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Abstract. Many skeletonization a lgori t hms h ave bee rl a nal d f I 
• • • c: yse rom severa 

points of view 111 the pas t ten years to compare th lt th . d 
. e resu s . ey pro uce . 

Ou_r at_temp~ h e re is to add a new comparative a nalysis to this research area 

which investiga tes the n o ise SP.nsi t ivity of t hese algor'th W · d th 
- ·. · • 1 n1s . e examine e 

p erformanc~s of five al gorithms (they are based on diffe ren t thinning models) 

on a huge picture set, and sorted the algorithms according to t h e results t hey 

produced. This analys is can b e useful for those who would like to apply the 

most efficient a lgorithm for a specia l ki nd uf noisy im age. 

1. INTRODUCTION 

The necessity of designing skcletonization algorithms dates back to the 

early years of computer t echnology, to the 1950s. It was realised that in some 

applications (the fir s t problem \Y as the character recognition), it is enough to take 

only a reduced amount of information into account instead of the whole i1nage , 

which is usually a. line-drawing. The bas ic idea \\'as to " peel" the original picture 

by iteratively rem oving certain cont.our po in ts . T his procedure is the so-called 

skeletonization, which creates a line- like shape ( th e skeleton) , so the furth er anal­

ysis becomes easier to execute. The ske- leton h .-i.s t.h e follow ing advautages: there 

is less information to p rocess, and the shape analysis can be made more easi ly. 

Since then many new challenges hctvP occ urred from several parts of life , and now 

skeletonization is applied in a very wide raHge , e. g ., in the an alysis of blood cells 
0r_chromosome shapes in m e<lical sc ience, or in identifying sign atures and finger­

Pnnts . Many papers have b een published to take a survey of the skeletonization 

Processes without goi 11g into details , see [1 ,4,7]. These articles make the reader 

familiar with the m ost import.ant concepts of skelctoniza.t ion. 

A lot of algorithms have been developed and implemented during the past 

ten Years to fiHd the skeleto ns of different im ages . It is very difficul t to m easure 
the "good ness" of su ch a m ethod quantitat ively . The analytical com parison of the 

ll1ethods is very sophis ticated . since they are ba.se<l on d ifferen t models, cf. [8 ' -----1991 l\1athematics Subject Cla ss ification. 68U l0 Image Processing . 
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p . 263). That is the reason w hy t he skelet0n izati0 ns are compared according to 
t he results they produce in t hc- prac tice . There are pape rs aboUl the technical 
parameters o f these algo rithtn~ (like computat ion speed . memory requirement. 
etc.) ' a nd there a re ob"er ,·at i0ns ba$-ed on th ~ rE"ll It 5keleto ns . the_ a lgorithms 
produced . A pos., ible w c1 y to da~ify t hf' ~l?on thms 1~ to examme 1f the re::.-u lt 
skeletons m ee t t he foll o" ·ing (na tural ) cond1 t io ns . 

• The skeleton should accurnt 1..' l) refl ec t the sh a p e of the o r igin al im age 
• The t 0 pologi('al prop t-- rti es (hom otopy) of t hP obj ec t an<l the background 

should be presern.~ 
• The t bickness oft he skelet on should be one pixel 
• The skeleton ization shou ld p reserYe sy mmetry 
• T he skeletoniza t ion p rocess should be immun e t o noise 

A more detail ed de5criptio n abou t the requested p roper ties of skeletons 
can be found in [8 , p . 239) . 

l"sually a referc>nce skeleton is composed. and t hen the d is t:_:rnce of the re-­
~ult and the refe rence skeleton is calcu lat ed by using a suitable dis tance function . 
The reference skeieton can be ob tained fo r example. by asking hu m ans to select 
the skeleton of t he o bjec t a nd t h en averagi ng th t> selec ted skeletons . .-\ n interest­
ing way of selecting the reference skelet ons can be found in [8 , p . 283). where a 
lot of humaJ1s were inYolved in the creatio n oft he reference skeletons . The most 
frequently used d is t a nce fun ct ion:'i are int roduced in Sec t ion 2. O ther funct ions 
which a re useful to inYes t.igate t he sim ilari ty of the result and th e reference skele­
tons can be fo und in (8 i p . :283). In t he case 0f using ~eH'nl di~ tance fun ctions , 
strong correlation ca n be m easured b etween th e distances. Few methods di vide 
the skelet ons int o fr agment s, and use polygons t o mat ch t he resul t skeletons to 
t he reference inst ead of usi11g t hese distance fu11-.·ti on.s (see [8, p . 30, ]) . 

