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Abstract. Automatic indexing or registration is an essential task for image 
databases. It allows to archive, organise and retrieve a large amount of images 
by using inner properties. In this paper, we propose an indexing technique which 
allows to solve indexing problems due to geometric or photometric 
transformations, inferred by the different image acquisitions. This approach is 
based on an invariant partition of the image thanks to the use of interest points 
(or keypoints) and a characterisation with Ifs parameters or barycentric 
moments. The research process is based on a similarity measure taking in 
account a numerical distance and a localisation criterion. This work is based on 
a local characterisation of the image, we use the interest points to build a 
triangular partition or a set of triangles. We associate to each polygon a vector 
containing its photometric properties. In other approaches the keypoints are 
directly characterised by local invariants. The use of the Ifs parameters to index 
the image has been studied in early publications, the improvement (robustness 
against rotations and scaling) comes from the use of the invariant partition and 
the barycentric coordinates. The research process is particularly important, it 
uses traditional spatial relations and integrate them with a numerical distance to 
calculate a score associated to each image. 

1. I n t r o d u c t i o n  

Automatic indexing or registration is an important task in all applications dealing with 
huge amount o f  images [ 1] [ 2] [ 3] [ 9]. It allows to associate to each image a 
numerical or symbolic representation which can be used for retrieval, model matching 
or recognition tasks. These representations have to integrate the need of  the 
application in terms of  robustness against image variations or transformations. 

Lots o f  fields have real needs in image registration as for instance, medical 
imaging, satellite monitoring, multimedia industry production, and document 
processing. Some application examples could be the alignment o f  images from 
different medical modalities for diagnostic, or the monitoring of  global land by using 
satellite images. 
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The first major tasks of the indexing or the registration is to fred an image 
representation which is well suited to the application and close enough to an human 
visual perception. The second task is to synthesise a similarity measure as significant 
as possible for an human being, in other words close to his own conception of 
similarity. 

The indexing must integrate some invariance properties in regard of image 
geometric (rotation, scaling, warping, perspective projection,...) and valuemetric 
(lightning variation, noise addition,...) transformations due to differences between 
several acquisitions (different time, different point of view,...). In some applications, 
these variations are well known and modelled, so the images can be corrected and 
realigned. But in major cases, the variations cannot been predicted, the indexing has to 
deal with. The ideal case is to obtain the same index for an image and the same image 
affected by some variations. 

The image signature is represented as a set of numerical or symbolic features, 
commonly, this is a set of numerical vectors associated to geometric properties of 
image primitives (edges, regions, curves, interest points,...). 

The main concept for defining a registration are : 
- the feature space, the space where the numerical properties or symbolic information 

are expressed ; 
- the similarity measure, the way to express the similarity between images 
- the search space, the set of transformations, or hypothesis applied to the image 

request to aligned it with the images ; 
- the search strategy, method to evaluate and validate the hypothesis inferred in the 

search space. 
Different types of requests can be envisaged. For instance, the system can be asked 

to find all the images containing a fragment or similar to a given image or close to a 
sketch drawn by the user. 

Two families of indexing methods can be found, the first one is based on the 
analysis of graphic primitives (as edges, lines, ellipses), the second one uses the 
photometric information of  the image (e.g. the pixel values). 

The analysis of graphic primitives consists in calculating local properties to 
construct a model [ 4] [ 14] [ 18]. Then, the research process involves a matching 
between the model and the image to recognise. This matching could be an expensive 
operation because of the number of  models in the database. 

These kinds of approach own some problems due to the difficulties to extract easily 
interesting primitives (compute a meaningful semantic segmentation of the image) 
especially with complex objects. Furthermore, the extraction which is a low-level 
process, has to be robust against variations generated by different acquisitions of the 
scene, it is very hard to fulfil this requirement. Another problem is that it is difficult to 
discriminate efficiently objects, because of the symbolic nature of  the primitives. 

