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2.1 Artificial Neural Networks
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Figure 1: Schematic diagram of multilayer perceptron
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Figure 2: Example of 2-dimensional error surface where the z axis represents the error.
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Figure 4: Training and testing error as
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Figure 5: Example of optimal training and over training in an ANN model
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1993 Peak Power Demand in Los Angeles
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Figure 7: Peak power demand in Los Angeles during 1993
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1993 Weekday Peak Power Demand
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Figure 8: Weekday peak power demand in Los Angeles during 1993



1983 Weekend Peak Power Demand

5000 . : : : : .
4500
4000
£
& 3500 \ ﬂ \\ g
.'S '\/\ { | ’ A “
& i \ ; Lo/
\/ | ) M [ |
3000 A | ) rv‘\‘ \f N R N I~|‘ U‘ [
T NN A 5 \\ / Vo J J \ M AN f'\’\ﬂ \
N TULARL A Y VAT
AN | | /” \ /
2500 - . (. g
2000 . ! ! . . \ \ \ \ .
0 10 20 30 40 50 50 70 80 90 100 110

Figure 9: Weekend peak power demand in Los Angeles during 1993
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Hourly Power Demand over the week Feb 7 1993
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Figure 10: Hourly power demand during the week of Feburary 7, 1993
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Figure 11: Cross-validation requires dividing the data into a training and testing set
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LAt the end of training, an ANN will have been exposed to all of the actual data up until Dec 31,
1993. With this training, it will predict the power during Jan 1994 but it will also predict the power in
March 96 — without having been retrained on any new information. In effect, the network is predicting
as far as two years in advance

2 A residual feedback network requires the previous actual value in order to predict the next time step.
For example, if a residual feedback network tries to predict 11am , it needs as an input the actual power
demand at 10am. Hence, it is restricted to predicting one hour in advance.



3.3 Results
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Figure 12: Prediction error for Elman-style network on weekdays
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Figure 13: Prediction performance (variance) of ANN model divided by hour
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4.1 Background
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Figure 14: Seismograph velocity recordings of a typical earthquake
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Figure 15: Pre-processing steps for earthquake seismograph
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Figure 16: Prediction performance of ANN model on various earthquake tremors



Zoom in on Overlay of Network Outputs and Target Quiputs
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Figure 17: Zoom-in on overlay of prediction and actual tremor values
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