T he ai m of th is p aper is t o analyse t he .. good ness .. o f skeleroni za t. ions from 
a special po int of \·iew . \ Ve fou nd t hat tli e sk.eleto nizations were no t exa mined 
statist ically (wit h a la rge nu mber of exper imen t~) to t e::.t how the noise corrupt ion 
a ffects the ext ract. ion of t he skeleton , and how the skeleton iza t ion p rocesses can 
cope wi t h noisy images . U nfortun a tely t he i upu t p icture::; a r e ra rely ideal , but 
are corrupted with some kind of noise . Fo r exa mple , the contou rs in the image of 
a printed ci rcuit boa rd a rc often corrupted by a con to u r n oise which m akes t he 
contours d iscon nected, t bicker. ete. O u r purpose " ·as to decide ' which is t he most 
effi cient algorith m fo r noisy im ages, a m ong t he in vest igated ones. 

2. BASIC CON CEPTS AN D NOTATIONS 

ln t he fo llowing we need some conce pts , so we o-1ve t he m os t im portant. d efi ni t ions t hat arc· used . 0 
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l'I'IV ITy · . · OF SI<ELETo , A bmary p1cture can b e . NIZAT ION ALGORITHMS . h represented b t,he_ valu~ e1t er O or 1 ( :i th~r white or black y a 2D-array of points which have 

white pomts and the ob1cct I s t he set of the l\- ~he ?ackgro11nd is the set of t.he A contour (edge) point; is a b' ) a~ points . . Tl . . :n o Ject ))olll t. wit! I , neighbour . le contou1 (edge) consists f'. II I at. eas t one background A h · · . · 0 a the cont • . · t mmng algontbm operates . jh . .our points of the object . . on L e cout.ours f th . inates contour pomts chosen by som e k' d f . · ~ ~ obJects and elim-h d • · in o ncighhon .- 1 . common met o is to remove iterative! 11 t1- Ji!; _cons1r erntions . The · . Y a ,ne contour pornt f t1.. -6. cept th~se pomt~ wluch b: long to th e skele t.o u. Th i8 t " . . 8 ~ ·11.e 0 Ject ex-sequential a.lgont.hm, which is bRsc<l 0 11 cont 
1 

~p - of thmnrng is the contour . . . " mn ,racmg. Another poss1 b1h Ly is to use a temi)l ·-t f . . . 
l . d, ,e o a given srne to scan the picturP and remove t 1e pomts that belong to an edge but t L th d' 

1 
. 'J . , no O e me 1a axis of th e obJect. The procedure s to ps when no more changes are made. 

To test the si1nilarity (i .e ., to calculate the distance) of the resul t ~-nd the 
reference skeletons one can use the Hamming-dist ance, which has the followinP­form: 0 

m n 

X(T, R) = LL(TijXOR Rij ), (1) 
i=l j=l 

where pictures T and R of size m x n, contain t he test and the reference skeleton , 
i, j are pixel coordinates ( ij means the posi tion of the pixel in the ith row and jth 
column) and XOR means the logic operator exclusive OR. This funct ion computes 
the value of the XOR operator according to the result and the reference skeleton . 

Another useful function is the distance 
ni n ,----- l m n 

D1 (T, R) = _l LL , / cL(Tij , R) + rv LL✓ d(T, Rij} , ]\T1, V i R .
1

.
1 i=l j= l t = J= 

with 

{ 

O if TiJ = O; 
d(nJ,R)= min{u ,v jR.,";to}{(u-i)2+(v - j) 2} if TiJi= O_ . 

n and NT and IV R a.re the numbers of the obJect pomts ~here 1 ::; u < m., 1 < v ::; ' . ~ res ectively. T hus this function computes 
In the test and the reference picture:;: Pf t·h t: t nd the reference skeletons . ih . d' t· f the pixels o . e es a . , ~ e mean Euclidean 1s ance O 

. . . 'f ,hange background pomt:::-. 'th aclcl1t1ve no1se l we c b We corrupt an picture wi ' . . ' ) d we generate su tra.c-t f b, ct porn ts mcrease1S , an b. . o object points (the number O O Je ' d · t (the number of the O JE'rt t . . . . . b . 1e backgroun porn s , ive no1se when obJect pomts econ -
P · d t lk about 01nts decreases). . , re is involved, an we a . rfh - . . . r}obal if th e whole p1ctu ,, . y" A conto ur i101se e noJSe is g . t tours become no1s . b :ld . g contour noise when only the obJec:· con . t . ( uhtractive noise ) or y a.c ~11 . - . , contour porn ,::; 8 

. . , .. 111d subtract1ve can be generated by chrnrnat111g , d ( ·ld.tive noise). Add1t1 v( • c l I groun ac I 0ntour points from the )ac < . l tly • I' • c1 nre rndepenc en , . 57 noise can 9e generated rnr a P1 ' 
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The level of the noise indicates ~he percentage of the picture points that 
can be changed during the noise gener~t1_on . . 