The photometric analysis offers better discrimination properties and is less sensitive 
to local variation in the image. For instance the colour and some robust representations 
against the variations of the luminance [ 15] has been used. The Principal Component 
Analysis, PCA [ 16] for face recognition or in general case [ 9] [ 17] has been 
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studied. The wavelet analysis allows a spectral and spatial analysis and an 
optimisation of the correlation approach [ 11]. 

But in major cases, they are global and non relevant to some requests (research of 
image fragments) or dedicated to specific images or realigned images. 

At least, some local approaches consist in characterising keypoints (or interest 
points) by calculating invariant properties of the neighbourhood of the keypoints [ 12]. 

We adopt a local approach with a photometric analysis of small images regions. 
The feature space is a set of numerical photometric properties of the image regions. 
The basis framework is to segment the image in a set of polygonal regions and then to 
characterise each region by calculating photometric properties. The characterisations 
presented in this paper are the Ifs parameters and the moments of the image regions. 

In this method, the invariance properties are introduced into the generation of the 
polygonal regions. These regions engender a partition or are simply a set of polygons. 

We just present here two kinds of region characterisations, but others can be 
computed and we plan to study, for instance, some spectral/spatial or fractal 
representations. 

We obtain interesting invariance (rotation, scaling and occlusion) and 
performances, in term of processing time. 

This paper will present initially the indexing method. In this first part, we shall 
explain how the invariant partition or invariant set of polygons is built by using the 
interest points and we shall present two characterisations of the polygons (Ifs 
parameters and barycentric coordinates moments). Afterwards, the search strategy is 
presented. At last, we shall finish with some results and performances. 

2. Indexing 

The indexing is based on a invariant partition or polygons set of the image. The 
major interest of this method is to integrate a part of the invariant requirements in the 
partition. This index can be used to process different types of requests. 

Then each polygon of the partition is characterised by using its inner properties. We 
shall present two characterisations, the first one uses the p-Ifs parameters and the 
second one the barycentric moments. 

In the following parts, the major points of the method are described. 

2.1 Image partitioning 

The image partitioning is a fundamental element of the technique, because it 
includes an important part of the invariance properties. 
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Generalities. Current image partitioning methods do not offer invariant (in terms of 
rotation and scaling) partition (quadtrees, HV-trees,...). The reason is that the 
partitioning methods use the image content only during the split and merge process, 
but the sites or germs are selected without considering it. For instance, if we consider 
the partition P~ of an image and the partition P2 of the same image rotated. We observe 
that partitions P2 is different to P~ rotated, some important artefacts appear. And we 
can observe the same problem with other geometric transformations such as scaling, 
warping or projection. 

Fig. 1. Single object partition. Several transformations are applied to the object, the partition 
follows it. In fact, the object tracking is done by the germs of the partition. A part of the 
invariance is transferred to the germs generation algorithm. 

The basic idea is to modify the germs generation in order to have an algorithm 
which generates invariant germs (see Fig. 1). We choose to use an interest points 
detector, IPD. The detection of interest point is a very active field of image 
processing, because it is the basis of lots of computer vision application frameworks. 

There are two classes of IPDs, the first class of IPDs consists in working on the 
edges of image and then extracting points by calculating some maxima of curvature or 
by approximating them by polygons to extract intersection or inflexion points. The 
second class of IPDs considers directly the image signal ; the detector calculates for 
each point of the image, a measure depending of the neighbourhood, based on various 
orders of derivatives of the signal in both directions [ 12] [ 13] [ 19]. This measure 
indicates where the probability of presence of an interest point, here a comer, is 
important. 

Some IPDs have demonstrated their capabilities to be invariant to some 
transformations as translations, rotations, and in certain cases to scaling and warping. 
We choose the Stephens-Harris IPD [ 13]. 

