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Abstract: We consider textured images, where the textures are composed of different numbers of additively superim-
posed oriented patterns. Our aim is to develop an energy minimization approach to segment these images
into regions according to the number of patterns superimposed. The number of superimposed patterns can
be inferred by testing orientation tensors for rank deficiency. In particular, the hypothesis that a local image
patch exhibits a given number of superimposed oriented patterns holds if the corresponding orientation tensor
is rank deficient by one. The tests can be carried out based on quantities computed from the eigenvalues of the
orientation tensors, or equivalently from invariants such as determinant, minors and trace. Direct thresholding
of these quantities leads, however, to non-robust segmentation results. We therefore develop energy functions
which consist of a data term evaluating tensor rank, and a smoothness term which assesses smoothness of the
segmentation results. As the orientation tensors and thus the data term depend on the number of orientations
tested for, we derive a hierarchical algorithm for approximate energy minimization using graph cuts. We show
the robustness of the approach using both synthetic and real image data.

1 INTRODUCTION ns superimposed across a local image patch can then
be determined by the rank of these tensors, specifi-
Various problems in the analysis of digital images re- cally by testing orientation tensors for rank deficiency.
quire the analysis of textured image contents, such asln particular, the assumption that a local image patch
segmentation or classification (Jain and Farrokhnia, exhibits a given number of oriented patterns holds if
1991; Randen and Husoy, 1999a; Randen and Husoythe corresponding orientation tensor is rank-deficient
1999b; Liu and Wang, 2003; Lazebnik et al., 2005; by one. The tests can thus be performed based on
Lategahn et al., 2010). Basically texture classifica- criteria computed from the eigenvalues of the orien-
tion and segmentation deal with the discrimination of tations tensors, or from other invariants such as de-
regions which contain textures which are distinct ac- terminants, minors and trace. One approach, taken
cording to some criterion, while each region corre- in (Aach et al., 2006; Mihlich and Aach, 2009) is to
sponds to a homogeneous texture. sequentially test for one, two and more orientations
We consider here textures, which are composed by hierarchical thresholding of these criteria. Such
of different numbers of additively superimposed ori- purely data-driven thresholding, however, is prone to
ented patterns. Such textures occur, forinstance, in X-generate isolated decision errors, in particular in more
ray images of car tires, which contain different num- noisy image data. To achieve robust segmentation re-
bers of metal gratings superimposing each other (Fig. sults, we follow here the approach of deriving energy
1). Our goal is to segment these images into regionsfunctions consisting of a data term evaluating ten-
according to the number of superimposed patterns.sor rank, and a smoothness term which assesses the
The analysis of orientations is often based on orien- smoothness of the image regions. Similarly as above
tation tensors computed from image gradients, suchfor the thresholding approach, the data term depends
as in (Biguin and Granlund, 1987; Kass and Witkin, on the number of orientations tested for. We therefore
1987; Zenzo, 1986) for single oriented patterns, and develop here a hierarchical algorithm to minimize the
in (Aach et al., 2006; Muhlich and Aach, 2009) for energy using graph cuts (Boykov et al., 2001).
multiple orientations. The number of oriented patter- In the following, we first review the tensor-based
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analysis of single and multiple orientations. We then  Because of noise in real image data and to allow for
illustrate the hierarchical structure of our general ap- slight model violations, one seeks to find the solution
proach. This is followed by a derivation of the data of the following equation

energy terms. On each level of the hierarchy, the cor- . T 2

responding data term is complemented by a smooth- @ = arg—n/ZT(})gn/Z/g; (V' (®)0f(x)"dQ (2
ness term, specifically the Potts model, to assess re- | . N

gion smoothness. The total energy is then approxi- which leads to the so-callesructure tensoapproach

P - for orientation estimation found in the pioneering
mately minimized by a graph cut algorithm. We eval- -
uate the algorithm qualitatively and quantitatively us- work of (Biguin and Granlund, 1987), (Zenzo, 1986),

