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Introduction

•  The focus of this talk is on assessing classifier accuracy when the training
sample is unreliable for this purpose

•  This situation is particularly troublesome when classifiers are used for
large-area land cover mapping

•  A land cover map is constructed by partitioning a geographic area of
interest into a finite set of map units and assigning a land cover class label to
each unit.

•  A popular method of label assignment measures one or more predictor
variables on all map units by a remote sensing device such as a satellite, and
land cover on a sample of map units.training 

•  A classification rule is then constructed from the training sample and used
to predict land cover for the unsampled units using the remotely sensed data.
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•  Accuracy assessment very important for effective map use

•  Example: The USDA Forest Service and the Wildlife Spatial Analysis Lab
at the University of Montana recently mapped 21.5 million hectares of
forested mountains and rangeland in Montana and Idaho using 9 Landsat
Thematic Mapper images

•  Most of the training observations were collected by the Forest Service for
purposes other than mapping land cover.

•  The overall spatial distribution of training observations was highly irregular,
largely because most were sampled from public lands with easyforested 
access.

•  None of the training data sets constitute a probability sample, and post-
classification sampling was not carried out.

•  The reliability of accuracy estimates derived from the training samples is
dubious

•  Given that training samples are the only data source, how can we reduce
the anticipated bias?

•  More generally, are there alternatives to traditional accuracy estimators
(e.g., cross-validation) that are resistant to population drift?



Classifiers and Posterior Probabilities

•   denotes a population comprised of  classes, or groups, identified byc -
labels ." ßáß-

•  An element  is a pair  where  is the group label and  is a -B > >− ßC C :c a b
vector of observations on a covariate vector.

•  A training sample of size  collected from  is denoted by8 c
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•  The probability that  belongs to group , conditional on , isB >− c 1
denoted by .T C œ 1 ±a b>
•  Let  denote a classification rule obtained from , and  denote a( (\ Ð Ñ8 >
prediction of  obtained by evaluating the classification rule for .C −B c



•  Generally, classification rules can be viewed as posterior probability
estimators that assign B to the group with the maximum posterior probability
(MPP) estimate.  That is,

(Ð Ñ œ T C œ 1 ±s> >arg max ,1 a b
where  denotes an estimator of .T C œ 1 ± T C œ 1 ±s a b a b> >

•  Classifiers differ with respect to method of estimating posterior
probabilities

•  Example: the linear discriminant classifier estimator of T C œ 1 ±s a b>
estimates  byT C œ 1 ±a b>

T C œ 1 ± œs : 0 Ð Ñ

: 0 Ð Ñ
a b> > >

> >
1

4

± ß s

± ß s
1

4œ"
-

4

D

D!
where0 Ð Ñ> > >± ß s4 D is the multivariate normal pdf evaluated at , given 

training sample estimates of , the common covariance matrix , and . D4  :4,
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Classifier Accuracy

•  Herein, the accuracy of a classifier is the probability that a randomly
sampled  will be correctly classified.  In the case of a finite populationB − c
of  observationsR
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•  Let GÐIÑ I denote the indicator function of the event 

•  The probability that  is correct is(Ð Ñ>
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•  All of the indicator variables in this sum are  except the indicator of the!
group for which the probability of membership, , is maximal.T Ð Cœ 1 ± Ñ>

•  For that group, say group .  Hence,4ß œ T Ð Cœ 1 ± ÑT Ð Cœ 4 ± Ñ> >max1

T Ò Ó(Ð Ñ œ C œ T Ð Cœ 1 ± Ñ> >max1 .