For example, producing an additive global_n01se at the level of 50% means 
that we randomly choose the half of the picture P?mts , a~ld change them to object 
points. If a. chosen point is an object point then it _re~ams unch~n?ed . 

We used bold characters in the tables t o highlight the mrn1mum values. 

3. DESCRIPTION OF THE EXPERIMENT 

3.1. Skeletonizat ions. To test the noise sensi Li vity of the skeletonizations fi ve 
algori thms were examined. T he analysed algori thms are listed below with a brief 
descrip t ion about the way they work: 

1.: E.S. Deutch 's algorithm (DE), cf. [2] 
: This classical thinning a lgorithm has two subcycles and uses 3 x 3 templat e~. 
2.: T. Pavlidis' algori thm (PA) , cf. [6] 
: This is a Contour Sequent ial Algori thm . so only the contour points are 

processed. 
3.: V.I(. Govinda.n 's algorith m (G O) , see [3] 

This Pattern Adapt ive Thinning Algorithm examines the obj ect points 
along the contour, whil e an adapti ve algorithm adj us ts the t hinning process 
to picture shape. 

4.: N.J. Naccache and coll eague's a lgo ri thm (N A), see (5] 
This is a Safe Point Thin J1 ing Algori thm which uses 3 x 3 templates, bu t 
the input pictures have to be sn1oothcd first , because the algo ri thm is very 
sensitive to the "sal t an<l pepper'' (g loba1) noise . 

5.: R.-Y. Wu's algorith m (\VU) , cf. (9) 
This is a One-pass Parallel T hinning whid 1 uses 3 x 4 and 4 x 3 templates 
instead of 3 x 3 ones to avoid exccss i ve erosion d uriug t he delet ion of 
edge points. The authors claim th at this algorithm prod uces perfect ly 
8-connected and noise insensitive results. (They are right as we shall see. ) 
Some of these algorjthrns are known from the literature as very efficient 

(" good" ) ones (e.g ., Pavlidis' algorithm). \1/e tried to select a lgori thms which 
are based on different models , and try to fin rl o ut whether a relationship exists 
between t.he type of algorithm and t he noise sens it ivi tv. In the fo llowiug we refer 
to these algorithms by two capital letters , a.s algorit.h~8 DE, PA , GO, NA, WU-

3-2- Oi~iginal picture_s . T? perfo rm the an a lysis we used 10 bina ry pictures; their 
properties are sum manzed m Table 3.2 : 

Th · #8)· e ~m ages c~n be grouped as printed circui t boards (#1 #3) pictoo-raphs (#6,# 7, 
text mformat1on (#4 # 5 #9) . d h' . ' ' 0 . (# 2 #10), . ' , , ctn sop 1st1ca ted structured line-drawings , . respect1vely. We found that tl ~ k' d . . h t 1s ie;-;e 111 s of 1m ages often occur in practice, t a 
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A TABLE 1 . Properties of test. pi ctures involved in I.he analysis 

# I Picture size o bj ect poi ntH conto nr po inf,A I 
( Area) (Perimeter) ' 

•· ----. 1 100 X 100 4014 769 -- - - - --2 200 X 200 8~{1t:{ G~U4 ----·•-----•·•~· --- -3 100 X ] 00 4326 9fi J 
4 320 X 200 14068 

,---
rt() Is 

5 100 X 100 2366 n10 --· 

6 320 X 200 3468 
--· --------

2179 
7 160 X 160 15007 ~1132 
8 200 X 160 5016 1671 
9 200 X 160 7901 2908 
10 320 X 200 15833 6477 

F'1c; URE 1. Picture d, , , · . . # 2 (' ) ar1d its skeleton (b) extracted by the 

algorithm DE 

. (· ) ' hows the test picture tli . f h' un alyi,; i:.;. F lg 11rP L ,\, :s ) 
#- • >ea,,un why we chofie t h•·in Jo~ : _ 18 