. . : (Kass and Witkin, 1987) and others.
ing both synthetically generated and real image data. Using the image gradiefitf = (fy, fy)T, we de-

fine the structure tensoFM) : ON — ON*N (where

N = 2 for bivariate images) as a local integration over
2 ANALYSISOF SINGLE AND the outer product of the gradient
MULTIPLE ORIENTATIONS

2
T [(OfmnTde = [ [ fe by ]dQ

Q ol ly 1y
in wide areas like texture analysis, adaptive filtering 3

andiiaee  (ineame BN SEARE gy g If the image signal is perfectly oriented according to

. 1) over Q, the structure tensof® has one zero
proaches have been proposed. These include amoncéigenvalue andank(T(l)) L PIFthe (FESERGE of

others quadrature filter based methods (Knutsson an X / .
Granlund, 1983: Granlund and Knutsson, 1995: Aach more than one onentzlzltlon, both elgenvalues have a
et al., 1995), the structure tensor (Forstner, 1986: Nigh value andtank(T'!) = 2. Only in the case of
Zenzo, 1986; Bigiin and Granlund, 1987; Kass and f(x) bel_ng perfectly constant ove€, both eigenval-
Witkin, 1987; Bigin et al., 1991) and its extensions to Ues vanish ancank(T?) = 0.

orientation tensors for multi-oriented patterns (Aach . . .

et al., 2006; Miihlich and Aach, 2009), the energy 2:2 Higher-order Orientations

tensor (Felsberg and Granlund, 2004) or the bound- )

ary tensor (Kothe, 2003). Yet another alternative, par- AS shown in (Aach et al., 2006) and (Muhlich and
ticularly for orientation-adaptive filtering and feature Aach, 2009) the detection of higher-order oriented
detection by matched filtering, are single-steerable Structure can be treated in a similar manner. Let the
(Freeman and Adelson, 1991; Jacob and Unser, 2004jmagef (x) be composed from several single oriented

Since orientation estimation plays an important role

and multi-steerable filters (Miihlich et al., 2012). signalsf; (x), i € [1,2,...,M] within a local regior:
In the following, we summarize the orientation- M

tensor based approach to orientation analysis, and a f(x)= Zdi fi (x) Vxe Q (4)

hierarchical, purely data-driven procedure for esti- i=

mating the number of superimposed oriented patterns.where then; denote weighting constants.
ForM = 2, the composite imagé(x) then satis-

2.1 SingleOrientation fies: )
0%f (x)
=0WWeQ (5)
The bivariate gray-level imagg(x) is said to be ori- . duov o
ented in a local regiof if and only if where the unit vectors = (cosB,sinB)" = (uy, Uy)

andv = (cosy,siny)’ = (v, Vy) denote the orienta-

FO)=fx+kv) vke Dandvx.x+kveQ (1) tions of f1(x) and f2(x), respectively. In the same

where the case of (x) being constant ove® is ex- ~ Way, (5) holds if the oriented patterns occur in mutu-
cluded. The unit vector — (cose,sine)T =v(0) de- ally exclusive subregmn@l andQ» of Q at a region
scribes the orientation off (x) in terms of the angle ~ Poundary according to

0. f (X) =f (X) VX € Qi (6)

Eq. 1 states that a given image is locally con- wherelJ; Qi = Q and) Qi = 0
1 - 1 -

stant with respect to if its directional derivative Constraint (5) can be rewritten as the inner prod-
3

% = (0Of,v), i.e., the scalar product between the im- yct aTg(? (x) = 0 Vx € Q, wherea is a three-

age gradient]f andyv, is zero for all gradients com-  dimensional vector encoding the orientations given by

puted in the neighborhodd. T
a = (UxVx, UxVy + UyVx, UyVy) )

= (cosBcosy,sin(B+Y),sinBsiny)
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and wheregg? can be viewed as a higher-order gradi-
ent given by

9(2) = (fxx, fxys fyy)T (8)
The components d represent the mixed orientation
parameters, which, if needed, can be decomposed int
the sought orientation anglésandy as shown in

(Muhlich and Aach, 2009).
Constraint (5) can now be rewritten to

Q(a)z/Q(aTg(z))dezo, a'la>0. (9)

Minimizing this expression subject to the constraint

a'a > 0 leads again to an eigensystem analysis, this

time of the orientation tensdr? defined as follows:
T
T@ = (g<2>) (g<z>) dQ

&% fax fry  Faxfyy (10)
fxx fyy fxy fyy f;y

Confidence in the double orientation hypothesis is
high if one eigenvalue is small and the other two
are large. Moreover, if the imagk(x) exhibits two
ideal orientations irQQ, one eigenvalue is zero and
rank(T?) = 2.

