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Abstract

In this paper, we used the Deep Neural Network (DNN) to predict the number of daily spectators of Gwangju -
KIA Champions Field in order to provide marketing data for the team and related businesses and for managing the
inventories of the facilities in the stadium. In this study, the DNN model, which is based on an artificial neural
network (ANN), was used, and four kinds of DNN model were designed along with dropout and batch normalization
model to prevent overfitting. Each of four models consists of 10 DNNs, and we added extra models with ensemble
model. Each model was evaluated by Root Mean Square Error (RMSE) and Mean Absolute Percentage Error
(MAPE). The learning data from the model randomly selected 80% of the collected data from 2008 to 2017, and the
other 20% were used as test data. With the result of 100 data selection, model configuration, and learning and
prediction, we concluded that the predictive power of the DNN model with ensemble model is the best, and RMSE

and MAPE are 15.17% and 14.34% higher, correspondingly, than the prediction value of the multiple linear regression
model.
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