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ABSTRACT

Dong, Xiaogang Ph.D., Purdue University, May, 2007. Docainiage Classi cation and
Nonlinear Diffusion Filtering for Image Segmentation andi$¢ Removal. Major Profes-
sor: llya Pollak.

We develop a real-time, strip-based, low-complexity doentrpage classi cation al-
gorithm, which can be used as a copy mode selector in the dppljine. It analyzes the
scan images and classi es them into one of eight modes. Madeshe combinations
of mono/color and text/mix/picture/photo settings. Modiessi cation is 29accurate with
misclassi cations tending towards benign modes. The benef such a copy mode se-
lector include improving copy quality, simplifying userntémaction, and increasing copy
rate.

We propose a novel family of nonlinear diffusions and applpithe problem of seg-
mentation of multivalued images de ned on arbitrary graphkese equations generalize
previously proposed scalar-valued diffusion equationglwhave been used for segment-
ing grayscale images. We demonstrate the effectivenesaraiew methods on a large
number of color, texture and natural image segmentatidestad/e in addition introduce
another extension of our diffusion equations which can @sscorientation images, i.e.,
images whose every pixel takes values on a circle.

We analyze a speci c scalar-valued diffusion equation amalsthat it can be used as
an approximate method for solving the constrained totahtian minimization problem

posed by Osher, Rudin, and Fatemi.



1. MULTISCALE SEGMENTATION WITH VECTOR-VALUED
NONLINEAR DIFFUSIONS ON ARBITRARY GRAPHS.

1.1 Introduction.

The use of partial differential equations in image progasgsias been developed over
the last twenty years for various tasks such as restoragoonstruction, and segmentation,
among others (see, for example, [1-4] and references t)erEne input image is treated
as the initial data for a diffusion-like differential equat [5-8]. The unknown in this
equation is usually a function of three variables: two spatariables (one for each image
dimension) andscale This function of three variables is called tkeale-spaceand is
alternatively viewed as a collection of 2D images, one imagevery value of the scale
parameter.

The scale is sometimes also calliéhe because of the similarity of such equations
to evolution equations encountered in physics. In fact, @inthe starting points of this
line of investigation was the observation [5, 8] that smowhan image with Gaussians
of varying width is equivalent to solving the linear heatfasion equation with the im-
age as the initial condition. Speci cally, the solution teetheat equation at tinteis the
convolution of its initial condition with a Gaussian of vamnice2t. Gaussian ltering has
been used both to remove noise and as a pre-processor fodetigtion procedures [9].
It has serious drawbacks, however: it displaces and remiowesrtant image features,
such as edges, corners, and T-junctions. The interpretatiGaussian Itering as a linear
diffusion led to the design of other, nonlinear, evolutiguations, which better preserve
these features [1, 7,10-12]. For example, one motivatiothi® work in [7] is achieving
both noise removal and edge enhancement through the useqbiation which in essence
acts as an unstable inverse diffusion near edges and asla latalar-heat-equation-like

diffusion in homogeneous regions without edges.



The anisotropic diffusions introduced in [7,13] were th@pof departure for the devel-
opment of stabilized inverse diffusion equations (SIDEJ1H4]. It was shown in [14] that
SIDEs may be viewed as a conceptually limiting case of themeMalik diffusions. As
shown in [14], the scale-space of such an equation is a favshgiecewise-constant approx-
imations of the original image, with larger values of thelsqaarametet corresponding
to approximations at coarser resolutions. Since the afppedions are piecewise-constant,
the scale-space can also be viewed as a ne-to-coarse fafriggmentations of the image,
and the process of evolution can be viewed as a region-ngepgotedure whereby pairs of
regions get recursively merged to result in progressiverser segmentations. SIDEs are
therefore naturally suited to the problem of image segntiemtaT heir effectiveness for the
segmentation of grayscale images was shown in [14]. It was etperimentally demon-
strated in [14] that SIDEs are robust to noise outliers andrinlg, and their optimality for
certain estimation problems was proved in [15, 16]. In addjtSIDEs lend themselves to
faster algorithms than other evolution equations, sing@remerging reduces the dimen-
sionality of the system during evolution.

Since they produce piecewise-constant approximationsewer, the original SIDEs
are not well suited to the problem of texture segmentatioms @if culty is common to
many texture analysis problems, and is typically overcontie a/preprocessing step which
extracts features from a textured image [17-31]. The gotdaifire extraction is to obtain
data which is closer to being piecewise-constant than tiggnat textured image. We use
the output of a Gabor Iter bank as the feature image, folloyva large body of literature
(see, e.qg., [17,20-23, 26—29]) which has shown the effeatiss of Gabor features for
texture analysis. If there ate lters in the Gabor Iter bank, then each pixel of the feature
image haK values. (We note here that other features can be used, andhalsthere
exist many other situations which can give rise to vectduned image data, such as color
images or outputs from multiple sensors [32].) In Sectid) We introduce vector-valued
diffusions which can segment such vector-valued images. plpose a novel, exible

way of weighting the features during the evolution whicloat us, for example, to weight



ne-scale features more heavily at the beginning of the ewoh—i.e., for small values of
t—and to weight coarse-scale features more heavily duritatier stages of the evolution.

We in addition develop a novel general way of introducing iotir diffusion equations
the information about the shapes of the image regions. Shieme in Section 1.2 where
our diffusion is interpreted as a gradient descent proeefiura certain energy functional.
Both the structure of the underlying space where the gradestent occurs, and the energy
functional itself, are dependent on the image regions.

We illustrate our algorithm in Section 1.4 by applying it tegsnenting noisy color
images. Section 1.5 provides a thorough experimental atratu of our algorithm. We
show that it outperforms several existing methods in a tyagktexture segmentation tasks.

We give several examples of segmentation of natural imag8edtion 1.6.

1.2 SIDEs for Vector-Valued Images De ned on an Arbitrary Domain.
1.2.1 Scalar-Valued Diffusions on an Arbitrary Domain.

We de ne a real-valued image on an arbitrary nite $¢tof points as any function
which assigns a real number to every poinhin In our segmentation tasks, it is important
to de ne adjacency relationships on the pointd\n and therefore we assume thtis
the set of nodes of an undirected graph= (N ;L) where the seL of links consists of
unordered pairs of distinct nodes. flifn; ng is a link, we say that the nodes andn are
neighbors For example( could be a nite 2D rectangular grid where each node has four
neighbors: east, west, north, and south, as in Fig. 1.1(a).

We letN be the total number of nodes and, without loss of general@gpte the nodes

by the integerdl; 2;:::;N, i.e., we assume thdd = f1;2;:::;Ng. Animageu can

useu(t) to denote a parametric family of images de ned on thelsetor all values of
a continuous-valued nonnegatiseale parametet, and we call the collection of images

fu(t)g, ascale-space



To describe the speci ¢ scale-space that we use in this papgeneed the following
further de nitions. We say that a set of nodBs N is aregionif, for any two nodes
m;n 2 R, there exists gath betweenm andn—i.e., a sequence of links of the form
fm;myg, fmy;mog, :::, fmg 1;mgg, fmy; ng. Two disjoint regionsR;, R, are called

neighborsif there exist two nodesn 2 R;, n 2 R, which are neighbors, i.e., such that

we letNBR-PRSbe the set of all pairs of neighbor regionsSnand we leiNBRS(R;) be
the set of all regions i1$ that are neighbors of a regidty 2 S. For example, a partition
S consisting of three regions is shown in Fig. 1.1(a). In thiareple, each region is a

neighbor of the other two.

images which are constant over each regipr2 S. One such image, for the partition in
Fig. 1.1(a), is shown in Fig. 1.1(b). We usgu) to denote the intensity of any such image
u within regionR;. Note thatUs is a vector space. To impose a metric on this space, we

de ne the following inner product.

X
husvi 2 a(Ry) i(u) (v); (1.1)

i=1
wherea(R;) is a positive weight function which enables us to weight tbetdbutions of
various regions differently. For examplaR;) may encode some information about the
shape (or size, or location) &%;.
We consider functionalg de ned for images irlJs which have the following form:

X
E(u) = b(Ri;R;) E( i(u)  j(u)i); (1.2)

fRi;Rj g2NBR-PRS
whereb(R;; R;) is a positive weight function witl(R;; R;) = b(R;;R;), andE is such
thatE (0) = 0 and its derivativeE x), is positive forx > 0. The function(R;; R;) allows
us to assign different weights to different pairs of regicascording to, for example, the

shape or length or the boundary betwégrandR; .



Fig. 1.1.: (a) A graph and its partitio® into three regions. (b) An image 2 Us whereUs is the space of

all images which are constant over each regio8 ofc,d,e) Three vectors which form an orthonormal basis

for Us.

Given an imagai(0) 2 Us, we generate a scale-spacgt) by solving the following

gradient descent procedure for O:

u(®)= re (u(1); (1.3)



whereu(t) is the derivative ofi(t) with respect to the scale parameteandr stands for
the gradient in the spadds equipped with the inner product (1.1). We now show how to

implement this descent equation.

Lemmal Fori =1;:::;1, letthe images; 2 Us be the indicator function of the region
R; multiplied by1:p a(Rj), i.e., let
8
< pLl_ ifj =i
()= AR fori;j =1;:::;1: (1.4)
0 ifj 6

These images then constitute an orthonormal basis/§or

Proof. Using Eq. (1.1), it is easily shown that thdsenages are orthonormal. Sintk is

anl -dimensional space, they form an orthonormal basitJtor n
The three indicator functions for the regions of Fig. 1.Hg shown in Figs. 1.1(c-e).

They form an orthogonal basis for the spa&ede ned by the partitionS of Fig. 1.1(a)

(and ifa(R;j) = 1 then this basis is orthonormal).

Proposition 1 The gradient descent procedure (1.3) can be equivalentlitemtias fol-
lows:

1 X . .
= RiR)——EY | jifori=Linnl (L
ST AR ey R Uy ford (-5
] I

whereEis the derivative oE .

orthonormal basis for the spatk. This means that any imaggt) which is an element

of the spacéJs, can be represented as a linear combination of these bassve

X
ut)y=  c(te;

i=1

where tha-th coef cient ¢ (t) is the inner product of the image with theh basis vector:

a(t)y = hu(t) e

When there is no possibility of confusion, we abbreviatéu(t)) as ;.




