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Fig.1 Molecular structure, detonation velocity, detonation pressure, melting point, decomposition temperature and mechani-

cal sensitivity of MC-1-MC-8""")
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Fig.2 Molecular structures of high energetic materials designed by machine learning based on CHONF"'!
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Note: 1) R%is Coefficient of Determination; 2) RMSE is root mean squared error.
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Fig.3 Comparison of the experimental results of thermal decomposition temperatures of the four categories derived from the RF model *”
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Application of Data-driven Strategies in Energetic Material Design and Performance Prediction

WANG Hai-feng, WANG Kang-cai, LIU Yu
(Institute of Chemical Materials , China Academy of Engineering Physics C(CAEP) , Mianyang 621999, China)

Abstract: Technological and industrial transformations driven by data science and artificial intelligence are profoundly impacting
the field of materials science, presenting both unprecedented opportunities and significant challenges for the innovation of ener-
getic materials. As an emerging technology, machine learning offers novel research paradigm for the molecular design and syn-
thesis of energetic materials. It is expected to solve the long-standing bottlenecks such as low efficiency, high cost, and lengthy
development cycles. Although some successful cases have been reported, the application of machine learning across the full re-
search cycle of energetic molecules—design, screening, synthesis, and performance validation—remains in a relatively imma-
ture stage compared with the application in other advanced materials domains. This review outlines the current research status of
machine learning-assisted development of energetic materials, summarizes its applications in molecular design, single-property
prediction, and multi-property simultaneous prediction. Nonetheless, the use of machine learning in design and synthesis of en-
ergetic materials with targeted properties remains fraught with challenges. Future efforts should prioritize the control of data quali-
ty and the construction of standardization frameworks, the development of interpretable machine learning models, and the estab-
lishment of interdisciplinary integration platforms, further promoting the efficient creation of high-performance energetic materi-
als.
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Data-driven strategy is an efficient approach to develop new materials. The machine learning plays a key role in design,
high-throughput screening, and performance prediction of energetic materials, providing a way for the efficient creation of

high-performance energetic materials.
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