· D 1') is " hown ; u Figure I ( b · 2
, and the result skel etCJn ( <:>X t J cl,< t ed by · 
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Noise 
Level 
Type 

ATTILA FAZEKAS AND ANDRAS HA.JOU 
TABLE 2. Noise corrnpt.ions applied to the original pict ures 

A 
+2% 
global 

--
B C 

1/r +l +2%/- 2? 0% -
global - 0 11 - -

tour 

-.--- --
D E F 
- 10% +5%/- 10% 

. 
+15%/ 

contour contour contou 

3.3. Generating noise. W <:>. corrupted our teflt ~ictureA_ with u11iformly distr ibutr.d 
noises . Additive (ba.ckgrnund point~ becom_c obJect. pornt:;) an? subtractive (ob­
jects points become ba.ckgrnuud pomts) noises were used at different corruption 
levels for the whole pictures (global noise) and for only the objec t contours (con­
tour noise). T he levels of corruption are given in percents , a positive percentage 
values mean additive, negative values mean subtractive noise . 

Table 3.3 shows the noise levels and types we generated in the test pictures. 
The noise corruptions used are denoted by A, B, C, D, E, and F, respectively. 

Picture #2 is show n in Figure 2(a) after corrupt ing with a +15%/ -15% 
globa1 noise , and the result of the skeletonization DE is on Figure 2(b) . It is worth 
examining how the noise corruption affected the result of the skeletoniza.tion. For 
example, little circles can be seen on the sun in Figure 2(6), which are missing 
from Figure 1 (b). The reason is that the subtractive noise ( -15%) eliminated 
some points from the main circle of the sun, thus holes appeared there , and the 
skeletoniza.tion preserved the topological features . Little line segments , and points 
in the sky can be seen as the consequence of the addi t ive noise corruption. 

3.4. Reference skeleton. There are several ways to find a good reference skele­
ton for further analysis; one was mentioned in the Introduction. To obtain the 
reference skeletons for the test pictures we used another method which was sim­
pler and more suitable for our investigations. Our test pictures a.re artificial (ideal) 
images, which means that they are not corrupted by noise, so we can consider the 
result skeleton of a skeletonization in the test picture as the reference skeleton 
of the given skeletonization . This is a simple way to obtain a reference skeleton, 
and , on the other hand, we investigate only the effects of noise corrupt.ion, so 
th is method does not mean a restri ction. For example , we use Figure l(b) as the 
reference skeleton of the algorithm DE. 

3.5. Calculating th e d istance of the result and the reference skeletons, 
We obtained 50 skeletons after performing the 5 algorithms for the 10 original 
pictures and these skeletons were used a8 references. From the 10 pictures we r)roduced 70 pict ur<'• ' fo , . k. j t· · . d 4200 p1'cturcs · '. ,, r cve1 Y i nc o noise co rruption , t hus we ha corrupted by noise. 

Th t 5 sk; lttoniiat ions were perfo rmed for al l the 4200 pictures, t,bus <i l­together we ha,d 21000 res ,dt, skcletonR in the CHd . 
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A r, r, 0 RfT HMS 
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FIGURE 2. Picture #2 after corrupt ing with a +15%/ - 15% f c;al noise (a), and its skeleton (b) extracted by the algori thm 

As the next step of our analysis, we compared the result skeletons with the 
corresponding reference skeletons . To p erform this comparison, first we t ranslated 
the result skeleton both horizonLally and vertically to find the best matching to 
the reference (i.e ., to make the result ske lcto u cover the referen ce one) . W e chose 
the position for which the distance of t h e result and the reference skeleton was 
minimal. This technical procedure has to be executed as a preprocession , since 
the translation of the obj ect implies t.he translat ion of the skeleton . For example , 
an addi t ive/subtractive conto ur noise corruption translates a solid rectangle by 
one pixel if the additive part of the noise corrupts al l the points of one side of the 
rectangle and the subtractive part corrupts the points of the opposite side. The 
maximal translation allowed was 2 pixels in any of the four directions. 

After translatjng the result skeleton, we calculated its Ham~ning-dista.nce 
(1 ) from the referen ce skeletou . Thus at the end of the calculation we had a 
database of 21000 experi men ta l dis tance va lueEJ, which WC conk! _us: for ~urt.h cr 
statistical investigations . To evaluate this d ata se t. we used t he s t. a t1 s t1cal prog1am 

Package SPSS1 . 

