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Abstract [ Segmentaion |«
Segmentation of patterns in images is usually based on the [ Feature Extraction |
processing chain "segmentation — feature extraction —<las
sification”. It will be described, how for an arbitrary ap- | Feature Selection |
plication an automatic processing stream can be generated
with an initial feed back from an expert. The core of this [ Classification —

new method is an automatic generator of optimized classifi-

cations and an example based interactive feature extractor Figyre 1:Simple image processing chain. After the segmen-
The method is demonstrated at various examples, where theation features from the regions are extracted. Important
features of the patterns to be segmented differ not very mucheatures are selected and the regions are categorized by a
from their environment. classifier. This chain is executed for each image.

1 Introduction knowledge to automatically generate an optimized process-
ing stream. We add a feedback to the common image

In many applications of image processing the task of recog-processing chain in order to automatically find good para-

nizing patterns is a crucial step that is usually carriecogut  meters for the segmentation itself.

human experts, who rely on knowledge and gathered expe-The remainder of this paper reviews in Section 2 the ba-

rience. For large numbers of patterns, this manual recog-sic concepts of segmentation, feature extraction/selgcti

nition becomes quite time-consuming and the results mayclassification and other general approaches to object fecog

differ substantially [6, 8, 11]. This makes an automatic nition. Section 3 describes our proposed system. Experi-

recognition preferable. It is often not possible for the ex- mental results are presented in section 4 followed by con-

pert to explain exactly why a specific pattern is assigned to clusions and future work in section 5.

a certain class, making it difficult to specify rules for an au

tomation. An algorithm that is suitable for all recognition

purposes does not yet exist, so there are many algorithms2 Background

each solving a specific problem.

For most automatic recognition tasks usually a four step im- This section covers the basic concepts used to construct our

age processing chain is constructed (see fig. 1): segmentasystem.

tion, feature extraction, feature selection and classifina

The most importgnt step i§ the segmentation as all subse2_1 Pattern recognition

guent tasks heavily rely on its quality [2, 14].

Our main assumption is that the better the segmentation,Pattern recognition is defined as the computerized detec-

the more precisely the regions’ features can be computedion and analysis of patterns in signals. In image procegssin

and the more accurately the regions can be categorized. Yethis usually means the analysis, description, identificati

there is no algorithm that supports a broader band of appli-and classification of objects or other meaningful regulari-

cations and is able to adapt to environmental changes [2]. ties [26].

In this paper we propose a generic semi-supervised ap-The process to recognize patterns that we will use is shown

proach for segmentation combining segmentation conceptsn fig. 2. It consists of several stages leading from pre-

and machine learning mechanisms and integrating experfprocessing over segmentation, feature extraction and fea-



ture selection to classification. All data gathered thraugh  texture segmentation. However unsupervised clustering in
this process will be stored in a database. creases the risk of misclassifying pixels.
We assume that we cannot influence the preprocessingran et al. [10] extracted regions from natural images with
stage. In the other case we would have to incorporate itlittle user interaction by outlining the region of interestd
into the optimization. So the earliest stage to affect ttee sy applying a global thresholded segmentation based on pho-
tem is the segmentation. Its parameters are controlled bytometric features. A linear discriminant analysis refines t
the extraction and classification stages to optimize the seg segmentation locally.
mentation result and the overall recognition quality. We [13] presented a more general approach where a seg-
mentation system was built up from a database of manually
5 segmented objects. In this approach the constraints were
Image . automatically selected from a library; yet it still requdra
é Preprocessing | great amount of expert work for the manual segmentations.
S OO Other commonly used segmentation methods work with
2gmentation L boundaries rather than with regions. Ginneken et al. [5]
N Segmentation | . X
and Cremers et al. [7] constrained their methods by sta-
tistical models of the outer shape, that were derived from

Parameters

Feature h : training sets. Objects whose shape is not noticeable or can
' »|_Feature Extraction | not be estimated, cannot be segmented in this manner.
Recent contributions proclaim that combining segmenta-
v tion and classification together with learning technigues a

[ Feature Selection |

suited to adapt to specific tasks. Lee et al. [11] used un-
supervised learning to find task-specific templates for each
Clase v class for segmenting with snakes. The templates were gen-
> Clossfication | erated by averaging over each class of outlines. Bhanu et
al. [3] combined a segmentation algorithm with a genetic
Figure 2: The main pattern recognition process consists of algorithm that optimizes the segmentation parameters for
segmenting the pattern of interest from the image, extract-the segmentation of Synthetic Aperture Radar (SAR) im-
ing its features, selecting the most descriptive featureb a ages. The set of segmentation parameters is fixed and may
determining the class membership based on those featuresnot be suitable for other applications. In another contribu
tion Bhanu et al. [2] presented a general pattern recognitio
approach that adapts segmentation parameters to changing
environmental conditions, but constrained the applicetibo
2.2 Segmentation objects whose model is known.

