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Abstract— Several range image segmentation algorithms have  Usually the correct set of parameters is given by the develop-
been proposed, each one to be tuned by a number of parametersers of the segmentation algorithm, and it is expected to give sat-
in order to provide accurate results on a given class of image. Seg- isfactory segmentations for the images in the class used to tune
mentation parameters are generally affected by the type of sur- - . . . .
faces (e.g. planar vs. curved) and the nature of the acquisition sys- the parameters. Butitis possible .that' given Cha”g'”g input 'm'
tem (e.g. laser range finders or structured light scanners). age class, the results are not satisfactory. To avoid exhaustive-

It is impossible to answer the question “which is the best set of test tuning, an expert system to tune parameters should be pro-
parameters given a range image within a class and a range seg-posed. In this way should be possible to easily direct the chosen

mentation algorithm?”. Systems proposing such a parameter op- gagmentation algorithm to work correctly with a chosen class of
timization are often based either on careful selection or solution images

space-partitioning methods. Their main drawback is that they
have to limit their search to a subset of the solution space to pro- ~ Several expert systems have been proposed by other teams.
vide an answer in acceptable time. In order to provide a different We can quote [1], that performs the tuning of a color image
automated method to search a larger solution space, and possibly segmentation algorithm by a genetic algorithm. The same tech-
to answer more effectively the above question, we propose a tuning nique can be applied to range segmentation algorithms. Up

system based on genetic algorithms. | hni h - h d
A complete set of tests was performed over a range of different [0 NOW, only techniques that partition the parameter space an

images and with different segmentation algorithms. Our system WOrk on a successive approximation have been used (such as
provided a particularly high degree of effectiveness, in terms of in [2], [3], [4], [5]). Such techniques obtain results similar to

segmentation quality and search time. those provided by the algorithm teams’ tuning.

Index Terms—Range images, segmentation, genetic algorithms.  In this paper we propose a tuning system based on genetic
algorithms. To prove the validity of this method we will show
results obtained using well-tuned segmentation algorithms of
range images (in particular the ones proposed at the University
of Bern and University of South Florida). Genetic solutions

Image segmentation problems can be approached with sake evaluated according to a fitness function that accounts for
eral solution methods. The range image segmentation sub-fiditlerent types of errors, such as under/over-segmentation or
has been addressed in different ways. But, since an algorithiiss-segmentation.
should work correctly for a large number of images in a class, The paper is organized as follows. In section Il we sum-
such a program is normally characterized by a high numberrmfrize the related works. In section Il we describe in detalil
tuning parameters in order to obtain a correct, or at least satish approach. In section IV we show the experimental results,
factory, segmentation. while in section V we present our conclusions.

I. INTRODUCTION



Il. RELATED WORKS these sub-optima, to reach, if they exist, local optima.
In [6], for the first time, an objective performance compari-
son of range segmentation algorithms has been proposed. Fur-
Range images are colored according to the distance from tRgr results on such a comparison have been proposed in [13],
sensor that scans the image. In fact each pixel in a range im@p#), [3], [4]. Another comparison has been presented in [15],
indicates the value of the distance from the sensor to the fo{ghere another range segmentation algorithm is proposed. This
ground object point. Image segmentation is the refinementigfbased on a robust clustering method (used also for other

an image into patches corresponding to the represented regi@asks). But the need for tuning algorithm parameters is still
So the range image segmentation algorithm aims at partitioniggesent.

and labeling range images into surface patches, that correspond

to surfaces of 3D objects. B. Genetic algorithms and their application to image segmen-
Surface segmentation is still a challenging problem. Cuggtion

rently many_diﬁerent approaches have been _proposed. Thesenetic Algorithm(GA from now) is a well known spread
known algorithms devoted to range segmentation may be Sy hiqe for exploring in parallel a solution space by encod-

divided into at least three broad categories [6]: ing the concept of evolution in the algorithmic search: from

A. Range image segmentation

1) those based on a region-growing strategy; a populationof individuals representing possible problem so-

2) based on clustering method; lutions, evolution is carried out by means of selection and re-

3) based on edge detection and completion followed by s@roduction of new solutions. Basic principles of GAs are now
face filling. well known. Quoted references are the books of Goldberg [16]

Many algorithms addressing range segmentation have begig Michalewicz [17]; a survey is presented in [18], while a
proposed. In [6] there is a complete analysis of four segmedetailed explanation of a basic GA for solving NP-hard opti-
tation algorithms —from the University of South Florida (USF)mization problem, presented by Bhanu et al., can be found in
the University of Bern (UB), the Washington State University1].