X
=007 R @) @)
j=1
Eq.(1.4) a(Ri) | (u(t))Pﬁ

- "awy (L6)

where in the last expression we have abbreviated (u(t)). Eq. (1.6) can be sub-
stituted into Eq. (1.2) to write the function&lin terms ofc's. This yields the following
gradient descent in the coordinates:
8 !
@&@_ @ X 1 1
G = == = bRi;R)) E P G P===G .
@c Q@c: FRIR, gZNBR-PSS a(Ri) a(Rj ) )
X R;R) c= aR) ¢= aR) a |
FRR) - a5, &) Q_ Eqje= aR) 6= a(R))):
rRowersry) AR j6= aRi) = a(R))j

Il ©

Using Eg. (1.6) again to rewrite this in terms qfs, we get:

p X Ri;R i o .
a(Ri) i = % iR ———EY ;)
Rj 2NBRS(Rj) a(Ri) J ! i)
which is the same as Eq. (1.5). n

Note that the general paradigm of de ning scale-spaceautfiirovarious gradient de-
scent procedures is standard [1,7,8,11,14], and is typicaplemented on a four-neighbor
grid (see Fig. 1.1(a)) using an energy functional of the form

X . .
E(juc  unj):

fk;ng2NBR-PRS

In this case, the gradient is taken in the whole sgRlteequipped with the standard inner
product. Note that this is a special case of our framewortty @ach region consisting of a
single pixel, witha 1in Eqg. (1.1), and 1in Eq. (1.2). A key novelty of our method
consists of generalizing this pixel-based approach tdrargiregions. Our generalization
of the energy functional is Eq. (1.2), the standard innedpcbis generalized by the inner
product (1.1), and the gradient descent occurs in the dpaeguipped with this new inner

product.



1.2.2 Vector-Valued SIDEs on an Arbitrary Domain.

We have assumed so far that the image intensities are sc#araow generalize our
evolution equations (1.3,1.5) to the case when each imagasity is aK -dimensional

vector. In this case, an image can be thought of as aN K -dimensional vector:

An intensity vector can, for example, be the vector of redegt and blue intensities for a
color image, or correspond t features extracted from a texture image. Each entry of an
intensity vector is called aomponent

To de ne a metric on the spad®® of all intensity vectors, we use the following inner

product between two intensity vectasg andt,:

. 4 X(
Nt thiw = UmkWiUnk ; (1.7)
k=1
where the positive weights = (wy;:::;wk ) allow us to assign different relative impor-

tance to different components of an image. We denote the normasponding to this inner
product byk k.

be the set of all piecewise constant images which are cansten each regioiir; in the
partition. We now use-;(u) to denote the vector intensity of any such imagevithin
regionR;. We de ne an inner product on the spddeg by generalizing our de nition (1.1)

as follows:
X

husvi 2 a(Ri) hei(u);~i(vV)iw; (1.8)
i=1
whereh i, is the inner product for the intensity vectors de ned in Ef.7).
We again generate a scale-space of imageks jistarting with a given image(0) 2 Us
and using the descent procedure (1.3) where the functibisahe following generalization

of Eq. (1.2): X
E(u) = b(Ri;R;) E(k=i(u) ~j(u)kw): (1.9)

fRji;Rj g2NBR-PRS



—

0 0

(@) (b)

Fig. 1.2.: (a) A SIDE energy functioi . (b) Its derivativeE °.

Proposition 2 The gradient descent procedure (1.3) for vector-valuedjesaan be equiv-

alently written as follows:

1 X -~ o~ _
= = Ry b(Ri;Rj)ﬁEo(kj ~ky); fori=1;:::;1:  (1.10)
: Rj 2NBRS(Rj) ] 1w
Proof. Similar to the proof of Proposition 1. m

We use a SIDE energy functidh [14, 33, 34]—i.e., a functioi such that
E%x) < Oforx> 0; (1.11)
as illustrated in Fig. 1.2(a). In addition, we impose that
)I(i!mOEO(x) =+1; (1.12)

as shown in Fig. 1.2(b). For exampke(x) = P x has the desired shape. With this choice
of the functionE, Eq. (1.10) is well suited for segmentation since it encgeasahe merging
of pairs of neighbor regions. Speci cally, as we presentgw, the two properties (1.11)
and (1.12) ensure that the solution of Eq. (1.10) is attchtdesubspaces afs which have
the formU;; = fv : ~j(v) = ~j(v)gwheref R;; Rjg 2 NBR-PRS To see this, note that, if
the solutionu(t) is very close to one such spadg and is away from all other spacbs;

then Eq. (1.12) implies th&%k~; ~kw) >>E Yk~ ~kw), and therefore the dynamics

for both~; and~; will in this case be dominated by the term involviEd’(k~j ~iKw).
Denoting~; = ~;  ~i, we then have, from Eq. (1.10):
= = L ol WRIR) T EYky ka): (1.13)
7 a(Ry) a(Ry) U K K e '
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Letx = k~; k. Then Eq. (1.13) can be shown to imply

x = CE%x);

1 N 1
a(Ri) a(Ry)
sinceE %< 0 we have that

whereC = b(Ri; R;) > 0. SinceEqx) > 0, we have thak < 0, and

x= CE%x)x = C?E%X)Eqx) < ©;

which means thak will reach zero in nite time. When this happens; = ;, and
we effectively have a partition which is coarser than thdipan S since nowR; [ R;
can be viewed as a single region. This motivates the follgwmltiscale region-merging

segmentation algorithm.
1. Settimt 0.

2. Given a partitionS of N and an imageu(ti,: ) 2 Us, evolve Eq. (1.10) fot >
tinie  until the timetpmerge When~i(U(tmerge)) = ~j(U(tmerge)) (Nnumerically, when
K~i(U(tmerge))  ~j (U(tmerge)) kw <" where" is a small parameter) for some pair

of neighbor region$R;; R; 9.
3. Remove regionR; andR; from S and add regiolR; [ R;:

S Snf R;Rjg[f R [ Rjo:

4. If the desired number of regions is reached, stop. Elseedie values of the
functionsa andb for the newly formed region, adjust the weightg (if desired),

assigntinit tmerge, @Nd go to Step 2.

We point out that, while Eq. (1.10) is the gradient descenttfe functionakE of Eq. (1.9),
the solution of interest is not a minimum Bf because of the stopping rule in Step 4 of the
above algorithm. Indeed, minimizirg is trivial and is achieved by any constant image,
i.e., by setting-; (u) = ~;(u) for alli andj, to result inE = 0. Such a constant image will

eventually be reached by the above algorithm if no stoppuhgis used.
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1.3 Characterizing the Performance of a Segmentation Algathm.

We now describe the methodology for evaluating the perfoaaf our algorithm in
the color and texture segmentation experiments of Sectighand 1.5. If the true region is
Ri whereas the region extracted by our algorithRiswe de ne the mismatcM (R;; R;)
between the true and estimated regions as the set of all nduiekl are in one of these

regions but not in their intersection:
M (Ri;R) 2 (RinR) [ (RinR):

We assume in all our experiments that the target number aobried is given. The

[I
MISMATCH(S;S; )2 M(Ri:R ()):
i=1
To characterize the performance of our segmentation algoyiwe choose the best match
as follows:

Z argmin MISMATCH(S; $; ) :

Then we de ne

1R

MISMATCH(S;S; )
jERRORSET(S; )]
INj

ERRORSET(S; S)

1R

ERRORPERCENTAGKS; §) 100%

i.e., the error percentage is de ned as the ratio (in pejoafinthe number of mismatched

pixels to the total number of pixels.

1.4 Segmentation of Color Images.

We rst illustrate our segmentation algorithm by applyirtiga color images which are

viewed asR3-valued images with red, green, and blue components. | tegseriments,

P

we useE (x) = X, seta(R;) to be the are§R;j of regionR; (i.e., the number of nodes in
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(@) (b) ()

Fig. 1.3.: (a) A test image; (b) its noisy version (normalized); (c)es¢¢d boundary, superimposed onto the

noise-free image.

R;), initialize each pixel to be a separate region, and usegir-eeighbor model where the
neighbors of pixeh are the eight pixels surroundimg We setR;; R;) to be the length
of the boundary betweeR; andR;—i.e., the number of such linksm; ng thatm 2 R;
andn 2 R,.

1.4.1 Experiment 1: A Simple Shape.

We start by applying our vector-valued SIDE to the color imagFig. 1.3. The image
in Fig. 1.3(a) consists of two regions: two of its three caomponents undergo an abrupt
change at the boundary between the regions. More predefyred, green, blugcompo-
nent values aré0:1; 0:6; 0:9g for the background anfi0:6; 0:6; 0:5g for the square. Each
component is corrupted with independent white Gaussiasenwhose standard deviation
is 0:4. The resulting image (normalized in order to make everylgikevery component be
betweerD andl) is shown in Fig. 1.3(b). We evolve our vector-valued SIDElo& noisy
image, until exactly two regions remain. The nal boundayperimposed onto the initial
image, is depicted in Fig. 1.3(c). The algorithm is very aatelin locating the boundary:
the error set occupies less thaib% of the pixels for thistO0O 100image. This is a typical

result, as con rmed by Table 1.1 which shows segmentatisultefor 100 different white
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Table 1.1: Statistics of the errors (in percentages of the total nurabpixels) in the color image segmenta-

tion experiments.

Min | Max | Avg | Std
Color Experiment 1] 0.4% | 1.3% | 0.7% | 0.2%
Color Experiment 2 0.5% | 1.4% | 0.8% | 0.2%

(@) (b) ()

Fig. 1.4.: (a) A test image; (b) its noisy version (normalized); (c)ab¢d boundary, superimposed onto the

noise-free image.

Gaussian noise realizations with standard deviafidnadded to the noise-free image of

Fig. 1.3(a). The average error in these experimeris/i%.

1.4.2 Experiment 2: A Complicated Shape.

A similar experiment, with the same level of noise, is contddd¢or a more complicated
shape, whose image is in Fig. 1.4(a). The result of procg$sanoisy image of Fig. 1.4(b)
is shown in Fig. 1.4(c). Inthis00 100image,0:7% of the pixels are errors. The results of
a Monte-Carlo experiment with 100 different noise realimasi are recorded in the bottom

row of Table 1.1, showing that the average errd.&%.
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1.5 Texture Segmentation.
1.5.1 Feature Extraction.

