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Abstract. An important problem in image management is image retrieval. When im-
ages in a database are not well organized, their efficient retrieval is a problem. In this
paper we describe an image retrieval system able to recover a set of images that sat-
isfy some searching criteria. The proposal works well even if the objects appearing in
the images are occluded or suffer affine transformations as rotations and translations.
The proposed system is composed of three modules. The first module performs object
training and object recognition using associative memories as classification tool. The
second module performs image analysis and image organization in a database. The
third module allows for image retrieval. Through several experiments we show the ef-
ficiency of the system.

1 Introduction

Image retrieval is an important problem nowadays. In the WWW more that 73% of
the information is images [8]. Images in this space are, in general, not well or not or-
ganized at all. The explosion of image databases and the inefficiency of text-based im-
age retrieval have created an urgent need for effective approaches in image database re-
trieval. Their search is normally high time-consuming. Many techniques and
commercial systems have been proposed in the literature to succeed this task. For sev-
eral examples, refer to [1-5, 8-11]. Most of these systems use combinations of image-
features such as colour or texture to organize the images as a database of images and
then to recover them from it. To the final user of the system, normally these image fea-
tures do not have any meaning or are difficult to interpret and use. To avoid this prob-
lem, some systems use images as examples to recover other similar images. For a sys-
tem to be useful, it is necessary to be designed in accordance to the user’s intuition. A
person normally knows nothing about describing features, image processing or image
analysis. A user of and image retrieval system would like to input directly to the system
queries such as:

1. “System, display the set of images with rivers and threes”, or
2. “System, show me the images with lions and zebras”.

The key problem to most computer vision applications comprising image organiza-
tion and retrieval is object recognition. Object recognition, in the general case, is still
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an open problem and it strongly determines the functionality of many systems such as
image retrieval systems. In [14] was described an image retrieval system called
(SISREC). Given a set of images the system automatically organizes a database. This
system was able to recover images from a database in terms of their objects. One of the
main restrictions of SISREC was that the objects in the image were not in contact with

any other object.
In this paper we describe an improved version of SISREC that is able to recover im-

ages now in the presence of object occlusions. The system is composed of three mod-
ules that are next described. Is important to mention that modules about to object rec-
ognition and image organization are the main contributions of this paper.

2  Description of the system
The system here proposed is composed of three main modules:

1. One of Object Recognition Module (ORM).
2. One of Image Analysis and Structuring Module (IASM), and
3. One of Image Retrieval Module (IRM).

2.1 Object recognition module (ORM)

This module is the most important of the three. Its performance determines the com-
plete efficiency of the other two, and as a result that of the system. This demands using
powerful object recognition techniques to get good results. Because of objects can ap-
pear occluded we decided to adopt some ideas described in [16] for object recognition

under occlusions.

2.1.1. Describing essential parts of an object. For an object to be recognized in an
image in the presence of occlusions we first detect its so-called essential parts (EP). An
EP part is a part that allows finding out the presence of an object in an image. To detect
an EP of an object, we get an image of the object with a background as homogeneous
as possible. For an example refer to Figure 1. Then we continue as follows:

1. Manually, with a circular window we first select a region of the image
enclosing a candidate EP the object.

2. Inside this window, we apply a standard threshold [12] to get a binary
sub-image.

3. We apply to this binary circular image a connected component-labeling
algorithm [6] to get all possible connected binary components.

4. We remove small spurious regions with a standard size filter [7].

5. We then calculate well-known first four Hu descriptors, invariant to

translations and rotations, to describe locally the selected part. For

the details refer to [13].

We apply steps 1 to 5 to other parts of the object.

7. We repeat this procedure (steps 1 to 6) to remaining objects.

o

Special attention has to be put in selecting the set of describing parts. For example,
from Figure 1, we might think the head of the bolt and the hole of the washer could be
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two EPs that will allow differentiation between these two objects. However by compar-
ing the describing features from both parts we have noticed that they could be similar.
To select EP or EPs by which we are going to perform object detection under occlu-
sions, we have just taken from the list of pre-selected parts as that EP that allows more
discrimination with other objects. For this we have used their corresponding describing
features.

