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A fast algorithm for texture feature extraction
from gray level aura matrices

Zohra Haliche, Kamal Hammouche and Jack-Gérard Postaire

gray level is quantified by means of a measure defined on this
Abstract—The Gray Level Aura Matrix (GLAM) is an efficient Set: the "aura measure”. The GLAM counts, by means of the
tool for texture analysis. Considering all the possible couples of grayira measures, the occurrences of pairs of gray levels

|9YE|S in a? ihmage, it indilcatels,gor each ;QUNe: EgW r:nagy Pixeﬁ%sociated with a pixel and its neighbors belonging to a
with one of the two gray levels have, in their neighborhood, pixels.; : ;
with the other gray level. The neighborhood is defined by aelghborhood defined by a structuring element. Although the

structuring element as in mathematical morphology. In the ima é)mputatlonal sche_m(_es for determining the GLCM and the
segmentation process, a GLAM is determined for each pixel and@-AM are almost similar, the GLAM should not be confused
scanned once or twice in order to extract texture features. To avoiwlh the GLCM [6-18]. Indeed, the GLAM differs
high computation time, we introduce a strategy, based on a so-caliggnificantly from the GLCM which simply counts the number
Gray Level Aura Hybrid Structure (GLAHS), which combines af pairs of different gray levels associated with two pixels
linked list and an integrated hash table. The linked list is used to St%rgparated by a distandén a given directior .

the non zero elements of the GLAM and the hash table allows to.l_h GLAM d for text tati i
access quickly to the nodes of that list. The length of the linked list is e s are used for texture representation [7], image

generally short, allowing a fast extraction of texture features. retrieval [8-9], texture synthesis [10],[11], classification [12]-
[17] and segmentation [18]. However, despite the evident

Keywords— Fast texture feature extraction, Gray level aurdnterest of this texture characterization procedure, the

matrices, Linked list, Hash table, Segmentation. implementation of this new tool becomes time consuming
when the number of gray levels in the images is important. In
I. INTRODUCTION this paper, an algorithm is developed for extracting the texture

The segmentation of textured images is a fundamenglaracteristics from the GLAMs at a reduced cost.
problem in computer vision [1]. It consists in partitioning an In the next section, following a scheme that has been
image into homogeneous regions with respect to textufgcently introduced by the authors [18], we recall how a
properties. The success of the segmentation depends mafak/AM is generated for each pixel of an image and is used to
on the texture features selected to characterize the pixels of @f&ract texture features for image segmentation. This feature
image. extraction procedure requires a high running time if it is not
A great number of texture features have been proposedcnsidered attentively. Section 3 is devoted to the proposed
the literature [2]. Among them, those derived from Gray Levénethod for fast extraction of the texture features from a
Co-occurrence Matrices (GLCM) are very popular [3]GLAM. Although the proposed fast algorithm yields exactly
Generally, these features yield good results [4-5], although tht¢ same features, it is fundamentally different from the
GLCM reflects only the relationships between neighboringonventional computational technique. Experimental results
pixels taken two by two. are reported in section 4. They demonstrate the computational
A generalization of the GLCM, called Gray Level Aurasavings that are achieved through the use of the proposed fast
Matrix (GLAM), has been proposed in [6]. The GLAM isalgorithm. Concluding remarks are given in the last section.
defined in a framework based on the set-theoretic concept of
“aura set”. This matrix allows to quantify the importance of all. TEXTURE IMAGE SEGMENTATION BASED ON GRAY LEVEL
set of pixels with a specified gray level standing in the AURA MATRICES
neighborhood of another set of pixels having another grayThe segmentation of a textured image using the GLAMs
level. The amount of neighboring pixels with the specifiedan be considered as a pixel classification procedure. In this
section, we recall how a local GLAM is determined in order to
compute a set of characteristic features for each pixel of the
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A. Aura set m(S

. : : g, Sq') = Z INs 1 5y 3)
In the feature extraction step, a local GLAM is determined Fies,

for each pixel of the image. A window S of s{zav + 1) is where|X| indicates the number of elements in theXset

centered on each p|xel of Fhe image, so that the fegtur,qate thatm(S, ,S,-) does not indicate exactly the number of
attached to the considered pixel reflect the local properties eqf

the texture. LeN be a structuring element. When centered on ements in the aura df with respect tas, becausse, "
any pixel P, € S , this structuring element defines a séf, general,m(Sy,Sy) = |1959,(Sg )| For the example of figure
of neighbors. The gray level of a pix#s is denoted/ (7). 1, m(S,,S; ) = 11 while | ﬁ53(52)| = 8.