The use of Gabor features [35, 36] is a well establishedeglyah the texture analysis
literature [17,20-23, 26—29]. We adopt Gabor energy featitom [23, 27, 29]. These
features depend on three parameters: orientati@tale , and frequency o, which we
abbreviate as 2 ( ;! o). Given animagé (x;y), the Gabor energy featuté€x;y; )
at orientation , scale , and frequency  is calculated by Itering the image with a
pair of Gabor Itersh¢(x;y; ) andhg(x;y; ) to obtain the Itered images.(x;y; ) and

0s(X;y; ), respectively. These Itered images are then combined via:

p
uxy; )= gy )2+ gs(xy; )= (1.14)

In our experiments, the Gabor Iter pair is the following paf Iters with quadrature

phase relation [23, 27, 29]:

ho(x;y; ) = e % “0**¥)cos( ox);
he(x:y; ) = e % “0**¥)gin( ox);
where
X = XCO0S +ysin;

y Xsin + ycos:

The frequency responses of these two lters are:

n 0
2 g 05 2 x+1 o)+ ] 4 g 05 2[(1x 1o)2+12]

He(!xity; )

n
Hs(! xily: ) 2P e 08 Mt g 05 A T

where

'y = !yxcos +!ysin;

'y = Iysin +!ycos:
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(@) (b) (€) (d)

Fig. 1.5.: A pair of Gabor functions with quadrature phase relatior).efgen impulse response; (b) corre-

sponding frequency response

; (€) odd impulse response; (d) corresponding frequengorese

Note thatH(! x;! y; ) isareal-valued, even function ald(! x;! y; ) is apurely imaginary-
valued, odd function. Both these Iters are bandpass Itezatered af! ocos ;! ¢sin )
in the frequency domain.

Fig. 1.5 shows the intensity map of a pair of Gabor Iters ie gpace and frequency
domains. The even Gabor ltdr.(x;y; ) is presentedin Fig. 1.5(a), and the corresponding
odd Gabor lIterhs(x;y; )isinFig. 1.5(c). Fig. 1.5(b) shows the real parttf(! «;!y; )
since it is a real function in the frequency domain. SimylaFig. 1.5(d) shows the imagi-
nary part ofHs(! ;!y; ).

Feature selection for texture analysis is an active rebesga. For example, features
based on wavelets [18, 19, 26, 30, 37-39] and wavelet paf4t40, 41] have been pro-
posed. We emphasize that while we use the Gabor energy dsatuithe texture seg-
mentation experiments presented in this paper, our veetoed diffusion algorithm of

Section 1.2 can be used in conjunction with any set of feature

1.5.2 Parameter Settings.

In order to accurately analyze a repetitive structure sgch @xture patch, data points
are needed which cover at least a few periods. We therefergresthat in our texture

segmentation tasks, the areas of the regions cannot bemeatl and design the evolution
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(1.10) to encourage the formation of large regions. In @lekperiments, the initial seg-
mentation takes every pixel to be a separate region. We a&sthah the correct number
of regions is known, and stop the evolution when this numbeegions is reached. At
the beginning of the evolution, when most regions are smaluse ne-scale Gabor fea-
tures. We use coarse-scale Gabor features towards the #&mel @folution since, as small
regions aggregate into larger ones, coarse-scale fedteicesne more informative. In addi-
tion, the existence of only large regions towards the entd@gt/olution allows us to build
histograms of Gabor Iter outputs within each region as ssigd in, for example, [21].

These design considerations motivate the following cleioethe parameters.

To encourage relatively rapid evolution of small regiong wsea(R;) = |R;j +
(jRij=100) where the arefR;j of R; is the number of nodes iR;. For small regions,
a(Ri) ] Rjj; however, for larggR;j the cubic term dominates and slows down the

evolution of~;.

We evolve Eqg. (1.10) in two stages. Each stage uses a diffse¢of features. In
stage 1, we use eight-dimensional feature vectors comgisfi Gabor features at a
ne scale = 1:5and eight orientations. (When selecting the scales anddregess,
we use a procedure similar to [22] in order to obtain a goo@aye of the frequency
plane.) In stage 2, we use 325-dimensional feature vectorstizicted as follows.
For every region, we take 25-bin histograms of 12 Gabor feat(three scales =

1.5; 3; 6, four orientations per scale), and in addition we take a iB5Aistogram of

the original grayscale imageWe stop stage 1 and start stage 2 as soon as the area

of every region is at least 500 pixels.

As in the previous section, we F€{(x) = P x and letb(R;; R;) be the length of the
boundary betweeR; andR; .

2Note that this two-stage procedure is equivalent to runbith stages with all 333 features, but setting the
weightswy to zero during each stage for the features that are not usewdhat stage.
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(a) Test images. (b) Our segmentation results. (c) The grturh. (d) Error pixels (in black).

Fig. 1.6.: Segmentation results for two two-texture images with giraboundaries (top two rows) and two

two-texture images with random boundaries (bottom two jows

Table 1.2: Statistics of the errors (in percentages of the total nurobpixels) in the two-texture segmenta-

tion experiments.

Min | Max | Avg | Std
Experiment 1 (straight boundary)0.2% | 3.6% | 0.6% | 0.4%
Experiment 2 (random boundary).4% | 4.4% | 1.2% | 0.6%

We have tried many different parameter settings and fousithilr segmentation results are
not very sensitive to changes of the parameters. The reddteh experimental sensitivity

analysis for one of our experiments are reported in Sectibrb1
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1.5.3 Experiment 1. Two Textures, Straight Boundary.

We form 90 two-texture test images using all pairs of ten Biotxtures [42F Each
test image is obtained by concatenating t&6 256 texture images. Our nonlinear
diffusion is evolved until two regions remain. The resufisTable 1.2 and in the top two
rows of Fig. 1.6 show that our segmentations are very aceuvath only 0.6% average

error.

1.5.4 Experiment 2: Two Textures, Random Boundary.

In the second experiment, 100 test images are generategl tuginBrodatz textures,
D4 and D84, separated by random boundaries which are 10pendent realizations of a
correlated Gaussian random process. Examples of such aeesdre shown in the two
bottom panels of Fig. 1.6(c), and the corresponding tesg@aare shown in Fig. 1.6(a).
The results are summarized in Table 1.2 and show that, agamalgorithm produces
consistently reliable segmentations, with only 1.2% agerarror. In this experiment, it
is not easy to visually discern the boundary; the boundasacted by our algorithm
(Fig. 1.6(b)), however, are very close to the actual onese mismatches between the

extracted boundary and the actual one are shown in Fig.)1.6(d

1.5.5 Experiment 3: Comparison to [21].

In [21], a segmentation algorithm was developed which opes an objective func-
tional obtained from a statistical model of Gabor coef d@nThe database used in [21]
contains100 512 512 ve-texture images two of which are shown in the left column
of Fig. 1.7(a). The corresponding segmentations produgezlibalgorithm are shown in
Fig. 1.7(b), and the mismatch between the edges found bylgaritam and the actual
edges is in Fig. 1.7(d). The median error percentage on Himbdse reported in [21] is

3The Brodatz texture images were obtained frawaw.ux.his.no/ tranden/brodatz.html
“www-dbv.cs.uni-bonn.de/image/mixture.tar.gz
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(a) Test images. (b) Our segmentation results. (c) The grtuth. (d) Error pixels (in black).

Fig. 1.7.: Segmentation of two ve-texture images from [21].

2:65% our median error percentageligil8% The mean error percentage, estimated from
the histogram given in [21], is abo&®6, our mean error percentage23% The his-
togram of the error percentage in Fig. 1.8(a) shows thatnfost images, our algorithm's
error percentage is belo®?q very few images result in large errots.

We note that the algorithm of [21] operates®n 8 image blocks rather than on pixels.
If we convert our segmentation results8o 8 blocks by assigning every block to a single
region according to the majority of the pixels in the blockr amedian and mean error
percentages go up ®©21%and2:79% respectively.

We in addition use the top image from Fig. 1.7(a) to illustrtte robustness of our
algorithm to parameter changes. WedéR;) = jR;j + (jRij=PARAMETERL1)3, and run the
segmentation algorithm withkARAMETERL = 50; 75; 100 125 150and with all the other
parameter values as described in Section 1.5.2. The retghé in Table 1.3 demonstrate
very similar performance of the algorithm for all ve setjs of PARAMETERL. We let

PARAMETERZ2 be the number of bins in the Gabor histograms for Stage Zeddltjorithm,

SA large error typically results when a signi cant segmenaafedge is completely missed by the algorithm,
as in the top row of Fig. 1.9.
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Fig. 1.8.: (&) The empirical distribution of the percentage of erroefs for the 100 test images from [21];

(b) Comparison of the percentage of error blocks for ourrédigm and the algorithm from [21].

and run the algorithm witRARAMETER2 = 15; 20; 25, 30; 35and with all the other param-
eter values as described in Section 1.5.2. As shown in Tad]é¢Hke results are identical for
these ve parameter settings. Similarly, starting stage 8aon as the area of every region
is at leastPARAMETER3 pixels, and settingARAMETER3 to 40Q 450 500, 550 600 also
yields identical results, as shown in Table 1.5.

Finally, we use this experiment to evaluate the running toheur region-merging
algorithm. Excluding the feature extraction stage whictosimon to most typical texture
segmentation algorithms, the average running time of tg@mmemerging itself for these
100512 512images is 120 seconds, with standard deviation 25 secondsRentium
4 3.0 GHz machine. The average number of iterations perfdris&84, with standard

deviation 48.

Table 1.3: Dependence of the errors GaRAMETERL for the top image in Fig. 1.7(a).

PARAMETER1L 50 75 100 125 150
Number of error pixels 2669| 2485| 2483| 2444| 2558
Error percentage 1.02%| 0.95% | 0.95% | 0.93% | 0.98%
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Table 1.4: Dependence of the errors GaRAMETER?Z for the top image in Fig. 1.7(a).

PARAMETERZ2 15 20 25 30 35
Number of error pixels 2483| 2483| 2483| 2483| 2483
Error percentage 0.95% | 0.95% | 0.95% | 0.95% | 0.95%

Table 1.5: Dependence of the errors @aRAMETERS for the top image in Fig. 1.7(a).

