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Abstract: In the present study, a decision tree and artificial neural network were used to determine critical design
parameters for lithium ion batteries and compare their performances. First, a design method that used a decision tree-
artificial neural network model was used to determine the major design factors among early pole plate design factors
that showed nonlinearity. Then, the artificial neural network was used to implement a weighted value analysis of the
importance of the design factors and their effect on the current density. The second method involved the use of an
artificial neural network model to construct artificial networks without separate determinations of the major early
design factors to analyze the connections and weighted values related to the current density.
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Fig. 1 Structure of lithium secondary battery'"”
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Fig. 2 Reconstructed cross sections and 3D region with
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Table 1 Design variables for current density

Abbreviation Full Name

Conductive agent electro-conductivity factor

Binder electrode material binding factor
Thickness| 1* thickness factor
D parameter1 1* electrode design parameter factor
Thickness2 2" thickness factor
P ratio Press ratio factor

D parameter2 2" electrode design parameter factor

Range Electrode area factor

Hydro contentl 1* hydro-content factor

Attachmentl 1*" attachment factor
Deformationl 1** deformation factor
Thickness3 3™ thickness factor
Darkness Electrode surface darkness factor
Hydro content2 2" hydro-content factor
Attachment2 2" attachment factor
Spring back Electrode stress release factor
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Table 2 Design variables selected from decision tree
Variable Name
Input factor 1 Thickness|
Input factor 2 D parameter2
Input factor 3 Thickness2
Input factor 4 Darkness
Input factor 5 D parameter]
Input factor 6 Deformationl

Table 3 Elements of artificial neural network (decision

tree and BPN)
Number of input nodes 6
Number of hidden layers 1
Number of hidden layer nodes 6
Number of output nodes 1
Number of training data 756 (90%)
Number of test data 84 (10%)
Learning rate 0.9
Gradient of sigmoid function 0.9
Convergence criteria 0.005
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Fig. 3 Decision tree of current density
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Table 4 Weight analysis from decision tree and BPN

Thickness 2 0.46
D parameter 1 0.16
Darkness 0.13
Thickness 1 0.10
Deformation 1 0.08
D parameter 2 0.07
Sum 1.00
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Fig. 4 Prediction of current density using decision tree
and BPN
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Table 5 Elements of artificial neural network (BPN only)

Number of input nodes 16
Number of hidden layers 1
Number of hidden layer nodes 16
Number of output nodes 1
Number of training data 756 (90%)
Number of test data 84 (10%)
Learning rate 0.9
Gradient of sigmoid function 0.9
Convergence criteria 0.005
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Fig. 5 Prediction of current density using BPN only
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Table 6 Weight analysis from BPN only

Thickness 2 0.12

D parameter 2 0.10
P ratio 0.09
Thickness 1 0.09
Thickness 3 0.07
Hydro content 2 0.07
D parameter 1 0.06
Conductive agent 0.05
Darkness 0.05
Spring back 0.05
Binder 0.04
Range 0.04
Hydro Content 1 0.04
Attachment 1 0.04
Deformation 1 0.04
Attachment 2 0.04
Sum 1.00
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