Let Sy andS, be two subsets of the window(Sy, S <S) . The aura measure(S, , S, ) evaluates roughly the amount of

where S; = {P; € S/I(Ps)_ =g} "’_‘”d S ={k €S/1(F) = elements of the s, present in the neighborhood of the set
g} are the sets of pixels with gray levelg and g’ g A jarge value oin(s, ,S, ) indicates that the elements of

H G-1 — —
respec‘uvc?ly, such — as Ug=oSg =S and S;NS5=0 o g setsS, andS, are closely interlaced, while a small
for g # g’, whereG is the total number of gray levels in theValue indicates that the sef§ and S, are more or less

window S. separated one from each other
The neighborhoodi’sg of S, is defined by the union of all P '

the pixels that belong to all the séisof neighbors?; € S, : C. Gray Level Aura Matrix (GLAM)
V. = U N ) The local GLAM, denoted M, is a matrix of dimension
Sg s (GxG) composed of the aura measures between all the couples
of subsets of pixels associated with all the available couples of
gray levels present in a window S centered on the processed
pixel such as [18]:

Ps€Sg

The aura of the sef, with respect to the sef;. is the set
constituted of the elements of the s®t present in the

heighborhood of the sétg . The aura indicates how a subsety — [m(s, , S,)] 0<g,9'<G-1 4)
is more or less present in the neighborhood of another subset.
This set is denoted95g,(5g) such as [6]: For the sake of simplicity, the elements of this matrix are
noted m, , in what follows, so that the matrix M can be
95,.(S,) = U (N, nS,) (2)  \Written as:
Ps€Sg
M = [mg,] (5)

Fig. 1lillustrates the construction of an aura. §éte window

of size (5x5) contains 25 pixels with 5 different gray levels A straightforward way to compute the local GLAM is to
ranging from 0 to 4. The sefs andS; of pixels with gray first determine all the sets of pixels with different gray levels
levels 2 and 3, respectively, are easily identified in this figurs, , g=0, 1, ...,G-1, within the window S. Then, the aura
The structuring elementN chosen for this example is themeasuremg,g, is computed as in (3) for each pair of subsets

cross defined in Fig. 1 (b). . . S, andS, ,where g, g'=0, 1, ... G-1. However, in order to
Theaura of the sef, with respect to the sé}, is constituted requce the computational effort, a GLAM is generally
of the elements marked as double boxes in Fig. 1(c). determined in the same way as a GLCM. For each pixel

S with gray levelg, the gray level of each pixeB. € N, is

3/0]3]0]4 - 310 04 checkedlIf I(B) = g  the value ofm,, is incremented by
0{3[2|3|0 i 2 0 1. This procedure takes advantage of the fact that the measure
2|3l 2|2]3 ‘ ‘ 2 2|2 mg,, is computed on the basis of all the pixels of gray lgvel
ol 32130 0 2 0 having pixels of gray levelg' as neighbors within the
— structuring element [6].
3
2]0]3]0]4 2|0 04 For example, the local GLAM for the window shown in
@ (b) (c) : ;
figure 1is
Fig 1 Example of an aura set. a) Window S of size (5X5) , [ 0 0 5 16 4]
b) Structuring elemenit, c) The set of pixels marked as double- [0 0 0 0 Of
boxes is the aura of the set of pixels with gray level 2 with respectto M =I5 0 4 11 ol (6)
the set of pixels with grey level 3. l16 0 11 4 OJ
4 0 O 0 0
B. Aura Measure The GLAMSs are rich in information. Many authors have
Theaura measuren(S, ,S,.) of a setS, with respect to a considered the elements of the GLAM themselves as features
set S, is defined as [6]: for each pixel [12]-[17]. However, as the dimensi@xG) of

a GLAM can be very high in real gray-level images, it is
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interesting to extract texture features as those proposed By FAST TEXTURE FEATUREEXTRACTION FROM GRAY LEVEL
Haralick for the GLCM to summarize this information [2] (see AURA MATRICES

Table I).