PARAMETER3 400 450 500 550 600
Number of error pixels 2483| 2483| 2483| 2483| 2483
Error percentage 0.95% | 0.95% | 0.95% | 0.95% | 0.95%

1.5.6 Experiment 4. Comparison to [26].

There arel?2 different test imagésin [26] which are used to evaluate many texture
segmentation algorithms. For each algorithm and each nesge, the segmentation in
[26] is obtained using a supervised classi er trained wehttires extracted from training
samples of every texture present in the test image. Mangréift algorithms are obtained
by combining different feature extraction steps (Gaboeriihg, DCT, wavelets, etc) with
different classi ers (learning vector quantization, fefedward neural net, etc). We note
here that our segmentation algorithm is unsupervised anskeid with the same parameter
settings and features for all our texture segmentationrexpats. The two algorithms from
[26] whose average error percentages are the lowest, arpacethin Table 1.6 with our
algorithm. For each image, we also provide the mean and thamuaim error percentage
over all algorithms evaluated in [26]. The average error percentage for our algorithm
(rightmost column) is much lower than the best average pgage for [26]. In addition,

our algorithm performs well on some images where all alparg in [26] have very high

Sywww.ux.his.no/ tranden/data.html

"Note that the corrected data for [26]'s Fig. 11(i) comes from
www.ux.his.no/ tranden/comments.html
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(a) Test images. (b) Our segmentation results. (c) The grturh. (d) Error pixels (in black).

Fig. 1.9.: Our segmentation results for images from [26]. Top row: Hify(e) from [26]; second row:
Fig. 11(f) from [26]; third row: Fig. 11(h) from [26]; bottomow: Fig. 11(i) from [26].

error percentages. For example, our algorithm's errorgreege for the image shown in
the second row of Fig. 1.9 (taken from Fig. 11(f) of [26]) i8%, compared to 35% for the
best algorithm in [26].

Segmentation results for four of the 12 images are showngniF®.

1.6 Segmentation of Natural Images.

Segmentation of natural images is important since it isnofteed as the rst stage of
image analysis algorithms for various tasks such as dagatx@mnization and retrieval,

classi cation, detection and recognition of objects in gea, compression, etc. Fig. 1.10



Figure number in [26] 12(a) | 12(b) | 12(c) | 11(a)| 11(b) | 11(c) | 11(d) | 11(e)| 11(h)| 11(1) | 11(H) | 11(g) | mean
Number of textures Two Five Ten Sixteen

Our algorithm 05 0.5 0:8 4:1 4:3 11 13 27 6:1| 84| 58 14 8.0
Algorithm f8a(d) in [26] 65| 06| 72| 72| 21| 24| 19| 19| 40| 30| 38| 43| 21
Algorithm f16b(d) in [26] 81| 08| 82| 87| 19| 24| 18| 17| 40| 29| 36| 42| 21
Best over all methods in [26]] 0:7 0:2 2.5 7.2 19 21 17 17 33 28 35 42 18
Mean over all methods in [26] 15 2:8 11 18 33 35 35 31 47 46 51 60 32

Table 1.6: The comparison of error percentages for 12 test images.

€c
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illustrates the performance of our algorithm on severalgesafrom the Berkeley segmen-
tation dataset [43, 44]. The desired nal number of regiohgpplication dependent; in
these examples, the nal number of regions is simply haridesed for each image to pro-
duce the results which are the most visually pleasing to titiecss. As in Section 1.4, the
functiona(R;) is set to be the area of the regiBf; the remaining parameters as well as the
feature extraction are the same as for the texture segnnédperiments, as described in
Sections 1.5.1 and 1.5.2.

While precise quantitative evaluation of the performanceowf algorithm on such
images is beyond the scope of this paper (indeed, analyhmgerformance of a seg-
mentation algorithm on a natural image is a challenging gpeilem [44—46]), note
that these segmentations are comparable to the ones ptbdyaecent algorithms such
as [38,41,47-50]. For example, our algorithm captures thkne of the small birds in
the center of the top left image while the algorithm in [47fdaot; in the church im-
age, our algorithm accurately captures the outlines ofwltecrosses while the algorithm
in [47] does not. Our segmentations of the leopard and beages are very similar to
those in [47]; on the other hand, in the deer image the algarin [47] is able to segment

the legs of the small deer while our algorithm is not.

1.7 Conclusions, Discussion, and Future Research.

We proposed a novel family of vector-valued nonlinear diifun equations for images
on arbitrary graphs and applied it to the problems of colat @mxture segmentation. We
demonstrated the effectiveness of our method by compario@ther algorithms on a large
number of texture segmentation tasks. We also illustratedatyorithm by segmenting a
number of natural images.

Our method provides a systematic way of feature-based sggtimn based on min-
imizing an energy functional. The information about theisture of the desired regions

and their boundaries can be built into the formulation. Idiadn, there is exibility in



Fig. 1.10.: Segmentation of natural images from the Berkeley segmnientdataset [43, 44].
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utilizing various features: different features can be eaged at different stages of the
procedure.

Recent literature on segmentation comes in four broad (aedapping) categories:
graph cut methods [38, 49,51, 52], statistical methods31340, 53], PDE-based methods
[41,48,54,55], and region merging methods [48-50, 56-60}. framework falls into the
last two categories; however, it is different from previgysroposed approaches in several
important respects. Most recent PDE-based approachés melage edges to level sets of
a (smooth) solution to a PDE. Our system, on the other hamlyeythe image itself, and
explicitly forms regions. This allows for a great exib#itin using any information about
the sizes, shapes, locations, and boundaries of regiorepahide the evolution. Unlike
the traditional region merging methods, however, the fiaat bur process is the solution
to a system of ordinary differential equations ensuresagesgtability properties, such as
robustness to noise and low sensitivity to parameter clgmgeshown in [14, 15].

Possible future research questions include probabilstalysis (to extend the work
in [15]), the development of systematic training methodpBrameter selection, the design

of fast approximate numerical schemes, and the explorafidifferent features.
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2. CIRCLE-VALUED NONLINEAR DIFFUSIONS WITH
APPLICATION TO TEXTURE SEGMENTATION

2.1 Introduction

A large class of effective image restoration and segmematiethods is based on par-
tial differential equations (PDESs) [2—4,61]. In the singilscenario, a grayscale intensity
image is taken to be the initial data for a diffusion-like P@ie PDE is solved forward in
time, and the resulting solution is the restored or segndevgesion of the original image.
More sophisticated methods designed to work with textunegbies, use feature extraction
before running a PDE-based lter. The result of featureastion is an image whose every
pixel does not necessarily take valuesRh Most commonly, the feature vector at every
pixel is considered to be an elementsf whereK is the number of features. In addition,
color images can be consideredRisvalued images. This has motivated the development
of vector-valued nonlinear diffusion Iters. For exampl@, [62] we have developed a
nonlinear-diffusion-based image segmentation methogdotor-valued images.

In addition, sometimes it is useful to have features whoseegabelong to a non- at
surface such as a circlg*. For example, the directions of textures [63—66] in texture
analysis, hue [67, 68] and chromaticity feature [69, 70]aiocimage processing, and the
orientation of an optical ow [64, 69, 71] in motion analysere all features taking values
on a circleS or a spheres’. Consequently, several diffusion Itering methods for such
images have been developed. In [64, 66], a feature de ne§'as rst mapped intoR?,
and then the diffusion is performedR?. The rst approach where the diffusion is directly
applied toSt-valued features is [65]. Subsequently, [69,71,72] exterttie method of [65]
to features de ned on more general non- at surfaceRihand applied it to various image
and optical ow restoration tasks. In [68], a color imagesemtation scheme is developed

which is based o' R!-valued anisotropic diffusion of the chromatic channe.(ihue
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and saturation) and traditionRf*-valued diffusion of the achromatic channel (i.e., value).
The diffused image is then segmented using clustering tqués.

Motivated by this, we develop in this paper a novel segmantadlgorithm for St-
valued images. This algorithm is based on a novel familg'efalued nonlinear diffusions
closely related to scalar-valued and vector-valued staoilinverse diffusion equations
which we introduced in [14] and [62], respectively. Such auoaion can be viewed as
the gradient descent procedure for a global energy furaitiwhich encourages the forma-
tion of at regions in an image. In [62], such an energy wasstarcted by de ning an
appropriate inner product and a norm in the feature spaceeSt is not a vector space,
we cannot de ne an inner product @&1; however, it is still possible to de ne a distance
between two feature values. Section 2.2 describes how thisloWe then closely follow
the paradigm of [62]: we de ne the energy functional and tleresponding nonlinear
diffusion equation, and describe our image segmentatigoridhm based on this diffusion
equation. In Section 2.3, we describe our feature extnagirocedure and illustrate our
algorithm through several texture segmentation tasks. Wi ghat it is more effective
than our algorithm from [62] for segmenting images with direnal texture patters when
the segmentation is based on the orientation featurescgadtrfrom the images.

Note that the algorithm proposed here and our algorithmdotar-valued images from
[62] can potentially be combined, to yield a procedure aafiie to images which take
values inS¢+  RXz—in other words, feature images whé¢e features ar&'-valued and

K, features ar®*-valued. Investigating this generalization is a topic fatufe research.

2.2 S'-Valued Nonlinear Diffusion on an Arbitrary Domain

2.2.1 Diffusions on an Arbitrary Domain: Notation

Our basic notation and terminology are the same as in [62]d¥\lee a scalar-valued
image on an arbitrary nite sdl of points as any function which assigns a real number
to every point inN . In our segmentation tasks, it is important to de ne adjagerela-

tionships on the points iN , and therefore we assume thstis the set of nodes of an
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undirected graplé = (N ;L) where the set olinks L consists of unordered pairs of dis-
tinct nodes. Iff m; ng is a link, we say that the nodes andn areneighbors For example,
G could be a nite 2D rectangular grid where each node has faighbors: east, west,
north, and south.

We letN be the total number of nodes and, without loss of generalé@gpte the nodes

by the integerd;2;:::;N,i.e., N = f1;2;:::;Ng. Animageu can then be thought of

a parametric family of images de ned on the $eétfor all values of a continuous-valued
nonnegativescale parametet, and we call the collection of imagdsi(t)gl., a scale-
space

To describe the speci ¢ scale-space that we use in this pageneed the following
further de nitions.

We say that a set of nodé& N is aregionif, for any two nodesm;n 2 R, there
exists a sequence of links connectimgandn. Two regionsR;, R, are calledneighbors
if there exist two nodem 2 Ry, n 2 R, which are neighbors, i.e., such thah;ng 2 L .
We letNBR-PAIRS be the set of all pairs of neighbor regions, and weNiBRS(R;) be the

set of all regions that are neighbors of a regiyn

piecewise constant images which are constant over eaatnrBgi2 S. We use ;(u) to
denote the intensity of any such imagevithin regionR;. Note thatUs is a vector space.

To impose a metric on this space, we de ne the following inorduct.

