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Abstract.  This paper preserts a strategy for combining the results of
image classi cation and image segmeration. The visual features used
for classi cation and segmeration may be dierent in general. Fusion
is performed in a Maximum Likelihood framework using the Expecta-
tion Maximization algorithm. Preliminary results showv that segmena-
tion may e ectiv ely contribute to increasethe quality of classi cation.

1 Intro duction

In seweral computer vision problems, the analyst has accessto dierent types
of obsenables (let's call them \features") for the sameimage. These features
often correspond to very di erent physical causes.For example, the color of a
pixel dependson the combination of the re ectance of the surface,the spectrum
of the illuminant, and the illumination geometry. The texture around a pixel
dependson local albedo and/or geometrical variations. The optical ow at one
point depends on the 3D motion of the imaged surfacerelative to the camera.
All of thesedi erent obsenablesshould be combined to infer information about
the scene.

Two fundamertal low{lev eltasks of imageanalysisare segmeiation/grouping
and classi cation, as summarizedbelow.

1. Sgmentation/grouping. The aim is to identify perceptually homogeneous
regions in the image. Such regions don't have pre-de ned lakels they do
not necessarilycorrespond to semaric categoriesknown in advance. Seg-
mentation is typically performed by rst establishing a suitable similarity
metric, sometimesderived by generative models. The segmeration problem
canthen be recastasan optimization task (energy or cost minimization [17],
Maximum Likelihood or Maximum a posteriori [16]). This approad is in-
herertly global, in that the decisionat any pixel requires examination of all
other points in the image.

2. Classi cation (labeling): In this case,a number of classess known in advance,
together with their statistical description or at leastwith a number of labeled
training samples.The goalis to assignead image point or regionto just one
class.Classi cation may useimagefeaturesde ned at the pixel level (such as



color, motion eld or texture?), or at a higher abstraction level (e.g., shape or
spatial distribution). Note that evenin the caseof pixel{based classi cation,
global reasoningis often invoked to enforcespatial coherencepriors.

Whereasthese two families of algorithms are traditionally usedin dierent
contexts, we show in this paper that segmemation, an unsupervised process
that is blind to the semaric categoriesde ned by the user, can actually be
used to improve the classi cation process.This is particularly useful in two
casesof practical importance. The rst caseis when the visual features used
to segmen the image cannot be usedfor classi cation. For example, gradient{
based techniques such as snakes can e ectiv ely isolate an image region, but
classi cation basedon the boundary contour alone may be dicult. Another
example is the use of optical ow to identify areascorresponding to dierent
motion models. Oncetheseregionshave beensegmerted out, further reasoning,
possibly using di erent featuressucd ascolor, texture and shape, should be used
for region labeling.

The secondcaseof interest is when there is shortage of training data. Due
to the \curse of dimensionality”, high{dimensional features (e.g., texture) re-
quire much larger training data setsthan low{dimensional features(e.g., color).
Whereaslearning a classi er may be unpractical in such cases,clustering only
requires a notion of distance in feature space,which can be de ned without
reliance on training data.

Intuitiv ely, segmemiation should provide some sort of prior information to
the classi er. If two image points belongto the samesegmen, it is reasonableto
expect (although by no meansnecessary}hat they alsobelongto the sameclass.
A naive application of this intuition could lead to a procedurethat assignsall
points in the samesegmen to the classthat is best represened in the segmen.
This \hard" fusion policy, however, would be unsatisfactory in general;a softer
strategy that takesinto consideration the degreeof con dence in both classi -
cation and segmemiation would be much more desirable. Indeed, our algorithm
requiresthat the result of thesetwo operation is expressedeither in terms of a
class{ (or segmet{) posterior distribution or, equivalertly, in terms of class{ (or
segmett{) conditional likelihoods. Thesetype of information is normally avail-
able from the classi er. For what concernsthe segmener, somealgorithms do
produce soft cluster assignmen (e.g., Expectation Maximization), while others
produce hard (binary) assignmetts (e.g. k{means, graph cutting, snakes). It is
always possible,though, to arti cially \soften up" the result of hard segmerter,
by creating at eac point a distribution over the set of segmetts, peaking at the
segmen assignedto that point.