In the case of three orientationd, = 3 andg'®
has the form

g® (11)

which leads to the 4 4 orientation tensof ® de-

fined as
TO _ /Q (g<3>) (g<3>)TdQ

Again the presence of three different orientations in
the image regiof) can be tested for by an eigensys-
tem analysis of the above orientation tensor.

= (fXXX; fxxya fxyya fyyy)T

(12)

2.3 Hierarchical Orientation Estimation

Following the above discussion, the estimation of a

number of superimposed oriented patterns in a sin-
gle image patch can be achieved by testing the rank
of the orientation tensors, which was based above

on an eigensystem analysis. Hdr> 2, calculat-

ing eigenvectors and eigenvalues of a tensor may re-

quire iterative numerical methods. To avoid this step,
(Muhlich and Aach, 2009) derived a hierarchical al-
gorithm where rank testing employs tensor invariants
such as determinant and trace.

The hierarchical testing of the algorithm was
achieved by comparing the ratios

M+l/)\g-M) - ')‘I(VIM+>1

M M
Vi sl - Al

Sv = (13)

M
")‘M+1

(0]

against predefined thresholglg. )\i(M) denotes thé-

th eigenvalue of the orientation tengo™). Note that
both numerator and denominator can be computed
without an eigensystem analysis from quantities such
as trace, determinant and minors of the corresponding
tensorT(M). Both the numerator and denominator of
sv can be interpreted as mean eigenvalues, with the
numerator being the geometric mean of all eigenval-
ues. The upper bound fef is one, which is reached
when all eigenvalues are equal. The lower bound is
zero, which is obtained when at least one eigenvalue
vanishes.

The procedure for the hierarchical decision mak-
ing is as follows: Starting wittM = 1, compute the
orientation tenso ™ and the value ofy. If sy
is smaller than the predefined threshald mark the
region adM-oriented. Otherwise incremekt by one
and go to the next decision level by computipy+?
and the corresponding valsg 1.

Applying this procedure witMmax= 3 resultsin a
segmentation of the image into areas with one, two or
three orientations, plus a region with more than three
orientations. Fig. 1 (a) shows a part of a X-ray image
of atire, revealing its internal metal grating structure.
Fig. 1 (b) shows the corresponding region map ob-
tained fore; = 0.5, €2 = 0.6 andez = 0.7, where the
area in dark gray represents single orientations, the
area in medium gray double orientations and the area
in light gray three orientations.

\\

(a) X-ray image of a tire.

(b) Segmentation results.

Figure 1: Segmentation results based on the segmentation
procedure, proposed by (Mihlich and Aach, 2009).

While the overall estimated region structure cor-
responds well to the original image, the segmented
regions itself are corrupted by small isolated decision
errors. On these image parts, a different number of su-
perimposed oriented patterns have been assigned than
in the surrounding area.

This behavior is predominantly caused by the fact
that each decision considers only local information
from the data inside the small image pa®@h This
purely data-driven approach thus ignores region as-
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signments of neighboring image patches. In other
words, when making a decision at a specified im-
age patch, no context from decisions for neighboring
patches is taken into account (cf. (Besag, 1974; Har-
alick, 1983; Derin and Cole, 1986; Besag, 1986)).

However, in most applications the assumption of
real object being represented through coherent and Y
continuous regions in an image is valid. To incor- First level segmentation
porate this knowledge into the segmentation proce- \
dure, we develop in the following an algorithm which
additionally to the data term also uses a regulariza-
tion term. This additional regularization term im-
poses further constraints concerning the sought seg-
mentation. It favors segmentation results with coher-
ent larger regions with smooth boundaries rather than
small, ragged regions.

