.000
26 86.152 32.000
27 83.159 29.400
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Table 4. Results of BP neural network
Exp. Forming angle Prediction Error
no (¢°) forming angle(p®)
1 85.233 85.23289 0.00011
2 85.693 85.69397 -0.00097
3 84.543 84.54293 0.00007
4 85.233 86.03057 -0.79757
5 85.693 85.69480 -0.00180
6 84.733 86.20723 -1.43423
7 85.693 85.69314 -0.00014
8 84.543 84.54309 -0.00009
9 84.773 84.77290 -0.00009
10 84.543 84.55911 -0.01611
11 85.463 85.46340 -0.00040
12 85.003 85.00400 -0.00100
13 83.851 83.85141 -0.00041
14 84.312 84.31231 -0.00031
15 84.773 84.77472 -0.00172
16 84.312 84.37656 -0.06456
17 84.312 84.31281 -0.00081
18 84.543 85.77784 -1.23484
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Table 5. Critical parameters in GA

Parameters
Population size 100
Crossover rate 0.8
Mutation rate 0.007
Selection Stochastic uniform
Generations 400
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Fig. 6. Convergence of fitness values to optimum level

Table 6. Best combination of parameters and max angle

Parameter
a:  Tool diameter(mm) 6
b:  Spindle speed(rpm) 180
c: Step depth(mm) 0.4008
d: Feed rate(mm/min) 772.4
Max angle (°) 87.518

Table 63 o] HA9 W& 2ge 37 A4
6mm, ¥H &%= 180rpm, Z-FF HA| 0.4008 mm,

ol% % 7724mm/min0l 3 o1F HA WEEFE <

lo] Hd 43 AT 87.518°% A& 4 AUk
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Fig. 7. Result of verification experiment
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