Table I. Texture features extracted from a GLAM

Contrast G-16G— o
1 Z _ ,)2m2 '
N_Z 9=9) Mgy N= Z Z Mg g
9=09=0 g=0g'=0
Dissimilarity | 1 {5 S
ﬁ Z 9= g) Mg,g'
=0g:
Uniformity ] e
R 2
N2 Z Z Mg.g
g=0g =0
Entropy 1 G-1G- —
__Z Z mgglog ( gy)
N : N
9=0g'=0
G-1G-1 ;
1 g_ug)(g ug)myg
Correlation | N 4= &= 040
G- G-1 m
9.9
By = Z g N
g=0 g'=0
G-1 G—lm
= ' 9.9
My = Z g _N
g=0 g=0
G-1 , 61
2 = — 9.9
Gg B Z (g ug) Z N
g=0 7=0
61 I
2, = _ 9.9
%' = (9 Hg') N
g=0 g=0
G-1G6-1
Ir)verse 1 gy
difference NZ Z L
moment & +(@—-9)

D. Structuring Elements

In order to characterize the texture around a pixel, the
associated GLAM must be scanned once or twice to evaluate
the double sums that are used to compute the texture features
listed in Table 1. Hence, the processing time becomes
prohibitive when the numbé& of gray levels is large.

To cope with this problem, we have examined two solutions
proposed in the texture analysis literature. The first one
consists in reducing the numbeG of quantization levels
[19]. It can easily be adapted to decrease the size of the
GLAM. However, this solution may alter the discriminating
power of the texture features extracted from the smaller
GLAM. We have adapted the second solution that consists in
storing only the non-zero elements of the matrix in a list
whose size is shorter than that of the matrix [20]-[22]. A
GLAM often contains several null elements that are not taken
into account when computing the textuieatures. Hence,
instead of storing the aura measures,, between two
subsetsS; and S, in a matrix of size®xG), a linked list can
be used to store only the non-zero aura measures. For
example, the GLAM of figure 1, given in (6), contains 10 non-
null elements among a total of 25, but only 6 non-null
different elements have to be stored if we consider the
symmetric form of the structuring element.

The linked list is constituted of nodes that contain the gray
level g , the gray level' and the corresponding aura measure
m,,. Let L, be the K node of the list in which the values of

g,g, andmg, are denotedL,(g), L.(g) , andLi(my ),
respectively. Two pointers, “Next” and “Prev” , are also
included in each node. The first one points to the next node
and the other to the previous node (cf. Fig. 3).

In order to build a GLAM for &, pixel of an image, we

begin by examining its neighbors located in a window S of

A GLAM can be defined with structuring elements ofiZ€(2w + 1)* centered on that pixel. L& be a neighbor of
various geometrical shapes and sizes [7], [10], [18]. Sonfe that belongs to the structuring elembhtattached to pixel
symmetric and asymmetric structuring elements of size (5x5)- Let the gray levels . andP beI(F,) = g andi(Py) =

are represented as binary masks in Fig. 2.

