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Prediction of Hardness of Hard Anodic Oxidation Film Based on BP and
RBF Neural Network

XING Chong", WANG Kunhao®
(1. Department of Information and Technology , Changchun Finance College , Changchun 130028, Chi-
na; 2. Computer College, Jilin Normal University, Siping 136000, China)

Abstract: NEWRB function RBF neural network and K-mean clustering RBF neural network were es-
tablished in two different ways, and BP neural network was also established. Different neural networks
were trained using orthogonal experimental data, and then the trained different neural networks were
used to predict the hardness of hard anodic oxidation film, and the predicted value was compared with
the measured value. The results showed that compared with BP neural network, the average relative er-
ror and maximum relative error of NEWRB function RBF neural network and K-mean clustering RBF
neural network were lower. The RBF neural network established by two different methods has higher
prediction accuracy, and the K-mean clustering RBF neural network has much higher prediction accura-
cy, which was more suitable for predicting the hardness of hard anodic oxidation film.
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Fig.1 Research approach

22 ZERWHE

K FBRR 55 25 15 57K IBC R A FL P VB A s Jo B
W S AL T3, e FH Pl A 28 B () AR ) (F,) AR
R ST E (FOAE s R 2R S AR 2 (ED A h
PR bR . N TSR RO S B AR
X AT REERE B2 A 52 0], SR P TE 5 S BT Ao 3 5
LoprE S IS WC PN

Tab.1 Experimental scheme

R Z K Fi/(A-dm?) F,/min Fs/(g'L")
1 1 35 180
2 2 50 210
3 3 65 240
4 4 80 270
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Tab.2 Experimental results

75 HZE F HE F, [N F, E/HV
1 1 35 180 220.4
2 1 50 210 250.2
3 1 65 240 321.7
4 1 80 270 271.8
5 2 35 210 290.3
6 2 50 180 240.2
7 2 65 270 335.7
8 2 80 240 3102
9 3 35 240 300.4
10 3 50 270 260.5
11 3 65 180 2252
12 3 80 210 330.4
13 4 35 270 3215
14 4 50 240 326.1
15 4 65 210 290.5
16 4 80 180 246.3
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Fig.2 Structure of BP neural network
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Fig.3 Training process of BP neural network
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Fig.6 K-mean clustering RBF neural network
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Fig.7 Prediction results of different neural network

¢ 3 A %00, BP M £ M 4% NEWRB pK % RBF #i
25 W) £ 1 K- 271 5 25 RBF 1 25 (W) 2% (1) - 5 4 Xof 5%
220350 1.13%.0.77% . 0.40% , Fe K AH X 15 22 43 1)
H-3.18%.2.48% .1.58%. 5 BP #iZ M50 b, NE-
WRB pR %1 RBF i 25 % 2% Il K- 34 {8 2 2% RBF #1 £
DVR) 2 114) 3P 227 R XoF 15 2 AR 5 RORH X 15 22 Y 451K, 156 B
T 2o PO [] 2R %) RBF 1 25 0 286 LA 458 1
1 TS B, OF H K-35 R 2 RBF & M 4% B A
v B TN B

6 41t

I I NEWRB PR BUFNT K-35 58 288 7 43 il Ay
T NEWRB R % RBF #1 22 W 4% K- 148 2 2% RBF #i
22 W 2%, SR FH IE A8 S 30 KR s U 25 5 iU 3 R A [+
P25 X 2% 114 1 159 AH T 15 255 R e KAHDO 158 25 M1 T
BP #f 28 0 28 | R HAT A w8 () BUIORG B . K-I(E 2R
25 RBF #1285 o) 26 HLA 0 v 1) T DODA 52, 368 P 7 93
S 5 PR AR R s



2021 4E7 H

LR R

o543 4 45 7 WS 340 51 - 209 -

xR3 AEHEMZHEIRE

Tab.3 Relative errors of different neural network

AEXTIRZE %
75 B H 2 NEWRB p& % K-Y{E R
RBF 2 /M2%% | RBF#i 4 M4
1 0.28% 0.18% -0.05%
2 -0.54% -0.76% -0.04%
3 2.09% -0.31% -1.24%
4 -3.18% 0.81% -0.07%
5 0.39% -0.86% 0.00%
6 0.04% -0.67% 0.08%
7 -3.18% 1.01% -1.58%
8 2.60% 1.00% 0.61%
9 -0.23% -0.23% -0.03%
10 1.01% 0.54% 0.12%
11 -0.19% -0.31% -1.47%
12 -0.85% 2.48% -0.03%
13 2.40% -0.59% -0.03%
14 0.59% -0.43% 0.58%
15 -0.25% 0.72% -0.03%
16 -0.31% -1.34% 0.41%
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