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Abstract

Segmentation and recognition have long been treated aspewate pro-
cesses. We propose a mechanism based on spectral grapiomadi
that readily combine the two processes into one. A part<éeseogni-
tion system detects object patches, supplies their paggahentations as
well as knowledge about the spatial con gurations of theechj The goal
of patch groupingis to nd a set of patches that conform betté object
con guration, while the goal of pixel grouping is to nd a sef pixels
that have the best low-level feature similarity. Througkebipatch in-
teractions and between-patch competition encoded in thé@ospace,
these two processes are realized in one joint optimizatiohlem. The
globally optimal partition is obtained by solving a congted eigenvalue
problem. We demonstrate that the resulting object segrientalimi-
nates false positives for the part detection, while oveiogrocclusion
and weak contours for the low-level edge detection.

1 Introduction

A good image segmentation must single out meaningful sirastsuch as objects from
a cluttered scene. Most current segmentation techniglesatdoottom-up approach [5],
where image properties such as feature similarity (brigbgntexture, motion etc), bound-
ary smoothness and continuity are used to detect percgptoakrent units. Segmentation
can also be performed in a top-down manner from object mpdglere object templates
are projected onto an image and matching errors are usedeiordee the existence of the
object [1]. Unfortunately, neither approach alone prodisaisfactory results.

Without utilizing any knowledge about the scene, image sagation gets lost in poor data
conditions: weak edges, shadows, occlusions and noisseMsbject boundaries can then
hardly be recovered in subsequent object recognition.aBkstis have long recognized this
issue, circumventing it by adding a grouping factor cafieahiliarity [6]. Without subject

to perceptual constraints imposed by low level groupingohject detection process can
produce many false positives in a cluttered scene [3]. Opeoggh is to build a better part
detector, but this has its own limitations, such as incréaslee complexity of classi ers

and the number of training examples required. Another aaproOn the other hand, is



based on the observation that the falsely detected part®aperceptually salient (Fig. 1),
thus they can be effectively pruned away by perceptual dzgian.
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Figure 1:Human body part detection. A total @i parts are detected, each labeled by one of the
ve part detectors for arms, legs and head. False positigesat be validated on two grounds. First,
they do not form salient structures based on low-level ceigs,the patch on the oor that is labeled
left leg has same features as its surroundings. Secondlg, fasitives are often incompatible with
nearby parts, e.g. the patch on the treadmill that is labiedéed has no other patches in the image to
make up a whole human body. These two conditions, low-lenabie feature saliency and high-level
part labeling consistency, are essential for the segnientaf objects from background. Both cues
are encoded in our pixel and patch grouping respectively.

We propose a segmentation mechanism that is coupled witbljeet recognition pro-
cess (Fig. 2). There are three tightly coupled processempilevel: part-based object
recognition process. It learns classi ers from trainingaiges to detect parts along with the
segmentation patterns and their relative spatial con gons. A few approaches based on
pattern classi cation have been developed for part deiad®, 3]. Recent work on object
segmentation [1] uses image patches and their gure-grdaineling as building blocks
for segmentation. However, this is not the focus of our pap@ottom-level: pixel-based
segmentation process. This process nds perceptuallyreoligroups using pairwise local
feature similarity. 3)Interactions: linking object recaion with segmentation by coupling
patches and corresponding pixels. With such a representatie concurrently carry out
object recognition and image segmentation processes. fdleoutput is an object seg-
mentation where the object group consists of pixels witheceht low-level features and
patches with compatible part con gurations.

We formulate our object segmentation task in a graph pamtitg framework. We repre-
sent low-level grouping cues with a graph where each pixehisde and edges between the
nodes encode the af nity of pixels based on their featurelanity [4]. We represent high-
level grouping cues with a graph where each detected patimégle and edges between
the nodes encode the labeling consistency based on priefd&dge of object part con g-
urations. There are also edges connecting patch nodesheithsupporting pixel nodes.
We seek the optimal graph cut in this joint graph, which sefe&rthe desired patch and
pixel nodes from the rest nodes. We build upon the computakiwamework of spectral
graph partitioning [7], and achieve patch competition gs$ive subspace constraint method
proposed in [10]. We show that our formulation leads to a trairsed eigenvalue problem,
whose global-optimal solutions can be obtained ef ciently

2 Segmentation model

We illustrate our method through a synthetic example showkig. 3. Suppose we are
interested in detecting a human-like con guration. Furthere, we assume that some
object recognition system has labeled a set of patches astqgigrts. Every patch has a
local segmentation according to its part label. The redognsystem has also learned the