X
hu;vi = a(Ri) i(u) i(v); (2.1)
i=1
wherea(R;) is a positive weight function which enables us to weight tbetdbutions of

various regions differently.

2.2.2 St-Valued Nonlinear Diffusion

A typical preprocessing step for the analysis of texturegesais feature extraction

which yields a feature image. The feature image has therkeaalue (or, in the case of
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vector features, the feature vector) at every pixel locatlo certain situations, the feature
value is best modeled as a quantity taking values on theec®cl Equivalently, we may
consider such a feature to be a periodic quantity with somiegbe , in the sense that,
for any , the feature valuesand + are identi ed. For example, the orientation of a
texture (measured, for instance, as the angle of the textyradient) is -periodic since
orientation is the same as orientatior+ . We measure the distance between two
periodic quantities ; and , as the absolute value of their difference module2. To

obtain a formula for this distance, we use the following magp
r( )=exp P _12— .

which bijectively maps each intervél =2;r + =2]of R to the unit circle in

the complex plane. We de ne the following signed distante; ,) between ; and ;:

Doy = P— r(1) .
(15 2)= 5 1llog ()
wherelog stands for the principal value of the logarithm, i.e., < log(c) for any

c 2 C. The distance between and , isthen de ned a$ ( 1; »)j. Note that this distance
coincides with the usual distange  ,jin Rwhenj ;5 =2.

In order to segment feature images, we penalize pairwisarties between the feature
values of neighbor regions, by de ning the following enefgpctional for images itJs:

E(u) = § b(Ri;Rj) EG ( i(u); j(u)i); (2.2)
(Ri:Rj)2NBR-PAIRS

where(R;; R;) is a positive weight function, anfi( ) is monotonically increasing on
[0;+1 ), withE(0)=0.

Given an imagei(0) with segmentatiors, we generate a scale-spagg) by solving

the following gradient descent procedure for O:
u(t) = rg (u(t); (2.3)

whereu(t) is the derivative ofu(t) with respect to the scale parameteandr stands
for the gradient in the spadds equipped with the inner product (2.1). The following

proposition shows how to implement this descent equation.
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Proposition 3 The gradient descent procedure (2.3) can be equivalentlitemtias fol-

lows:

1 X (j(u); i(u))
_(u) = : B(Ri; R} )
aR) & 5 ens) POy ()]
EYG (5 (u); i(u)i); (2.4)
fori=1;::::1;
whereE s the derivative oE.
Proof. Let ; denote the indicator function dR;, fori = 1;::::1, thene; = pLt— |,

a(R1)
i e = pﬁ | is an orthonormal basis fdJs. Thereforeu(t) can be represented as a
|

linear combination of the basis vect@as:::; e,

X
u(t) = G(t)e;

i=1
where the-th coef cient ¢ (t) is the inner product of the image with tireh basis vector
(ST
X S
G(t)= hu(t);eii = a(Ry) j(u) j(e)= a(Ri) i: (2.5)

j=1
where in the last expression we have abbreviated ;(u). The above equation can be
substituted into Eqg. (2.2) to write the functiorain terms ofc's. This yields the following
gradient descent in the coordinates:

. &
& @c Lo
@ X G G
= = Ri;Rj) E pP—P
@ewmyu ) "aR)’ a(R))
NBR-PRS p p
~ X Q(Ri;Rj) ¢= a(Ri);g= a(Rj)
- " aR) P oRY = aR.
R; 2NBRS(Ri) ! = a(Ri);g= a(Rj)

0 _p AD. ). _q
E 6= a(Ri);g= a(R))

Using Eq. (2.5) again to rewrite this in terms qfs, we get:

p X bRi;Rj) (i i) o -
Ri) = p—— -E i)
a(R) oy 2R T ) G i

When there is no possibility of confusion, we abbreviate) asu.
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b

(@) (b)

Fig. 2.1.: (a) The SIDE energy functiol . (b) Its derivativeE .

which is the same as Eq. (2.4).

To develop a segmentation algorithm, we follow our procedusm [62] and supple-
ment the dynamics (2.4) with region merging. However, olesdor merging regions
are different from [62] and re ect the fact that our featuege periodic. Speci cally, two
neighbor regionR; andR; of u(t) are merged at the earliest time instarg  which
satises ( i(u( )); j(u())=0,ie., i(u()) juC ) =r for some integer.
After the merge, we initialize the intensity value of the n@gion as ey (u( )), which

satis es:
1 pen(u( )2 ( =2 =]
2. new(u( M) iu( )=r for some integer.

WhenR; andR; are merged, they are both removed from the segment&iand their
unionRpew  Ri [ R; is added:

S( +)= S( )nfRi;Rjg[f Rnewg

In addition, we require thaE°{x) < 0 whenx > 0 andlim,, o- E{x) = + 1 . For
exampleE (x) = P X has the desired shape, see Fig. 2.1. With this choice of tiifun
E, Eq. (2.4) is well suited for segmentation since, as show[62), it encourages the
merging of pairs of neighbor regions.

Extensions of this framework to other manifoldsRf are also possible, through de n-
ing a distance on the manifold and following a similar pragedo de ne the energy func-

tional and the corresponding gradient descent equation.
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2.3 Texture Segmentation
2.3.1 Feature Extraction

We use the angle of the gradient at each pixel to extract tleatation feature from a
texture image. Speci cally, given an imadéx;y), wherex andy represent the horizon-
tal and vertical indices of pixels respectively, the orédiuin (x;y) at the pixel(x;y) is

calculated as:

fxy+1) f(xy)

fx+1yy) f(xy)

Note that we treat any two gradients with antipodal phas¢earas the same in the above

(x;y) = arctan

eqguation since orientationis the same as orientation+  for any texture.

2.3.2 Segmentation Examples

We use (x;y) as the initial datai(0), and start the evolution of (2.3) with every pixel
being a separate region. When the distandeetween the intensities of two neighbor
regions becomes zero during the evolution, these two regieh merged into one as de-
scribed in the previous section, and the gradient descemttieq (2.3) proceeds using the
new set of regions.

We compare our algorithm with the algorithm of [62], whichsashown to produce
state-of-the-art texture segmentation results. In ourparative experiments, the algorithm
of [62] is also applied to the scalar-valued feature imagey).

For both algorithms, we use the same parameter settingsnéngyefunctione = P X
is used. The functiom(R;) that we use is described in [62] and is related to the area
of regionR;, i.e., to the number of nodes R;. Our functionb(R;; R;) is the length of
the boundary betweeR; andR;, i.e., the number of linkém; ng such thaim 2 R; and
n 2 R;. In all the experiments below, we assume that the correctoeurof regions is
known, and we stop the evolution when this number of regismsached.

Experiment 1: Two Textures, Straight Boundary. We form 30 two-texture test images

using six Brodatz textures [42]. Each testimage is obtailyambhcatenating twd56 256
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Min Max | Mean Std
Algorithm of [62] | 0:56% | 37:81% | 8:23% | 11:13%
Proposed algorithm 0:36% | 2317% | 3:25% | 5:48%

Table 2.1: Statistics of the misclassi ed pixel) in Exp. 1.

Min Max | Mean Std
Diffusion in [62] 0:62% | 4:61% | 1:42% | 0:63%
Orientation Diffusion| 0:36% | 1:15% | 0:59% | 0:13%

Table 2.2: Statistics of the misclassi ed pixel) in Exp. 2.

texture images. An example of test image is shown in Fig.a2.a0d its corresponding
orientation feature is in Fig. 2.2(b). We run both our newoaltpm and the algorithm
of [62] until two regions remain. The results in Table 2.1whtat our new algorithm
produces better segmentations. The average misclagsicedte given by the algorithm
in [62] is 8:23% our new algorithm gives a much low8r38% average misclassi cation
rate.

Experiment 2: Two Textures, Random Boundary. In this experiment, 100 test images
are generated using two Brodatz textures, D68 and D77, gedarg random boundaries
which are 100 independent realizations of a correlated Si@usandom process. An ex-
ample of such a boundary is shown in Fig. 2.2(l), and the spording test image is shown
in Fig. 2.2(h). The results are summarized in Table 2.2 andighat, again, when applied
to orientation feature our new algorithm produces bettgmssntations than the algorithm
in [62]. In the example of segmenting Fig. 2.2(h), the boup@xtracted by our new algo-
rithm (Fig. 2.2(n)), is very close to the actual one, while #gigorithm in [62] makes major

mistakes in determining the boundary (Fig. 2.2(k)).



(a) Original image.

(h) Original image.

2.4 Conclusions
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(b) Orientation feature.  (c) Result lyoaithm [62].  (d) Errors by algorithm [62].

(e) The ground-truth. (f) Result by new algorithm.  (g) Esrby new algorithm.

(i) Orientation feature.  (j) Result Hgarithm [62]. (k) Erros by algorithm [62].

() The ground-truth. ~ (m) Result by new algorithm. (n) Esday new algorithm.

Fig. 2.2.: Some segmentation examples.

We have introduced a nov&t-valued nonlinear diffusion equation and used it to de-

velop an image segmentation algorithm. The effectivenésaioalgorithm has been il-

lustrated through several texture segmentation expetsneinere accurate segmentations

have been obtained based on a single orientation featurgfu@ue work will involve ex-

tending our diffusion-based segmentation algorithm toenm@mmplicated manifolds such

as multidimensional spheres and cylinders, in order to keetahutilize multipleS*-valued

andR*-valued features and achieve more effective segmentatjonitams.
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3. APPROXIMATE METHODS FOR CONSTRAINED TOTAL
VARIATION MINIMIZATION

3.1 Problem Statement
Suppose the observed dats a noisy measurement of an unknown imgge
f=g+w,;

wherew is zero-mean additive white noise with variance It was proposed in [11] to
recover an estimat§ of g by solving the following problem of constrained minimizati
of the total variation (TV):
g = arg g:kwigk TV(9): (3.1)

A number of more effective noise removal paradigms haveesoeen developed [73, 74].
However, problem (3.1) and related variational and PDEeasethods have been suc-
cessfully used in a variety of other application areas suchoanographic reconstruc-
tion [75, 76], deblurring [77-80], and segmentation [14, 6Zhis motivates continued
interest in problem (3.1) as well as the need to develop fgstithms for solving it.