The newly developed segmentation algorithm Second level segmentation (a)
consists of a hierarchy of energy functions, each con- ¢ /
taining a data and a smoothness term. The definitions
of the data terms are based on the ratios defined in
(13). The smoothness term is the same in each func-
tion.

The hierarchical structure of the proposed ap-
proach is described in the next section.

(b)
3 APPROACH OVERVIEW Figure 2: Overview of the approach.

The hierarchical principle of the proposed approach order oriented image part again into two regions cor-
is motivated by the structure of the orientation esti- responding to image areas with three orientations and
mation algorithm discussed in the previous section. those with more than three superimposed patterns.
On the first level of the hierarchy the image is seg-  On every level of the hierarchy, the segmentation
mented into two regions corresponding to single and js pased on a minimization of a level dependent en-
higher order oriented image parts. Further segmen-ergy function. The data term of these functions in-
tation steps for the second and higher levels of the corporates the ratisy defined in (13), wher# cor-
hierarchy consider only image regions which did not responds to the level of the hierarchy. The regular-
pass the test for a single orientation. Fig. 2 illustrates jzation term is the same in all functions and imposes
this procedure exemplarily. _ smoothness constraints on the segmentation results.
Figs. 2 (a) and (b) show the results of the firstand 10 not disturb the neighborhood relationships be-
second level Segmentation, respectively. In the first tween adjacent regions' all energy functions of the de-
step the image is segmented into two regions, whereye|oped approach are defined ofemwnhich is the set
the darker area corresponds to the image region with of gl image pixels. When testing for a specified num-
a single orientation and the brighter area to the im- per of orientations at the corresponding level of the
age region containing a structure with more than one pjerarchy, all regions with a lower number of orienta-
orientation pattern. tions should be left unchanged. This is achieved by an

On the second level of the hierarchy, only the im- appropriate definition of the energy function at each
age part exhibiting more than one orientation is con- |evel of the hierarchy.

sidered. This region is again divided into two regions,

one containing double orientations and the other one

containing more than two orientations. The image

part with a single oriented structure is disregarded 4 ENERGY FUNCTIONS

from this step onwards. Following this procedure

the segmentation step on the third level of the hier- The segmentation on each level of the hierarchy is
archy would divide the previously determined higher based on a minimization of an energy function via
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graph cuts. The basic idea behind this technique isthe underlying image data. To obtain such an ini-
the construction of a graph such that the minimum tial labeling, from which the necessary parameters
cut on the graph also minimizes the corresponding en- can be estimated as well as to derive an appropriate
ergy function (Boykov et al., 2001). Here, the optimal data term, we applied the fuzzy c-means algorithm
segmentation of the underlying image is computed by (Bezdek, 1981) to the ratigu—1(p), p € P defined
using theexpansioralgorithm, developed by (Boykov  in (13), wherep denotes the center of the image re-
et al., 2001). The energy functions they consider in gionQ.

their work have the form Fig. 3 shows the spatial distribution and the corre-

E () = Egata(l) + Esmootr(!) (14) sponding histogram of they—1 (p) values computed
) from the original image shown in Fig. 1 (a).
wherel denotes the labeling of the observed data. For

image segmentatiot,is a function which assigns to
each pixelp € P the corresponding labéj € L. The
form of Eqata(l) is given by

Edata(l) = S Dp( (15)
data(l) pgpp(p)

whereDp measures how well labe}, fits the pixel
P. Esmootn(l) is the smoothness term of the energy
function and measures the extentto which the labeling
functionl is not piecewise smoottEsmooth(l) has the
form

Esmooth(l) = Vog(lp,lq) (16)

{p.ajeN

where N is the set of adjacent pairs of pixels and
Vpq(lp,lq) denotes the penalty for pixepsandg hav- !

ing different labels. na
The expansioralgorithm seeks to find an optimal 08
labelingl* such that the energy function given in (14) or
is minimized. It starts with an initial labeling and 08
movesn every step toward the labeling with a lower 05
energy until it reaches its minimum. In this context 04
a new labeling"V is said to lie within a singlex- LE
expansion movef | if only a finite set of pixels have oz
changed their labels to, wherea € L. For more de- o .. lllmm
tails on this approach, see (Boykov et al., 2001). o T """'"""""""""" e

The main task is now the definition of appropriate
functionsEn (1), he [1,--- ,hmad whereh denotes the
segmentation level. Figure 3: Spatial distribution of the ratisg—1(p), p€ P

As already stated above, all energy functions and the corresponding histogram with cluster centers and
in our approach have the same smoothness term™MemPership functions.