The intuition behind our approac is simple. The segmeter identi es areas
that are homogeneousaccordingto one consideredfeature. We hypothesizethat
there is a correlation betweenthese segmeits and the semartic classeshat we

! Strictly speaking, texture is an attribute of a region, not of a single pixel. However,
onemay de ne atexture eld, by assigningto eac pixel the texture of a small region
certered in that pixel.



actually interested in. The result of the classi er (basedon a di erent feature)
will be biased toward using any evidenceof such correlation. The correlation
betweenclusters and classeshowever, is unknown, and must be estimated from
the image being analyzed. This \c hicken and egg" problem is solved using the
elegan formalism of the Expectation Maximization algorithm.

The main hypothesisusedby our approad is the conditional independence
of the two featuresfor ead class/cluster combination. This is a generalization of
class{conditional feature independence,often assumedin decisionfusion. When
this property is satis ed, it is well known that the posterior classdistribution
given the two obsened features factorizesinto the product of the two marginal
posterior classdistributions (divided by the classprior). Classiers that com-
pute the product of these two posterior distributions are often called \naiv e
Bayes". Since the conditional assumption is at the core of our algorithm, we
discussits relevanceand shortcomingsin Section 2. Our iterativ e solution to the
class/segmen fusion is intro ducedin Section 3, where we also show an example
of application. Section 4 hasthe conclusions.

2 Conditional Indep endence and Bayes Fusion

We intro duce here the notation that will be usedthroughout this article. Let f 3
and f, betwo di erent local feature vectors. For example,f ; could be the (r,g,b)
color at a pixel, and f, the texture descriptor at the samepixel. Consider a set
of N classesfcjg. The class{conditional likelihood of feature f; given classg;
is represerted by p;(fijc ). P; represerts the prior probability of classc;, while
Pi(c jfi) is represerns the class{posterior probability distribution for a given
feature f; . Bayes'rule canthus be expressedasP; (¢ jfi) = pi(fijg )P (g )=p(fi),
where pi(f;) is the total likelihood of feature fi. The mode of the posterior
probability yields the Bayesclassi cation at the chosenpixel.

The fusion problem ariseswhen we have independert information about class
assignmen from the two featuresf; and f,. Wewould liketo infer P1;2(c jf1;f2)
from P1(q ;f1) and P2(c ;f2) (or, equivalertly, py;o(f 1;f2jg ) from py(f1jg ) and
p2(f2jg)). Unfortunately, it is impossible,in general,to infer the joint density
p1:2(f1;f2jg ) from its marginals. A popular simplifying assumptionis the class{
conditional independenceof the two features, that is:

P12(f1:f2jG) = pa(f1ig)p2(f2jg) 1)

for ead choice of classc; . This assumptionis easily transformed into an equiv-
alent condition on the posterior distributions:

P1;2(Gjf1;f2) = P1(gjf1)P2(gjf2)=P(c) 2

Equation (2) determinesa Bayes fusion classi er, more commonly known as a
naive Bayessystem[11,3]. Thesetwo terms will be liberally interchangedin this
work.

How acceptableis the conditional independenceassumption? Although it is
a weaker condition than total independence,conditional independencecan be



grosslyviolated in practice. The real question, however, is how much this (gen-
erally wrong) assumption a ects the classi cation performances.For example,
it would be interesting to comparethe misclassi cation rate of the Bayesfusion
classi er with the (necessarilylower) Bayesrate (that is, the misclassi cation
rate of the Bayesclassi er which usesthe real joint posterior P1.2(g; jf 1; 2) [16]).
An analytical expressionfor such quantities cannot be found in general,although
Shi and Manduchi [18] computed an upper bound for the di erence of thesetwo
misclassi cation rates as a function of the correlation betweenthe two features
in a simple equivariant Gaussiancase.

