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Fig.1 Flowchart of machine learning assisted design strategy,
which includes a regression model based on training
dataset, prediction of hardness for an unexplored space,
heat treatment and measurement. (the iterative design loop
is conducted until a good combination of processing

conditions is obtained)
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Fig.2 Performance of different machine learning models on the training dataset of 17 observations: (a) linear model, (b) polynomial

model, and (c) SVM.rbf model (the predicted values are plotted as a function of measured values; the data distribute along the

diagonal line which indicates a good model); (d~f) the MSE
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, CVE and R? are plotted for the above three models, respectively
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Fig.3 Results of the adaptive design strategy: (a) the measured
hardness of alloy as a function of iterations (the utility
function of efficient global optimization performs better);
(b) the SVR.rbf can predict the hardness fairly good as the

data points distribute along the diagonal line
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Machine Learning Assisted Design of Isothermal Decomposition Parameters
of U-Mo Alloy

Zhang Xuewei, Kang Shidong, Wang Zhaosong, Dong Qing, Liu Wei, Dong Qiushi, Qiao Shuai, Yang Zhiyuan,
Liu Zhihua, Chen Lianzhong
(China North Nuclear Fuel Co., Ltd, Baotou 014035, China)

Abstract: A machine learning method was applied to the rapid design of isothermal decomposition parameters of U-Mo alloys. With the
hardness of the alloy as a design index, a machine learning support vector machine (SVM) model between the alloy hardness and the above
parameters was established based on a small amount of data. Based on the prediction of hardness, the differences in optimization efficiency
between the two types of experimental design algorithms based on predicted values and based on expected improvement were compared.
The results show that the experimental design algorithm based on the expected improvement can significantly improve the hardness
through a small number of iterative experiments, while the design algorithm based on the predicted value does not significantly improve
the hardness. Using the above-mentioned machine learning aided design method, the optimal parameter combination for isothermal
decomposition of the alloy was successfully determined through four experiments. When the aging temperature is 565 °C, the aging time is
more than 20 h, the homogenization temperature is 900~950 °C, and the Mo content is 6wt%, the hardness of the alloy processed is the
highest, and the powder rate is the highest. This study makes a preliminary attempt to use machine learning methods to quickly optimize
U-based alloy process parameters. Such data-based methods can effectively improve the efficiency of material development.

Key words: depleted uranium alloy; U-Mo alloy; machine learning; hydride-dehydride; isothermal decomposition
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