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Abstract

This paper investigates how to connect low level image segmentation
with high level vision tasks. A segmentation gives a middle-level image rep-
resentation which is robust to the intensity and structure variations that caus
problems for matching based on low-level descriptors. A segmentation de-
scriptor can give more accurate and ef cient matching of boundaries tha
methods based on boundary representations. Our recognition testé-on se
eral databases verify that when segmentations are reliable the segmentation
descriptor can provide robust matching results for recognition. Toeaddr
the problem caused by unreliability of low level segmentation, we propose a
Bayesian structure matching technique. Instead of only basing on the * max-
imum likelihood” segmentation, all segmentations should be evaluated and
combined in the Bayesian framework. The resulting matching technique is
more reliable and more practical. Furthermore, it offers insights about low
level image segmentation as well. We demonstrate successful results in both
elds.



1 Introduction

Recognition is one of the most important topics in computeioni. Algorithm
performance has been shown to depend strongly on the repaea of visual
appearances. Good representations should contain tiealchitformation in a
form suitable for recognition. With a suitable similarityeasure, new object in-
stances can be recognized purely based on the measuredrgymilith memo-
rized objects.

Though human can easily recognize objects with any strecttom simple to
highly complex, existing visual representations confrdifitulties as the struc-
ture becomes more complex due to the greater variationspeagpnce. As a
consequence, decomposing complex objects into simplés pad recognizing
the full object based on its parts has been a popular recogsitrategy.

On the other hand, researchers have long recognized thairhanmd animal
vision relies on grouping together image fragments intgdgr more coherent
structures (e.g. image edge fragments are grouped int@guor, equivalently,
on splitting up an image into potentially meaningful pareg{ons), and that these
process partly precede recognition. Edge grouping/imagmsntation is an im-
portant research area in computer vision and it gives mitidlel abstractions
of the original low-level visual signals. Since this midké structure offers bet-
ter invariance and more condensed data volume comparect tmwhlevel in-
tensity representation, most researchers believe thabiild play a fundamen-
tal role in recognition. Yet there are few examples of altponis using group-
ing/segmentation to enhance recognition, and no clearrstadeling of how they
can or should be used.

In this paper, we focus our investigation on image segmientand on how to
utilize the organized middle-level representations iroggution. In the rest of the
paper, we rst propose a segmentation representation iigésq for recognition.
Then, we propose an extension of this work into a Bayesiamtsirel matching
method to address the problem caused by unreliable low imae segmenta-
tions. The new method is general, reliable and does notm@gomputing image
segmentations at all. Our preliminary results show thatBhgesian structure
matching approach is capable of representing complex sgidiobjects. Using
just a similarity metric and a simple holistic strategy we eghieve near state-of-
the-art recognition and segmentation performance.



2 A segmentation description for recognition

Segmentation is a fundamental task in computer vision winafsfers visual sig-
nals from low-level forms to middle-level representatidoisfurther processing,
e.g. object recognition and scene analysis. Techniquesnfage segmentation
have been intensively studied, and algorithms exploitegsentations for high-
level vision tasks have attracted considerable attenfi@gn9, 34].

When applied for recognition, segmentation is most oftenl tisseparate the
foreground regions or objects of interest from the backagdoe.g. [2]). Once
the potentially interesting regions have been identi dtg tecognition module
focuses on the corresponding subimages and their intdoreta For the related
task of classi cation, a common approach (e.§4]) represents each segmented
region by a collection of image descriptors and classi esdabon the combined
vector of descriptors. In addition to these feed forwardrapphes, some methods
use recognition to aid segmentation, either via feedbadiyamunning the two
modules jointly p, 36, 11]. The realization that memorized objects and layouts
guide perceptual grouping dates back to the Gestalt psyghsis.

Our approach to object recognition uses segmentation iffexet way. Be-
sides separating foreground from background, a segmentedmmunicates the
intrinsic structure of an image. The homogeneous regiorsnaimage can be
considered as basic visual units giving a compressed imggegentation, and
the relation between segments, and their location and spapade information
that can be used for recognition. We propose to use the ségtoenexplicitly as
a descriptor, and we will recognize objects by matching thectures encoded in
these descriptors. As a bonus, we can use our approach totgetatic, objective
evaluations of segmentation algorithms in terms of theafulsess for recogni-
tion.

Recently, BO] also used the segmentation structure for recognitionfhmit
matching algorithm is expensive. More important, they usstgram descriptor
of a segment, which decreases the structure descriptiamamyc We introduce
a simpler yet more ef cient and accurate mutual informatineasure for exact
structure matching.

We show that our segmentation descriptor can be used to raattfecognize
objects holistically, without identifying and matchingrfg Holistic recognition
is not our sole aim; we focus on this simple task since it gvasringent test of
our descriptor and makes its usefulness as a tool for retogm®asier to evaluate.
To get a more complete recognition system, one could embedeseriptor in a
traditional part—based recognition-by-components aggrpusing it to recognize
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object parts over subimages.

A general recognition system must also select the corredés@nd orienta-
tions at which regions should be matched. The detectionl@&frgaegions prop-
erly normalized for scale and orientation can be achievekelgyfeature detectors
such as SIFTI9]. Alternatively, a recognition algorithm can incorporateearch
over scale and orientation. Since these issues are peaalgberur main contribu-
tion, we do not consider them.