Esmootn(l). Here we have used the Potts model (Potts,

(b) Histogram.

1952) as a discontinuity preserving function: Evidently, large values aju—1 (p) indicate a mul-
tiple oriented structure in an image, whereas small
V(o) =K-T(a#p) (17) values correspond to image areas with a single ori-

whereT (-) is 1 ifits argumentis true and otherwise 0. entation. The histogram in Fig. 3(b) reflects this situ-
This model encourages partitions consisting of larger, ation by two clearly separable clusters.

smoothly shaped regions. Since in this context the order of the labeling set is
The definition of the corresponding data terms |L| = 2, we apply the fuzzy c-means algorithm to sep-
Eqata(l) is given in the next sections. arate the values into two clusters, which correspond to
the labeldsingle gnd|multi respectively. The results of
4.1 First-order Data Term this clustering procedure are also shown in Fig. 3(b).

The two black bars correspond to the positions of the
As stated above, the data teffgaa(l) Oof an energy  computed centers, while the curves depict the mem-
function measures how well the given labelinéts bership functiongsi"9'® and p™!ti of the respective
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cluster:

pnd'e(sy-1(p)) - P—[0,1]
W™ (sy=1(p)) : P—[0,1]

The results of a membership function are numerical
values in[0, 1] that correspond to the degrees to which
the pixelp € P belongs to one or the other cluster. A
large value complies with a high degree of affiliation
to the corresponding cluster.

We can now define the data tefqa4(l) of the first
energy function to

(18)

Edata(l) = 1— P (sy— (29)
data(l) ng( HP (su=1(p)))
where
Dp(Ip) = (L= K? (su=1(p))) (20)

measures how well the lablg fits the pixelp. Since
we seek to minimize the overall energy function, a
good fit is represented by a small value.

4.2 Second-order Data Term

The data termEgaa(l) of the second level energy
function is obtained similarly, with the fuzzy c-
means algorithm now being applied to the values
sw=2(p), p € P, where againp denotes the cen-
ter of the image regio®. Fig. 4 shows the spatial
distribution and the corresponding histogram of the
sw=2 (p) values computed from the original image
shown in Fig. 1 (a). As one can see, g2 (p) val-

ues have been computed only for pixels which have
been marked as belonging to the image area of multi-
ple orientationsp € QMU — P. Pixels of the single
oriented image partp € QS"9'® ¢ P, have been dis-
regarded in this step. The corresponding histogram
shows that in contrast to theg—1 histogram, the two

main clusters are here much closer to each other, hav-

ing their centers around®3 and 085, respectively.

Application of the fuzzy c-means to these values
results in two clusters and two membership functions
pdoublegndymulti which in this case correspond to the
labels| doublegnd|Multi respectively.

To take into acount the neighborhood relation-
ships between the two regio@™' andQs"9'e the
energy functionEn—> (1) is defined over the entire
pixel setP. To leaveQs"9'€unchanged during this and
the following segmentation steps, this region is con-
sidered as being labeled by a fixed lab&P, where
the corresponding membership function is defined as:

A 1, eringle
u'mg(p)={ b }

0 pEQmUIti
Additionally, the two membership functions

pdouble gnd pmuli are  modified according to

(21)
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(b) Histogram.
Figure 4: Spatial distribution of the valugg_» (p) and the

corresponding histogram with cluster centers and member-
ship functions.

doublemod _ 0 pe qsingle
(p) = wdouble(sy o (p))  pe Qmul

multimod / 1\ _ -0 pe QSinglle
" P= { W™ (sw—2(p)) ,pe QM

(22)

With these membership functions, the data term
Eqata(l) Of the second level energy function can be
defined similarly to that of the first level energy func-
tion. Adding the third fixed label with the above
defined membership function (21) ensures that the
expansioralgorithm does not relabel the single ori-
ented region and treats the neighborhood relation-
ships of the two region@sin9'¢ andQ™!!ti in the same
manner as inside these regions.