(WSU) and the University of Edinburgh (UE)-. The authors Many GA driven segmentation algorithms have been pro-
show that a careful parameter tuning has to be performed posed in the literature; in particular, an interesting solution
cording to the chosen segmentation algorithm and image sgas presented by Yu et al. [19]: an algorithm that can seg-
Such algorithms are based on the above methods, and showiént and reconstruct range images via a method called RESC
ferent performances and results in terms of segmentation q&ESidual Consensus). Chun and Yang [20] presented an inten-
ity and segmentation time. sity images segmentation by a GA addressed split-and-merge

Jiang and Bunke [7] describe an evolution of the segmeand Andrey and Tarroux [21] proposed an algorithm which
tation algorithm built at the University of Bern and in [5] thecan segment intensity images by including production rules in
same segmentation algorithm is used for other tests. Recetitly chromosomei.e. a data string representing all the possi-
a different segmentation algorithm was presented, based onlpiefeatures present in a population member. Methods for seg-
scan-line grouping technique [8], but using a region-growingenting textured images are described by Yoshimura and Oe
strategy, and showing good segmentation results and a qu§gl and Tsang and Lai [23]. The first one adopts a “small
real-time computation capability. Zhang et al. [9] presentadgion”-representing chromosome, while the second one uses
two algorithms, both edge-based, segmenting noisy range i@As to improve the iterated conditional modes (ICM) algo-
ages. By these algorithms the authors investigated the useithfm [24]. Cagnoni et al. [25] presented a GA based on a
the intensity edge maps (IEMs) in noisy range image segmemall set of manually-traced contours of the structure of interest
tation, and the results compared against the corresponding @natomical structures in three-dimensional medical images).
tained without using IEMs. Such algorithms use watershed ambe method combines the good trade-off between simplicity
scan-line grouping techniques. Chang and Park [10] proposett versatility offered by polynomial filters with the regulariza-

a segmentation of range images based on the fusion of ratige properties that characterize elastic-contour models. Andrey
and intensity images, and the estimation of parameters for sj26] proposed another interesting work, in which the image to
face patches representation is performed by a “least-trimmég segmented is considered as an artificial environment. In it,
squares” (LTS) method. Baccar et al. [11] describe a methodrtsgjions with different characteristics are presented as a set of
extract, via classification, edges from noisy range images. Seeological niches. A GA is then used to evolve a population
eral algorithms (particularly color segmentation algorithms) atistributed all over this environment. The GA-driven evolution
described or summarized in [12]. leads distinct species to spread over different niches. Conse-

Parameters tuning is still a main task and a possible solutiquently, the distribution of the various species at the end of the
is proposed. A different method to tune set parameters is givem unravels the location of the homogeneous regions on the
by Min et al. in [2], [3], [4]. The main drawback seems to beriginal image. The method has been called selectionist relax-
that a limited subset of the complete solution space is alloweddtion because the segmentation emerges as a by-product of a
be explored, but exposes the method to the possibility of miselaxation process [27] mainly driven by selection.
ing the global optimum or a good enough local optimum. But As previously stated, the algorithm presented in [1] tunes
such a method is fast and efficient enough to represent a fiaezolor images segmentation algorithm, namely Phoenix [28],
tuning step: given a set of rough local sub-optima, the algorithiny a chromosome formed by the program parameters, and not
proposed in [2] could quickly explore a limited space arounfidrmed by image characteristics as in [19], [20], [21].



A complete survey on GA used in image processing is that ns
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the set of parameters of a range segmentation algorithm. repository

Different approaches to the tuning of parameters could be | | —————
represented by Evolutionary Programming (EP) and Evolution
Strategy (ES).