Related work Many different representations have been applied for o bgeng-
nition. The simplest is the raw image itself. With this reggetation, one can use
normalized correlation or mutual information to measurage similarity. Be-
cause of the large appearance changes caused by varyirythieation, pose,
or object shape, such measures work poorly when appliedtiualily over large
image regions.

Recognition by component§,[4, 9, 12] is a popular strategy that rst detects
the possible image components of an object class and thencesfspatial lay-
out constraints on the detected components to eliminatd &obiguities. This
assumes that small image regions have simple structuresnaaldl variations in
their appearance, so that they match more reliably thae l@gions. Similarly if
spatial location information is not considered, the bafgieatures technique can
ef ciently utilize more part features in recognition andshiaeen enjoying great
success recenth[ 15, 17]. Still, many factors can change a component's appear-
ance and complicate its matching. Our segmentation déscdpes not include
intensity measures and can be robust to appearance vasiatio

Instead of the raw image, some methods seek increased mebadty using
local photometric invariants, e.g., edge features or lbnigés gradient orienta-
tions, as descriptors3] 14, 19, 13]. For instance, the SIFT descriptatg for
a key region is based on the union of 16 orientation histograBhape context
[3] describe boundary structures as the collection of shapgxgbat each bound-
ary point, which is the log-polar histogram of the coordasaof the rest of the
boundary points.

Another type of representation uses dimensionality redaoce.g. PCA B1].
These schemes project images into a low dimensional spatcgities simpler dis-
crimination. Since they work from the image, they can be m@red as variations
of the low-level raw image representation.



Figure 1. Segmentation-based representations of imadesmain structures of
the images are preserved in the over-segmented imaged) 8mwore robust to
the appearance variations.

2.1 Segmentation-based representations

A segmentation gives an abstract of the image at a low spasalution. It is
known that rapid recognition in humans is mediated domigant the informa-
tion at low resolution24].

Recognition approaches using segmentation have triedugaways of over-
coming the unreliability of segmenting bottom up. Soft grion of multiple re-
gions, and the exploiting of statistical interactions besw different region types
[34], can partly compensate for segmentation's unreliabiltjgernatives include
using multiple segmentation&7] and oversegmentationg4, 23]. The idea of
the latter is that oversegmenting preserves the true boiegsdavhich hide within
the oversegmented boundaries.

Here, we use oversegmentation since it is simple to impl¢émed requires
less human intervention than multiple segmentation. Highows that objects
are easy to recognize in oversegmented images, implyingtch segmentations
contain enough information for recognition. These segatént results were gen-
erated by the mean-shift algorithm EDISO#] vith an average segment size of
about 100 pixels. For this example, the segmentations vaatly but a common
mid-level structure appears in all, especially the car wegindow, and side.
Our experiments verify that oversegmentation, despitedsision of much ran-
dom false structure, does contain enough of the correattaneito be useful for
recognition.

2.2 Region-based structure matching

We want to measure the similarity of two images based on gegmentations.
In principle, any technique for evaluating a segmentatiem loe used. There are
two general approaches, based on boundaries or regions. dBgdbased ap-



proaches, e.g. 2], typically need to establish edge correspondences betwee
segmentations. Region approaches, €33, 37], use statistical measures of re-
gion consistency. Since the boundary approach can be igertsitspatial shifts,
we adopt a region-based technique.

We use a normalized structure mutual information for regpased matching.
Compared with other matching techniques, our method hasic isébrmation
theory foundation and can be ef ciently computed.

Mutual information (M) is a standard measure of the infotimaoverlap be-
tween random variables. It is often used as a similarity mm@aand has been
widely applied in computer vision for solving corresponderproblems 33].
Given two image#\ andB, the Ml between them is:

I(A;B)=H(A)+ H(B)i H(AB) (1)

whereH (A) is the intensity entropy of imag& andH (A; B) is the joint inten-
sity entropy ofA andB. However, this de nition of Ml does not take geometry
into account, since it accounts only for intensities, natgosition. To include
geometry, 6] computed MI for intensity histograms over small image héigr-
hoods. This method gives more robustness, but its compuogdtcost is higher
by a factor of the neighborhood area squared, and it reqaggsmptions on the
local histogram distributions.

For a segmented image, we consider the state of a pixel as a r.v., where the
segments give the possible states of the r.v.. We de ne thetsre entropy oA

as:
X

Hs(A) =i pilog(pi) (2)
|
wheren is the number of segments apds the area proportion of thg, segment
to the whole image. The structure entropy re ects the stngctomplexity of a
segmentation.

The joint structure information of two segmented imagksand B, is the
structure entropy of their joint structurg€, i.e. Hs(A;B) = Hs(C). In C, each
pixel's segment label is given by the two segment labelsfertivo segments from
A andB containing the pixel. Analogous to the de nition of Ml, therGcture
Mutual Informatiort (SMI) betweenA andB is:

Is(A;B) = Hs(A)+ Hs(B) i Hs(A/B) 3)

LAfter completing this work, we noticed that the SMI idea ha®ib applied in the machine
learning community to measure the similarity of differehutsterings p1].
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Hs = log(7) Hs = log(7) Hs = log(49)

Figure 2: The rsttwo are segmented images to be matchedthitteone is their
joint structure. The SMI for this example is 0

The de nition of SMI is illustrated in Fig2. If we set all pixels in a segment
to a distinct intensity value, ther)reduces toJ). The computational cost of
SMl is linear in the image size.

