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Flexural property prediction of 3D-printing sample based on regression analysis
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Abstract : In order to further explore the relationship between fused deposition modeling(FDM) 3D printing parameters and
the flexural property of parts, a reasonable prediction model for the flexural property of FDM 3D printed parts was created. Accord-
ing to the principles of orthogonal experiment L, (4°) and the requirements of neural network algorithm model, 25 sets of test speci-
mens were prepared in terms of five factors such as different layer thickness, filling density, nozzle temperature, filling speed and
shell thickness. Flexura property was tested. Subsequently, the flexura property of FDM 3D printing parts was predicted by establish-
ing the GA-BP neural network model, traditional BP neural network model and multiple regression equation model. The predicted
data and the experimental test data were compared. It was found by comparison that the predicted data of the GA-BP neural network
model was closer to the experimental test data, with an average error of 3.71%. The overall fluctuation of the error is minimal. The
prediction accuracy of the BP neural network model and the multiple regression equation model is not significantly different, and the
average prediction error of the BP neural network model is 8.05%. The average prediction error of the multiple regression equation
model is 9.07%. But the overall fluctuation of the error in the multiple regression equation is the largest. Therefore, the BP neural
network model optimized by GA genetic algorithm has higher accuracy and better stability in predicting the flexura property of
FDM 3D printed parts.
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Fig. I Dimensions and partial enlarged detail of flexural sample
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Tab.1 Orthogonal test factor level table

Factor

Level 5
A/mm B/% c/°C D/(mm-*s™) E/mm
1 0.1 10 210 40 0.4
2 0.15 20 220 50 0.8
3 0.2 30 230 60 1.2
4 0.25 40 240 70 1.6
1.4 RKE7r ik

i I8 GB/T 9341-2008 EoR , Xf 25 4 iR FE 47
25 il B 3, 3 1 BN 285 BE 2 mm/min, Rk
248 R=5 mm, 5 HE K 8 64 mm.,
1.5 KIELR
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Tab.2 Test scheme and results

Test Factor Flexural strength
number 4 B C D E /MPa

1 1 1 1 1 1 50.298 1
2 1 2 2 2 2 62.0303
3 1 3 3 3 3 61.740 4
4 1 4 4 4 4 67.582 4
5 2 1 2 3 4 67.0250
6 2 2 1 4 3 60.550 3
7 2 3 4 1 2 54.715 1
8 2 4 3 2 1 55.900 8
9 3 1 3 4 2 50.8363
10 3 2 4 3 1 49.3657
11 3 3 1 2 4 62.536 8
12 3 4 2 1 3 57.9029
13 4 1 4 2 3 50.512'5
14 4 2 3 1 4 58.0317
15 4 3 2 4 1 48.267 8
16 4 4 1 3 2 48.681 8
17 2 1 2 1 3 58.8653
18 1 4 1 2 2 54.440 6
19 4 2 4 4 4 57.248 4
20 3 3 3 3 1 47.806 3
21 2 4 1 3 4 62.7115
22 1 3 2 2 3 57.963 9
23 4 1 4 4 1 39.886 9
24 3 2 3 1 2 50.093 2
25 1 2 4 3 4 57.488 8
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Tab.3 Parameter setting of GA-BP neural network algorithm model

Parameter .
. Value Parameter setting Value
setting
Transfer Logsig, Maximum number 100
function preline of iterations
Trainin, . Lo
. g L—M trainlm  Population size 40
function
Training goal le ™ Selection method Roulette
. Arithmetic
Learning rate 0.01 Crossover method
crossover
Number of . Non uniform
. 1000 Mutation method .
training mutation

2.2 GA-BPA#¥ 2 W 4699 % B Ik

e 1l 6 14 25 2L RE S 2 RE G A0 23 1l A
2, 1"~ 20" GA-BP it 28 [o) 45 T 0 A5 70 (19 )| 2
A 217 ~ 25" D MAREAS o Dy il — 2L /N S
Bl A GE— 3 A R 48 TN DR 22 , 7R HEA T R 4%
=7 > RN ZRAT , e R AT H — AR AR B o
B0, 1120 BAEERETEIAG).

X=X,
SRR ©

A XA 5 R X O A — A i
(R H , X, R 1) PO R A O EL, X, 9 1] 48T
R/ ME.

15 GA-BP W28 R BEAT I Rod #e ey, S350 0%
REVR R Z R PEREFE 50 7.83x107™ I3 T fix
A . GA-BP 1 22 [0 25455 B F 00 4 Bl -5 X 6 00 3
B RS LU DL IR 4, AHMER 1, GA-BP #2845
AR ) ST Bt R A T I UKl L P 2 %
PR A 1, B2 B ) I AR R

R4  GA-BPHEMZEE TN S XL NX B HExT
Tab.4 Comparison between GA-BP neural network prediction

value and experimental test value

Flexural strength/MPa
21* 22* 23" 24* 25"

Item

GA—BP prediction

63.2798 60.5789 41.6679 51.9292 60.3538
value

Experimenta test
value
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Tab.5 Calculation results of regression model

Regress.lon Estimated Confidence interval Test statistic
coefficient value

B, 52.677 1 [26.383 1,78.971 2]

B, —58.7446  [-82.3331,-35.156 1]

B, 0.044 2 [-0.071 4,0.159 9]

F=17.646 5

B, 0.000 3 [-0.117 6,0.118 3]

B, 0.034 4 [-0.082 5,0.151 2]

B, 10.746 2 [7.860 6,13.631 8]

Y=52. 6771-58. 7446X,+0. 0442X,+0. 0003X,+
0. 0344X,+10. 7462X, (5)
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