The first one places emphasis on the behavioral linkage be-
tween parents and their offsprings (the solutions). Each solution
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is replicated into a new population and is mutated according tof~— ;f’;’?ﬁ]";y o Genetic-based learing |
a distribution of mutation types. Each offspring solution is as- ' e
sessed by computing its fitness. Similarly, the second one triegzygtﬂogt;pe; % Zgzlsigti?;type

random changes in the parameters defining the solution, followseposiory (best parameters)

ing the example of natural mutations.
Like both ES and EP, GA is a useful method of optimizeFig- 1. GA architecture for range image segmentation
tion when other technigues such as gradient descent or direct,

analytical discovery are not possible. Combinatoric and re%e assume our fitness function evaluates a cost therefor posi-

valued function optimization in which the optimization surfaCﬁyely valued (or zero valued if the segmented image coincides
or fitness landscape is "rugged”, possessing many locally Opékactly with the ground truth one). Thus
mal solutions, are well suited for genetic algorithm. '

We chose GA because it is a well-tested method in image F = fz‘tness(ij,Gi),Ffj >0
segmentation, and a good starting point to explore the evolu-
tionary framework. This process is fulfilled for all available images with differ-

Because of the universal model we have the possibilignt parameter sets. The sets that produce the best results (called
of changing the segmentation algorithm with few consequelit’) are stored in the so called “Final Genotype Repository” (if
changes in the GA code. These changes mainly involve tfi@ess function is under a given threshold). Once the score is
chromosome composition and the generation definition. TB&Signed, a tuple;; containing the genotype, the score value,
fitness evaluation has been modeled for the problem of rarije phenotype identifier and the generati@ft, £, ij, k) is
segmentation and can be kept constant as the reproductdgiiten in a database called “Evaluation Repository”. The ge-
model. This is one of the features of our proposal that we callggtic computation selects two individuals to be coupled among
GASe, or Genetic Algorithm Segmentation environment (intréhe living ones (“Mating individuals selection”); these geno-
duced as GASP in [30]). types are processed by the “Crossover” block that outputs one

The main goal of GASe is to suggest a signature for a cla@smore offsprings that could be mutated. The generated in-
of images, that is the best fitted set of parameters performiéityiduals will be the new genotypds; in the next generation
the optimal segmentation. In this way, when our system fingé&ep.

a good segmentation for an image or for a particular surface At the end of a generation a “To-be-deleted individuals selec-
we could that the same parameters will work correctly for tH&on” is performed. The decision on which individuals are to be
same class of images or for the same class of surfaces (i.e e&#ised from the evaluation repository is made by fixing a killing

the surfaces presenting a big curvature ray). probability -p,— depending on the fithess and the age of the in-
dividuals (theirk value). If an individual has a score greater

. thanp,,, the solution it represents will be no longer considered.

A. The GASe architecture In thi]; way we have a Iimpited number of evaluatged points in the
In figure 1 we show the architecture of our system. Follovgolution space.

ing the block diagram we see that an input imdgs first seg-

mented by a progrars (range segmentation algorithm) with a5 5 ase features

arameter sefl? producing a new image having labeled sur- . -
P i P g g d When building a GA some features have to be specifically

face patchesl/;;. All such segmented images are stored in ianed. A h ) X ; onth
database that we call “Phenotype repository”. Briefly, we méﬁggne - Among _Ot ers we mentlon titeess functionthe
romosomedescribed in sections IlI-C and III-D, and the

write

crossover
The fitness function is a heuristic function that indicates to
The quality of the segmentation process may be assessedhH®yGA whether an individual fits or not the environment. The
means of the so called fithess evaluation (in block “Genetichromosome is the data structure that contains the characters of
based learning”) computing a scafg; by comparing the seg- the individuals. The crossover is the method that indicates how
mented image\/;; with the ground truth segmented image.  parents’ characteristics are inherited by children. For this work

M;; = segmentation(s, 113, I;)



we used modified versions of Multiple Point Crossover [31] anghere#(.) indicates the number df). The number of pixels

Uniform Crossover [32], as described in [30]. with the same coordinates in the two regions is the valye
The expression 2 could be written @s; = Rg, N Ry, It
C. Fitness function is straightforward that if there is no overlap between the two

The most critical step in the genetic evolution process [§910NSVi; = 0. while in case of complete overlap;; =

the definition of a reliable fitness function which ensureé)GTi = P he cost ina fromo hthe ind
monotonousness with respect to the improvement provided by 0 compute the cost, starting fromQ);; we search the index

. _ N
changing the segmentation parameters. The fitness function’Fn; : ;= argmaz; 5 (Oyj).