It is well known that, in practical applications, Bayesfusion (or naive) clas-
si ers perform rather well, despite the possibleinaccuracy of the approximation
in (1) [11,3]. Experimental studiesinclude [8,9]. Friedman [4] justi es the some-
times surprisingly good results achieved by naive Bayesclassi ers in light of the
bias/variance dilemma. The bias/variancetheory, rst introducedby Geman for
the regressionproblem [5], links the expected quadratic estimation error to the
randomnessin the choice of the training data setand the complexity of the algo-
rithm. More precisely the bias represerts the di erence betweenthe estimates,
averagedover all possible choicesof training samples,and the optimal (in L
sense)estimate (i.e., the conditional expectation). The variance is the actual
variance of estimation, again computed using the distribution over the training
samples.In general, complex regressionalgorithms have low bias but high vari-
ance(i.e. they may overt the data), while this behavior is reversedfor simpler
algorithms. Sincethe squaredbias and the variance cortribute asadditiv e terms
to the overall estimation error, it is seenthat lower complexity algorithms may
outperform more complex algorithms when only a limited amount of training
data is available (seealso[14,15,13]).

A similar situation occursin the caseof classi cation, although the de nition
of bias and variance is somewhatdi erent here. Friedman [4] rst showed that
even in this case,variance with respect to the choice of training sample has an
important role in the quality of the result (that is, the misclassi cation rate).
Further work in the eld includes[10,1,2,19,20]. In spite of their obvious bias
(consequen to the approximation in (1)), naive Bayes systemsare described
by a \simple" posterior distribution, and it is reasonableto assumethat they
are lesssensitive to the choice of the training data [4]. Shi and Manduchi [18]
con rmed this hypothesis,by showing experimentally that the di erence between
the misclassi cation rate of a Bayesfusion classi er and the Bayesrate decreases
as fewer and fewer data are usedfor training.

3 Bayes Fusion of Segmentation and Classi cation

In this section we tackle the main objective of this cortribution, namely the
fusion of a classi er with a segmeter. As we mertioned in the Introduction,
we will assumethat segmemation is expressedby either a posterior distribution
Py (skjfi) over the set of segmetts fsxg, or a conditional likelihood py(fijsk).
Let's assumethat f, is the feature used for classi cation, and f, is the feature



usedfor segmemation. We would like to be able to usethe segmeration using
f, to assistthe classi cation over the set of classes ¢; g. Formally, our problem
an be formulated as follows:

Given P1(qjjf1) and Pa(skjf2), estimate P1;2(G jf 1;f2).

We could also consider a parallel problem, but de ned using the conditional
likelihoods:

Given pi(f1jg) and pa(f2jsk), estimate P1:2(q jf1;f2).

This formulation makes our fusion problem similar to the caseof Section
2, with one important di erence: now the two marginal posterior distributions
are de ned over dierent sets, f¢yg and fscg, that are semartically dierent
(and havedi erent cardinality in general).In order to attempt a solution to this
problem, we rst extend the notion of conditional independenceto the caseof
conditional likelihoods de ned over the cartesianproduct of the featuresand the
cartesian product of the class/segmen sets:

Pr2(f1:f2jg k) = pu(fajc)pa(f2jsk) 3)

The samecautionary disclaimer about the validity and consequencesf the con-
ditional independenceapproximation, discussedn Section?2, appliesto this case
aswell. Giventhis assumption, we canuseBayes'rule to write the joint posterior
distribution given the two features as follows:

= p Pu(f1iG)p2(f2jSk)P12(G ; Sk)
ik PL(fig)pa(f 2)si ) P1:2(G 5 s¢)

P1.2(G ; skif 1;f2) 4)

The posterior distribution Py1;2(g jf1;f2) canthen be obtained by marginalizing
Pl;z(Cj ;Skjf 1;f2) in (4):

X
P1.2(gjf1;f2) = P1.2(G 5 skjf1:f2)
k

The only unknown quartity in (4) is the joint prior distribution P1.2(g;sk). In

fact, this distribution is the key to understanding our fusion strategy. One easily
provesthat if the priors are separable,that is, if P1.2(c;sk) = P1(g)P2(sk),
then segmemation doesnot cortribute to the fusion process.Indeed, in this case
P1;2(G ; skjf 1, T 2) factorizesinto P1(q jf 1)P2(skjf 2), and marginalization over s;

simply yields P1(q ; skjf1;f2) = P1(gjf1).