•  While this relationship is well-known, it is not used in practice for two
reasons

1)  The exact posterior probabilities are rarely known, and nbiasedu
estimators of the individual specific accuracy's rarelyT Ò Ó(Ð Ñ œ C>  are 
known

2)  Given a training sample collected by a probability sampling, cross-
validation and bootstrapping is effective

•  However, without a probability sample, or under population drift,
resampling estimators are not reliable

•  Post-classification is sometimes possible



An Alternative Approach

1. Compute  for every map unit T Ò Ós (Ð Ñ œ C œ T Ð Cœ 1 ± Ñs> >max1 B − c

2.  Calibrate (correct for bias in) the estimates for every T Ò Ós (Ð Ñ œ C>  B − c

3.  Compute
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where T Ò Ó T Ò Ós - ( (Ð Ñ œ C Ð Ñ œ C> > is the calibrated estimator of 



Calibration

•  Why calibrate? Classifiers are developed to maximize accuracy, not for
unbiased MPP estimation

•  For illustration, we simulated  outcomes "!ß!!! G (Ò Ð Ñ œ CÓ>  and
elementary estimates T Ò Ó $ $s (Ð Ñ œ C>  using -NN classifier and a smoothed -
NN classifier

•  Estimates are binned by the MPP estimates.  For each bin of  pairs, we#!!
computed and plotted the proportion of correctly classified observations and
the mean MPP estimate
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• Calibration functions are developed by modeling the relationship between

T Ò Ó œ IÖ Ò Ó ×( (Ð Ñ œ C Ð Ñ œ C> >± ±> >G

and the MPP estimator T Òs (Ð Ñ œ C Ó> ± > .

•  Herein the calibration model is

IÖ Ò Ó × œ T Ò ÓsG ( (Ð Ñ œ C Ð Ñ œ C> >± ±> >"

•  The calibration function is constrained to pass through Ð"Î-ß"Î-Ñ



•  The constraint is motivated by

"Î- T Ò ÓŸ T Ð Cœ 1 ± Ñ œ Ð Ñ œ C Þmax 1 > >( ± >

•  We use the training sample to estimate the calibration coefficient

•  The least squares estimator of  is"
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•  The pairs ,  are computed after removing  fromÐ: ß Ñ 3 œ "ßáß8 Ð ß C Ñ3 3 3 3G >
the training sample used to compute the classifier

•  The calibrated MPP estimator is
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•  Post-classification samples can be used to compute calibration functions



ASimulation Study 

•  We compare

1)  fold cross-validation estimators (from the training sample)"!

2) post-classification estimators

3) MPP estimators calibrated from training samples

4) MPP estimators calibrated from post-classification samples

•  ( ) was simulated by using the training observations toc R œ #!!ß!!!
locate centers of probability mass in the covariate space

•  Each simulated observation was generated by adding a multivariate normal
random vector to a training observation,  The group label was the same as
the training observation

•  Training samples were drawn according to three designs

1) random sampling

2) producing positively biased -fold CV estimates of "! !

3) producing negatively biased -fold CV estimates of "! !

•  A positively biased -fold CV estimate was obtained by preferentially"!
sampling observations with large MPP estimates

•  The linear discriminant classifier was used

•  Exact classifier accuracy was computed by classifying every B − c

Table 1.  Effect of three sampling designs on the -fold cross-validation"!
estimator . Tabled values are the true accuracy rates  and the means of! !sGZ
the -fold cross-validation estimator .   simulations."! "!!s!GZ
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Figure 1.  Bias and root mean square error estimates (%) under random
sampling.  Each data point was obtained from 100 simulated populations of
R œ #!!ß!!! observations.
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Figure 2.  Bias and root mean square error estimates (%) under a positively
biased sampling design.  Each data point was obtained from 100 simulated
populations of  observations.R œ #!!ß!!!
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Figure 3.  Bias and root mean square error estimates (%) under a negatively
biased sampling design.  Each data point was obtained from 100 simulated
populations of  observations.R œ #!!ß!!!
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Conclusions

•  Post-classification sampling is preferred over conventional resampling and
MPP-based methods if cost is no object

•  There is little lost in using calibrated MPP estimators compared to cross-
validation estimators

•  Bias and MSE may be substantially reduced if calibrated MPP estimators
are used

•  This strategy is very useful for large-scale land cover mapping when post-
classification sampling is not practical
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