How does SMI and the structure entropy compare to the stdridhand en-
tropy based on image intensities? Since the intensity pytnas no geometry in-
formation, all permutations of the pixel positions of theame leave this entropy
unchanged. For a segmentation, only a relatively few piezhutations, e.g.
those giving the same number of regions with the same siags,the same struc-
ture entropy. Hence, structure entropy characterizesabmgtric image structure
more accurately than intensity entropy. Permutationsgovasg the structure en-
tropy are more likely to give images with appearance sinmdahe original, and
images with high structure entropy usually have trivial,amegless structures.
In short, structure entropy conveys more meaningful infttian than intensity
entropy.

Since different object/component classes have differgrinsic complexities,
e.g. motorbikes are more complex than monitors, we use tloeviog normalized
SMI to compensate such in uences:

S(A;B) = Is(A;B)=Hs(A;B) (4)

S(A; B) measures the proportion of the mutual information to theleshidorma-
tion. HenceD - S(A;B) - 1. For a perfect matcB equals 1.

To test the performance of the normalized SMI, we use it tosuesathe con-
sistency of segmentations labeled by different human stdben the Berkeley
segmentation database. Fiyives results for subject 1105 and 1109. The human
results show good consistency by our measure, but stikktaer big inconsisten-
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Figure 3: Segmentation consistency by human subjégtsow: original images;
2,4 row and3,4 row: segmentations by subject 1105 and 1109 respectively wi
structure entropy4y, row: joint structuges with the structure entropy and simila

ity values.



cies. These come mainly from a difference in the amount ddibietbeled. Our
measure does captures the similarity of the details lab®feoloth subjects, but
details labeled by just one reduce the similarity score. Réua identical seg-
mentations give a perfect score of 1 and unrelated imagésatiypscore near 0O,
see Fig.2. For comparison, we also give the similarities between sggations
of different images labeled by these two subjects in Tab.

1 2 3 4 5 6

1077 027 028 |0.16 |0.28

2 |0.08 |026 |0.10 |0.06 |0.06

3 /028 020 |054 014 |0.21

4 (015 |0.17 | 011 |0.60 | 0.16

5 1020 [022 |0.16 |0.14 |057

6 0.55
7 8 9 10 11 12

7 1048 |0.12 | 0.24 |0.20 | 0.18 | 0.13
8 |014 081 |016 |0.18 |0.19 |0.14
9 |021 |0.16 | 066 |0.16 |0.14 | 0.15
10 | 0.20 | 0.15 |0.20 |0.77 | 0.15 | 0.14
11 | 0.18 |0.19 |0.15 |0.15 | 0.87 | 0.16
12 | 0.22 |0.11 |0.14 |0.14 |0.15 | 0.72

Table 1: Similarity confusion matrix between segmentatitabeled by subject
1105 (rows) and 1109 (columns) in Fig.

2.3 Other edge and histogram-based descriptors

Our segmentation descriptor measures the structure ofeirbagndaries. Other
descriptors, such as SIFLY], Shape Contextd], Spin Images 13], [14], also
measure this structure, but they rely more strongly on looaiputations such as
edge detection.

Reliable boundary detection is easier than nding good sedat®ns, but the
local computation makes the boundary locations inaccumatiesubject to noise.
Also, occlusion may cause important boundaries to be miskethake matching
robust to position shifts and occlusion without drasticalcreasing the computa-
tional cost, many descriptors, e.gd3, L3, 14, 19], make the compromise of using
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Figure 4. Robustness test regarding position shifts.

histograms instead of the exact boundary frafull image data. This decreases
the speci city of the structure representation and is a dravk of these descrip-
tors.

In our approach, oversegmentation computes the boundgabally and so
tends to locate them accurately, and matching segments gibeistness against
positional shifts and occlusion. Fig.gives the average normalized SMI between
a segmentation (from subject 1105 in F&yand its shifted version over a range of
shifts alongx. For comparison, we also give the average normalized gitigls
using intensity MI and the similarity measure by SIFT dgsonis on the original
images. To compute the SIFT descriptors, the full imagesesieed intdl6£ 16
pixel size and as recommended we use the Euclidean distanoedsure the
similarities. Our segmentation descriptor has good rotasst to position shifts.

In summary, we expect segmentation descriptors to give exrarate struc-
ture matching than histogram-based descriptors when meag® segmentations
can be obtained. Our experiments show that we can usuabyohtlequate seg-
mentations by oversegmenting.

2.4 Experiments

Our goals are: 1) to test our segmentation descriptor, anol @)aluate segmen-
tation algorithms objectively and automatically. In bothses our criterion is

2Better boundary con gurations can be exploited at the pgraflhigher computational cost,
e.g. B] applied shape context on each edge point with a matchinglexity betweerO(n?) and
o(n3).
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Figure 5: Examples of the car rear view and face data.

the quality of recognition performance. The segmentatigorghms tested are
mean shift §] (MS), normalized cuts48] (NC) and multi-scale normalized cuts
[7] (MNC) (the codes used for these testing methods are avaiktlihe authors'
web sites). Note that most previous work evaluated segrtientalgorithms by
their consistency with human “ground truth” labelings, wdas we evaluate them
directly by their usefulness for recognition.