2.1.2. The classification tool. An associative memory is a mathematical device spe-
cially designed to recall complete patierns from inputs patterns that might be altered
with noise. An associative memory M can be viewed as an output-input system as fol-
lows: X >M —y, with X and Yy, respectively the input and output patterns vec-
tors. The structure of an associative memory for pattern classification is simply another
way 1o see a neural network. In this work we use an extended associative memory use-
ful to classify real-valued patierns, by assigning them to the class by their index.

(b)

Fig. 1. (a) Head of bolt selected as its essential part. (b) Hole of washer selected as it essential
part.

Let (x‘,i 4_I,x‘ € R",i=1,...,m aset of p fundamental couples (SFC), composed

by a pattern and its corresponding class-index. The problem is to build an operator M,
using these SFC, that allows classifying the patierns into their classes. This mean,

M ®x¢ =i for &=1,..., p and that even in the presence of distortions it classifies them

adequately, thatis M ® x¢ =i, where X is an altered version of x¢. A first approach

in this direction was presented in [15]. Operator ® is chosen such that when operating
vector x° with matrix M , produces as result the corresponding index class of pattern
X'{ .

Matrix M is build in terms of a function as follows:

4
M=|: (0))
¢
Function ¢ is computing using so-called “sep” operator, which allows us transform

a set of relatively close g ’s, into another set of more separated ¢,' ’s. This transforma-

tion, as we will next see, allows improving the associative memory’s performance.
Function ¢ is defined as follows:
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Pattern classification is performed as follows. Given a pattern x¢ € R", not neces-
sarily one of the already used to build matrix M“p, class to which x is assigned is
given by:

m n
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where 1; =X; + 7).

2.1.3. Building the associative memory for object recognition under occlusions.
Once selected the essential feature of each object we would like to recognize, associa-
tive memory M is built as follows:

1. Obtain 20 images of each object in different positions and rotations

2. To each sub-image containing the selected EP, calculate the corre-
sponding Hu's invariants as explained in section 2.1.1.

3. With these values, build corresponding associative memory as explainec
is Section 2.1.2.

Once trained the classification tool, the output of the ORM is the identity of a given
object (from image-features to objects).

2.2 Image analysis and structuring model (IASM)

This module receives as input a set of n images containing one or more instances of the
objects already learned by the system even under occlusions. To determine if an in-
stance of an object is in an image we use so-called blocking swapping algorithm
(BSA). This algorithm allows extracting information from an image to be used to oper-
ate the associative memory already trained. Information is extracted by means of a
mask MA of size equal 1o the original image. This mask is filled with circular windows
of ratio of 15 pixels, see Figure 2 (a). To avoid analysing several times the same region
of the image, the BSA uses a blocking table. Blocking table is used to decide if a win-
dow is used or no, for an example refer to Figure 2 (b). Blocking table allows blocking
those regions in the image that have been selected as regions containing the distinctive
part of an object. Detection of the essential part of an object is performed in six steps as
follows:

For each of the n images to be structured:

1. Clear blocking table.
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. Refresh mask MA.

. Apply logical and operation between mask MA and image to be analysed.

. Compute first four Hu invariants to each region enclosed by circular

window in the new image.

5. Apply associative memory to each obtained describing vector and if
vector corresponds to essential part of one of the objects we are
looking for, then a vote is given for this object and block associated
region in blocking table.

6. If whole image has been analysed then finish stop algorithm, else go

back to step 2.
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Fig. 2. (a) Mask used to subtract form image the information to train associative memory. (b)
Mask with blocked regions.

The output of this module is a list of pointers from cach object to the images that
contain this object, organizing automatically the set of images in a table or in a data-
base. In table form cach locality of this table contains the evidence that a given object

O,,i=1,---,q is contained in a given image ]j,j =1,---,n, see figure 3(a).
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Fig. 3. (a)The output of the IASM Module is a table of pointers from objects to images. (b) The
IRM module receives queries as inputs and outputs list of images satisfying these queries.