---le . opyright © SPSS Inc . 61 
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TABLE 3 . The m ea n values of computa tion tim es (the values are 
given in seconds) 

# D E PA GO NA WU 
1 0.428 1.005 0.657 0.513 0 .358 
2 0.779 2.570 1.901 1.276 0.752 
3 0.421 1.174 0.711 0.570 0. 399 
4 3.092 7.267 4.667 5.728 2.699 
5 0.178 0.554 0.392 0.265 0.168 
6 0.311 0.983 0.772 0.604 0.312 
7 2.338 5.254 3.270 3.108 2.114 
8 1.111 2.084 1.419 1.738 0 .829 
9 0.741 1.973 1.435 1. 166 Q.623 

10 2.757 6.384 5.125 3.866 2.238 

4. STATISTICAL EVALUATION OF THE R ESULT DATA 
4. 1. Computation time. This paper does not focus on the technical p ara.meters 
of the skeletonizations , but someti mes it can be useful to know how m uch it t akes 
an algorithm to process a picture corru pted with a special kind of noise. Table 
4.1 contains the mean values of the algorithms' computation times for each of the 
pictures. The computat ion t im e certain ly depends on the size and on the difficulty 
level of the picture. From t he skeletonizotions examined we found the one-pass 
algorithm W U to be t he fastest, acco rding to this t able. A table containing 
computation speed for lots of algorithms can be fo und in [8 , p . 23~1]. 

4.2 . Picture - Distance , and Noise type - D istan ce r e lat io n s . V1/e exam­
ined the performance of the algorithms with respect to the pictures and to the 
noise types . Figure 4 .2 contains the meau distance values of the test and the refer­
ence skeletons for every picture , and t he resul t of the skelctonizat ion.s are shown by 
polygons. Smaller distance values m eau better matching to t he reference skeletons, 
so that skcletonization produces t he best resul t which has t he smallest di::;tance 
values (i .e., the lowest polygon) . 

Figure 1.2 contains in fo rmat ion about n, sim ila r analysis, but here the 
noise types were examined instead of t he pictures. T he same conclusions can be 
draw n, i.e., that a lgori t hm prod uces the best result which has t he smallest values. 

Det ailed t ables of the distance values can be found in t he Appendix. Ap­
pendix I contains a t able about the expected values (means) of t he d istance values, 
while Appendix ll shows thf'i r standard deviations. 

4.3 . P e r~orinance it~dices fo r ske le tonizatio n s. We assigned a rank value to 
the algori t hms according to t.hc d istance values Lhey produced in the given test. 
62 
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• 1· ~ • tl e p1ctu rc1:, T ABLE 4 . Pcrfornlance 111 c ices o1 l 

# 
1. 

2 
3 
~t 
5 
6 
7 
8 

T 
10 

nr~ 
-~urn 
2.00 
'2.G7 
2.67 
2. 17 
2 .33 
2 .()7 

foo 
2-:-50 ----2 .17 

- -
PA co 

2.17 4~· 17 
-
~\. 17 1.00 

- -
2. 00 4.00 

2.00 :J .[)0 
-

'2. ~~l 1.17 
~\.GO- :t l.7 
2. 33 -·-r:-rn 

- -··. 
l .83 3.83 

2 .50 3.50 
'--2.33 4.17 

NA 
:Lf>O 
:L50 

- t1.0U 

~l . GO 
:L33 
:3. 17 
1~33 
1 .17 
3.67 

- 4.17 

--W7 J 

2.67 
2.3:s 

1)-;;,, -
L . , ), , 

- -
:1.17 
2.50 
2.83 

---2.33 
~-] 7 

- 2~83 -
2.17 

T AR LE 5. Perform ance indices for the noise types 

DE PA GO NA W U 
A 1.00 2.10 2. 90 4.50 4.50 
B 3.80 1.00 2.00 4.70 3.50 
C 1.00 3.30 4.00 3.40 3.30 

--D 4.60 2.30 4.20 2.90 1.00 
E 3.20 2.70 4.70 3.40 1.00 
F 1.20 3.40 4.90 3.50 1.90 

TABLE 6. Overall performance indices for the algori thms 

DE PA GO NA \VU 
2.46 2.46 3.78 3.73 2.53 

The algoritli m with the smallest d istance value go t rank 1, and t he largest value 
got rank 5. Ident ical distance values got the same rank, and in this case t he next 
rank valu e was ski pped (e.g ., ] , 1, 3, 3, 5) . Ry averaging these rank values we 
were able to aSsign a. perform ance index to each of t he skeletonizations. Table 4·3 
8hows U-1e perfr,rmance indices for the pictures, while Table 4.3 shows t he same for noise typ~s. 

