Predicting network traffic is of high relevance for
Internet Service Providers, because it enables
them to prepare for upcoming peak network
utilizations better. This project illustrates how
recurrent neural networks, specifically Long
Short-Term Memory models, outperform classical
autoregressive models in forecasting IP flow data.

PREDICTING

ARIMA stands for “autoregressive integrated moving average” and is a
statistical model to forecast time series data. | used the Python library
PMDARIMA to run the auto_arima function that finds the optimal
hyperparameters. This model serves as a baseline.
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The report has shown that deep learning approaches
outperform a statistical model baseline. It became clear that
even with a very simple univariate input and without a
systematic hyperparameter search nor any data preprocessing
or feature engineering reasonably high performance measures
were possible. Although the RMSPE values suggest a good
prediction performance, one would argue that the prediction
performance should still be enhanced further when looking
(qualitatively) at the forecasting graphs. This shall be achieved
with a more systematic hyperparameter search and the
exploration of further model architectures.
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