C. Schmid [ 12] proposes to use the derivatives of the Gaussian to derive the image 
and then to increase the robustness of the Stephen-Harris IPD. This improvement of 
the Stephen-Harris IPD allows to increase the repeatability 1 of the algorithm. 
Furthermore, we use a multi resolution approach to select ~ good ~) interest points. 
This consists in detecting the interest points at different resolutions by using the 

The repeatability measures the ability of the IPD to detect the interest points at the same 
relative position even if the image is transformed. 
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parameter sigma (t~) of the Gaussian function used to derive the signal, then points 
appearing in most resolutions are selected and create the final interest points map. The 
keypoints detected in textured areas, are deleted. 

Fig. 2. At left, the illustration of the Stephen-Harris IPD on an image. The interest points are the 
small black and white boxes. At right, the Delaunay triangulation of a part of the image. 

Building of the partition. The partition is built by using the interest points as germs. 
We choose the Delaunay triangulation to construct a triangular partition of the image 
(see Fig. 2). 

This partition is refined by using a split and merge algorithm as described in [ 8]. A 
triangle is divided in several triangles, if its content is non homogeneous according to 
a given measure (the standard deviation for instance). 

The merge algorithm is difficult to apply in this case, because it could destroy some 
interest points by merging two triangles. To alleviate this drawback, we propose to 
keep locally in the partition structure two configurations (represented as layers), one 
with the non-merged triangles and another with the merged triangle. 

Fig. 3. One edge of the triangles to merge is an interest point. In order not to make it disappear, 
we build locally two layers, one with the merged triangle and one with the separated triangles. 
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The partition obtained could be seen as a meaningful partition because the contents 
of the triangles are homogenous, if we do not consider the top layer. This is important 
if other characterisations are applied, or to match the images of the database with an 
user sketch. 

Building of a set of polygons with a locally exhaustive set of polygons. For some 
applications, the repeatability of the IPD is too low, because of very textured images 
(high frequencies textures). So, an invariant partition is very difficult to obtain. In this 
case, instead of building a partition, we built a set of triangles. The generation of this 
set is simple ; for each point and its neighbourhood, a triangle is built (see Fig. 4). 

Fig. 4. Triangles generated by a point P1 and with the neighbour points. 

This approach is well suited for difficult images (highly textured or very noisy) 
when the performances of the IPD are low. The merge process is impossible because 
some triangles could overlap each others. The split process can be applied without any 
difficulties. 

2.2 Partition element Signatures 

The second step consists in calculating for each element of the polygonal partition 
or the polygons set, a collection of measures based on the photometric content of the 
polygon. These measures can be seen as local signatures. 

The elements of the partition can be seen as homogeneous image regions - because 
of the split process - so we can use traditional characterisations of image regions. 

Lots of  signatures could be used to characterise a region. We can use the 
derivatives of the signal (local jet), a spectral description by using wavelets, moments 
(orthogonal moments, Zemike moments) or fractal properties. The signature must 
conserve the invariance introduced in the partition or the set of  polygons. 

We choose to evaluate our approach with two characterisations, the p-Ifs 
parameters and the barycentric moments. 

The P-Ifs (Partitioned Iterated Function System) is a tool allowing to describe a 
complex n-dimensional signal with a set of simple functions. These functions could be 
linear, as it is used in fractal image compression. The advantages are that the number 
of parameters to def'me a linear Ifs is low (here we use 15 coefficients) and this 
description is intrinsically scale invariant. A P-Ifs defines an entire partitioned image, 
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and we note p-Ifs as an element of  an P-Ifs. In our case, a p-Ifs is a linear function and 
is expressed for each triangle in its barycentric coordinates space. 

The second characterisation is the measure moments expressed on barycentric or 
trilinear coordinates, for each triangle. 

We use the barycentric coordinates to represent a triangle in order to keep the 
invariance and to avoid the anisotropy of the cartesian mesh. Both characterisations 
are independent. 

