Artificial Intelligence vs Machine Learning vs Deep Learning
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Accidents in Cape Town (smart number plate)
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Accidents in Cape Town (reasons behind?)
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Accidents in Cape Town (find zebra x-ing — self drive cars

<matplotlib.collections.PathCollection at @x1c7644dff28>
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: Jupyter Zebrax model Last Checkpoint an nourage (autosaved)
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1 - 1s Gms/step - loss: @.6681

] - 1s ems/step

ut[15]: <tensorflow.python.keras.callbacks.History at Oxleasl32adas>

In [15]: model.evaluste(X_norm, ¥)

200/260 [=

0ut[16]: [0.6379847727584839, ©.52]

In [17]: | Y_hat = model.predict(X_norm)

In [18]: Y_hat.shape

out[15]: (208, 1)

Compare model results with label results.
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- acc: 2.8208

- acc: 0.7258

Tn [12]: | list(zip(¥,np.round(Y_hat,e}))

out[12]: [(L, array([1.].
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Formal vs informal houses (upgrade better houses)
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Open spaces in Midrand (development, ‘parkie’)
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Filter grants by focus area.
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