We attempt to factor out issues of scale and the details aktt@gnition sys-
tem by using the simplest possible recognition method anding experiments
on databases with objects of a single scale. We use the Uld@atabase]]
(see Fig. 1), the car rear—view database, and the face datalSggsele Fig.5).
Since all testing classes have rigid structures, we do ngg tacomplicate our
evaluation by using recognition—by—components.

Car side views. The UIUC database contains 170 test images with 200 car side
views, some with signi cant occlusions. All cars are at appmately the same
scale,40£ 100 pixel size. The database also includes a training datal@se c
taining 500 negative image patches and 550 positive imatghesa all with size
40£ 100pixel.

We study matching for the entire car rather than matchingpmrants. As
discussed above, holistic matching gives a stringent fesineatching descriptor
because of the large image variations caused, e.g., byriietige variations be-
tween class members. As our recognition technique, we eh@standard boost-
ing based procedure where the weak learners are constiasfetlows. Given a
training sample, we rst compute the normalized SMI meastifetween it and
all other training samples. To handle differences in theocentations, the mea-
sure is computed for both the image and the image re ectedhatthey axis, and
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Figure 6: The 25 weak learners selected by the AdaBoost #igoibased on
MS segmentation descriptors and the corresponding respiasibutions (be-
low. light color: responses of positive samples; dark calesponses of negative
samples).

:
A
e kb
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S

the larger value is taken as the nal similarity value. We de a weak classi er
for the training sample using nearest neighbors, choosingpiimal threshold
to minimize the weighted error. That is, for a car image irajnrsample, only
those samples with similarity greater than the threshatdchassi ed as cars; for
a non-car sample, only those with similarity less than tleghold are classi ed
as cars. The nal classi er is obtained via AdaBoos2P]. The number of weak
learners used in AdaBoost affects the performance: using meak learners usu-
ally gives better generalization. We choose 25 weak learriég. 6 gives the 25
exemplars selected by AdaBoost for the mean-shift segment@escriptor. The
25 include both positive and negative examples.
After training, the same car detection and evaluation proce used in ]

are applied. The recall and precision are de ned as the p&age of correctly

3We let the boosting algorithm decide which negative exasphe most useful for their dis-
similarity to cars.
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detected cars over the total number of cars in all testing@sand the total num-
ber of detected cars, respectively. Training and testikgsabout 2 hours with a
2GHz CPU and a 512M memory (all the implementations are in MAB). Fig.

7 gives some examples of the detection results.

Figure 7: Some examples of the detection results by the legshentation de-
scriptors.

For comparison, we also use the same classi cation/testepiare for the
SIFT descriptot and for similarity metrics based on the raw image. We compute
a single SIFT descriptor for each image globally and usedeti@idean distance
for the similarity metric. Note that SIFT is a quasi—locakdeptor and is not
expected to give exceptional performance in our holistitcimag test. We use it
as a benchmark to compare with our segmentation descriptor.

The raw image metrics tested included mutual informati@nralized corre-
lation, and ordinal correlatior?]. We also tried PCA—based region matching. For
this test, we rst used 550 positive training images and 56@ative training im-
ages to generate the eigenvectors for positive and negivples respectively.
We consider each eigenvector as a weak learner and choassmamnding opti-
mal thresholds. Fig8.(a) compares the results of the various methods. To see
how the number of weak learners affects the performancegsted mean-shift
segmentation descriptors using 5 and 100 weak learnergjgee(b).

The MS-based segmentation descriptor gave the best penfi@ern this test.

4We study only the SIFHescriptor without the keypoint detection procedure or the standard
recognition framework built on SIFT.
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Figure 8: Car detection performances: (a) AdaBoost algoritismg 25 weak
learners; (b) AdaBoost algorithm using 5, 25, 100 weak lgarbased on MS
segmentations. Note that tReaxis is1 P recision, the false detection rate.

The recall-precision equal error rates using MS and SIFTwEak learners) are
82.5% and 82% respectively. This accords with our expextatiat mid-level
representations are more robust to appearance variattboausion than low-
level ones. The SIFT performance in our test is comparalilegt&IFT key-point
implementation of bags-of-features reportedif][ At low false detection rates,
the correctly detected cars generally have good segmemsatvith many char-
acteristic car structures. As a result, our segmentatisorgeor performs espe-
cially well at high precision. Note that MNC also gave goodfpenances while
NC ranked among the worst, indicating that the reliabilifytlee segmentation
algorithm is critical.