could be used both for comparing different algorithms and dif- Nus
ferent parameter sets within the same algorithm. In [6] the prob- C = Zj:l(Pij ) 3)
lem of comparing range segmentation algorithms has been thor- Ny

oughly analyzed, nevertheless the authors’ evaluations take ipto

. ther words”' should be a kind of distance between the real
account a number of separate performance figures and no globa . X )
: : : . . and the ideal segmentation at pixel level.
merit value is provided. More precisely the authors consideér

five figures that are functions of a precision percentage: Nu Na
1) correct segmentation; U=> (P-) 0y) (4)
2) over-segmentation; i=1 j=1

3) under-segmentation; . . :
) g U accounts for the unlabeled pixels, i.e. those pixels that at the

4) miss-segmentation;
) mis 9 on end of the process do not belong to any region (this holds only

5) noise-segmentation. . . "
. . : : for the USF segmentation algorithm since the UB segmenta-
Conversely we are in the need of a single value which will thetn

guide our feedback loop within the optimization process, an'gn. algorithm allocates all unlabeled pixels to the background

: : . ion).

thereforg we define a un!que performance value spguflcaﬂ%%hen we can create another (booleMtgtching mapwith
accounting for 1, 2 and 3; moreover errors due to missed re-, .

; . ' . triesm,; so that
gions or artifact regions are also considered, that group 4 and 5.
In [33] and in [34] a function assigning a scalar to a segmenta-
tion is used. Particularly in [34] that function is the probability mij = {
error between the ground truth and the machine segmented im-
age. But such a way of assessing fitness is judged not suitablg7,, is a “handicap” accounting for the number of under seg-
[6]. That should mean that a more robust way to have a scafagnted regions (those which appear in the resulting image as a
could be to order a vector of properties. Of course the orderigghole whilst were separated in the ground truth image);
of vectors is not straightforward without using particular tech-

1 ifi= argmaxjy:”{(Oij)
0 otherwise

(5)

niques; one of them could be to adopt a weighted sum of the Ne )

components. Hy =k - #(Ru, : Zmii >1,j=1.Nu) (6)
We define the fitness function as a weighted sum of a number =1

of components: In fact, in each rowi of the Matching map only one entry

4 is set to 1, while more entries in a column can be set to 1 if
F = w,C +woH, + wsH, + wyl : Z wi=1 () under-segmenta_tmn occurs and a segmented region covers more
ground truth regions.
_ _ Finally, H, is a “handicap” accounting for the number of
wherew;, w2, ws plus wy are tuned to weigh differently the gyer segmented regions (those which appear in ground truth im-

i=1

single components. age as a whole whilst were split in the resulting image);
The fitness takes into account two levels of errors (and there-

fore is a cost to be minimized); the former is a measure at Ne

pixel level computed with a pixel-by-pixel comparison; the lat- Hy=Fk-#(Ry, : Y _ mij =0, =1..Ny) (7)

ter is a measure at surface level considering the number of com- i=1

puted surfaces. At the pixel level; is the Cost associated  f7 andH,, are both multiplied by a constahiust to enlarge
with erroneously segmented pixels alficaccounts for Unseg- the variability range.
mented pixels. At the surface levels we add two factors (Hand-gome results about the effectiveness of the adopted fitness
icaps): one due to under-segmentatid@,) and one due to fynction have been presented in [35].
over-segmentatiof,, ).

Let G be the ground truth image, havidg; regions called

R¢, composed byPg, pixels,i = 1..Ng, andM S be the ma- D. Coding the chromosomes

chine segmented image, having, regions called?,; com-  One of the main tasks in GASe was to code the chromosome,
posed byPy;, pixels,j = 1..Ny. We define theoverlép map I-€. to code the parameter set for a given segmentation algo-
O, so that rithm.

To simplify the generation of new solution by a correct chro-
O;; = #(overlapping pixel ij ofR¢, and Ry, ) (2) mosome manipulation, we should use a binary coding but, since



TABLE |
USFPARAMETERS MEANING AND VARIABILITY RANGE

IV. EXPERIMENTAL RESULTS

Experiments carried out on GASe used as a benchmark the
Michigan State University/Washington State University syn-

