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Abstract: A prediction model of starch ma @m composites by radial basis function artificiaw ’ getwork

(RBF ANN) based on chaotic self-adap cle swarm optimization algorithm with population ¢ntxdpy diversity
and convergence divergence strategy was \gstablished. The input variables of this model included\éylene-vinyl ace-
O

. . . O .
tate (EVA)/starch mass ratio in"content and NaHCOQO; content, and the output varjablés) were tensile strength

and rebound rate. The res hat the proposed model has a good performance. T ean square error of pre-

tare 0. 0160 and 0. 9890, respectively. The prcdictions show that the tensile strength

of starch matrix foam composites reduces slowly with the increase of glycerin cont

diction and correlation coeffic

f it reduces firstly and then increa-

ses with the increase of NaHCQ; content. The rebound rate increases with cdase of glycerin content, and it increases
firstly and then decreases with the increase of NaHCO; content in the atrix composites
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A M R?
Tensile strength 0.1134 0. 0204 0. 9883
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Average 0.1105 0.0160 0. 9890

Notes: A— Average relative deviation; M—Root mean square error

of prediction; R?—Correlation coefficient.
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Table 2  Statistical comparison results of the prediction models of starch matrix foam composites
BP ANN RBF ANN PSO RBF ANN CSAPSO-EDCD RBF ANN
Tensile strength 0.3012 0. 2965 0. 2616 0.2017
A Resilience 0. 4572 0. 3993 0.2718 0.1121
Average 0.3792 0. 3479 0.2667 0.1569
Tensile strength 0.9267 0. 9401 0. 9602 0.9866
R? Resilience 0.9297 0.9476 0.9621 0. 9879
Average 0. 9282 0. 9439 0.9612 0. 9873
Tensile strength 0. 0985 0.0778 0. 0435 0.0311
M Resilience 0. 0976 0.0765 0.0512 0.0201
Average 0.0981 0.0772 0.0474 0. 0256
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