P-Ifs representation of a partitioned image. The calculation of an P-Ifs associated to 
a partitioned image is an inverse problem. For each polygon of the partition, the p-Ifs 
computation uses one or more other polygons of the image. The p-Ifs is a map 
between a part of  the image and another. In the following paragraph, we def'me and 
explain the p-Ifs calculation precisely. 

P-Ifs coding o f  an image - Fractal image compression. The P-Ifs coding is currently 
used for the Fractal image compression in the decorrelation step of the compression 
process. 

The basic idea of the fractal compression [ 5] [ 6] [ 7] is that the image is the 
attractor of  a contractive map. This map is an P-Ifs and can be described by its 
parameters set. The aim of compression is to determine these parameters and therefore 
the P-Ifs map. 

First, we consider the imagefas  a function defmed on [0,1]x[0,1]=f such as: 

f :  I 2 -~ I (1) 

(x,y)~--~ z :  f ( x , y )  

The imagef is  the attractor of  a map W, Wis a P-Ifs: 

f - ] I~  = lim W ~ = WoWoWo... oW (2) 
n.--).oo 

W is a set of  n p-Ifs maps w,, each w, works on a compact part of  the image, called 
domain block DJ~y and transforms it into another compact part, called range block Rfx.y 
(element of  the image partition) such as : 

w i ,y - Rx,y with Rx,y close to Rix,y 
(3) 

w i can be written at order 0 as: 

w J R'~ix,y ~ i(O)x,y)~S(p(DJ,y)dt-t (4) 

with (p an isometric. 
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w~ contains a geometric part (isometrie and scaling) and a massic part applied to 
image pixels, s and t are respectively the contrast scaling and luminosity offset 
parameters. 

We can write w at order 1 as : 

R~ix,y ali)x +b(i)y+.(i) .Jr~j ~.,(~) (5) 

At order 2, we have : 

R~,y = a~i)x + a2(i) +b~i)y+b(i)y 2 + s(i)(p(DJ,y)+t (i) (6) 

The contractivity of W assumes the uniqueness of the fLxed point, here the imagef  
To encode an image f,  we need to find the transformation set w 1, w 2, .... wu with : 

N 

w=Uw, 
(7) 

i=1 

and f=[ W]. In other words , f  is the fixed point of W: 

f = W ( f )  = w 1 ( f )  ~ w 2 ( f ) ~ . . . w w  N ( f )  (8) 

In reality we are looking for: 

f ~ f ' =  W ( f ' )  ~ W ( f )  = W o ( f ) ~ . . . U W N ( f )  (9) 

To determine the w i transformations, we search for each range R~x.y, the domain/Yxy 
which is the most similar after applying the p-Ifs w t with the optimal parameters. 

The p-Ifs parameters are calculated by using a least squares regression to minimise 
the root mean square r. 

(lO) 
j )2 r ~ Z ( w i ( O J x , y ) - R i x , y  

x,y 

Application of the p-Ifs for partition element characterisation. As described in the 
preceding part, the P-Ifs calculation consists in computing a p-Ifs for each element of 
the image partition (range block). This process uses for each range block one domain 
block and expresses the mapping of the domain block to the range block. We shall 
explain how to apply the calculation of the P-Ifs to the partition described previously. 

In the paragraph 1.1 (Image partitioning), we expose our image partition method. 
The resulting partition is considered as the domain partition, we subdivide it by 
placing a germ in the centre of each triangle and then we use these new germs to 
generate the new triangles. The new partition is the range partition. 
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Fig. 5. The range R is encoded by an Ifs element by considering the adjacent polygons of Db, 
domain containing R. 

The use of cartesian coordinates to describe the range or domain blocks is not 
relevant, because it is not invariant in case of geometric transformations (rotations for 
instance). We suggest to use the barycentric or trilinear coordinates which are locally 
defined for each polygon. 