Name Name within code Range Meaning L. )
. NS h TR ———— thetic image database (that we will refer to as MSU/WSU
— | W In wni ulat- . .
ing normag database [37]) and a subset of the University of Bern real
Tpoine  MAXPTDIST 0—o0 Maximum point-to-point dis-  database (referred to as ABW). The tests performed are very
tance between pixel and 4- . . . . ..
connected neighbor in region time-consuming since each segmentation process is iterated for
Tperp  MAXPERPDIST 0—oc0 Maximum perpendicular dis- g single experiment many times (i.e. for each individual of the
tance betieer. pixel and plane solution population and for each generation)
equation of region grown .
Tangle  MAXANGLE 0.0-180.0  Maximum angle between nor- Since we tested our GA with both a fixed and random number
mal of pixel and normal of re- . .
gion grown of children crossover, according to [30] we have to use an alter-
Tarea  MINREGPIX 0—o0 Maximum number of pixels o native definition ofgeneration The term generation in GAs is

accept or reject a region . . .
porre 9 often used as a synonym of the iteration step and is related to

the process of creating a new solution. In our case a generation
step is given by the results obtained in a fixed time slice. In this

TABLE Il manner we can establish a time slice in function of the refer-
UB PARAMETERS MEANING AND VARIABILITY RANGE ence workstation; for instance with a standard PC (AMD Duron
700MHz) running Linux OS we could define the time slice as
Variable Name Meaning Variabletype  Range*  gne minute of computation. In order to compare the efficacy
Th_toleran Curve segment accuracy float 05-15.0 and efficiency of results we will define a convergence trend
Th_length Min curve segment length int 3** : . : . . .
Th.jump Min 7 distance for jump float 10200 Maximum time to get the optimal solution in a givéfiaxG
edges generations.
Th_crease Min angular distance for float 0.0-180.0
crease edges
Th_area Min number of pixels for a int 0 . .
valid surface P m A. Tuning the UB algorithm
Th_morph Number of postprocessin float 1.0-3.0 . . .

P morphologicaﬁ,pefmom 9 The first experiment was the tuning of the UB segmenta-
Th.PRMSE (Elslr;eE) region acceptance float 0.1-100  tion algorithm [7]. This algorithm initially tries to detect the
Th_Pavgerr Plane region acceptance (av- float 0.05-10.0 edges (jump and crease [38]) of the Segmenting image by com-
Th CRMSE Eéage error). . toat 01100 puting the “scan lines”. After finding the candidates for area

. urve region acceptance oal A1-10. . . e .
(RMSE) 9 P borders, it accomplishes an edge filling process. This segmen-
Th-Cavgerr Curve region acceptance (av-  float 0.05-10.0  tation algorithm is capable of segmenting curved-surfaces and

erage error)

the available version [39] can segment images of the GRF2-
2T database (named after the brand and model of the struc-
tured light scanner used). We used a version, slightly modified
at the University of Modena, which is able to segment also syn-
thetic images of the MSU/WSU database. A set of 35 images
was chosen and a tuning task as in [6] was executed.

. . While the tuning done should provide very good results, it
Some genes (|._e. parameters) .COUId assume re"il values, ttus Fsog'ur opinion that a training set should not be too large. We
ing d'.d not sufﬂce._ S0 we decided to adopt an exteqded .IO nen chose a subset of 6 images as our training set. This set was
ical binary coding in order to represent real values with a f|xq put to GASe, and the resulting parameters set were used to

point code (with a defined number of decimal). Thu; we d‘gégment the test set (formed by the remaining 29 images) and
fine the symbol set af0,1, dot} to allow a representation (of to find the most suitable set

f|;<]e<_j butfark;_ltra(;y pre(_:|§|on) oflt:e decimal of thbe ?umber. The We fixed our generation in 1 minute and the maximum num-
choice of a Tixed precision could Seem wrong, but we can Cofly . ¢ generations in 30. That is to say about 30 minutes of

sider that, beyond a certain precision, segmentation algorit%\ﬂputation for every image of the training set. It took a total
performances are not affected. We could have used a float bout 3 hours to obtain 6 possible solutions, and to select

point representation of the chromosome, as suggested in [% ]3 most suitable for the test set. During this time our algo-

butin t.h? case we s_tudied, _afixed point representz_;ttion SEeMEifm performed about 10000 segmentations on the images. An
be sufficient. The binary strings are formed by the juxtapositio Xhaustive search should explore all the enormous space of so-

of BCdecode(;j ggnels, memory conium|rr:g_ but ?'V'ng a:jc_curaﬁ}{ion (the space has 10 dimensions and one parameter poten-

tso rirl;olsrc;rgt ir?;m?n;z?\x;:'gnhe-:— ?0(; V?'sizloinixfgigggo?ﬂﬁlly ranges from 0 tax) and all the instances of the test set.