Database
(Classes, Features, Segmentations, Images)

The aim of segmentation is to partition the image into con-

tiguous regions, each containing one semantic object. A

commonly used segmentation method is the seeded region

growing (SRG) [4, 20, 22, 23, 25]. Starting from a seed 2-3 Features

pixel, regions are formed by aggregating adjacent pixels,

whose gradients of greylevel are below a certain threshold.The deterministic calculation rule for the measurement of
The resulting regions are homogeneous in respect to theithe segmented regions’ properties is called a feature. The
gradient. On textured regions the SRG will often fail. The computation of a region’s features is known as feature ex-
SRG can easily be enhanced to overcome the limitations oftraction. There exists a wide variety of features, e.gisstat
this single fixed homogeneity criterion. Therefore the con- tical, morphological and textural features, of differeat-c
strained region growing (CRG) has been developed [22, 25]egories, e.g. numerical or nominal. The measured features
that allows the use of different homogeneity criteria fa th  of an object are called observation.

segmentation. In statistical pattern recognition, each pattern is regmée
Warfield et al. described a CRG in [22]. Additionally by a set ofd features [1]. The goal is to find those fea-
to observed features they used expert knowledge from arntures that enable a grouping of patterns of different cate-
anatomical atlas. gories into disjoint regions in &dimensional space.

Pohle et al. [20] estimated the homogeneity with the gra- There exists a combination of features that is better suited
dient and simple morphological properties and adjusted theto group the patterns than others [9, 21]. Choosing such a
segmentation parameters accordingly. combination is called feature selection. Several selactio
Paclk et al. [19] used spectral features for an unsupervisedmethods are described in [17, 21].



2.4 Classification not clear, which combination of computable features truly

- . applies. Yet we'd like to avoid fuzziness if possible.
For a set of training patterns from each class, the goal is 1OThe main novelty here lies in the use foéely selectable

find boundaries in the feature space that separate C"JSterﬁarameters for the segmentation such as greyvalue statisti

of paft:cerns fromr:jlfferent cla?ses [1. 1?]' Depenglngl on Fpe andtexture measures. These parametersaatematically
set of features, the number of observations and the classifie go|ected from a feature pool in different combinations de-

trlle C(_)frrec_t class will m:]t alwa%/s be predu:fterc]i. Trlns 'S_f_m”e pending on the regions to be segmented and are optimized
classification error. The performance of the classifier on o o cassification subsystem.

unknown patterns can be estimated by the generalization-l-he segmentation in detail works as follows: Given an im-

error [17, 21]. agel(z,y), the expert selects two exemplary regions, one
containing a part of the desired object and the other con-
taining a part of the background (see fig. 3). The exemplary
3 Used Methods regions define the class-membership of the following obser-
vations, i.e. the object will be denoted by class while the
background is referred to as claSg. 45 featuresM from
On the image, the expert interactively selects a region exem a Iiprary of a!gorithms are extract_ed from sliding yvindows
plary for the object that is to be detected. Additionally he ©f different sizest around each pixelz,y). The window
selects a counter-exemplary region that usually marks theSiZ€S range frony x 3 to 64 x 64, thus forming several
background. From these two regions as many local feature$Pservation vector¥’;. On the), feature selection is per-
as possible are automatically extracted. Note that the ex-0'Med, selecting a subset of featufel™ with a bidirec-
tracted features do only apply to region elements (e.g. piX_tlonaI forrvard select|o*n, resultmg ina reduced obseoveti
els or local neighbourhoods) and not to the whole region. vectc_)rYk. For eachy;; a C|.aSS.IerI’fk IS constrgcted. The
From these features a subset is selected and a classifier i& With the lowest generalization errds;, — estimated by
constructed that can differentiate between the two exem-+0-old cr_o_ss-valldatlon —Is selected. The featM*Sand
plary regions’ elements. In a region growing process this the classifier are fed back to the segmentation step as pa-
classifier is applied to the whole image resulting in a seg- rameter;. Thg selected features are now extracted from an
mentation that is based on the given examples. The experﬁ‘ppf‘?Pf'ate vylndow around every pixel M‘U’,y) and the i
reviews the segmentation result and interactively casrect classifier decides upon the class-membership of each pixel.
misclassified regions. The features will be reselected and°!loWing a region growing scheme, this results in a seg-
the classifier rebuilt to include these changes. This is re- Mentation based only upon the two exemplary regions.

peated until the result is satisfying.

