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Abstract

This papter presents the use of the automatic differential method based on the backpropagation method to obtain the design sensitivity and
its application to topology optimization considering the stress constraints. Solving topology optimization problems with stress constraints is
difficult owing to singularities, the local nature of stress constraints, and nonlinearity with respect to design variables. To solve the singularity
problem, the stress relaxation technique is used, and p-norm for stress constraints is applied instead of local stresses for global stress measures.
To overcome the nonlinearity of the design variables in stress constraint problems, it is important to analytically obtain the exact design
sensitivity. In conventional topology optimization, design sensitivity is obtained efficiently and accurately using the adjoint variable method;
however, obtaining the design sensitivity analytically and additionally solving the adjoint equation is difficult. To address this problem, the
design sensitivity is obtained using a backpropagation technique that is used to determine optimal weights and biases in the artificial neural
network, and it is applied to the topology optimization with the stress constraints. The backpropagation technique is used in automatic
differentiation and can simplify the calculation of the design sensitivity for the objectives or constraint functions without complicated
analytical derivations. In addition, the backpropagation process is more computationally efficient than solving adjoint equations in sensitivity

calculations.
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Table 1 Design sensitivity comparison

ekl

A~
T

AVM(a) AD(b) (b)/(a) *100(%)

Paa | -3.01682307599E-03 | -3.01682307599E-03 100.00

Proo | -1.77091411254E-04 | -1.77091411252E-04 100.00

P31 | -1.69432425445E-04 | -1.69432425445E-04 100.00

Pazs | 2.24687016468E-05 | 2.24687016469E-05 100.00

Pess | -5.65107034471E-01 | -5.65107034471E-01 100.00

Table 2 Design Sensitivity Computation time (sec)

9ot Q A 2 AVM(a) AD(b) (b)/(a) * 100(%)
640 0.1915 0.0847 226.09
2560 1.9428 1.6127 120.47
5760 153071 12.6681 120.83
10240 81.94 66.7675 122.72
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(b) Backpropagation method

Fig. 8 Topology optimization results

Table 3 Optimization results comparison

AVM(a) AD(b)
VIV, 0.3957 0.3957
T2y (MPa) 5.0 5.0
Compliance(Nmm) 4159.315 4159.209
# of iterations 828 828
Gray-level indicator(%) 18.798 18.794
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