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Macro-/Micro-Design of Electrochemical Energy Battery Based on Machine Learning
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Abstract: The energy storage systems are an important basis for electric vehicles and electronic devices. The existing battery design
based on machine learning is able to quickly connect the complex relationship among material microstructure, material properties, and
battery macroscopic properties. This review represented the applications and prospects of machine learning in micro-material design
and state estimation of batteries. The data sources of machine learning battery design, advantages and disadvantages of algorithms and
their application scenarios in the battery field, related innovative work in recent years and their prospects were discussed. This review
can provide a reference for machine learning in the macro-/micro-design of energy storage systems.
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Fig. 1 Basic process of machine learning in battery design
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Fig. 2 Schematic diagram of random sampling, uniform sampling and Latin hypercubic design
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Table 1 Well-known databases and corresponding material types, data sources and uniform resource locator (URL)

Name Type Data resource URL Reference
NISTICSD Inorganic Experiment https://icsd.nist.gov/ [32]
FIZ Karlsruhe ICSD  Inorganic Experiment https://icsd.products.fiz-karlsruhe.de/ [33]
Pauling File Inorganic Experiment https://www.paulingfile.com/ [34]
MatWeb Inorganic/Organic Experiment https://www.matweb.com/

Materials Project Inorganic Calculation https://materialsproject.org/ [35]
OQMD Inorganic Calculation https://oqmd.org/ [15,30]
AFLOW Inorganic Calculation https://aflowlib.org/ [36]
PolyInfo Polymer Experiment https://polymer.nims.go.jp/en/

Total Materia Metal/Nonmetal Experiment https://www.totalmateria.com/

CSD Organic, MOF Experiment https://www.ccdc.cam.ac.uk/solutions/csd-core/components/csd/ [37]
ChemSpider Organic Experiment/calculation http://www.chemspider.com/ [38]
NIST Normal material Experiment/calculation https://materialsdata.nist.gov/

COD Organic/Inorganic Experiment/calculation http://www.crystallography.net/cod/ [39]
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Wi, W; and W represent the weight vector from the input layer to the hidden layer 1, the hidden layer 1 to the hidden layer 2, and the hidden layer 2 to the output

layer, respectively.

3 HLES S ) S WA S B A R B A

Fig. 3 Machine learning algorithms Common algorithms and data structure diagram
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