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Abstract Diamond-like carbon (DLC) films are widely used in mechanical, aerospace and other fields
because of their excellent properties, such as high hardness and high wear resistance. However, in order to meet the
needs of different industries, DLC thin films often adopt different preparation methods and process parameters to
obtain different characteristics, and it is time-consuming and laborious to test the characterization performance of
samples prepared by different process flows. In order to solve this problem, this paper explores the feasibility and
applicability of different artificial neural networks in the field of film performance prediction. BP, ELM and KELM
neural networks were trained by using the data of DLC films prepared by experiments as training samples, taking
different process parameters as inputs and various properties of DLC films prepared by corresponding processes as
outputs. Verified the three models by using the verification samples and compared the results of predictive values
and true values of the three neural networks, relative error, determination coefficient and mean square error. The
sensitivity analysis of the properties of the film was carried out with the best performance network model as a
sample. The results show that the prediction accuracy and stability of KELM are better than BP and ELM neural
networks, and KELM is more suitable for predicting the comprehensive properties of DLC films. And the influence
of each process parameter on each performance index is obtained.
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Tab. 1 Range of process parameters for DLC film samples

Process parameters Range
200°C~260°C

220 ~400 mL/min

Temperature
C,H, flow rate

Ar flow rate 130 ~210 mL/min
Current of electron gun 10~70 A
Bias voltage 700 ~900 V

Duty ratio 25%~65%
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Fig. 1 Neural network structure
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Tab.2 Determining coefficients of different neural networks

for various performances

Net Growth Young Combine
Hardness L/l
type rate modulus force
BP 0.47 0.48 0.41 0.86 0.61
ELM 0.68 0.54 0.36 0.68 0.81
KELM 0.89 0.98 0.93 0.88 0.99
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Tab.3 Mean square error of different neural networks for vari-

ous performances
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Hard I/, 73 M= 92 B NN = = {_‘—,A/:A/j
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Tab. 4 Sensitivity analysis results of growth rate
SA Bias voltage Duty ratio C,H, flow rate Current of electron gun Temperature Ar flow rate
First-order 0.1040 0.0210 0.3400 0.5010 0.0055 -0.0522
Global 0.1200 0.0121 0.3960 0.5610 0.0116 0.0423
x5 EERHESTER
Tab. 5 Sensitivity analysis results of hardness
SA Bias voltage Duty ratio C,H, flow rate Current of electron gun Temperature Ar flow rate
First-order 0.0763 0.0603 0.1020 0.5710 0.0848 0.1350
Global 0.1720 0.2130 0.2000 0.7870 0.0582 0.2050
*ko6 HREERGFESMER
Tab. 6 Sensitivity analysis results of Young's modulus
SA Bias Duty C,H, Current of T w Ar
emperature
voltage ratio flow rate electron gun P flow rate
First-order 0.0755 0.0855 0.1200 0.5350 0.1040 0.1130
Global 0.1960 0.2460 0.2480 0.7710 0.1040 0.1230
®T L/l REESNER
Tab. 7 Sensitivity analysis results of 7,/
SA Bias voltage Duty ratio C,H, flow rate Current of electron gun Temperature Ar flow rate
First-order 0.1776 0.1040 0.1410 0.5773 0.2290 0.0976
Global 0.1380 0.2990 0.1645 0.6297 0.1690 0.1816
®8 BELESHREESNER
Tab. 8 Sensitivity analysis results of combine force
SA Bias voltage Duty ratio C,H, flow rate Current of electron gun Temperature Ar flow rate
First-order 0.0797 0.0977 0.5576 0.2145 0.0073 0.1026
Global 0.2341 0.1748 0.4552 0.2670 0.0618 0.0723
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