Arm-1 ; Arm-2 ‘

Head

Leg-1 l Leg-2 ‘

Figure 2: Model of object segmentation. Given an image, we detectsedgiag a set of oriented
Iter banks. The edge responses provide low-level groupings, and a graph can be constructed
with one node for each pixel. Shown on the middle right is &frpatterns of ve center pixels
within a square neighbourhood, overlaid on the edge mapk Bans larger af nity. We detect a
set of candidate body parts using learned classi ers. Badylpbeling provides high-level grouping
cues, and a consistency graph can be constructed with oedaoglach patch. Shown on the middle
left are the connections between patches. Thicker linesirhetier compatibility. Edges are noisy,
while patches contain ambiguity in local segmentation aard labeling. Patches and pixels interact
by expected local segmentation based on object knowledgdhawn in the middle image. A global
partitioning on the coupled graph outputs an object segatient that has both pixel-level saliency
and patch-level consistency.



statistical distribution of the spatial con gurations dfject parts. Given such information,
we need to address two issues. One is the cue evaluatioreprpbe. how to evaluate
low-level pixel cues, high-level patch cues and their segiat@®n correspondence. The
other is the integration problem, i.e. how to fuse partial anprecise object knowledge
with somewhat unreliable low-level cues to segment out tijeat of interest.
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Figure 3:Given image on the left, we want to detect the object on thetyig 1 patches of various
sizes are detected (middle top). They are labeled as hedelt-upper-arm2, 9), left-lower-armg,
10), left-leg (11), left-upper-legd), left-lower-legf), right-armg), right-leg(7, 8). Each patch has a
partial local segmentation as shown in the center image. Objedispixe marked black, background
white and others gray. The image intensity itself has itsir@torganization, e.g. pixels across a
strong edge (middle bottom) are likely to be in differentiogg. Our goal is to nd the best patch-
pixel combinations that conform to the object knowledge daté coherence.

2.1 Representations

We denote the graph in Fig. 2 &y = (V;E;W). LetN be the number of pixels and
M the number of patches. Lét be the pixel-pixel af nity matrix,B be the patch-patch
af nity matrix, and C be the patch-pixel af nity matrix. All these weights are assed
nonnegativeLet g and ¢ are scalars re ecting the relative importanceBondC with
respect tA. Then the node set and the weight matrix for pairwise edgE aet:
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Object segmentation corresponds to a node bipartitionioglem, wherev = Vi [ V2
andVi\ V, = ?. We assum&; contains a set of pixel and patch nodes that correspond to
the object, and/; is the rest of the background pixels and patches that carnesip false
positives and alternative labelings. ¢t be an(N + M) 1 vector, withX (k) = 1

if nodek 2 V1 andO otherwise. It is convenient to introduce the indicator¥r where
X>=1 X,andlisthe vector of ones.

We only need to process the image region enclosing all thectbat patches. The rest
pixels are associated with a virtual background patch, whie denote as patdd + M,

in addition toM 1 detected object patches. Restriction of segmentatiorigoegion of
interest (ROI) helps binding irrelavent background elete@mto one group [10].

2.2 Computing pixel-pixel similarity A

The pixel af nity matrix A measures low-level image feature similarity. In this paper
choose intensity as our feature and calcuatbased on edge detection results. We rst
convolve the image with quadrature pairs of oriented Itewsextract the magnitude of
edge response3E [4]. Leti denote the location of pixel Pixel af nity A is inversely
correlated with the maximum magnitude of edges crossingjribeconnecting two pixels.
A(i;j ) islowif i, j are onthe two sides of a strong edge (Fig. 4): |
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Figure 4:Pixel-pixel similarity matrixA is computed based on intensity edge magnitudes.

2.3 Computing patch-patch compatibility B and competition

For object patches, we evaluate their position compaijtalccording to learned statistical
distributions. For object part labetsandb, we can model their spatial distribution by a
Gaussian, with mean,, and variance 4, estimated from training data. Lpbe the object
label of patclp. Letp be the center location of patgh For patcheg andq, B (p; g) is low

if p, g form rare con gurations for their part labefsandq (Fig. 5a):

1
Bpid=exp 5@ 9 ) @ 9 pa) ®3)

We manually set these values for our image examples. As taittual background patch
node, it only has af nity ofl to itself.

Patch compatibility measures alone do not prevent theetepixel and patch group from
including falsely detected patches and their pixels, nesdbfavor the true object pixels to
be away from unlabeled background pixels. We need furthesteaints to restrict a feasible
grouping. This is done by constraining the partition inttic . In Fig. 5b, there are four
pairs of patches with the same object part labels. To encagdaahexclusion between
patches, we enforce one winner among patch nodes in coipetior example, only one
of the patche§ and8 can be validated to the object grodp; (N +7)+ X (N +8)=1.