In the case of  triangles, the barycentric coordinates are the real numbers ct, 13, y 
such as a pointp in the cartesian space is : 

p = c t - A + [ 3 , B + ? . C  (11) 

with 

G t + [ 3 + y  = 1, ct,13,y e l0 ;1 ]  (12) 

The p-Ifs w, expressed with the barycentric coordinates is : 

w i ( D ~ r ~ = ~ i o  =a~a+b~J+cly+siD~,~,r + t  i (13) \ , ,  / ,P,Y 

Another adaptation is directly related to the indexing, in the traditional compression 
scheme, the domain block I)J ~,r associated to the range block P~,y is searched in all 
the image. This characteristic represents an important limitation for the indexing for 
two reasons : 
- The domain IT ,~,r selected during the calculation of the p-Ifs, is the most similar to 

Ri~,~,r after applying the p-Ifs w i. If a perturbation is applied to DJ ~,r, it cannot be 
chosen to encode R' ,~,r, so another domain block is preferred ; 

- The image fragment specified during the request could have a different coding 
because of the lack of some domain blocks [ 10]. 
To alleviate this drawback, we propose to express the p-Ifs by considering all the 

domain blocks in immediate neighbourhood (adjacent) of the domain block containing 
the range block (see Fig. 5). 

At last, we use a p-Ifs of order 1 to encode the range blocks expressed with the 
barycentric coordinates : 
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�9 ~ i  ) " i 
w,(D~,p, r adjacents):  R~,a, r a'l.,a + b~,,fl + ci.,y + i , = skD~,p, r + t k 

L_._a 
D, adjacents 

We obtain a vector V~ characterising the range block R ~,~,~ 

: 

We do not use the t k parameters to be robust against the luminance variations. 

(14) 

(15) 

Moments on barycentric coordinates. The second characterisation is based on the 
moments of the distribution of pixel values. For each element of the polygons set built 
as described in 1.1 (Image partitioning), different moments are calculated. Here, we 
consider that the partition is a triangular partition. 

This characterisation can be used with a partition or a set of triangles. 
The moments are calculated by using the barycentric coordinates, we note m"~, m"9, 

m" as the barycentric moments at the order n of the triangle Do,o.~ : 

et+13+y=l 

m"~ : ) v  I I 1 1 3 "  .(D~,~,r - D)d~td l3d  }, 

a+13+r=l 

a+13+y =1 

D is the average of Da,B, r . The use of the average and the normalisation 

coefficient )~ allows to introduce some invariances against the luminance variations. 
The moments are stored in a vector V : 

[( ( ~ (  i ) ]  (17) 
V =  m i  ), m; m r i@....] 

with i denoting the moment order. 
We use a discrete notation : 

= k=A (18) 

 =kCx 
Y = k r A  
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with A an constant increment for ct,~,y, the expression of the moment for c~ 
becomes : 

rn: : X E  E ' ~ " ~  1, ,.(k,~A)"(Dko,~k~ka--D ) (19) z~, [ko+k~+k,=l) ~ , ~ ,, 

To enhance the robustness of the moment characterisation against the error on the 
position of  the triangle edges, we use a Gaussian function. The expressions become : 

m",~=X ~ o ~ "  "(D~,~,~ .G(o~,~3,y)- -D)dad[3d 7 (20) 
ct+13+7=1 

a+l~+T=l 

m", = X f f f  T" .(D~,~. .G(ot,f~,,)-D)dczd~dy 
a+13+y=l 

with G0 the Gaussian function. 
These moments are invariant against some rotations or the scale variations, if the 

content of the triangle stay identical. 

3. R e s e a r c h  s trategy  

3.1 Generalities 

The indexing step generates a vector set for each image. All these vectors are stored 
in an index. We get an important number of vectors with a given dimension (3 for the 
graylevel barycentric moments, 9 for the colour barycentric moments and 15 the p-Ifs 
parameters). The index structure must be good suited to obtain the best performances. 

