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Overview

ÅProblem Domain
ÅGeneral Approach: Near-to-Far Learning
ÅMotivation for using multiple models
ÅModel applicability
ïHistogram-based density models

ÅEnsemble Methods
ÅExperimental Analysis
ïHypothesis
ïResults
ïConclusions

ÅOngoing Work

01-Nov-2007
Michael J. Procopio ςUniversity of Colorado

IROS 2007 ςSan Diego, CA
2



Problem Domain

ÅNature of the data:
ïTemporal, streaming

ïData arrive in batches

ïGradual concept drift

ïRecurring contexts

ïLarge-scale and real-time 
(15-30 frames/sec )

ïFuture data unknown

ïLighting variations possible

01-Nov-2007
Michael J. Procopio ςUniversity of Colorado

IROS 2007 ςSan Diego, CA
3

Fundamental Task: 
Navigate from Start to Goalas efficiently 
as possible while avoiding obstacles



General Terrain Classification Approach

ÅGeneral approach is based on supervised 
Machine Learning

ÅNear-field labels provided by Stereo are used 
to train a model

ÅThe model is then applied 
to the remainder of the 
image, including the far field

ÅThis is near-to-far learning

ÅThe basic version uses one model per image

01-Nov-2007
Michael J. Procopio ςUniversity of Colorado

IROS 2007 ςSan Diego, CA
4



Canonical Near-to-Far Learning
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ăRGB Image

Groundplane
Deviation Ą

ăStereo Labeling

Final Classification 
(Linear SVM) Ą

(Stereo readings 
not available in 

the far field!) Ą



Motivation for Multiple Models (1)

ÅWhen using one-model-per-image approach 
(i.e., no memory):
ïMust have near-field examples to 

classify corresponding far-field terrain

ïNot always the case!

ÅCan result in 
short-sightedbehavior.
ïRobot follows sub-optimal

trajectories, gets caught in
cul-de-sacs

ïCommon failure mode in autonomous robot navigation
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Motivation for Multiple Models (2)

ÅMultiple models, learned over time, are 
proposed as a mechanism to leverage past 
learned experience

ÅWith multiple models, far-field terrain can be 
correctly classified in images that do not 
have corresponding near-field examples

ï.ǳǘΧ ŀ ƎƛǾŜƴ ƳƻŘŜƭ Ƴŀȅ ƴƻǘ ōŜ ŀǇǇƭƛŎŀōƭŜ ǘƻ ŀƴ 
entire image (perhaps just in the far-field); 
model applicabilityis important
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Model Applicability

ÅFor static datasets, model applicability is generally 
a non-issue, even for ensemble methods

ÅFor our dynamic environments, which contain 
drifting concepts, a model may become out of date
ïIts forced application may actually hinder performance!

ïBut, the model may still be applicable to certain regions 
of the image

ÅThis motivates a classifier with probabilistic 
outputs based on past training data

ÅHere, we use histogram-based density models
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Histogram-Based Density Models

ÅProposed by Grudic et al. in FSR 2007
ÅModel response at point x is proportional to 

previous training example density around that 
point; returned as value on [0, 1]
ÅDensity estimate comes from 1D distance to the 

separating hyperplane
ÅThe method is built on top of a linear model, in 

this case, linear SVM
ÅOne histogram model for each class 
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Example of Density Model Scaling
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ăRGB Image

ătƭŀǘǘΩǎ ό{±aύ
Scaling Method

Discrete SVM Ą

Density Model 
with SVM Ą


