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SYNOPSIS : This paper describes a new concept of finite element analysis, which is based on
neural network based material models (NNCMs) without invoking any pre-chosen mathematical
framework. NNCMs have several advantages over conventional constitutive models (CCMs) and
once plugged in a finite element (FE) engine, can be used for FE analysis in a manner similar to
CCMs. The paper demonstrates a FE framework in which NNCMs are incorporated and also
proposes a strategy for data enhancement by invoking the assumption of isotropy of the material.
It is shown through some illustrative examples that this provides a better training environment for
a generalized NNCM in which stress and strain components are used as effects and causes. From
this study, it appears that there is a prima facia case for developing NNCMs for materials for
which mathematical theories become too complex and a large number of material parameters and
constants have to be identified or determined.
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Table 1. Parameters adopted for the M-C and the Pietruszczak’s model.
Parameter M-C model Pietruszczak’'s model
Young's modulus 31.90GPa 31.90GPa
Poisson’s ratio 0.2 0.2
Cohesion 4.6 MPa
Friction angle 58.3
Compressive strength 32.40MPa
Tensile strength 2.61MPa
Additional parameters 1.9253, 0.5635, 0.3,
(ar,a2,a3,Ko and Kj) 0.43416,0.07439
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