The original formulation of [11] treated continuous-spaoages for which the total

variation is de ned as follows: 7
TV() = Ir g
A numerical procedure was developed in [11] based on digorgtthe corresponding
Euler-Lagrange equations. Since then, many other numiecbames have been proposed
to approximately solve this and related optimization peots [14, 77—-84].
We consider a discrete formulation of the problem in whicdindg are both images

de ned on an undirected grapB = (N ;L) whereN is a set of nodes (pixels) andis
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the set of links which de ne the neighborhood structure efdginaph. We use the following
de nition of the total variation for such discrete images:

4 X . .
TV(9) = jOm  Oni: (3.2)

fm;ng2L
The norm we use in Eq. (3.1) is thenorm:
S
X
kf gk= (fn 0=

n2N
The optimization problem (3.1) can then be cast as a secaiet-oone program (SOCP),
i.e., the minimization of a linear function over a Cartesianduct of quadratic cones [85—
87]. The globally optimal solution to this SOCP problem canobéained with interior
point methods whose computational complexityDEN ?log" ') whereN = jNj is the
number of pixels, antl is a precision parameter [83, 87].

The main contribution of the present paper is the developroka suboptimal algo-
rithm which we empirically show to be about 15-100 timesdashan a state-of-the-art
interior point method, for typical natural images. Thisaithm is also empirically shown
to achieve values of T{) which are quite close to the globally optimal ones achieved
by SOCP. Moreover, the images recovered by the new methodiar82CP are visually
very similar. We also experimentally evaluate our algenthperformance as a denoising
method, using the algorithm of [81] as a benchmark. We shaimtie two algorithms per-
form comparably. A specialization of this algorithm to 13cliete signals was proposed
and analyzed in [15]. This specialization was shown to éxacive problem (3.1) in 1D,
in O(N logN) time, and withO(N ) memory complexity. Its variants which have the same
complexity were shown in [15] to exactly solve two relatedadete 1D problems, speci -
cally, the Lagrangian version of problem (3.1) and the mination ofkf gk subject to
a constraint on TYQ).

We note in addition that, if the grapghis a regular rectangular grid, then each pixel
can be represented by its horizontal and vertical coordsmadnd] . In this case, another

possible discretization of the TV is:

X G
TVYg) = (Gi+15  Gj)?+(Gj+  Gj)% (3.3)
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(@) (b) (©)

Fig. 3.1.: (a) Imageu. (b) Segmentatios. (c) SegmentatioS°.

With this de nition of the discrete TV, the optimization dotem (3.1) can also be cast as
an SOCP problem, as shown in [83]. It can therefore also beedalging interior point
methods for SOCP.

3.2 Notation

We de ne a real-valued image on an arbitrary nite $¢tof points as any function
which assigns a real number to every poinfNin For the algorithm described in Section
3.3, itis important to de ne adjacency relationships on ploents inN , and therefore we
assume thall is the set of nodes of an undirected grdphk (N ;L) where the sek of
links consists of unordered pairs of distinct noded.nif; ng is a link, we say that the nodes
m andn areneighbors For example( could be a nite 2D rectangular grid where each
node has four neighbors: east, west, north, and south, ag.i3.E. We say thaR N
is aconnected sef, for any two nodean;n 2 R, there exists g@ath betweenm andn

which lies entirely withinR—i.e., if there exists a sequence of links of the fdrm; m,g,

an imageu if:
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everyR; is a connected set of nodes;

the image intensity within everiR; is constantu, = u, for all m;n 2 R; for

i=1;:050;

We then say thaR; is aregionof S. When convenient, we also say in this case Rat
is a region ofu. For example, two segmentations of the image in Fig. 3.1@)shown
in Figs. 3.1(b,c). We useg to denote the common intensity within regiBhandjR] to
denote the number of pixels R.

Given a segmentatio of an imageu, two regionsk; R°2 S are calledheighborsif
there exist two nodes 2 R, n 2 R°which are neighbors, i.e., such tifam;ng 2 L. The
multiplicity r.ro of two neighbor region® andRPis the length of the boundary between
them—i.e., the number of linksm; ng such tham 2 R andn 2 R% We letNBR-PRS be
the set of all pairs of neighbor regions$hand we leNBRSs(R) be the set of all regions in
S that are neighbors of a regidth2 S. For example, in the segmentatiSrof Fig. 3.1(b),
each region is a neighbor of the other two, and the multiptisiare g, r, =3, r;r; = 3,

and gr,r, = 2. In the segmentatio8°of Fig. 3.1(c),NBRSso(RY) = fRY; RY; R2g.

3.3 Algorithm Description

We de ne a dynamical system which generates a family of irsdget)g.,, param-
eterized by a@ime parametett. We suppose that the initial data for this system is the
observed noisy imagei(t = 0) = f. We letS(t) be the segmentation of(t) such that

r(t) 6 Ro(t) for any pair of neighbor regiorR; R°2 S(t). The output of our algorithm
is the imageu(t ) at such timd thatkf u(t )k = . The basic reason for the fact that
our algorithm is fast is that it does not explicitly compute solutionu(t) for anyt 6 t .
The basic reason for the fact that it achieves values of theviiléh are close to globally
optimal ones, is the fact that the underlying dynamicalesysis based on the gradient de-
scent for the TV, as we presently explain. The remainder efstction is devoted to the

description of the dynamical system and our algorithm fenpatingu(t ).
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We rst rewrite Eq. (3.2) for any imaga(t), as follows, using the notation introduced
in the previous section:
X . .
TV(u(t)) = rrO | Rr(t)  Rre(D)]:
fR;RO992NBR-PRSs (1)
Itis shown in [62] that if the gradient is taken in the spacalbimages which are piecewise

constant or§(t), then the gradient descent for the TV is given by

1 X
&= = rro SO rolt)  R(D); (3.4)
IR RO NBRSs (1) (R)

where r(t) denotes the intensity within regidR of imageu(t). This equation is valid
as long asS(t) = const, i.e., as long axk(t) 6 Rro(t) for every pair of neighbor regions
R andR® As soon as r(t) and go(t) become equal for some pair of neighbor regions
R andR? their respective rates of evolutiork (t) and go(t) become unde ned since the
right-hand side of Eqg. (3.4) undergoes a discontinuity is tiase. To handle this scenario,
we supplement Eq. (3.4) with the following rule.

Region merging: how and whenSuppose that for some time instdnt r.gro we
have:R;R%2 S( pgo) @and r( gro) = Rro( grgo)- Then we merg® andRCinto a new

regionR [ RC with the same intensity:

S( I;;RO)

RIR( gro) =  R(gro)= R gRo):

S( rroNfR;RY[f R[ RY;

In addition, as shown through numerical experiments in & gsection, it may some-
times be bene cial to split a region into two different reggd We postpone until later the
discussion of when our algorithm decides to split a regioncéit does, region splitting
occurs as follows.

Region splitting: how. Splitting of regionR into R® and RnNR? at some time instant
t = g means that new regiorR® and RnR° are formed, and that they have the same

intensity aR:

S( g)nfRg[f R;RNR%;
R( R)

S( r)

Ro( 5): RnRO( FJE)
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Time instants when regions are merged and split are calledt times Given a time
T and the corresponding segmentat®(T ), we de ne thebirth time b for every region
R 2 S(T) ashg £ supft<T : R 62 $t)g. Similarly thedeath timedr of R is de ned as
dr Linfft>T : R 62 $t)g Note thathz can be either zero, or a time instant when two
regions get merged to form, or a time instant wheR is formed as a result of splitting
another region into twadg can be either a time instant wh&nis merged with a neighbor
to form another region, or a time instant whiens split into two other regions.

Let

X
R = rro SO ro(bR) r(BR)); (3.5)
ROZNBRSS(bR)(R)
VR =  rIRJ: (3.6)

Note that our split and merge rules are such that the inieakdvery pixel is a continuous
function oft. The continuity property means that the righthand side of(E4) is constant

forbr <t<d g, and is equal tog:
r(t)=vg forbg <t<dr: (3.7)
For each regiolR 2 S(t), we therefore have:

r()= r(R)+(t bR) v, forbr <t<dg: (3.8)

1 X - :
Let u} E f, be the average of the initial dateover the seR. For the region®
n2R
with by = 0, we have r(bg) = u%, and therefore the following holds:

R =uS+t vg; forby<t<dg: (3.9

In order for our algorithm to be fast, it is important that 8.9) hold not only for regions
with br = 0, but also for all other regions, at all timés Proposition 4 below relies on
this property. It is straightforward to show that, if thisuadion holds for every region for
all timest < ggro, and if regionsR andR%get merged at the time instant  g.ro, then

Eqg. (3.9) will also hold for the new regidR [ R® We are now nally in a position to state

our strategy for splitting regions.
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Region splitting: when.We use two criteria to determine whether a regivrs to be
split into two regionsR® and RnR% First, we check whether this split is consistent with
the dynamics (3.8)—in other words, we check tRaand RnR° will not be merged back
together immediately after they are split. Second, we detex if there exists a time instant

r at which a split can be performed in such a way that, on the and,ithe intensity of
every pixel is a continuous function of time, and, on the otiend, Eq. (3.9) is satis ed for
the new regions. Note that, since there @@R)) possible two-way splits dR, searching
over all possible splits is not computationally feasiblestead, we only search over a
small number of possible splits, namely, only horizontal aartical splits that result in at
least one oR% RnR°being a rectangle. This can be ef ciently accomplished tigtoan
algorithm that walks around the boundaryRof

We now describe the termination of the algorithm. It is basedhe following propo-

sition, which can be proved using Eg. (3.9).

Proposition 4 Let (t) = ku(t) u(0)k?. Then, fort 2 [0;1 ), (t) is a monotonically
increasing function of time, which changes continuouslynféoto ku(0)  u(0)k? where
u(0) is the constant image whose every pixel is equal to the aveénagpesity of the initial

datau(0). It is a differentiable function of time except at the timésnerges and splits,
and its rate of change is: X ,

— R .

_(t)=2t et Rj

—

The algorithm starts by checking whethdr  fk? 2. If this is true, we stop the
algorithm and usé as the output. Otherwise, we initializ€0) = 0. Given () at the
current event time;, we use the following equation, which is derived from Propos 4,
to calculate ( |+1) at the next event timg.:

X 2
()= (D+( G %) j%:
R2S( )

[ Sy
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The algorithm keeps running until( 1,1) > 2 for a certainl. Then our algorithm's

termination tima can be calculated as follows:

v
2
t =t 2+ 137( ')2:
R28(,)jFRj

We then use Eq. (3.9) to calculatg(t ) for eachR 2 S(t ), and output(t ).

Putting everything together, we have the following outlri¢he algorithm.

