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Figure 5. Test set graph of next-day predicted values
Fall 15 from plotted over actual value. Red signifies actual
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* The Keras LSTM library was implemented as Figure 2. Activity level as a function of semester and hour. prediction. Score was calculated using the following
the machine learning model. The model took In School semester and hour are strong predictors of activity formula:
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multivariate sensor data and predicted the RMSE Score = + 100%

Activity Level

following day’s value for each sensor in the 0 Max — Min
facility being modeled. .
« LSTM model hyperparameters were as - CO N CI usions an d Future WOrk
follows: A single LSTM layer with 700 memory
units. Activation function was ‘tanh’. This was ; 20 e |LSTMS can be applied to predict certain
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was Adam. Loss was calculated using ‘Mean 6
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