1[1]1]|1]1 ol IT1ITN 0 ojlof[L1|of0 1{oflofof1
1|11 il [T 2] S ofo|1|0]0O oflfof1]0
1(1(Lj1]1 ([ S Y 15 2 O 18 B 1 B O ojofL]ojoO
i 5118 I ) 11 0 S I 8 8 B2 ofofrjojo ofl{ofj1l|o0
I [ e 0 \]\ ‘l_‘ ) 0 ofof1](0]0 1|o(0f0|1
(a) (b) (c) (d)
1{ofolo]1 1t|loflofol1 olof1]o]o ofofofo]1
of1]of1]o ol1|of1]o0 ofof1]0]o0O olofo|1]o0
0j0|1|0|0 0jo0f1]0]0 0|01 |1|1 1(111(0]0
0jo|L1|0|0 0jo0fjo0j0]0 0(0|0|O0O|0 ojofoj1fo
ofoftlo]o oloflofo]o ojlojojolo ojlolofof1
(e) (§i] (g) (h)

Fig 2 Examples of structuring elements of sizes (5x5):

(a) to (d) Symmetric structuring elements,
(e) to (h) Asymmetric structuring elements.

ISSN: 1998-4464
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g, respectively. We search for the node containing the
pair(g,g) in the linked list. If this node is found, then the
corresponding aura measure, .. is incremented by one.
Otherwise, a new node is added at the end of the list by storing
the values ofg and g' and by settingm, ;. to 1. Note that

the linked list is initially empty. When all the pixels of the
window have been examined, the resulting list contains only
the non-zero aura measures. Uetlenotes the length of that
list. The linked list corresponding to the example of Fig. 1 is
shown in Fig. 3.

When searching for a particular node, the linked list must be
scanned from its beginning to its end. A hash table is used in
order to access directly to each node of the linked list and,
subsequently, to reduce the processing time necessary to
explore the list. This hybrid data structure combining a linked
list with a hash table is called hereafter the Gray Level Aura
Hybrid Structure (GLAHS). The hash table is @xG) bi-
dimensional structurecontaining the memory addresses of
the linked list nodes. The accesses to the hash table are



INTERNATIONAL JOURNAL OF CIRCUITS, SYSTEMS AND SIGNAL PROCESSING Volume 9, 2015

provided by the pairs of gray levelg, g". A null pointer Table II. Texture features extracted from a linked list
indicates that the particular pair of gray levéls g" does not
have a representative node in the linked list. In this case,|a A N 2

. . B . ~N12 Lk(mg,g)
new node is created and inserted at the end of the linked list. Contrast Z[Lk(g) - Li(9))] N
In order to find this node later, its address memory is 1 t

=
I

A
introduced at the position(g, g ) of the hash table. If the _
. . . . . . N, = Lk(mg,g’)
pointer is not null, then it points to the corresponding node in &
the linked list. 4
L ,
Dissimilarity Z [, (9) — L (9] ("UA’;—”)>
. k=1 L
g gzgy
A Z Lk(mg,g’) 2
Uniformity N,
0 1 2 3 4 =8
L . L ,
! Entropy - Z < k(xg'g )> log( k(;\r;g’g)>
1 = L L
g {2 |F # Hash table . A Le(myg o)
3 % * * Correlation Z [Lk(g) - “g] [Lk(g/) - “g'] <N—LM>
([ ‘ k=1
! A Latm. )
k
2 3 u —Z%(Q)( Ngg>,
; =1 L
E Linked st .
16
Ly ( )
e e My =2Lk(g’)< T >
r Prev k=1
) — Null Inverse 4 1 I
Null - , (mg,g7)
{ i difference Z o)L ,)]2< k Ngy )
moment =1 +1lg k(g L

Fig. 3 The GLAHS structure for determining the texture features
for the image of Fig. 1(a). conventional or the hybrid structures, requifes— 1) (2w +
2 .
The texture features listed in Table Il are extracted from ]E?Tlgl operat:jon:[s. is sianificantly diff t for the GLAM and
GLAHS by scanning the linked list from the beginning to th(E5 € second step Is significantly difterent for the an

end. These features are identical to those of Table | which arIéAHS based algorithms. A GLAM must be scanned at least

directly extracted from the GLAM, although the scanning 0?nce to extract some of the features of Table |, and sometimes

the list is significantly shorter than the scanning of the Whofgvlce for the other featuregG X G) operations are necessary
GLAM. to explore the whole aura matrix.

