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Parameter Estimation Algorithm with High Generalizability
for High Resolution Destination Choice Model

Yudai KANEDA, Junji URATA and Ryoji ISHII

This paper proposes a generalizable parameter estimation algorithm for zone segmentation in a desti-
nation selection model. In the field of deep learning, it is hypothesized that parameters with a flat error
function space have higher generalization performance, and an algorithm called Sharpness-Aware Mini-
mization has been developed to search for such parameters. To apply this algorithm to the Network GEV
model, we used the outlier penalty method to take into account constraint conditions and combined it with
Momentum SGD to construct an algorithm that suppresses parameter oscillations. In numerical experi-
ments, sample data were extracted from artificial population data at various sample sizes, and we confirmed
that the parameters obtained from the proposed method have high generalizability, especially under small
sample sizes.



