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Abstract: Microwave absorbing materials are mostly composite materials, which play an important role in resisting electro-
magnetic interference and electromagnetic radiation. Their permeability is related to the storage and consumption of magnetic
energy, as well as the impedance matching of the materials. In this work, microwave absorbing material of carbonyl iron/
ferroferric oxide composite is taken as the research object, the machine learning models of the integral value of the real part
of permeability ([u') and the integral value of the imaginary part of permeability (| u”) are constructed by using random
forest regression (RFR) algorithm and support vector regression (SVR) algorithm respectively, with six ball milling process
parameters as feature variables. Three virtual samples are designed by two-step high-throughput screening, considering both
Jp' and [u", and the experimental verification is carried out. The results show that the relative prediction error of [u' is

3.14%, and the relative prediction error of [ u” is

RS EHR. 2022-09-28 EEHE. 2023-01-19 —6.56%. Therefore, this research method can be used to
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explore the relationship between process parameters and ab-
sorbing properties of microwave absorbing materials, provi-

ding new ideas for the optimal design of microwave absorb-
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Table 1 Types and codes of carbonyl iron morphology and milling

solvents

Carbonyl iron

Code Milling solvent Code
morphology

Catenulate carbonyl iron(a) 1 Deionized water( c) 1
Spherical carbonyl iron(b) 2 Absolute alcohol (d) 2
m(a): m(b)=2:1 3 Deionized water, 3

0.1 g SHMP

V(e):V(d)=1:1

m(a); m(b)=1:2 4 (e):V(d) ’ 4

0.1 g SHMP

Note; the total mass of carbonyl iron/ferroferric oxide composite is
20 g, the total volume of milling solvent is 150 mL, the addi-
tional mass of sodium hexametaphosphate (SHMP) is 0.1 g

and its influence on the solvent volume is ignored
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Fig. 1  Workflow of material machine learning in this study
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Table 2 Average value of RMSE and R of LOOCV for different

machine learning algorithms

I W
RMSE R RMSE R
GBR 0. 4460 0.9458 0. 6267 0.6751
RFR 0.4382 0. 9478 0. 5841 0.7041
SVR 0. 6952 0.8772 0.5159 0.7752
DTR 0. 5057 0.9320 0.7592 0. 5866
XGBoost 0.4670 0.9414 0. 6239 0.6811
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Table 3 Average value of RMSE and R on testing set
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[u'-RFR 0.4124 0.9417
[u"-SVR 0. 4925 0. 8023
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Fig. 3 Predicted value and experimental value of the target variable: (a)/u'-RFR, (b)[u”-SVR
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Table 4 Virtual samples from high-throughput screening

No. [ (pred. ) | (pred. ) A:B MT/h MS/ (r/min) CIM MSOL BTPWR
1 21.2586 5.4823 3.06 19 251 3 2 3.91
2 20. 8203 6.0288 3.40 8 213 3 2 3.57
3 20. 6468 5.5524 4.00 13 325 4 2 4.00
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Fig. 4 Optimal pattern recognition projection diagrams and projection points of virtual samples: (a)/u’, (b)/[u”
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Table 5 Experimental results and predicted results of the virtual sample

[w (pred. )

, o (relative -
[ (exp. ) L [ (pred. )
prediction error)

[u"(exp. )

S (relative

prediction error)

20. 6468

20.0173 3. 14% 5.5524

5.9419

-6.56%
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