On the other hand, the linked list associated with a GLAHS
is scanned withA operations. The length of the linked list

depends upon the window siggw + 1)? and the size of the

_ Although the algorithm based on the GLAHS does nQlycqring elemenv since the numbers of distinct gray levels
introduce new genuine texture features, it is fundamentalg)\f subsetss

. ) - ) g increase with these two parameters. However,
different from the conventional computational technique baS(aglIe number 4 of operations necessary to explore the linked
directly on the GLAM. The characterization of a pixel in term

of texture is a two steps process. A GLAM or a GLAHS Iﬁsts remains always significantly smaller than the numper

. ) . G % G) of operations necessary to explore the aura matrices,

generated in the first step, while the texture features are ! .

) SO that the computational load for computing the features can
extracted in a second step.

The computational efforts required for the generation of %e significantly reduc'e'd by means of the GL.AHS'
To be more specific, the total complexity of the texture

GLAM or a GLAHS associated with each pixel of an image o : . ;
- .~ Characterization using the aura for the whole image is equal to
are similar and depend on the number of the couples of pix

_ 2 2 H
encountered within a window S of side len@fw + 1). Letn f|S|((n. DEw + 1)+ (a + ﬁ).G ) with the
. o . conventional GLAM based algorithm, whezeand 8 are the
be the number of pixels constituting the structuring elerNent

0 o ; numbers of features using 1 and 2 loops, respectively. It is
As each .of the(ng + 1)“ pixels gonstltutlng thg window has equal to 0(IS|((n — 1)(2w + 1)? + (@ + B)4)) with the fast
(n-1) neighbors in the associated structuring elemeént .
2 : . GLAHS based algorithm.
(n—1)(2w + 1) couples of pixels are considered to
compute the aura measure at each pixel of the image. Hence,
the determination of all the aura measures, either with the

IV. ANALYSIS OF THE ALGORITHM
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V. EXPERIMENTAL RESULTS

In order to help quantify the above discussion, the resu
some experiments arew presented. The running times of
proposed algorithm and the conventional one are compar
various synthetic and real images.

A. Running Times

For the first tests, we use the (256x256) synthetic ir
displayed in Fig. 4, which is cqmsed of twodifferent
textures (B4 Dgy) taken from the Brodatz album [23]. All tI
procedures are implemented with the C++ Builder 6 lang
on a 1.66 GHZ computer with 1 GB memory. Although
running times are computer dependent, they allow to con
the speed of the two algorithms.

The running times are evaluated for different si(2w +
1)(2w + 1) of the window $and for different numbeiG of
gray levels. As the complexity of the texture characteriz:
is locally dependant on the image, we have determine
mean running times per pixel for each phase of the proce:
The mean valuesl of the lengthsA of the linked lists
produced bythe GLAHS based procedures are also indic
for each experiment.

Table Il indicates these mean running times for diffe
values ofw, and forG varying from 4 to 256. The structurii
element is the (5x5) symetrical cross defined in F 2 (c).

Table IV shows the influence of the size he structuring
element and the window size on the running times. T
results are obtained by using the symmetrical cross
structuring element and a number of gray leG = 256.

Fig. 4 Testimage

As expected, the running times for the generation o
aura matrices with the GLAM based method and for
generation of the linked lists with the GLAHS based me
are almost similar. They mainly depend on the (2w +
1)(2w +1) of the window S and on the size of tt
structuring elemenv. As the number of considered couple:
pixels increases with these two parameters, the running
vary in the same way. Conversely, these running times al
affected by the numb& of gray levels.