Though we studied holistic recognition only, our technigueo performed
better than the recognition-by-components algorithmlpf{despite the greater
dif culty and worse expected performance for holistic nfatg. As expected,
our holistic technique did not perform as well as the curteedt recognition-
by-component18] and bags-of-features algorithmsg (note, however, that the
good results of 18] come partly from the extra veri cation step, while those of
[15] rely on densely sampling the query image). we could easiliped our tech-
nique into component—based approaches such&4%}|, and this might improve
the performance of those algorithms.

car rear views and faces §]. The rear—view database contains 126 car rear
views. The face database contains 450 images, among whitliad8s are at

14



approximately the same scale and 16 are at coarser scaldsis liest we only
used the 434 same scale face images. The image size of theskatavsets is
896£ 596 We resized the images ®00£ 132 The car rear view patches
and face patches aB® £ 110and50£ 50 pixel size respectively in the resized
images. For this test, we manually cut the rst 10 samplemftbe rst 10 test
images and used them as exemplars for the correspondirg di&esv samples
were detected based on the average similarity with the 1pbees. Fig.9 shows
the exemplars and the corresponding segmentations byafiffalgorithms. Note
that faces have less complex structures and weaker cob&bgeen parts than
cars. Thus, their segmentations are more affected by ilatian and less reliable
than car segmentations. Fi#)4 compares our results to those obtained using the
SIFT descriptor. The recall-precision equal error ratesguSIFT and MNC are
92.7% and 89.9% respectively. For the car rear view data,lseetasted using
shape context(SC), which is an edge feature based globahimgttechnique.
The code for SC was adapted from the demo code available athers web
site [3]. 100 sample edge points are used for each image patch. Weodlid
apply SC to the other datasets because of its high compuodhtost. For car rear
views, segmentations can be reliably retrieved and MS setatien descriptors
outperformed the tested edge based descriptors. The-prealkion equal error
rates using MS and SIFT are 95.7% and 87.1% respectivelyfoFimer compares
well with the 95.5% reported irf] before applying exhaustive search.

Discussion. When segmentations are reliable, the best segmentationtess
outperformed all tested edge and histogram-based dessipOur results are
comparable to those of another recent segmentation agp{8ék(with worse
performances on car side views and better performancescas tnd car rear
views), despite their use of an expensive matching algoréimd additional in-
formation (intensity). We expect that incorporating segtagon descriptors into
current component based recognition methods will imprdwesr tperformance.
On faces, global SIFT descriptors performed the best ofdsted methods. SIFT
works less well on image patches with complex structureesitschistogram can-
not represent the structure fully or accurately. SIFT dpsars work best as local
descriptors. Given reasonable segmentations, our segtisentlescriptor can be
applied both locally and holistically.

Also note that the recognition performance is very seresitivthe quality of
segmentations. Hence our recognition based segmentaabragon strategy has
strong discrimination powers. Among segmentation algor¢, MS and MNC

15



Figure 9: The exemplars used in the face and car rear vievctimtetest. 1
column: exemplar2,q-4, columns: segmentation results by MS,MNC,NC re-
spectively.
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Figure 10: Face and car rear view detection results.

showed comparable performance and both outperformeditnaali NC. For im-
age patches with weak contrast between parts, MNC perfoettsrithan MS.

3 Bayesian structure matching

Bottom—up segmentations are never completely accurateliablee Although
we showed that oversegmentation preserves enough of toepteally salient
image structure to give good recognition, oversegmentmgsdntroduce large
errors in the structure description. Also, the segmentatamit important image
information, such as the boundary contrast between diffesegments.

In a Bayesian framework, instead of basing recognition onsa ‘imeaximum
likelihood” segmentation, one should average over all sagations. This is im-
portant because real image data often does not constrasedingentation strongly
and the true segmentation may differ greatly from its “maxmlikelihood” esti-
mate.

In this section, we present a matching/recogntion schersedban this idea.
We use an af nity matrix, such as is commonly input to segragah algorithms,
for recognition directly. We measure the matching simijaof segmentations by
their mutual information.

Our method also offers insights about image segmentatiansa reliable that
it gives state-of-the-art segmentations even though weeiment it via a naive
greedy merging algorithm.
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3.1 Bayesian structure information

Bayesian structure entropy. Since we cannot compute good segmentations
bottom up, we follow the Bayesian strategy of averaging ollesegmentations.
We de ne the Bayesian structure entropy by:

n #
X X

H- = Pe i pi®|og(pi®) (5)

Se2SEG i®

whereSEG is the set of all possible segmentatioBs,is the®,;, segmentation,
andpg is the probability ofSe.

Figure 11: 15 possible segmentations of an image contathpigels. If 2 pixels
are in the same segment, there is an edge connecting theanwé not edge.

For example, Fid.1 gives a simple example for an image of 4 pixels. All 15
possible segmentations are given. If we assume that allesatgwions are equally
likely, then the Bayesian structure entropy is:

1 6 1, 1. 1 1°

H- = 1—5Iog(4)+ 1—5.| §|09(§)l 5'09(1)
3 4 3 3 1, 1°

+ 1glog@+ ¢ i glog(z) i log(y)

0:7969

The Bayesian structure entropy can be computed exactly onlynall scale
problems, since the number of possible segmentations gerpanentially with
the image size.
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Approximating the Bayesian structure entropy. Given a speci c segmenta-
tion S, the contribution of theny, pixel to the structure entropy (2) is:

A =1 109 agiacs) ©
F

wheres™ is the segment containing the pix&l(® gives the area of a segment,
andAg ~ A(F) is the total image area for imadge The total structure entropy
is given by summindH ém) over all pixels. The contribution of the, pixel to
H-is:
X (m)