tge created population databases (ﬁste d in figure f) In our case, the exhaustive s_egrch_v_vas substltute_d b_y_the GA-

' based search. Nevertheless, it is critical to test an individual on

Our chromosome contains all the parameters (their meattimages and measure the fithess as a function of the goodness

ings are listed in tables | and Il) of the chosen segmentatiomer the whole training set.

algorithm. In this way the solution spaces considered are n-As an acceptable approximation, to save computational time,

dimensional withn = 5 for USF andn = 10 for UB. we evaluated the fitness of every individual, applied on a single

*we decided to limit the range according to the observed lack of meaning of great
values when segmentingsu/wsu images, so the shown limits are less than possible

**fixed by UB task force; we decided to allow a range 2 - 4




TABLE Il
PARAMETERS SETS FOR MODIFIEDUB, AS TUNED BY ALGORITHM
AUTHOR AND BY GASE

Parameter Original opt. val. ~ GASe opt. val.

ThSegmToler 7.5 3.61
ThJump 10.0 4.55
ThCrease 30.0 36.78
ThPRMSE 1.11 0.51
ThPAVErT 1.07 0.21
ThCRMSE 1.11 0.57
ThCAVErr 1.09 0.45
ThPostprFact 2.0 1.79
ThSegmLen 3 2

ThRegArea 100 6

TABLE IV

AVERAGE FITNESS VALUES AS ALLOWED BY“ORIGINAL OPT. VAL.” AND
BY “GASE OPT. VAL.”

Parameters set  Average fitness

Original 15.96
GASe 15.04

image at a time. We assumed that, thanks to the genetic evo-
lution, when the individual genotype becomes common in the
population, it will be tested on different images. At the end the
best scored individuals are tested on all images of the training

(a) Adapter-1; range (b) Adapter-1; ground

truth
(c) Adapter-1; (d) Adapter-1; GASe
Original opt. val. opt. val. Fitness=3.91

Fitness=4.61

set and the one that outperforms the others in average is seleei@®. Improvement of obtained segmentation for adapter-1

as the best.

In table Ill we show the parameters used for this test. With
“Original opt. val.” we refer to the parameters tuned by the al-
gorithm author, while with “GASe opt. val.” we refer to those
tuned by GASe. In table IV we show the average scores ob-
tained in this test. Although the improvement could seem poor,
it is not because of the presence of images with very different
characteristics, which were not considered in the training set.
As a matter of fact, the fithess improvement is in most of the
cases of one or some units (see figures 2 and 3 where “original”
and “GASe opt. val." are compared). The best improvement
was of 11.26 points, while in one case only the GASe opti-
mization generated a worst result with respect to the manual
selection.

B. Tuning the USF algorithm

The second experiment was performed on the USF segmen-
tation algorithm [6]. Based on a region growing strategy, it
computes the normal vector for each pixel within a parametric-
sized window. After that first computation it selects seed points
on the basis of a reliability measure. From these seed points
it accomplishes the region growing, aggregating surfaces until
at least one of four parametric criteria is met. This segmenta-
tion algorithm has been tuned using a set of parameters pro-
posed by its authors. As we can see in [6], the given results
are very impressive, so we knew how difficult it will be to im-
prove them. Nevertheless we performed the following exper-
iment: given the original training set (10 images of the ABW

2 4

(a) Column1-3; range (b) Columnl-3;
ground truth

2 4

(c) Column1-3; (d) Column1-3;
Original opt. val. GASe opt. val
Fitness=8.42 Fitness=7.65

database) we chose an image as our training set, and the otweB. Improvement of obtained segmentation for column1-3

9 as the test set. Then we compared the results on this subset to
the corresponding former results on the same subset using the



TABLE V
PARAMETERS SETS FORUSF,AS TUNED BY ALGORITHM’S AUTHORS AND

V. DISCUSSION AND CONCLUSIONS
The segmentation of range images is a challenging problem

BY GASE R Rk . .
both for the selection of the more appropriate algorithm (region
—— Original opt.val._GASe opt. val. growing, edge_ﬁlllng, clustering, etc.) and for the obtained ac-

curacy. A variety of systems to perform this task have been

WINSIZE 10 9 . .