We use the algorithm of A. Nene and S. K. Nayar [ 20] but other techniques are 
applicable as kd-trees, for instance. 

The search process consists in finding the nearest vectors in the database to the 
request vectors. A first, distance score is computed taking in account the average 
distance between the selected vectors of the database and the vectors of  the request. 
Then a localisation score is computed by using the spatial relations in selected images 
and comparing them to those calculated in the request. 

At last, each image of the database has a distance score and a localisation score. 
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3.2 Similarity evaluation and spatial localisation 

The basis of the principle is to search for all vectors of the request, the list of  the 
closer vectors, then we compute a distance score and a spatial localisation score. 

We note as F, the application which transforms an image/j- in a set Vj, each element 
of Vj is a numerical characterisation of one polygon : 

The set Vj is in fact a list of  tupple (vaj) : 

The image database DB is: 

= U v ,  (23) 
J 

The image I r of  the request is transformed as a set Vr of tupples (v~ r) with the 
transformation F: 

V r ~" r ( I  r) (24) 

For each tupple (vi, r) of Vr, we compute the set W~ containing the vectors of  DB 
which are "close" to vi: 

Wi ={(vk , i , j ld(v i ,vk)<8,(vk , j )eVj  } (25) 

with d a distance and e a real number. 
The Euclidean distance can be used because the vector are normalised. However e 

could be different for each component, instead of using a scalar ~, it is preferable to 
use a vector. 

the resulting tupples (v~i,j) in the set U W /  are dispatched according their Now, 
i 

image identifier: 

1-Ij = {(v, , i)(v, , i , j )  ~Wi } (26) 
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Calculation of the distance score. A first score Sdist(I~) can be associated to each 
image I r This score represents the distance between the request and the image. 

Sdist(Ij)= 1 -  ~ m i n  {d(vi,v k )} (27) 

Sdi~, is maximal (Sdist=l) when the request is very close from the image and null if 
completely different. 

Calculation of the localisation score. For each image ~, we have the vectors 
corresponding to the request, we can select the candidates images at this step by 
computing the cardinal of the sets FIj and setting a threshold t. An image/, is selected 
if: 

We can choose t=0.5. 

card(FI j ) 
card(Vr) > t  

(28) 

For the selected images, the localisation coefficients of the selected vectors are 
evaluated by computing the spatial relations. The spatial relations are modelled with a 
function Rs. 

R~:gU x ~:~d ~ 9~2 (29) 

xv, v, and dr, v, are respectively, the angle and the distance between the centroids of the 
triangles characterised by the vectors v and v' (see Fig. 6). 

V I 

d3 zl Vk 

Vm 

Fig. 6. Spatial relations defined from the vector % The relations are valuated with the angles x~ 
and distances d. 
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The spatial relations are computed between each vector v i of the request and its 
neighbourhood. The relations are stored in a set R~i: 

In each image, each tupple (vj,i) of the set IIj is evaluated by verifying that all 
spatial relations Rs(vi, vir present in the request are verified in the set l-lj. A score is 
associated to each tupple (v~O ofFl i : 
- If we consider (vk,i)e ~ and (Vkk, ii)~ 
-- The spatial relation between (vk,i) and (Vkk,ii) must be similar to the relation 

between v i and vii: 

Rs(vk ,v~)~Rs(v i , v i i )  (31) 

- If it is true, the score of v~is increased. The scores are stored in a table Sj(v~). 
Then we compute the ratio between the number of spatial relations verified for one 

tupple (v~,i) of ~ Sj.(vk) and the number of relations of the vector vi, card(Ris). The 
vector is validated if this ratio is bigger than a given threshold: 

card(R~) (32) 

For each tupple (v~ i) of ~ validated, the spatial score of the image/j, SWatiat(I ~ is 
incremented by one : 

[. ,[card(R ) )]) (33) 
S,o~,~,a,o,(I/ )= 1-card~(vk,i~ ---7--S > t s wi th /~ [O. . . ca rd (V~ 

[ 1 

The localisation s c o r e  Slocalisation(Ij) is maximal when the request is close from the 
image Ij in terms of numerical distance (the vectors involved in the localisation 
calculation are close to the request in terms of the Euclidean distance) and spatial 
relations. 

