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Random Forests (Breiman 2001)

Definition 1.1 A random forest is a classifier consisting of a collection of tree-
structured classifiers {h(x,0;), k=1,..} where the {©;} are independent identically

distributed random vectors and each tree casts a unit vote for the most popular class at
input X.

The common element in all of these procedures is that for the Ath tree, a random vector
&y 1s generated, independent of the past random vectors &, O;_; but with the same

distribution; and a tree is grown using the training set and O, resulting in a classifier
h(x, ®;) where x is an input vector.




Randomized Tree Learning
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At each node only a random subset of features is
considered to choose the best split. Common splitting
criteria are Entropy, Gini Index and misclassification rate.
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Random Forest Learning
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Random Forest Learning
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Random Forest Classification
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Out Of Bag (OOB) Error
z={A0EBEA}
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Out Of Bag Error
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Forest
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Plot from [Criminisi et al. 2012]
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Example 1 - two-class spiral Example 2 - four-class spiral Example 3 - noisier four-class spiral
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Plot from [Criminisi et al. 2012]