HM = P(SeiF )Hs,
Se2SEG
Eflog(A(s™))g
log[ A(S(m))p(3®jF)]

Se2SEG

M

wherep(SejF ) is the probability of the segmentati&@y given the imagé andE
is the expectation. Thus, we can evaluate the Bayesian steuentropywithout
enumerating all segmentatioiifsfor each pixel we can compute the expectation
of the log segment size, which is the log of the geometric nsegment size. This
is the key observation that we use to simplify the computatio

Geometric mean is hard to compute. We use the arithmetic noeapproxi-
mate the geometric mean. A widely used approximatidd is * | ¥£=2! [35],
whereG and! are the geometric and arithmetic means #h s the variance:

U

2Ef A(s(M)g 0

To compute the arithmetic mean and variance, we make use ofidge af n-
ity matrix. The af nity matrix has sizeN £ N, whereN is the number of pixels
in the image. Each entry gives the probability (or a measeieged to the prob-
ability) that the corresponding two pixel lie in the samemegt. Typically, the
pairwise probability is computed from local image propestaccording to Gestalt
principles. A simple example of an af nity matrix, which céme interpreted as
approximately giving the pairwise probabilities, is:

Ya
- exp(EEniE)®y it g(m:n) -
Me(min) = o™ 2 7 i 4(min) > D-

(8)
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whereF, is the intensity,d is the distance function, angives the expected
standard deviation of the intensity within a segment. Othess, e.g., texture
or the presence of an intervening edge, can be used to corvputélso, one

can construct it by averaging over many different segmemsatand measuring
how often a given pixel pair belongs to the same segment. i$haguivalent to

averaging ovesegmentation af nity matricewith entries of 1 or 0, where the
value 1 indicates that the corresponding pixel pair beldagssingle segment.

For any pixel paim andn, IetA(m;n) be an indicator variable representing the
event thatm andn belong to the same segment. THEhA(m;n)g = Mg(m;n).
The arithmetic mean and variance of segment size fonthepixel can be calcu-
lated by:

X X
EfA(S™)g=E[ Amml=  Me(m;n) 9)
X X R ~
VarfA(s(m))g = COV(A(m;k);A(m;I))
XX ] R
= E[Amk) Amnli E[Amx]E[Am)]
XX

EAmin]i Me(m;K)Mg(m; 1)
k |

WhereA(m;k;U is an indicator variable representing the eventithat, andl belong
to the same segment.

For the example of Figl1, since we assume each segmentation has the same
probability, we construct the image af nity matrix by avgrag across all seg-
mentations as:

1
1 1=3 1=3 1=3
_B 183 1 13 1=3
- 13 1=3 1 1=3
1=3 1=3 1=3 1
The arithmetic mean of the segment size of each pixel is:

M

EfAg=1+1=3+1=3+1=3=2
The variance of the segment size of each pixel is:
VarfAg=3(1=3)(1j 1=3) +6(2=15; 1-9) =0:80
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The approximated Bayesian entropy usiigi¢ 0.7985.

Due to the high computation cost to estimate the variancesfdrimages, we
treat the pairwise probabilities (that two pixels belonghe same segment) as
independent. Then we have:

X
VarfA(s™)g= Mg(m;n)(1i Mg(m;n)) (10)

n

Our experiments show that even with the simpli ed independessumption our
Bayesian matching technique still can give reliable resul® and (0) imply

VarfA(siMg . . . )
EFAET)g < 0:5. Hence, if the expected segment size is not too small, that is

if EfA(s{™)g =t A 0:5 we expect the arithmetic mean to approximate the
geometric mean. We use this approximation in all our expemnis

For the example of Fig.11, our approximated Bayesian structure entropy
using (7) (10) is H- ¥ 0:7802

Bayesian mutual information. We de ne the Bayesian structure mutual infor-
mation between 2 imagés andF; as:

X
I-(Fy; F2) ~ P(SeiF1)P(S-jF2)l (Se; S) (11)
SeiS- 2SEG
= H-(F)+ H-(F2) i H-(FiiF) (12)

whereH-(F1; F,) gives the expected value Bf(Sg; S- ), which is estimated from
the joint af nity matrix. LetM; andM ; be the af nity matrices for the two images
respectively. We assume the two images are independertieggdint af nity
matrix is:

M2 (M;n) = M1(m;n)Mz(m;n): (13)

To compensate for the variations in structure complexitywben different
object classes, we normalize the Bayesian structure mutt@imation by the
Bayesian total information:

I-(F1; F2) .

S(F1; Fo) = m,

(14)

The metricS(F; F,) measures the proportion of the mutual information to the
whole information. Hencd) - S(Fi;F;,) - 1. For a perfect matcB equals 1.
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Discussion. Image matches computed using our Bayesian structure mutual i
formation have the same robustness to noise and spatitd akifhe segmentation
descriptor described above. However, we no longer needvéopsdy computed
segmentation, and our results are affected much less byftbelty of nding a
correct segmentation. A drawback is that our computationat grows linearly
with the size of the image neighborhood used to construcathéy matrix.