By averagin g lhcs<'. pe rfr,rrnance indices W<"' could calculate an ovrrall per­
form anr.:.t: index fo r every i-, k<., lctonizat. ion . T he Ta.hie 4 .~1 contains these indices: 

Arc,mJi 1w t,J th1·,. ' . II ., , I . D E PA and . ,., ,::, t- rt J < WP can cone 11 cl1~ that algonth ms , , W U procl,u;e Ldt.<> i- f>k<-lctu11 i11atl· hi 1,g than CO o r NA . This L' t>s ul t exp lains whY 64 
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TABLE 7 . P erforma nce 111cl 1ccs for pic tur<,8 ( I f . . , o n Y o r co'>tour no rne ) 

# DE PA 
1 2 .25 2 .50 
2 2.00 4 .00 
3 2.50 2.25 
4 3.00 :l . '.2 5 
5 2. 00 ··\ ~o \. . ,) 

6 2 .50 ~1. 25 -
7 

-- ..._ _ 
3.00 2 .75 

8 3.25 2.00 
9 2.50 3.00 

10 2 .00 2 .75 

G O N-J\ - -
G.O(J - 3.2G 

..._ , 
WTT 
2 .0 0 
1. 50 
1. 7 fi 
2 .2 5 
1.75 
2 .00 

'1 .75 
'1 .75 
ii .00 
5.00 
3 .75 
3 .75 
4. 50 
4.00 
5.00 

- 2.75 _ ._ 
-3. 7 5 -- '-

- 3 .2~~ - -
-- ,p-fi- -. ,) 

~ 

~.50 
-

11. 00 1.5 0 
3.7f> - -
·--

3.25 
-

3.7!) 

1.5 0 
2 .2 5 
1..5 0 
~ 

TABLE 8. Overall p erformance indices for t he a lgor ithms (on ly 
for contour noise) 

DE PA GO NA WU 
2.50 2.92 4.45 3.30 1.80 

--

the authors of algorithm. N A warn for smoothing b efo re skelet on izing , as algorithm 
NA has the worst resu lts in the case of global noise which h as a " salt a nd pepper" 
effect . 

4.4. P erfo rmance indi ces o nly for con tour noise corruptio n. During our 
investigations we found that it was a bit unfair to involve globa l noise corruption 
into the analyses, as mainly conto ur noise occurs in p racti ce , and these a lgorithm s 
are quite sensitive to global noise . That is why we calcu la ted performance indices 
of the algorithms for only contour noise corrupt ion . T he Table 4 .4 is simila r to 
Table 4 .3, but global noises were excluded from this analysis . 

According t o the a bove d iscussed m ethod, we also ca lcu la t ed the overall 
Perform in g indices of the a lgo ri t.hms fo r the conto ur noise corru ptious (Table 4 .4) . 

T his table iudi ca,tes la rge r <lifference b c twee11 the '' goo d ncs~" of the al­
g_orithrns . Algorith m W U seem s t u be t he m o 8t rcl ia~le 0 1~e (so_ U1e a uL_hors a.re 
right about noise im mun ity) , bu t DE is better i11 cop 111g wt th h1gl~cr no ts~~ _le: el. 
Algoritl1 rn G O p rod uced tlie worst p e rfon n 1:u icc wi t. It resµ cd to n o 1sc se 11 ~1t. 1v1ty . 

! ·.:> .. Variance analys is . hi 0 11 r a n a ly sis we g rcwp <.'d the d ~::, t,auce v'.d u~'s ~1~ t he 

f
ii.8111 of t he a lgorith m n a m e as a fac: t.o r . H t.11ri wd o n l. I.h at t, h 1~ fo dor I" ~1p; m f1cant 

0 r Lh · I e m od el , and tl i<~ fo llow ill g ~rn ups were o h L11 1H'l : 
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# 

1 

3 

5 

G 

7 

I 

I s 
I 

I 
9 

' 

ATT ILA PA 7, El{ AS AND ANDRAS HA .JOU . . 
• ,cJ 'HTordin !1: t,o t he Rk<~letomza t1ons TABLE 9 . Ptct.Urf'~ group( r , 

---· -- 8 - (i 7 

I~ 
3 :) - - - --- -1 . - -

D E, PA , nE , C:O , DE , CO 
I GO N A , W U 

I 
- - - - ---- - - --

DE , G O , J)E , G O, DE, P A. 
NA , \\' U W U GO 

_ ,_ -- - ,. - --- - - -- --. DE, GO , OE, GO, 
l'A , Go N A , W ll NA , W l 1 

-· ---
PA 

-

PA PA ,GO 

DE , G O DE , GO, PA, GO 
W U 

PA, GO 

I 

• DE 
• PA 
• G O , NA 
• W U 

This result shows that algorithms GO and NA produce similar results for any 
kind of noise and picture type. 