The main improvement appears in the feature extra
process, especially, when the number G of gray levels is
For example, withG = 256 and with a (17x17 window size,
the extraction of the features with the GLAHS is more th
times faster thathe extraction of the same features dire
from the GLAM (see. Table IIl)This improvement is due :
the mean lengthl of the linked lists which is equal to 6
while the whole aura matrix contains 65536 elems
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As the boundary between the two rens constituting this
synthetic image is perfectly known, we have evaluatec
quality of the segmentation on the test image as a functi
the window size, the size of the structuring elenN and the
number G of gray levels. This evaluation is cid out on the
basis of the classification rate, estimated as the ratio ¢
number of correctly classified pixels to the total numbe
pixels. In this simple example, the classification rate is
very sensitive to the adjustment of these parametehen the
size of the window increases, the clfication rate begins to
increase to reach a maximum value. Then, due to a la
precision in the localization of the border between the
different textures, it tends to slightly decrease. The stuc
theinfluence of the window size, the shape and the size ¢
structuring elementV has been thoroughly analyzed in [1
Table Il shows also that the classification rate decre¢ with
the numbel; of gray levels.

This classification rate has beevaluated similarly for
tuning the two algorithms now compared in terms of run
times for the segmentation of some synthetic i displayed
in Fig. 5. The size of all these images is (256xz

Table Vgives the classification rate as well as the ing
times obtained by the GLAM and GLAHS based procedi
The shape and the size of the structuring element and th
of the window used for each imagre also indicated in the
Table V.The GLAHS based algorithm is 4 to 9 times fa
than the conveidnal GLAM based algorithm. For all imagt
the mean valued of the lengths of the linked lists produc
by the GLAHS based procedure are smaller than the size
of the GLAM. Fig. 5 sbws also the images segmented u:
the aura matrices.

For the real images ofFig. 6, the parameters of the
algorithm, given in Table/, have been adjusted by visual
examination of the results. With this strategy,
segmentation with the features extracted from the
matrices are always better than those obt: from the co-
occurrence matrices, as already demonstrated by the autl
[18]. However, in the framework of this paper, the n
interest of these results is to quantify the improvement c
running times between the standard GLAM based algol
andthe GLAHS based procedure for the different images
the same result of the segmentation process, the improv
of the computational times can reach a ratio of 10 betwee
GLAM and GLAHS based algorithn (see Table V).

VI.

In this paper, wenave proposed a fast feature extrac
procedure for textured image segmentation from gray
aura matrices. This procedure takes advantage of a Gray
Aura Hybrid Structure (GLAHS) that combines a linked
and hash table. It consists in stg only the non-zero
elements of the GLAM in a linked list instead of conside
the whole matrix itself. The size of this list is generally shc
than the number of elements of the GLAM, so that it ca
rapidly scanned to compute the features. Theh table
provides a rapid access to the content of that linked

CONCLUSION
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Experimental results show that the running time car
significantly reduced by means of this hybrid struct
especially for large values of the number of gray le
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Fig. 5 Segmeation of four synthetic images based on the GLAM
(a)-(d): Original images,
(e)-(h): Segmented images.
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(e) ® () (h)

Fig.6 Segmentation of four real images based on the GLAM
(a)-(d): Original images,
(e)-(h): Segmented images.

Table Ill. Mean running times of the GLAM and GLAHS based algorithmained with a 5x5 cross shap structuring element as
functions of the size of the window S and the nunG of gray levels