The more interesting casesare when P1.2(G ; sk) is not separable,that is,
when knowledge about which segmern the point belongsto givesus someprior
information about the class. Sincewe don't know Py;5(G ; Sk), we should try to
extract it from the data. Wewill rst considerthe casethe conditional lik elihoods
p:(f1jG) and po(f2jsk) (and therefore py.o(f 1; f2jc ;sk) from (3)) are known, or
that a reasonableassumption about their valuescan be made. We can then use



a Maximum Likelihood criterion, and seard for the joint priors that maximize
the likelihood of the data p;.»(f1;f2) accordingto our model, where

X
Pr2(f1;f2) = pr2(f1f2ig;sk)Pr2(c;sk)
ik

A classicsolution is given by the Expectation Maximization algorithm, basedon
the following iterations:

1. For eadh pixel x in the image, use the current values for P1.5(c;sk) to
estimate an updated posterior distribution P1.2(G; skjf 1(X); f2(x)) asby (4);
2. For eadh classc; and segmen sy, averagethe posterior probabilities
P1.2(c s skjf 1(x); f2(x)) over the imageto obtain the updated prior distribu-
tion P1.2(G; sk).

At ead step, the total likelihood p;.2(f1;f2) increasesor stays the same,and
thereforethis procedureis guaranteedto convergeto a (possiblylocal) maximum.
If the conditional likelihood of one feature (or both) is not known, but the
class{ or segmem{conditional probability is known, then somemaodi cations are
in order. This could bethe casewhena hard segmetter is arti cially transformed
into a soft segmerter by creating a simple posterior distribution at ead pixel,
as mertioned earlier in the Introduction. For example, for a pixel x with fea-
ture fo(x) that was assignedto segmen sx, we could hypothesize a posterior
distribution 2
Pa(srif2) =1 ;r=k
=(Ns 1);r6 Kk

where Ns is the number of segmens, and is a (small) positive constart. By
averaging the values of P,(skjf2) over the image, one can estimate the prior
P2(sk). One could then set an arti cial total likelihood py(f,) that is constart
over all featuresin the image. At this point, the conditional likelihoods can be
computed using Bayes'rule.

As an application example,considerthe image of Figure 1. In this case,color
was used for classi cation, while texture was used for segmenmation. A poorly
trained color classi er producedthe unsatisfactory labeling of Figure 1 (b). The
three classesare: obsidian (the blue-ish rock, ¢;); basalt (the red rock, ¢;); and
sand (c3.) Texture{based unsupervised segmetation into two regionss; and s;
(using Gabor features) yielded the results shovn in Figure 1 (c). Texture was
unable to separatethe two rocks, but did a good job at separating both rocks
from the sand. The fused classi cation (into the original three classes)is shavn
in Figure 1 (d). It is seenthat the quality of classi cation hasimproved through
fusion, although a small region surrounding the blue rock hasbeenmisclassi ed.
Table 1 shoesthe joint prior distribution P1.2(c; sk), which cannot be factorized
into the product of the two marginal priors.

2 This distribution may be inconsistert if two points with exactly the samefeature f
belong to di erent segmens. This has not provento be a problem in practice.



@ (b)

(© (d)

Fig. 1. (a): Original image. (b): Supervised color{based classi cation (green: obsidian;
blue: basalt; red: sand.) (c) Unsupervised texture{based segmenation. (d) Fusion of
segmenation and classi cation.

S S»

¢1(0.1200.262
c2(0.0010.045
¢3|0.5640.008

Table 1. The prior distribution P1;2(c;;sk) for the example of Figure 1. Note that
P1.2(¢ ;sk) is not separable.

4 Conclusions

Our fusion technique mergesinformation from classi cation and segmenmation
(with ead point of the image characterized by an assignmein distribution.)
In some sense,this corresponds to looking at the segmemation as a kind of
classi cation itself, with classesthat don't have a logical correspondencewith
those usedby the classi er.

A moreintriguing form of hybrid fusion would also considercaseswhereonly
partial segmemation is available, such as an edgesegmen partially separating
two regions. This edgesegmen may provide useful information to the classi er
(the regions at the two sidesof the edgeare likely to cortain points from two
di erent classes).Unlessone enforcescontour closure,however, this information
cannot be directly exploit using the framework discussedn this paper, and more
researd is neededfor this type of problems.
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