1. Initialize.
If f satis es the constraint, outpiditand terminate. Otherwise, initializg to be
zero,u(tp) to be the datd, the initial segmentation to consist of singleton regions,
and the neighborhood structure to be the standard foukherggrid. Initialize the

parametersRj, bz, r, r(to), and r.roaccording to the de nitions above.

2. Find potential merge times.
Assuming that the intensityr(t) of every region evolves according to Eq. (3.9),
nd, for every pair of neighbor region® andR? the time r.gro which is the earliest

time when these two regions have equal intensities.

3. Construct the event heap.
Store all potential merge events on a binary min-heap [88kdcaccording to the

merge times.

4. Merge, Split, or Stop.
Extract the root event from the heap. Calculate) where is the event time. If
() ,goto Step 7.
if the event is a merge event
merge;
if the event is a split event

split;

5. Update the Heap.

Decide whether the newly formed regions may be split. If s, he corresponding



(a) Noise-free image.
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Fig. 3.2.: (a) Noise-free “peppers” image. (b) Percentage differdmestmveen the TV for our split-and-
merge algorithm and the optimal TV obtained via SOCP, for yrdifferent input PSNR levels (solid line);
percentage difference between the TV for our merge onlyrdhgo and the optimal TV (dashdot).
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Fig. 3.3.: (a) Running time for SOCP; (b) running time for our algorithm

split events to the event heap. Add the merge events for thlyfiermed regions to

the event heap. Remove all the events involving the discartgdns from the heap.

6. lterate.

Go to Step 4.

7. Output.

Calculatet ; calculate and output(t ).
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3.4 Comparison to SOCP

Given a noise-free imagg with dynamic rangg0; 1], we generate noisy imagédy
adding white Gaussian noise with standard deviatioranging from0:01 to 0:30. The
correct value of is used in the simulations both for our algorithm and for tl@@C®-
based algorithm. We use the MOSEK software as the solver@gFS It implements a
state-of-the-art interior point method [85]. Running thenparative experiments on 12
different natural images vyields very similar results; wdygorovide the results for one
image, “peppers,” shown in Fig. 3.2(a).

SOCP solver converges to the globally optimal solution wa®this is not necessarily
the case for our algorithm. Fig. 3.2(b) shows how close ogorihm gets to the globally
optimal value for the total variation, for a range of typidgaput PSNRS. As shown in
the gure, our split-and-merge algorithm (solid lines) essally nds the globally optimal
solution at high PSNRs and is within 7% of the globally optirealution at low PSNRs.
Note also that the merge-only version of our algorithm (easlmes) is about a factor of
three farther from the optimal total variation than the tsphid-merge algorithm. While
the optimization performance of the split-and-merge athor is very similar to that of the
SOCP, their running times are drastically different. In ofdemake the comparison of the
running times as fair to the SOCP method as possible, we oldylage its running time
to get to the total variation achieved by our algorithm, eatthan the running time until
convergencé.As Fig. 3.3 shows, the running time for our split-and-meng@athm is 15
to 100 times lower than that for the interior point method.téNalso that the merge-only
version of our algorithm is about twice as fast as the spld-merge, and that a similar
comparison to SOCP shows that the merge-only algorithm i®3®0 times faster than

the SOCP method.

1The de nition we use for PSNR for a noise-free imagand a distorted imagg is:

2
PSNR = 10log %

°Note also that presolving and matrix reordering are not taitowards the running time of SOCP since
these procedures are reusable for images with the same8ize |
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Fig. 3.4.: (a) Output PSNR as a function of the input PSNR. (b) Output RSiNference between our
algorithm and SOCP.

The visual appearance of the output images and the corrésgpRSNRS is very sim-
ilar for the split-and-merge algorithm and the SOCP intedoimt method. The output
PSNR is displayed in Fig. 3.4(a) as a function of the input RSlhe PSNR differences
displayed in Fig. 3.4(b) reveal virtually identical penfmance at high input PSNRs and
fairly small differences at low input PSNRs. Moreover, theual quality of the output
images is very similar, as evidenced by Fig. 3.5. The visuality of the output images
for the merge-only algorithm is very similar as well; howewvihese images have lower

PSNRs, especially for low input PSNRs.

3.5 Comparison to a Related Image Denoising Method [81]

The algorithm developed in [81] is an iterative algorithnstdve the optimization prob-
lem (3.1) where the total variation is de ned by Eq. (3.3).eTdlgorithm converges to the
unique solution of (3.1). Since the algorithm in [81] and apiit-and-merge algorithm
address different optimization problems, we compare theise removal performance.
Speci cally, we compare the running times of these two alpons when they reach the
same PSNR.

The setup of our experiments is similar to the previous eacfi he noise-free images

have the dynamic randé; 1]. The noisy images are generated by adding white Gaussian
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= 0:05 (PSNR =26:0dB) = 0:15(PSNR =16:5dB) = 0:25(PSNR =12:0dB)

Fig. 3.5.: Denoising for the peppers image. First row: noisy imagesoBe row: restored via our split-and-

merge algorithm. Third row: restored via our merge-onlyoatipm. Fourth row: restored via SOCP.
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(@) (b) (©

Fig. 3.6.: (a) Noise-free “airplane” image. (b) Noisy “airplane” imagith = 0:05(PSNR =26:0dB). (c)
Noisy “airplane” image with = 0:15(PSNR =16:5dB).

noise with various standard deviationsThe correct value of is assumed to be known in
the simulations. We rst apply our split-and-merge algomitto noisy images and calculate
the running times and the PSNRs of the denoised images. Weae¢hameach simulation
using the algorithm of [81], until the same PSNR is obtainBlde results for two images,
for a range of input PSNRs, are shown in Fig. 3.7. For the “pegipmage, the algorithm
of [81] is faster than our algorithm, by a factor of 4-33. Fbe t'airplane” image, the
two algorithms perform similarly at high PSNRs whereas ogpathm is up to about 6
times faster at low PSNRs. Since our algorithm is a multissa¢gnentation process which
works with at regions, it is better adapted to images sucha@tplane” which have large

homogeneous regions.
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4. ADOCUMENT PAGE CLASSIFICATION ALGORITHM IN
COPY PIPELINE

4.1 Introduction

The general work ow of a digital copier is to take scanned gs from its scanner,
process these images, and send them to its printer for treqathyeproduction. A copier
must be able to process many different kinds of originalsesghoriginals may have dif-
ferent types of content, such as text, line art, graphicd, reatural photos; they may be
printed on different kinds of media, for example, on papénsgoous levels of quality and
brightness; they may be created using different rendegngriques such as halftone or
continuous tone. These different kinds of originals magractt in many different ways
with various limitations of copy pipeline such as streaksgyslight, color fringing, drift,
gamut, moig, etc. Fixed settings of the copy pipeline would therefa@pce varying
levels of reproduction quality, depending on the type ofdhginal. To resolve this issue
and generate user-preferred reproductions, differengaoations of the copy pipeline are
required. We call these different con gurations “copy metle

As illustrated in Fig. 4.1, a much better reproduction isaoiéd when the original
matches its optimal con guration. Consider a photograph affax. The optimal con g-
uration for a photo (i.e., the photo mode) has smoothing amwitla tone curve range to
achieve noise reduction and color accuracy. The optimalgcoation for a fax (i.e., the

text mode) has sharpening and a nearly bilevel curve to aelaie enhanced reproduction.

Fig. 4.1.: Processing a fax in photo and text modes. Left to right: negiphoto mode, text mode.
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The left panel of Fig. 4.1 is the original, and the other twogda are the results of pro-
cessing in the photo and text modes, respectively. Usefsrpiee cleaner background,
increased contrast, and sharpness of the text mode and tkenibie over-smoothed, low-
density text and the dirty background in the photo mode. dfoee it is essential to match
the originals with the most appropriate copy modes.

Three methods exist to match the originals to the copy modes:‘institutional copier”
method prompts the user to describe attributes of the @ligo determine a matching
mode. Itrequires a trained user. The “defaults to a singldehmethod yields poor quality
for originals that do not match that single mode. The “sulmas2 method provides users
the opportunities of selecting modes through optional memus. Users mostly ignore or
are unware of such options. None of the above three methtidéysaser interaction and
copy quality expectations.

In this paper, we propose a novel document page classialgorithm which can
be used as a copy mode selector in the copy pipeline. Mantirexialgorithms segment
the page and label each segmented region with an appropldeste label [89-93]. These
algorithms require simultaneous access to the entire paggd, and visit each pixel mul-
tiple times. On the other hand, any algorithm applicablén&édopy pipeline must process
image data one strip at a time, and never revisit previousiggssed strips. This makes it
impossible to apply the existing approaches [89-93]. Oapgsed algorithm operates on
strip-based data and makes one pass over each strip. Thei@tiopal complexity and
memory requirements of our algorithm are both very low. Bhadvantages make our al-
gorithm an ideal candidate to be implemented in the existofy pipeline without altering
the hardware.

In the rest of the paper, we describe and illustrate our d@lgar Section 4.2 provides
its general overview; Section 4.3 describes its speci &ten 4.4 contains experimental

results.
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Fig. 4.2.: One possible implementation of our page classi cation atgm in the existing copy pipeline.

4.2 Algorithm Overview

Figure 4.2 illustrates a possible implementation of oussilaation algorithm. The
classi er resides between the front end and the back endeopipeline, and directs the
image data to the most appropriate processing mode. Theerkebpy pipeline not only
improves copy quality and simpli es user interaction, blstesigni cantly increases copy
rate in at least one case, as follows. The pipeline recoregtior each page in a multi-page
copy job from an automatic document feeder (ADF). When it csta black-and-white
page inside the job, it implemen&to-1 channel reduction and enters the faster mono
pipeline mode.

We work with a speci ¢ copy pipeline equipped with eight eifént copy modes which
are all possible combinations of mono/color and text/met(pe/photo. Mono mode is a
con guration specially optimized for mono originals whi@lor mode is optimized for
color originals. Text mode is optimized for text, line agsaphics, handwritten text, and
faxes; picture mode is for high dynamic range halftonedinalg such as glossy magazine
pages; photo mode is for continuous tone natural scenesaingraphic paper; mix mode
is for all other types of originals. Our goal is to classifgthcanned image of the original
into the following eight distinct classes: color-text, @emix, color-picture, color-photo,
mono-text, mono-mix, mono-picture, and mono-photo. Fampdicity, we just use the
names of the copy modes as the names of candidate classesntole the default class
when the classi cation is hard to make.

