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Problem Domain

Fundamental Task
Navigate frontStartto Goalas efficiently
as possible while avoiding obstacles

A Nature of the data

I Temporal, streaming
I Data arrive in batches
I Gradualconcept drift
I Recurring contexts

I Largescale and realime
(15-30 frames/sec )

I Future data unknown
I Lighting variations possible
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General Terrain Classification Approac

A General approach is based on supervised
Machine Learning

A Nearfield labels provided by Stereo are used
to train a model

A The model is then applied
to the remainder of the
Image, including the far fiel

A This imearto-far learning
A The basic version uses one model per image

Michael J. Procopiq University of Colorado
O1-Now2007 IROS 2007 San Diego, CA ) ¢




CanOnlcal Neato-Far Learning
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Motivation for Multiple Models (1)

A When using onenodelper-image approach
(l.e., N0 memory):

I Must have neaffield examples to
classify corresponding fdield terrain

I Not always the case!

A Can result in
shortsightedbehavior. | pei
I Robot follows suimptimal - oo
trajectories, gets caught | e e

culde-sacs
I Common failure mode in autonomous robot navigatior
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Motivation for Multiple Models (2)

A Multiple models, learned over time, are
proposed as a mechanism to levergugest
learned experience

A With multiple models, fafield terrain can be
correctly classified in images that do not
have corresponding nedreld examples
i.dziX F IALBSY Y2ZRSEt YI &

entire image (perhaps just in the taeld);
model applicabilitys important
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Model Applicability

A For static datasets, model applicability is generall
a nonrissue, even for ensemble methods

A For our dynamic environments, which contain
drifting conceptsa model may become out of date
I Its forced application may actually hinder performance

I But, the model may still be applicabledertain regions
of the image

A This motivates a classifier with probabilistic
outputs based omast training data

A Here, we use histograsbased density models
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HistogramBased Density Models

A Proposed by Grudiet al. in FSR 2007

A Model response at point is proportional to
previous training example density around that
point; returned as value on [0, 1]

A Density estimate comes from 1D distance to the
separatinghyperplane

A The method is built on top of a linear model, in
this case, linear SVM

A One histogram model for each class
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Example of Density Model Scaling

a RGB Image

Discrete SVM\
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Scaling Method

Density Model
with SVMA
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