4 .  R e s u l t s  a n d  p e r f o r m a n c e s  

The following figures illustrate the results and performances obtained with our 
system. The Fig. 7 and Fig. 8 show some fragments extracted from the database (100 
images). We submit three requests to the system with each fragment. The Table 1 and 
Table 2 give the results obtained with the first fragment and for the two types of 
characterisations (p-Ifs parameters and barycentric moments). We obtain very similar 
result with the two other fragments. 
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We test the system with a 100 images database of current images and a 90 images 
database of painting. The results obtained for both databases are close. With entire 
images or for fragments with a rotation, the recognition rate is close to 100%. The 
scale variations engender lower results, the recognition rate is close to 90% if the 
scaling factor is less than 1.3 and bigger than .7. 

The experiment with the paintings database (100 images) allows to show that the 
characterisation (with barycentric moments or p-Ifs parameters) is discriminating and 
can be used for large databases. 

In these tables, we only gives the best scores (localisation and distance), the others 
are very low (inferior to .01 for the localisation and .3 for the distance). 

The localisation score is more discriminating than the distance score. In fact, the 
distance evaluation is included in the localisation score. 

The processing times are very low (typically 0.01 seconds for a request on a 100 
images database). 

5. Conclusion 

The approach explained in this paper presents some interesting solutions to 
invariance problems in image indexing by using an invariant partition and two 
possible characterisations (p-Ifs parameters or barycentric coordinates). The 
photometric properties of the partition elements are stored in a list of vectors. The 
search strategy is based on a vector distance calculation (nearest neighbour search) - 
between the request and the images of the database - and the checking of  the spatial 
relations of founded vectors. During this process, each image is marked by a score. 

The indexing step is highly dependant to the interest points robustness, we propose 
to use a list of polygons instead of a partition when the images are too textured or 
noisy. We plan to study other characterisations as the analysis of the spectral/spatial 
properties of  the partition regions or other kinds of  moments. 

Fig. 7. Three requests (respectively fragments of image gondole, gondolelO, gondole20) 
returning the three images gondole, gondolelO, or gondole20. The Table 1 gives the scores for 
the request based on the first fragment. 
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Bawcentric moments 
Image Localisation Distance Vector 

score score number 

Gondole l0  0.894 0.0176 48 
, , ~ =J  : ::Go~ffole:: : :::0i9~4 i::: 0 i 9 8 6  5i:: i :i 

Gondole20 0.849 0.087 47 

Localisatio 
n score 

0.820 
i: 0~93'7 :i 

0.760 

p-Ifs parameters 
Distance Vector 

score number 

0.0095 45 

:: ::0;965: : : - ~ :  ~.' 
0.127 44 

Table 1. Scores for the request containing the fragment gondole #1 by using the barycentric 
moments or p-Ifs parameters (see Fig. 7). The database contains three images representing the 
gondole with various rotations (10 ~ et 20~ the fragment gondole #1 is extracted from the image 
gondole. The research system returns the three images with the results shown in this table. 

Fig. 8. Three fragments of the house images with various orientations. The first fragment is 
used as a request the results are written in the Table 2. 

Image Localisation 
score 

Barycentric moments 

Distance 
s c o r e  

Vector 
number 

House 1 0.994 71 

Housel  01995 01919 69 63 

House2 0.973 0.832 66 58 

p-Ifs parameters 

Localisation Distance Vector 
score score number 

0.963 0.952 7 [  

0.823 0.813 

0.805 0.795 

Table 2. Results of the search of the house fragment #1 extracted from the image house (see 
Fig. 8). The different images are rotated. 
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