MAXPTDIST 12.0 13.9 presented in the literature (we remember [6], [15]), and all of

MAXPERPDIST 4.0 5.3 them need an accurate parameters tuning, according to the im-

MAXANGLE 25.0 11.45 -

MINREGPIX 500 482 age characteristics.

A tool to compare results was proposed in [6], and it has
been used to address the parameters tuning (as in [2], [3],
[4]) using only one of the given measures. The tuning meth-
qds are based either on careful selection or on solution space-
artitioning search, which limits the dimensions of the solution

ce.

comparison tool presented in [6]. The comparison tool consi
ers five types of region classification: correct detection, ovel
segmentation, under-segmentation, missed and noise. Whert .
region classifications have been determined, a metric describi e proposed an automated search method, based on genetic

the accuracy of the recovered geometry is computed: any pailae °F'rt_*r‘]mz tnr;:tnzlI%v;iltés;%s(;eirtcgfaggge Stgltg;';)rt]. ;F()aaca?c’:c\:,ll)r:(ljk-a
regionsRk; and R, in the ground truth image, representing ad- qutl ! t?\ h 9 i t‘ | 'tf]u : T : dd( th
jacent faces of the same object, have their adgleecorded in ing to the chosen segmentation algorithm). To address the

the truth data. IfR; and R, are classified as correct detectionsSearCh we used a fitness function that combines different mea-

the angleA,,, between the surface normals of their corresponéyres given bg th?Ncotr;pa_rlsoln tool t(a(\jlthougi; usmg”a ddgfig
ing regions in the machine segmented image is computed. T source code). We thus implemented a system, calle €

| A, — A, | is computed for every correct detection classifica. enetic Algorithm Segmentation environment), to test differ-

tions. The number of angle comparisons, the average error gﬁévsegmentatmn algorithms, namely UB and USF.

the standard deviation are reported, giving and indirect estimarb vien sasv; t?naé:gtit(?: Lijil;;vea%tgi'gsi e;(ggngfn;erei}:gs{;{ig'n
tion of the accuracy of the recovered geometry of the correcﬁy g s€g . y P ' Seg '
: . or the USF we obtained reasonable results, similar to the one
segmented portion of image. . )
proposed by the authors, but without having any knowledge
The set as tuned by GASe is in table V, and we refer to apout the nature of the parameters. In fact, GAs start from ran-
“GASe opt. val.”. In the same table are also included the pdem values of the parameter set and are able to reach a simi-
rameters as tuned in [6], which are referred as “Original opér solution in relatively few generations. Finally, embedded in
val.”. The results are not better than those presented in [6], I@#\Se and as a stand alone tool, we proposed an algorithm to
in a limited amount of time (we fixed the search in 15 generebustly award a scalar value to a segmentation.
ations) we reached a good result considering that the solutionNe believe this work provides the basis to design a wizard (or
space was larger than that considered in [6]. Moreover no infaxpert system) helping human operators in segmenting images.
mation is given about the time spent to select the solution spaCeir final aim is to build an interactive system, that, after an
while can be easily determined an average time to explore tlngsupervised training time, will help human operators in the
whole solution space to select the “Original opt. val.”. task of obtaining good segmentations. The expert system will
In table VI we present the results determined by the two Sé)[rsowde thetfranjev:/ork for thg op;erfator ]EO dec!de the pa:ameters
with a precision tolerance of 80% (see [6]). In figure 4 Wf; sggme_n i(S)Ing € or a Subset ot surtaces in a complex scene
show the plots corresponding to the experiment. The comp s done in [40]).
son tool provides five error measures, in addition to a measure
of correctness. All these measures are related with a tolerance REFERENCES
percentage. Plots of figures 4(a)—4(e) show the results on thié B. Bhanu, SI- Le'eH and J. Ming, “Adaptive Image Segmc?ntagon Using
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TABLE VI

AVERAGE RESULTS OFUSF SEGMENTATION ALGORITHM WITH ORIGINAL AND GASE OPT. VAL. ON 10 ABW IMAGES AT 80% OF COMPARE
TOLERANCE (WE REMEMBER THAT TOOL MEASURES SEGMENTATION ALGORITHM PERFORMANCES WITH RESPECT TO A CERTAIN PRECISION
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