4.3 Higher-order Data Terms

The data term of the higher-order energy function
En(l), h € [3,---,hma is defined in analogy to
that of the second order data term. After comput-
ing the membership functions of the two labels
I and 1Mt the support of the fixed labéi™9 is
extended to cover all regions with an already detected
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number of orientations, with membership function
) 1, pe Qh-1

U-lmg(p) = { 0, EE Qmulti }
where in the case df = 3 the image regio®@"* is
a union of the two image regiorf3s"9'¢ and Qaouble
Here,Qdoubledenotes the image region which was la-
beled as being double oriented in the previous hierar-
chy level.

The two membership functiong' and p™!ti are
also modified in analogy to (22):

h_mod _ 0 yPE thl_ }
P = { W' (su=n(p)) ,peQmM™

multi_mod _ . 0 PEe thl.

H (p) - { p,mum (SM:h (p)) pe Qmultl

As one can see the ratigg are also computed de-
pending on the hierarchy level.

5 EXPERIMENTSAND RESULTS

To test the performance and robustness of the de-
scribed algorithm quantitatively and qualitatively, we
applied it to both synthetic and real image data to de-
tect up to three orientations. The regularization pa-
rameteK in (17) was set t&K = 1 in all cases. Fig. 5

b) shows the segmentation result for the synthetically
generated image shown in Fig. 5 a). (b) Segmentation results.

. Thls.synthetlc Image Contalns several parts, each Figure 5: Segmentation result for the synthetic image with
with a different number of superimposed oriented pat- several multi-oriented regions. No noise was added to the
terns. The structure consists of two additive orien- image.
tations in each of the two larger rectangles, whereas
in the two smaller rectangles the number of superim- is as low asSNR= 3dB. Fig. 6 shows the segmen-
posed oriented patterns is three. The background oftation results obtained by three different approaches
the image is single-oriented. including the one presented in this work.

Evidently, the algorithm segments the image well Evidently, the described approach produces more sta-
into three different types of regions. The black area ble results than the segmentation procedure based
represents the single-oriented image part. The areasolely on the comparison of the ratios in (13) with
in dark gray represents image regions where two dif- the predefined thresholds, as a comparison between
ferent orientations have been detected, and the aredrigs. 6 (a) and (b) shows. In Fig. 6 (b), only image
in medium gray corresponds to image regions con- parts with three different orientations were segmented
taining structures with three different orientations. properly. The rest of the image contains many mis-
At the boundary between the double-oriented regions classified regions. The subsequent application of the
and the single-oriented background, the algorithm expansionalgorithm to these data, shown in Fig. 6
detects three occludingly superimposed orientations, (¢), could not reach the performance of our approach.
also represented by medium gray. The initial labeling for theexpansioralgorithm was

This segmentation result was obtained on the im- in this case obtained by the hierarchical thresholding
age to which no noise was added. Decreasing thealgorithm developed in (Mahlich and Aach, 2009).
signal-to-noise ratio (SNR) leads first to segmentation ~ Additionally, Fig. 7 shows the development of
results where the mentioned border region around thethe F-score values (Frakes, 1992) computed from the
double-oriented image parts starts to vanish. The uni- segmentation results while decreasing #¢Rvalue
formity of the regions is disturbed only when the SNR  of the original image shown in Fig. 5 (a). The
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Figure 7:F-score computed from the segmentation results
while decreasing thENRvalue of the original image.

(c) (Muhlich and Aach, 2009) + GraphCut.