We ex am ined every algorithm if it worked similarly when only contour 
noise corrupt ion was genera ted in t he pictu res. In th ii:; analysis the distance values 
were grouped on the basis of the picture number as a facto r for a ll t he skeletoniza­
tions . The following table shows t he cases when at least two pictures belong to 
the same gro up. A pict ure can belong to more t han one group (it is known[r0 i:11 
factor analysis) , which means that there arc simi larities in some details, but th is ] • . . t · · T · · h I · rithm re a 1.,1on 1s n o · transitive. wo pictures belong to the same group 1f t e a go ' 
produces simil ar results . For example , Pictures #1 and #3 usually belong to th~ 
sa~n t gro_u r ~because th ey h ave t he sam e type, as hoth of t hem are pict~res ,;s 
prrnt~d Cl rc u i t boatds) · F'urth <:r 8iruilar conclusions can be der ived, e. g. , Pictui , 
# 2 and /i-1 O always fo rni :-.<:p a r a. t (• gro ups , as t h<' y have sophisticated structure. 
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ANALYSING THE NOISE SEN SIT I V ITY OF S l<T~LE' l'ONIZ J\T ION ALG O HI T HM S 

4
_6_ }legression analysi s., Our s t~.tisti cal in :cs ti g,a t.i ons di Aco v,~r<:d st,rnng rel a-
. 111·p between the level o l the noise corruption a nd tlu-• di s t'-'n <' " v·1,JueCJ Th t,ioJlS , , __ ' - . , ._., ,., r ,-,. cy 

are correlated at the level of_, - 0 .7584, and th e hypothesis th;1t t he8~ variables 
a.re uncorrelated sho~ld be reJe(~tecl a_t every no r:nally w-1,~d signifi can ce) level (g!:/¼

1
, 

gg%). M~reover , a h~1ear_,rela.t1on8h11~ "':as con,1 ectu_recl a ud a regrel'lsion a n,i,lys is 
proved this hypothesis. l• r~m. R s tat1st1cs. we obtame<l_ that the h ncar model is 
acrepta.ble, a.nd the hypo thesis that the hneat· m odel 18 not suitable srv) uld he 
rejected at every normally used significance level (95%, ~HJ%). 

5. CONCLUSIONS 

This pa.per presents statistical results about the tolerance of five skele­
toniza.tion algorithms with respect to noisy im ages. A la rge database of 21000 
skeletons was used to obtain performance indices for the algori thms . Linear corre­
lation was detected between the level of the noise and the d istance of the referen ce 
and the test skeletons. The algorithms could b e grouped according to thei r tol­
erance with respect to different types of noises a nd images . The calculated rank 
values of the algorithn1s may help one to choose an algorithm which produces the 
most reliable result for a given type of image which is corrupted with a given type 
of noise. It seems to be interesting to go on wit h an alysing other skeletonizations 
which are based on other models, or to make investigations in a higher dimension 
(3D). 

APPENDIX I 

The Table 5 contains the expected val ue (mean) of the distance values 
produced by the algorithms. The column headings represent the generated noise 
(heading * indicates the case when every picture corr11pted with every kind of 
noise was involved in the analysis ). Row numbers represent the test p ictures. The 
smallest distance values arc highlighted with b old numbers for every pi cture- noise 
Pair. 

APPENDIX II 

The Table 5 contains the standard deviation of the distance values pro­
duced by the a.Jgorithms. The column headings represent the ge nerated noise 
(heacr · · · · . · d · th k. d f 
. . 1ng * indicates the case when every pictu re corrupte w1 eve ry m 0 

;~
1:e. Was involved into th e analysis ( Row numbers represe_nt ~l~e ~est ~~c tu~·~s . 

smallest values are hi g hli gh ted with bo ld n umbers for every p1c.. t.u1 e·- no1:se pau . 
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# * 
W6 
185 

l 29 5 
3 45 
2G9 

014 
1n1s 

2 11 · 9 
1152 
1042 ..__.... ,_~ :, 
201 

3 2% 
~HH 
'29 1 

1 192 
8 96 

4 102 1 
1474 
1249 

2 11 
2 17 

5 247 
2 7 1 
243 

380 
416 

6 403 
501 
478 

1172 
706 

7 801 
1288 
878 

3 9 2 
219 

8 326 
534 
409 
681 
564 

9 605 
871 
759 

138 2 
1219 

10 1506 
1880 
1528 

ATTILA f'A 'l.B l<A S AND A N DRAS ll A.J DlJ 

'fAH LE 10. 