We follow a tree-like decision structure illustrated in &ig 4.3. A mono vs. color

classi er is placed at the root level of the decision treeeifhext vs. nontext classi ers,
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Fig. 4.3.: Classi cation decision tree.

text/mix vs. picture/photo classi ers, and picture vs. ftholassi ers are deployed at the
second, third, and fourth level of the decision tree. Nog #itarting from the second level
of the decision tree, the two classi ers on the same levelesttee same methodology and
the only difference between them is some tunable parameietise following section, we

discuss each of these classi ers.

4.3 Algorithm Details
4.3.1 Colorvs. Mono Classi er

We assume that all image data are fr8@®@dot-per-inch (DPI) scans, gamma-corrected,
and represented in RGB color space v8thits per channel.

The essence of our color vs. mono classi cation algorithrdegecting image patches
which are close to gray and declaring an image to be mono belery patch is close to
gray. Basing the decision on patches that are too small wantlthe robust to noise; on
the other hand, small color regions may be missed if the patene too large. We have
experimentally found that partitioning an image i@ 32blocks works well.

The speci cs of our algorithm are as follows. R(p) = G(p) = B(p) for a pixel

p, we say the pixel is gray, wheie(p), G(p), andB (p) are the pixel's red, green, and
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blue intensities, respectively. We de ne thelorfulnessC(p) of a pixel p as the following
quantity:
C(p) = max[R(p); G(p); B(p)]  min[R(p); G(p); B(P)]:

Note that ifC(p) = 0 the pixel is gray. Note also that the quaniityp) may be interpreted
as the “Manhattan distance” from the po{fRR(p); G(p); B(p)) to the lineR = G = B in
the RGB space.

The colorfulnes<(b) of a block of pixelsbis de ned as the sum of(p) over all the
pixelsp that belong to the block. We patrtition the image intB2 32blocks and de ne
the colorfulness of the imag€image as the maximum of (b) over all32 32blocksh. We
classify an image as color @inage is larger than a threshold, and we classify it as mono

otherwise. The threshold is determined from training data.

4.3.2 Textvs. Nontext Classi er

Here nontext refers to all classes other than text, i.e., picture, and photo. We use
two properties of text documents in order to distinguishrtieom documents that contain
pictures or photos in addition to (or instead of) text. Fitlse histogram for a typical text
region has peaks that are more narrow and tall than the peaksypical picture or photo
histogram. For example, the histogram for a patch of sharpaontext would have two
large and narrow peaks, one near white and one near blacan@ewntext areas of a text
document typically contain only a few colors. (If, in addiito text, a document contains
many colors, we would want to classify it as mix.)

We extracthistogram peakinedgatures via the following procedure. We patrtition the
image into8 64blocks and calculaté4-bin R, G, andB histograms for each block. The
k-span of a histogram is de ned as the largest number of cartiseddins in the histogram
whose values are greater than or equ&l.tdhek-span of an image is de ned as the largest
k-span over alb4-bin R, G, andB histograms of it8 64blocks. For each image, we form

a ten-dimensional feature vector consisting of k-spank@frhage fok = 3;6;:::; 30.
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This feature extraction procedure is used to calculaténistogram atness scoréor
any image as follows. We estimate the means of text and nioiet@txire vectors as well as
a common covariance matrix, based on labeled training &ataany image whose feature

vector isx, we then de ne the histogram atness score

F = (mnontext mtext)T FX;

wheremonext @NdMyey; Stand for the mean of the nontext and text feature vectasperre
tively, ¢ stands for the common inverse covariance matrix of the tectreontext feature
vectors, and’ denotes the transpose of a vector. A small histogram atsesee implies
peakiness of the histogram and suggests that the imagetjsvesreas a large histogram
atness score indicates that the image is nontext.

In addition to the histogram atness score, we computectiler variability scorewhich
is small if there are only a few colors in the nontext regiofshe image, and large if
there are many colors. In order to identify nontext regioresde ne atext edgeto be
three consecutive pixels in either horizontal or vertiga¢ction such that their values are
monotonically increasing or decreasing and the absoluteevaf the difference between
the rst and the third exceeds a threshold. We take the tioldsto be100 A nontext
regionis any region that does not contain any text edges.

The computation of the color variability score starts widntgiioning the image int8
8 blocks, detecting nontext blocks, and computing the niea@, andB values for every
nontext block. We then construct 256-dt) G, andB histograms of these mean values
taken from all nontext blocks and count the largest numberooizero bins among these
three histograms. This number is our color variability gcdf it is low, every histogram
has only a few nonzero entries, suggesting that non-textmegn the image are cartoon-
like. If this score is high, there is at least one histogrammwiany nonzero bins, indicating
the presence of many colors in the image. In this case, cgpyithe text mode would be
inappropriate.

Finally, in order to classify an image, we set threshold<fath the histogram atness

score and the color variability score, based on the traideitg. We classify an image as
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text if both scores are less than their corresponding tlotdshOtherwise, we classify it as

nontext, i.e., mix, picture, or photo.

4.3.3 Text/Mix vs. Picture/Photo Classi er

Photos and pictures contain natural scenes and no text.t@tegy for distinguishing
such images from mix and text documents is to detect text #mel oegions that do not
look like natural scenes.

We partition the image int64 64 blocks and count the number of text edges in each
block. We use the same de nition for a text edge as in the pressection. The text edge
count for an image is then de ned as the maximum text edgetcammong all thes4 64
blocks. A large text edge count suggests that the image maythe mix or text category.

In addition, we reuse histograms of tReG, andB averages 08 8 blocks which, as
described in the previous section, have been computedddext vs. nontext classi cation
task. As in the previous section, we extract the number ozeanbins for each of the three
histograms. In addition, we extract the k-spans for eachethree histograms, for three
values ofk: k = M=8; M=4; M=2, whereM is the maximum of the histogram over its rst
230bins. These twelve features (the number of nonzero binshantihteek-spans for each
of the three histograms) form a feature vector. We estinhet@teans of the feature vectors
for the two classes from the training data, and we also esirmacommon covariance

matrix. For any image whose feature vectoy jsve then de ne thainnaturalness score

— T .
U= ( M mix=text m photo=pic) uy,

where mpnoto=pic aNd Mmix=text are the mean vectors for the two classes, agdis the
common inverse covariance matrix. The larger the sthréhe more likely it is that the
image is not a photo or a picture.

Finally, in order to classify an image, we set thresholdsbioth the edge count score
and the unnaturalness score, based on the training datalaggfy the image as photo or
picture if both scores are less than their correspondirgstiulds. Otherwise, we classify

it as mix or text.



Classi cation results

ground-truth | color-text| color-mix | color-picture| color-photo| mono-text| mono-mix | mono-picture| mono-photo
color-text 60% 40% - - - - - -
color-mix - 99% 1% - - - - -
color-picture - 66% 34% - - - - -
color-photo - 29% - 71% - - - -
mono-text 18% 4% - - 61% 17% - -
Mono-mix 1% 11% - - 2% 83% 3% -
mono-picture 1% 4% 1% - - 66% 29% -
mono-photo - 1% - - - 41% - 58%

Table 4.1: Classi cation rates for the training suite. Harmful missdacations are indicated in boldface.

LS
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Fig. 4.4.: Color text vs. nontext: nal feature decision map. The dexisooundary (dashed lines) results in

no harmful misclassi cations of nontext into text.

4.3.4 Picture vs. Photo Classi er

Pictures typically contain halftone noise. Smooth regitreg are near midtone are
most affected by the halftone noise. We use these regionstinglish between a picture
and a photo.

We partition an image int8 8 blocks and de ne a block to be a midtone block if
at least one of its meaR, G, andB values is within some interval centered1&8 In
our experiments, we take this interval to |89, 176] The smoothnes$(b) of a blockb
is then de ned as follows. For a block that is not a midtoneck|d&(b) is in nite. For a
midtone block,S(b) is the minimum ofSg(b), Sg(b), andSg (b) whereSg(b) is the sum
of the absolute values of the rst differences in the horiaband vertical directions within
the blockbfor the red channel, an8; (b) andSg (b) are de ned analogously for th® and
B channels, respectively. We nally de ne the smoothnesshef image as the minimum
S(b) over all the blocks.

We classify an image as photo if its smoothness is below altlotd, and we classify it

as picture otherwise. The threshold is determined fromitmgidata.
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4.4 Experiment Results

We have a training suite containi@@limages with at leastOOimages for each class.
The ground-truth labels of all images in the training sure selected by hand. Since not
all errors are equally costly, some are considered benigrotirers harmful. We accord-
ingly select the decision thresholds discussed in Secti®n Bor example, mislabeling a
mono image as color is acceptable whereas mislabeling aicoéme as mono is not. By
conservatively setting the decision thresholds, we are abkorrectly identify all color
images in our dataset as color images.

Another example is illustrated in Figure 4.4. This i2® feature decision plot of
color-text vs. color-nontext classi cation. Theaxis is the histogram atness score and
they-axis is the color variability score. All color nontext imegyare shown in “X”s and
color text images are shown in “O”s. Recall that we classifyplicimage as color-text
if both its histogram atness score and its color varialikicore are less than the corre-
sponding thresholds. Color-text misclassi ed as colorieahis considered benign and the
opposite way of misclassi cation is considered harmful.elidfore we choose two con-
servative thresholds8 for the histogram atness scores aB60 for the color variability
scores. The thresholds are shown by the dashed lines ine~gdr Note that there are
no “X”s in the lower-left rectangle de ned by the dashed Brei.e., there are no harmful
misclassi cations of nontext into text.

Table 4.1 summarizes the nal classi cation results foreithht modes. It contains the
empirical conditional probabilitie® (classi cation resul ground truth) for the training
suite. Depending on the ground truth, accuracy ranges 2@¥to 99% These numbers
are shown in the main diagonal of Table 4.1. We consider tharacy to be satisfactory
because only very few images falls into harmful modes. Thesmful misclassi cations
are indicated in boldface numbers in Table 4.1. All otherafaissi cation are considered

benign.
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45 Conclusions

We have introduced a real-time, strip-based, low-compledocument page classi ca-
tion algorithm and used it as the mode selector in the copglipgp. The revised pipeline
improves copy quality, simpli es user interactions, andrgases the copy rate. The clas-
si cation algorithm analyzes the scan image and classitaato one of eight classes in
the copy pipeline. Modes are the combinations of mono/catal text/mix/picture/photo.
Mode classi cation i29%to 99%accurate with misclassi cations tending towards benign

modes.
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