An issue with our method is that estimates of the pairwiségbdities in the
af nity matrix are often reliable only over a small regioB (in (8) shouldn't be
large) [7]. But segments often span big image regions, suggestingmiahay
need to estimate pairwise probabilities for widely sepatatixels. However, our
experiments show that we get reliable matching as long asaimeeD bound is
used for both images.

Since we estimate expected segment size over small neiybduis, we com-
pute the Bayesian structure entropy with respect to the beitiiood size instead
of the full image size. That is, we use

X 1 Metamyg)

H-=j — log

15

m

whereA,, is the neighborhood size for tmey, pixel.

3.2 Application in image segmentation

Low level feature based image segmentation has been mawglaped based on
Gestalt principles. One shortcoming of these techniqueeitack of higher level
motivations. The same problem exists in segmentation atialutoo. Currently,
segmentation evaluation is mostly done by comparing theistancy between
segmentations by algorithms with “ground truth” segmeaietlabeled by human
subjects. Due to the lack of clear high level motivationgrethe “ground truth”
labeled by different subjects may contain big divergenses Fig.3).

One major goal of image segmentation is to organize raw isage less
complex structure forms to simplify higher level vision kas This high level
motivation implies: 1) low level image segmentation sholbdddevised s.t. the
resulting segmentations are optimal for high-level visiasks; 2) low level seg-
mentation algorithms and segmentation evaluation alyostshould be evaluated
as their usefulness in high-level vision tasks. Recentlyaadements have been
made in applying low level segmentations in recogniti®® P7, 23, 34], but how
to devise new segmentation algorithms to optimize the pexdoce in recognition
based on these techniques is still not clear.
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In comparison, optimal segmentation strategies can bl ekesieloped based
on our Bayesian structure matching technique. Since ouiartFi; F,) mea-
sures the similarity between images according to the aeesagilarity of their
segmentations, we can also use it to measure the similaftyden an image and
a proposed segmentation. (We just use the segmentatioityafimatrix M s for
the segmentatio® andM¢ for the imageF.) Previous measures of segmenta-
tion goodness, e.g., the normalized c{t pre just qualitative encodings of a few
desiderata. Ours is the rst to measure a segmentatiortisfédmess to the im-
age directly. For optimal recognition performance imaggnsentation could be
considered as kind of recognition, where instead of choosing the object model
most similar to the query image we choose the most similamsegation. Note
that our recognition based segmentation is different fropadown segmentation
strategies, 11, 36, 18, 25] because no high level class knowledge or any exem-
plar is required.

Fig. 12 gives examples of our computed similarities between an &zenl its
human segmentations. We used the af nity matrix &f\Wwith D = 5, %= 10.
The measured similarities are small compared to the pariatth value ofl and
are not always intuitive (unsurprisingly, since humanstagedown information).
They typically increase as more relevant detail is addedt |&@ar experiments
show that our segmentation metric gives state-of-theegnngntations even when
optimized by a naive greedy approach.

3.3 Compared with Probability Rand index

[32] has applied the Probability Rand (PR) index to measure theisi@mcy of
a given segmentation with a set of human segmentations. rinaniext, we can
consider it an alternative similarity metric based on atfynmatrices:
1 X
PR(F1; F2) = aN [M1(m; n)Mz(m;n)
m

+(1j Mi(m;n))(1 i Mz(m;n))]

X X X X
/ [2  Muz(m;n)j Mi(m;n) i M2(m;n)] (16)
m n n n
This can be interpreted as giving the probability of seeiegngentations dis-
tributed according tdV; given that the true probability distribution is given by
M (or vice versa).
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0.0172 0.0266 0.0243 0.0310 0.0191

0.0193 0.0280 0.0199 0.0292 0.0216
0.0319 0.0449 0.0583 0.0673 0.0785 0.0390 0.0202
0.0469 0.0392 0.0543 0.0485 0.0814 0.0386 0.0192

Figure 12: Similarities between images and its segmemsitiy different human

subjects.1y row: original images2,q row and3,4 row: segmentations by sub-
ject 1105 and 1109 respectively with the normalized Bayesieucture mutual

information.
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Contrast {6) with our expression:

X ® M (m;n)
B . p n 1+lb )
=(FaiF2) [ logl ~Mi(m;n)  My(m;n)

m

] (17)

Note thatP » M (m; n) is proportional to the expected probability that a pixel has
the same segment label as thg pixel. Thus, our metric measures the degree of
independence between pixels in the two images. Since weedaur metric from

a Bayesian argument and mutual information, we expect it ttmpe better than
PR. Our experiments con rm this claim.

3.4 Experiments
3.4.1 Object recognition

Our goal is to illustrate the Bayesian structure entropy thasege matching is
more reliable than segmentation descriptors based matehrecognition. In this
test, we used the same data bases and the same experimexhpeoas ir?.4.

We tested using the Bayesian structure (BS) similarity meaptoposed in
this paper and Probability Rand (PR) index on original imadges. the car side
view data, the image patches are rst resize@@E 50. Equation 8) was used
to construct image af nity matrices, witD = 5 and2% = 1000. The results
are compared in Fig.13. The recall-precision equal error rates using BS and
PR are 87% and 82.5% respectively. These results are conipaoathe 88.5%
reported in ], though worse than the 92.2% obtained i) after exhaustive
search. From]5], they also appear comparable to the results of a bag-tiiies
method using dense sampling and k-means clustering, agdtkesigni cantly
better than a bag-of-feature method based on key-pointlgagmprom [L8], they
appear comparable to the results obtained there prior tyiagpreri cation.