3.1 Overview
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3.2 Adaptive Segmentation

We state that most of the constraints used in literature can
simply be regarded as extractable features, e.g. the sthnda
region growing criterion "greylevel gradient”. Computing
the gradient can be interpreted as the extraction of the fea-
ture "greylevel gradient” from a highly localized regiore.i

two adjacent pixels. The threshold based decision, to which
region the pixels belong, corresponds to a simple classifica Figure 3:Image after the expert interaction: two boxes have
tion task. been dragged with the mouse and contain exemplary infor-
Any computable feature is a candidate for a constraint. Themation about object and background. The white and black
features most feasible for describing the inner homoggneit box marks exemplary content of the object and background
of a region should be used as constraints. The term innemespectively.

homogeneity refers to the similarity of elements of a re-
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gion [27], including similar brightness, texture, ..., Whi  If the segmentation is unsatisfactory, the expert makes cor
the outer homogeneity refers to the similarity of two difer rections by giving additional example regions from the im-
ent regions. age. Their features will be calculated and the classifidr wil

We suggest that choosing the homogeneity measure — andbe adapted. This iterates until the expert is satisfied with
thus the segmentation constraints — should not be done subthe segmentation and the system is adapted to the current
jectively. As an example, humans are able to describe tex-image.

tures in fuzzy terms like roughness or granularity, but it's Convergence is given here due to the limited image size:



The expert cannot give more examples than there are pix—+ectangle for each moving window size so that the com-
els present on the image. In the worst case all pixels wouldputed generalization errors are comparable. To select the
have to be labeled manually, which corresponds to manualfeatures we used a forward-selection [1, 21]. For the classi
segmentation. fication we used a pruned tree (J48) [17]. The seed point for
the region growing scheme is automatically selected inside
the rectangles. Only a 4-neighbourhood is considered for
4 Results the growing process as we want to avoid single-pixel diag-
onal region connections. Visually evaluated, the resgltin
We have tested the method on many images of very differ-segmentations are very good and the effort for the expert is
ent content. A few of these examples are selected in fig. 4,5:minimal.
several synthetic texture images [16, 18], natural scenes
[16] and digital mammogram containing and indicator for
breast cancer [15]. At least two exemplary rectangles per

Figure 5: Example images (top down). Left: the original
natural scene of a frog on moss, a digital mammogram with
a spiculated mass that indicates breast cancer, a squirrel
on meadow and a leopard. Exemplary (white) and counter-
Figure 4:Example images. Left: the original synthetic tex- exemplary (black) interactive selections. Right: the tibun
tures with exemplary (white) and counter-exemplary (lack aries of the resulting segmentations.
interactive selections. Right: the boundaries of the resul
ing segmentations. Fig. 4 and 5 show the original images and the boundaries of
the found segments. The outer white rectangle results from
image were defined manually. An equal number of observa-the moving window technique: a fringe of half the window
tions per class +00 if possible — were computed from each size remains unprocessed as the window would move out of

4



the image.

The main objects in the images are very well separated from
each other. It can be seen that the boundaries of the objects
are very clear and fine details have been preserved well.

5 Conclusions and future work

. . . 5
We have described the automatic generation of a process-[

ing stream for segmentation in arbitrary pattern recogniti

problems. As our main assumption was that good recog-
nition results depend on a good segmentation, we have fo-
cussed this contribution on an adaptive segmentation. This [6]
adaptivity was achieved by adding an automatically gener-
ated classification subsystem to the segmentation, adding a
feedback to an image processing chain and using a freely 7]
selectable parameter set of arbitrary size. The parameter
set consists of a classifier and local features. A maximum
number of 45 different features is available, which is often
sufficient for good results, but can not guarantee good re- [8
sults in all cases. If the system performs badly, eventually
better features are needed [21]. The feature selection and
classification algorithms were fixed for the presented appli
cations, yet there is a broad variety of 20 selectors and 30
classifiers available. A framework to find a good combina-

tion has been provided by Mer et al. [24].

Currently the time to calculate the parameters, i.e. ektrac (10]
ing the features and rebuilding the classifier might take up
to 20 minutes depending on the number of observations and
the complexity of the classifier. The segmentation of a sin- [11]

gle image might take up to 10 minutes

The applicability was demonstrated on several artificiad te
tures as well as on natural images. The segmentation quality
was very good by visual inspection, but the "ground truth
segmentation” may be given in synthetic images. We use
the generalization error as an evaluation criterion for the
mapping of the pixels to a region. A quantitative measure [13]
of the error cannot be evaluated for natural images thexefor
we plan to set up synthetic images with known segmenta-
tion boundaries to quantify the segmentation quality of our
method. So far we use the estimated generalization error
which is a good criterion to evaluate the performance of the
classification-subsystem. The performance of the segmen-
tation however cannot be clearly assessed by this criterion

We further tend to process publicly available databases of[15]
images and use better suited evaluation criteria to compare

our results.
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