- . ----
A B C D E -- ---._ ·- -- 5 4 18 1 207 C.G 988 
8,1 170 J 51 13 1 20fi 

126 2GU 23 ~ 283 357 
J 59 981 -If 159 2'..:!9 
rn2 n:13 : () 10 0 189 

- - 1-- - - .... -
240 to~O 4 00 9Gf) 1113 
378 MJ6 9 1 G 88.1 1216 
4 7 1) 77[', 88<1 l J 3 0 1104 
z1v .1,lJU 788 8 '.l1 J J 59 
I ,1 11 nn 772 686 1041 __ ,_ 

64 25 2 275 1>2 10 ,18 
i 2 177 15\J 14 1 23 2 

10 4 262 23 2 250 358 
1S8 1017 2 1 1 196 W l 
15 1 643 188 12 8 223 
306 2925 344 971 1099 
439 749 785 598 9 9 1 
498 9 0 5 819 8 29 118:1 

11 75 329 0 828 680 1054 
1181 3530 8 52 4 3 1 8 47 

6 4 359 88 19 7 226 
94 147 19 0 1 79 261 

117 180 207 23 1 301 
182 442 162 181 245 
192 348 189 134 2 14 

126 406 185 400 46 9 
18 4 268 3 70 347 503 
176 280 293 399 507 
483 693 3 18 30 4 449 
487 643 335 265 413 
1 2 3 1633 30 2 8 18 934 
269 661 727 410 749 
324 830 8 10 39 2 8 44 
48 4 3488 808 493 857 
403 223 5 538 290 5 70 
118 993 60 ~13 7 374 
133 221 1 25 148 238 192 310 202 288 367 
58 0 1279 2 25 224 325 5 70 984 166 110 206 
205 14 7 5 237 56 6 6 6 0 280 407 5 16 394 64 1 314 470 478 503 707 730 1747 490 448 663 748 1338 531 3 0 9 5 55 
380 2788 485 1197 138 9 530 878 977 1010 1440 6 5 4 113 1 1119 1482 18 40 11 56 341 7 1090 1171 1656 1112 242 7 9 0 1 I B7a 1336 

F~ 290 
367 
5 18 
389 
358 

1670 
209J 
2 10 
1980 
1860 

367 
426 
56 5 
188 
4 14 

1 5 0 5 
18 15 
1893 
18 15 
1652 
3 34 
428 
449 
411 
384 

6 92 
8 25 
765 
76 0 
727 

1223 
142 1 
1605 
1 598 
1 234 

4 70 
447 
594 
5 70 

4 17 
944 

1148 
1156 
1146 
1075 

2051 
2 481 
2812 
2787 
239 5 
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# * A B C 11-· . i,;--E 
323 1 7 7 1 
97 24 

17 29 
1 130 38 

50 36 32 
:35 3 2 

300 
6lJ 13 

38 4 5 
18 64 

48 47 1 .1 
184 19 63 

28 29 :n 
26 2 3 

40 
2 9 37 

477 28 
.. 

556 4 5 
85 29 55 56 

-·-

2 530 87 
63 69 65 74 

62 

448 
98 92 

81 
34 68 

101 96 6 !) 

409 38 60 
43 46 58 59 
46 42 56 54 

337 
118 

16 68 19 29 
22 56 

39 3 5 

3 152 33 
34 28 37 49 

302 19 
78 44 51 45 
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186 18 
27 27 36 42 

53 26 26 3 3 42 
885 34 
453 57 

116 48 71 70 73 

4 447 
103 80 66 101 
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104 
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91 84 80 93 

687 48 
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105 75 48 70 83 

115 17 48 18 32 
111 23 

30 3 1 

5 110 29 
28 27 29 33 29 
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32 32 30 37 32 
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39 22 22 25 27 

19 30 27 20 29 33 

190 18 46 21 38 43 
212 3 7 

43 

6 197 34 
46 39 43 39 51 
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52 44 49 44 49 

25 41 
167 25 

26 27 38 3 2 
41 36 32 36 40 

1165 27 98 45 70 76 84 
386 122 186 

7 442 148 
123 110 115 101 
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