Mean processing times (ms)
Window Number | Generation procedu Feature extraction Total time (ms) Mean I_engtr o
size of Gray (ms) procedure (ms) of thg_llnked Classification
Levels list rate
(G) GLAM GLAHS GLAM GLAHS GLAM GLAHS (4)
9x9 0.42 0.55 11.82 1.38 12.24 1.93 242 98.28%
13x13 256 0.88 1.05 11.96 1.48 12.84 2.53 427 98.65%
17x17 1.50 1.68 11.99 1.63 13.49 3.31 629 98.17%
9x9 0.42 0.52 3.94 1.32 4.36 1.84 194 98.42%
13x13 128 0.88 1.02 3.98 1.40 4.86 2.42 321 98.14%
17x17 1.50 1.62 4.05 1.49 5.55 3.11 446 97.96%
9x9 0.42 0.51 1.98 1.28 2.40 1.79 145 97.78%
13x13 64 0.88 0.98 2.00 1.33 2.88 231 222 97.70%
17x17 1.50 1.60 2.02 1.39 3.52 2.99 290 97.69%
9x9 0.42 0.48 1.39 1.26 1.81 1.74 86 97.76%
13x13 32 0.88 0.96 1.40 1.27 2.28 2.23 119 97.61%
17x17 1.50 1.56 1.42 1.28 2.92 2.84 146 97.50%
9x9 0.42 0.46 1.27 1.22 1.69 1.68 38 97.43%
13x13 16 0.88 0.92 1.29 1.23 2.17 2.15 48 97.46%
17x17 1.50 1.50 1.30 1.24 2.80 2.74 56 97.40%
9x9 0.42 0.44 1.25 1.20 1.67 1.64 15 97.36%
13x13 8 0.88 0.90 1.26 1.21 2.14 2.11 18 97.29%
17x17 1.50 1.49 1.27 1.22 2.77 2.71 20 97.12%
9x9 0.42 0.43 1.24 1.18 1.66 1.61 6 96.12%
13x13 4 0.88 0.89 1.25 1.19 2.13 1.08 7 96.11%
17x17 1.50 1.47 1.26 1.20 2.76 2.67 8 96.04%
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Table IV. Mean running times of the GLAM and GLAHS based algorithms obtained with G=256 as functions of the size the window S and

Mean running times (ms)
Window | Size of the - - Mean length P
. . Generation procedure Feature extraction . of the Classification
size structuring Total time (ms) ; :
element (ms) procedure (ms) linked list rate
GLAM | GLAHS | GLAM | GLAHS | GLAM | GLAHS “)

3x3 0.20 0.24 11.72 1.28 11.92 1.52 134 97.85%
5x5 0.42 0.55 11.82 1.38 12.24 1.93 242 98.28%
9x9 X7 0.63 0.73 11.87 1.42 12.50 2.15 343 98.44%
3x3 0.42 0.48 11.82 1.34 12.24 1.82 247 97.64%

5x5 0.88 1.05 11.96 1.48 12.84 2.53 427 98.65%

13x13 X7 1.33 1.48 11.98 1.60 13.31 3.08 587 98.54 9
9x9 1.78 2.01 12.05 1.71 13.83 3.72 733 98.46 9

11x11 2.25 2.46 12.07 1.82 14.32 4.28 871 98.399

3x3 0.71 0.82 11.87 1.43 12.58 2.25 376 97.59%

5x5 1.50 1.68 11.99 1.63 13.49 3.31 629 98.17%

X7 2.22 2.49 12.07 1.82 14.29 4.31 844 98.21%

9x9 2,97 3.28 12.18 1.91 15.15 5.19 1034 97.78Y

17x17 11x11 3.78 4.20 12.23 1.96 16.01 6.16 1208 97.769
13x13 5.08 5.80 16.16 2.53 21.24 8.33 1368 97.709

15x15 5.44 6.68 16.18 2.66 21.62 9.34 1516 97.639

Table V. Total running times of the GLAM and GLAHS based algorithms for the synthetic and the real images of figures 5 and 6.

. . Mean length| Total running times
Window . Size of the .
Images Image . Structuring ; of the (s) Classification
size Size element structuring linked list rate
element ) GLAM GLAHS
98.65%
'mi‘ge 256x256 | 13x13 Cross 5x5 427 10999  207s °
92.36%
'mgge 256x256 | 13x13 Circle 5%5 1727 1537s 507s °
Synthetic Image
images 3 256x256 13x13 | Parallelogram 5x5 823 1175 328s 92.34%
'nge 256x256 9%9 Cross 5%5 325 13445 193s 93.80%
'mi‘ge 481x321| 19x19 Y Form 9x9 1195 37605 1323s .
Image 100x75 11x11 Parallelogram 7 207 79 33s -
Real 2
images
9 'mgge 256x256 5%5 Y Form 5x5 57 10104 102s ;
'nge 256X256 5x5 Parallelogram 5%5 156 1089s 150s ;
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