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In the design stage of hull forms, a fast prediction method of resistance performance is needed, In these days, large test matrix of
candidate hull forms is tested using Computational Fluid Dynamics (CFD) in order to choose the best hull form before the model test,
This process requires large computing times and resources, If there is a fast and reliable prediction method for hull form performance,
it can be used as the first filter before applying CFD. In this paper, we suggest the offset—based performance prediction method, The
hull form geometry information is applied in the form of 2D offset (non—dimensionalized by breadth and draft), and it is studied using
Convolutional Neural Network (CNN) and adapted to the model test results (Residual Resistance Coefficient; Cx). Some additional variables
which are not included in the offset data such as main dimensions are merged with the offset data in the process, The present model
shows better performance comparing with the simple regression models,

Keywords : Residual resistance coefficient(QIGIA 2t 7|4), Regression model(3| 2, Convolutional Neural Network(CNN, fe Al&E2)
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Table 1 Ry prediction error for each model
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