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ABSTRACT: The work aims to predict the corrosion resistance of Ni-ZrO, nano-plating and optimize the plating process pa-
rameters. Ni-ZrO, nano-plating was prepared on the surface of cobalt-nickel-based model alloy samples by magnetic stir-
ring-assisted electrodeposition. According to the electroplating process conditions, orthogonal experiments were set up, and each
group of experimental plating was electrochemically tested to analyze the corrosion resistance with different process conditions.
The three plating process parameters of ZrO, particle concentration, plating solution temperature and plating current density
were used as the input layer of the neural network, and the self-corrosion current density was used as the output layer. The
GRNN neural network and BP neural network models were used to predict the corrosion resistance of Ni-ZrO, nano-plating.
When the mass concentration of ZrO, particles is 6 g/L, the temperature of the plating solution is 60 ‘C, and the plating current
density is 5 A/dm? the performance of the Ni-ZrO, nano-plating is good, showing a small self-corrosion current density. The
factors affecting the self-corrosion current density of Ni-ZrO, nano-plating should meet the following requirements ZrO, parti-
cle concentration>plating solution temperature> plating current density. The average relative errors of the four groups of
non-orthogonal experiments predicted by GRNN neural network and BP neural network are 5.30% and 10.74%, respectively.
The neural model can effectively predict the corrosion resistance of the plating under different process parameters, thereby op-
timizing the process parameters and improving the experimental efficiency. In the case of fewer training samples, the prediction
performance of the GRNN neural network is more accurate.

KEY WORDS: electrodeposition; Ni-ZrO, nano-plating; GRNN neural network; BP neural network; self-corrosion current den-

sity; prediction
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Tab.1 Compositions and preparation process of Ni-ZrO, plating solution

Chemical reagent Parameter Process condition Parameter
p(NiSO4-6H,0)/(g-L ™" 250 Plating bath temperature/'C 30~60
p(NiCl,-6H,0)/(g' L ™" 45 Plating current density/(A-dm %) 3~6

p(H;BO3)/(g' L™ 40 Magnetic rotor speed/(r's™") 10

p(Activator HCI)/(g-L™) 3 Activation time/min 10
p(Z10, particles)/(g-L™") 3~12 Plating time/min 10
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Tab.2 Results of orthogonal experiment

p(ZrO, Plating bath Plating cur- Free corrosion
Number particles)/ tempera- rent density/ current density

(g'L™) ture/C (A-dm?)  /(pA-cm?)
1 3 30 3 1.5734
2 3 40 4 1.5227
3 3 50 5 1.1025
4 3 60 6 1.0208
5 6 30 4 0.9189
6 6 40 3 0.8828
7 6 50 6 0.9068
8 6 60 5 0.8686
9 9 30 5 1.4107
10 9 40 6 1.0873
11 9 50 3 1.1885
12 9 60 4 0.9886
13 12 30 6 1.3151
14 12 40 5 0.9550
15 12 50 4 1.1062
16 12 60 3 1.4875
Extremum 0.4106 0.2285 0.2005 —
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Fig.1 GRNN neural network structure diagram
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Tab.3 Simulation values of model training under different
smoothing factors

Experimental Simulation value
Number

value =1 =05 0=03 0=0.2 0¢=0.1
1 1.5734  1.1762 1.273 1.4095 1.5455 1.5734
2 1.5227  1.1495 1.2068 1.3493 1.4911 1.5227
3 1.1025  1.1213 1.0886 1.0919 1.1007 1.1025
4 1.0208 1.0928 1.0059 0.9996 1.0171 1.0208
5 09189  1.1576 1.1801 1.0985 0.9526 0.9189
6 0.8828  1.1549 1.1583 1.0595 0.9156 0.8828
7 0.9068  1.1086 1.0322 0.9581 0.9157 0.9068
8 0.8686  1.1067 1.0183 0.9301 0.8793 0.8686
9 1.4107  1.1459 1.168 1.2651 1.3838 1.4107
10 1.0873 1.1248 1.1121 1.1108 1.0919 1.0873
11 1.1885 1.1428 1.1388 1.1573 1.1828 1.1885
12 0.9886  1.1224 1.0952 1.0606 1.0023 0.9886
13 1.3151 1.141 1.1905 1.2568 1.3052 1.3151
14 0.9550  1.1342 1.1222 1.0694 0.9766 0.955
15 1.1062  1.1339 1.127 1.1256 1.11 1.1062
16 1.4875 1.1405 1.2128 1.3484 1.4639 1.4875
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Fig.2 Simulation error results of different smoothing factors
of GRNN neural network of Ni-ZrO, plating in orthogonal
group
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Tab.4 Comparison of experimental values and predicted values by GRNN neural network model in non-orthogonal group

Number P(Zr0: paf]ticles)/ Plating bath Plating current Free corrosion current density/(nA-cm™®)  Relative
(g'L) temperature/'C density/(A-dm™)  predictive value ~ Experimental value error/%
1 6 30 5 1.1648 1.1084 5.10
2 6 40 6 0.9970 1.0377 3.91
3 9 30 6 1.2711 1.2119 4.88
4 9 40 5 1.1510 1.2421 7.33
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Tab.5 Comparison between the predicted value and the experimental value by BP neural network model in the non-orthogonal group

Number (2102 paflticles)/ Plating bath Plating current Free corrosion current density/(nA-cm )  Relative
(gL temperature/'C density/(A-dm ™) predictive value  Experimental value error/%
1 6 30 5 0.9416 1.1084 15.00
2 6 40 6 0.9607 1.0377 7.42
3 9 30 6 1.3272 1.2119 9.51
4 9 40 5 1.1049 1.2421 11.04
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Fig.6 Prediction result of BP neural network Ni-ZrO, plating
in non-orthogonal group
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