Figure 6: Segmentation results for the synthetic image with

added noise§NR= 3dB). Obviously, SNRvalues lower than &1B result in

score is a measure of the segmentation accuracy. It& VEry poor segmentation when using the threshold-
is computed from precisiop and recallr via F = ing procedure in (Mahlich and Aach, 2009). Subse-
2. (pr)/(p—+r). Each one of the three plots in Fig. quent appllcatlor} of a graph cut optimization teph-
7 shows three differenE-curves corresponding to  Niaue could not improve these results substantially.

the segmentation accuracy of the single-, double- andHowever, theF-score values shown in the third plot
triple-oriented image parts, respectively. testify that the segmentation results obtained with the

algorithm developed in this paper are significantly
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better. Another interesting point is the behavior of E#
the differentF-curves relative to each other. In the
first two plots the--curves corresponding to the sin-
gle oriented image parts decline faster than the other
two curves of the same plot. However, in the third plot |
theF-curve corresponding to the triple oriented image §
part declines faster, meaning that the segmentation acy
curacy of the corresponding image regions is getting |
worse. The following two facts are responsible for
this behavior. Adding Gaussian noise to the image Figure 9: Segmentation results of the textured image taken
tends to lead to higher values of the ratio defined in from the Brodatz database.

(13). Thresholding these values by the same thresh-

old leads therefore to a segmentation with more image

regions which have been assigned a double-orientedg CONCLUSIONS

structure. Since we used in our approach an adaptive

fuzzy c-means algorithm for the initial cluster label- ) . )
ing, no declining of the re&-curve can be observed We have developed a hierarchical segmentation algo-

in the third plot. Still, experiments have shown that [ithm. which separates an image into different regions
the distance between the two clusters varies stronglyPas€d on the number of superimposed oriented pat-

depending on which hierarchy level the segmentation (€S Within each region. The algorithm combines
is performed. On the first level the distance is rel- the tensor-based analysis of multiple oriented pat-

atively large, meaning that the centers lie[00.5] terns in (Aach et al., 2006; Muhlich and Aach, 2009)
and[0.5,1] interval, respectively. On the second level, -With @ Potts region-model (Potts, 1952) and energy
both cluster centers were i0.5,1] interval, which ~ Minimization via graph cuts (Boykov et al., 2001).
is the main reason for the poor segmentation of the On €very level of the hierarchy, the segmentation is
higher-order oriented image structures. thus achieved through a minimization of the corre-
We tested our algorithm also on texture images. In SPending energy function. The data term of the en-
Fig. 8, the original image is composed of three differ- €rgy function evaluates the hypothesis that a given

ent textures. Both the background texture and the tex-Mage part exhibits a particular number of superim-
posed orientations, and employs criteria testing the

rank of the corresponding orientation tensor. The
data term is complemented by a smoothness term de-
rived from the Potts model, which serves as a reg-
ularization term. The smoothness energy acts as a
discontinuity preserving term, encouraging labellings
where adjacent pixels exhibit identical labels except
across region boundaries. The energy functions were
minimized via graph cuts. The algorithm was evalu-
ated quantitatively and qualitatively on both synthetic
and real image data. The quantitative evaluation ver-
Figure 8: Segmentation results of the textured image with ified the robustness of the algorithm against image
several multi-oriented regions. noise in signal-to-noise ratios as low adB Simi-
larly, a strong performance of the algorithm was ob-
ture on the lower part of the image were taken from served in real image data, such as textures and tex-
the Brodatz database. The resulting segmentation isture mosaics from the Brodatz database. In partic-
shown in Fig. 8 (b). It consists of two classes corre- ular, the occurrence of isolated segmentation errors
sponding to single- and multi-oriented image regions, could be significantly reduced in comparison to the
respectively. non-regularized thresholding approaches in (Mihlich
Further results are provided in Fig. 9, where the pro- and Aach, 2009).
posed segmentation approach could robustly separate  We concentrated here on the segmentation of
single- and multi-oriented regions. single- and multi-oriented textures according to the
number of oriented patterns present in a region. We
therefore did intentionally not consider the orienta-
tions themselves, which are encoded in the eigen-
vectors (particularly in the eigenvector correspond-

(a) Textured image. (b) Segmentation results.

(a) Textured image. (b) Segmentation results.
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ing to the lowest eigenvalue of an orientation tensor)

rather than the eigenvalues. Future work is directed

at including explicit orientation information into the
framework, thus allowing to divide a region with a
given number of orientations further according to the
orientation estimates.
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