For the face and car rear view data, BS and PR were tested omigjiieab
scale image patches wifh = 5 and2 £ 3% = 200. The results are compared
in Fig. 14. The recall-precision equal error rates on face and canviear data
using BS are 95.0% and 99.1% respectively. The latter reatdtsomparable to
the 98:2% reported by 10] after exhaustive search.

3.4.2 Image segmentation

To demonstrate the reliability of our Bayesian matching rogwe show that it
gives state-of-the-art segmentation results even thougmaximize similarity
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Figure 13: Car side view detection results.

Figure 14: Face and car rear view detection results.
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using a naive greedy merging algorithm. Given an image, a sith each pixel
as an individual segment. The algorithm merges neighbaneatsiff this in-
creases the Bayesian normalized structure mutual infoomattween the image
and the new segmentation. The algorithm stops when no morgimgecan be
performed.
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Figure 15: Data clustering. Left column: input data; Rightuoan: the resulting
clusterings by our methodlg; row: Gaussian clusters, results By= 150,%=
15Q 2,4 row: ring data, results bR = 50,%= 200

We rst apply this segmentation algorithm on two data clusig problems,
see Figl5, with an af nity matrix

M (m;n) = - exp(L47 ) if d(m;n) - D;
’ 0 if d(m;n) > D:

(18)

The %controls the expected cluster size for each data point asrefibre deter-
mines the structural complexity of the nal clustering. Téegmentation af nity
matrix uses the sania.
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For image segmentation, we use equati®nt® construct af nity matrix for
images withD = 5. Fig. 16 gives an example showing how the segmentation
algorithm works. As we can see, greedy grouping based onimilasty metric
gives very good segmentations.

Figure 16: Image segmentation as a naive greedy mergingegsdo increase
the similarity between the image and the segmentation.T{a¢. original image;
(b),(c). Two intermediate states of the merging procegs;Tlde nal result.

We can also easily segment many images simultaneouslyhvidigseful to
nd a constant structure across different samples of a nmd or object class.
Givenk images,F1; F;; :::; Fx, containing samples from one class, we want to
nd a segmentation that is the most consistent with all thages. The desir-
able segmentation should have the maximal average sityilaiih all images,
which can be ef ciently calculated from the average imagaigf matrix of the
k images: X
M ®(m;n) = M, (m; n)=k (19)
1=1: k

Our method handles multiple examples more ef ciently thaf].[ Fig. 17 gives
segmentations for the UIUC car side view data using the 55tipe training
samples, and for the face and car rear view data using theelf@ars in Fig9.

To improve the segmentations, we can start the merging wstmall % e.qg.
%= 1, then run the algorithm again with a larger sigma using tlevipus seg-
mentation as an initialization. The algorithm stops whendptimal segmentation
appears o¥is big enough. This improved method has a better chance afiago
local minima.

Fig. 18 gives some more segmentation examples using the improesdiygr
algorithm. All the image segmentations were performed difte image is resized
to 9600 pixel size. For comparison, we also give the bestteesy MNC and MS.
Our method preserves better the structures especiallyringgres at ner scales
than other compared methods.
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Figure 17: Segmentation results of the UIUC car trainingdas) face exemplars
and car rear view exemplar®. = 5. The intensity deviation used to generate the
average image af nity matrix arg%4 = 10000,2%% = 1000 and 2% = 10000
respectively.

4 Conclusions

We proposed using segmented images as middle-level repa¢isas for direct
recognition of objects. Unlike histogram—based descritour representation
can exploit accurately measured boundary con gurations.iMrfoduce a reliable
and ef cient measure for matching the mid—level structureegmented images.
Though segmentations cannot be computed reliably, ourrempets show that
oversegmentations preserve enough of the image structbeeuseful for match-
ing and recognition.

We also proposed a way to evaluate segmentation algorithmesnatically
and objectively, without comparison to human segmentatiddur results show
that mean-shift and multi-scale normalized cuts work Ipdttan the traditional
normalized cuts. For images with weak contrast betweers patlti-scale nor-
malized cuts gave more consistent performance than metin shi

Further more to address the problem caused by unreliabieesggtions, we
proposed a mutual information based Bayesian structurehingt¢echnique for
recognition. This new method is reliable and practical. rtivides new insights
into the connection between bottom-up segmentation araretton and can be
successfully applied in both elds. Experiments on botheabjrecognition and
image segmentation tasks showed that our approach ovescthreeunreliabil-
ity of bottom—up segmentation. We obtain state-of-thesagmentations using
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Figure 18:1 column: The original image; 2-4 columns: results by our rodth
MNC and MS respectively. The intensity deviations for theges are (top-down,
left-right): 5, 25, 45, 65, 90, 15, 40, 50, 50.
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a naive greedy merging approach, and state-of-the-argnéiban performance
using methods much simpler than those of the best perforoongpeting meth-
ods. As a reliable cluster matching technique, the Bayegractare matching
technique has potential applications in many other elds.
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