We also set an exclusion constraint between a reliable gatdithe virtual background
patch so that the desired object group stands out alone wtithese unlabeled background
pixels, e.gX1(N +1)+ X3(N + M) = 1. Formally, letS be a superset of nodes to be
separated and I¢t j denote tr>1(e cardinality of a set. We have:

X1(K)=1; m=1:jSj: (4)

B(1;2) 1 k2 Sm 7 and 8 cannot both be
B(10;5) O part of the object
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Figure 5:a) Patch-patch compatibility matri is evaluated based on statistical con guration plau-
sibility. Thicker lines for larger af nity. b) Patches of ¢hsame object part label compete to enter the
object group. Only one winner from each linked pair of pascta@n be validated as part of the object.

2.4 Computing pixel-patch associatiorC

Every object part label also projects an expected pixel segation within the patch win-
dow (Fig. 6). The pixel-patch association mattixras one column for each patch:

L 1, ifiis an object pixel of patch,
C(ip) = 0; otherwise. ()

For the virtual background patch, its member pixels aredlongside the ROI.
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Figure 6:Pixel-patch associatio@ for object patches. Object pixels are marked black, backgto
white and others gray. A patch is associated with its obje&tipin the giverpartial segmentation.

Finally, we desire g to balance the total weights between pixel and patch grggorthat
M N does not render patch grouping insigni cant, and we wanto be large enough

so that the results of patch grouping can bring along theo@ated pixels:
- 0012 AL = 2 (6)
BT VTR ¢~ maxC’
2.5 Segmentation as an optimization problem

We apply the normalized cuts criterion [7] to the joint pigeltch graph in Eq. (1):
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=)
D is the diagonal degree matrix W, D(i;i) = =, W(i;j). Letx = X; XllTT%Xll.

By relaxing the constraints into the form bff x = 0 [10], Eq. (7) becomes a constrained

eigenvalue problem [10], the maximizer given by the noifikeading eigenvector:
T

X = argmax - S. t.LTx=0: (8)
QD 'wx = x ; 9)
Q = | D WL™D L) LT: (10)

Once we get the optimal eigenvector, we comphbehresholds uniformly distributed
within its range and choose the discrete segmentation thlaisythe best criterion Below
is an overview of our algorithm.

. Compute edge respon®E& and calculate pixel af nityA, Eqg. (2).

Detect parts and calculate patch af nBy, Eq. (3).

Formulate constraint andL among competing patches, Eq. (4).

Set pixel-patch af nityC, Eq. (5).

Calculate weightsg and ¢, Eq. (6).

FormW and calculate its degree matiix, Eq. (1).

SolveQD 'Wx = x ,Eg.(9,10).

Thresholdk to get a discrete segmentation.
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3 Results and conclusions

In Fig. 7, we show results on ti20 120synthetic image. Image segmentation alone gets
lost in a cluttered scene. With concurrent segmentationraaolgnition, regions forming
the object of interest pop out, with unwanted edges (caugeattiusion) and weak edges
(ilusory contours) corrected in the nal segmentation.idtalso faster to compute the
pixel-patch grouping since the size of the solution spageéatly reduced.
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Figure 7:Eigenvectors (row 1) and their segmentations (row 2) for BigOn the right, we show the
optimal eigenvector on both pixels and patches, the hotétaotted line indicating the threshold.
Computation times are obtained in MATLAB 6.0 on a PC withHz CPU andlG memory.

We apply our method to human body detection in a single im¥¢emanually label ve
body parts (both arms, both legs and the head) of a persoringatk a treadmill in all



32 images of a complete gait cycle. Using the magnitude himlded edge orientations
in the hand-labeled boxes as features, we train linear Fidhssi ers [2] for each body
part. In order to account for the appearance changes oftis lihrough the gait cycle, we
use two separate models for each arm and each leg, bringngtdl number of models
to 9. Each individual classi er is trained to discriminate bewn the body part and a
random image patch. We iteratively re-train the classi esing false positives until the
optimal performance is reached over the training set. Iritimehg we train linear color-
based classi ers for each body part to perform gure-growigtrimination at the pixel
level. Alternatively a general model of human appearansedan Iter responses asin [8]
could be used. In Fig. 8, we show the results on the test imagigi 2. Though the pixel-
patch af nity matrix C, derived from the color classi er, is neither precise homgiete,
and the edges are weak at many object boundaries, the twegzesx complement each
other in our pixel-patch grouping system and output a reasigrgood object segmentation.

segmentation alon&8 seconds segmentation-recognitié8:seconds
Figure 8:Eigenvectors and their segmentations for2b& 183 human body image in Fig. 2.
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