2.3 Image retrieval module

The input to this module is a query in terms of the type of objects an image may con-
tain, see Figure 3(b). Its output is a list of the images satisfying the input query. Exam-
ples of queries this module accepts follow:

1. A=l & C=1, means the system will display all images (if any) containing in-
stances of object A and object C.
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2. B=0 & D=1& E=0, means the system will display all images (if any) not con-
taining instances of object B and E, and containing instances of object.

3  Experimental results

Performance of the system was tested with a set of five real objects: a bolt, a washer, an
eyebolt, a hook and a dovetail. Images of them are shown in Figure 5. Twenty different
images of cach of these five objects were used to train the associative memory.

(a) (b) (©) (d ©

Fig. 4. The five objects used in the experiments. (a) A bolt. (b) A washer (c) An eyebolt (d) A
hook, and (e) A dovetail.

One hundred images containing one or more instances of the objects shown in Fig-
ure 4 were used to train the classifiers and to organize these images in terms of theirs
objects. Figure 5 shows nine of these images.

Image No. 21 Image No. 40 Image No. 56

Image No. 71 Image No. 75 Image No. 90

2

Image No. 95 Image No. 98 Image No. 100

Fig. 5. Nine of the images structured by the system.
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With 5 objects and the operators “AND” and “OR”, and the restriction that an object
is asked to appear or not asked to appear in and image, the number of possible queries

that can be input to the system is 1,652: (A =1&B= ]) is one combination;
(B=1&C =0| E =1) is another combination.

Once this set of images were organized automatically for the system we test the ac-
curacy of the system to recover images in terms of their objects using only 800 hundred
queries (almost the 50% of whole possible queries).

The overall percentage of the system is of 83.0%. This percentage of performance
was obtained as follows: Given a query, 1/ images are output by the system. In only
nc of images the desired objects appear and in nf — nc at least one object does not
appear (does not satisfy the query). The partial performance percentage for this query is
obtained as: 1nc/nt. By computing this partial percentage for each query and by
summmg up the total of partial percentages and by dividing this total by the number of
queries we get the total average performance percentage.
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Fig. 6. Image 86 recovered by the system when query A=1 and C=1 is introduced to the system.
43 images were recovered by the system.
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Fig. 7. With the set of 43 image recovered when query A=1 and C=1 is fed to the sys-
tem, image 69 was recovered. Note there is no an instance of object C, however in-
stances of object A do appear.
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Figures 6 and 8 show two of output results. In the first case a set of 43 images were
recovered by the system. As you can appreciate in Figure 6, image 86 is output by the
system and satisfies the search criterion; only 23 % of recover images do not satisfied
the search criterion, one example is given in Figure 7.

In the second case a set of 24 images were recovered by the system. As you can ap-
preciate in Figure 8, image 96 is output by the system and satisfies the search criterion;
only 12 % of recover images do not satisfied the search criterion, see for example Fig-
ure 9.

The worst results were obtained when the query involves object D. Next we will ex-
plain why the low accuracy is obtained when a query involves object D. The total per-
formance of the system depends strongly on the functioning of the ORM. If the system
is able to recognize accurately instances of the objects in an image, it can thus be in-
serted in the right position in the database. Otherwise an erroneous pointer to it will be
created producing, of course, at the moment a query is input to the system an erroneous
result. The ORM was tested isolated apart from the image retrieval system using the
same set of images. The obtained classification results were acceptable. Table 1 sum-
marizes these results.
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Fig. 8. Image 97 is recovered by the system when query A=1 and B=1 and E=1 is introduced to
the system. 24 images were recovered by the system.

e

S
/vy

|

e |
Panints b Doy S b

F‘-h*.—wnla—- Vo 20 f

Compts At o1 120 4 Jond | Rardrs | Avmete G Alapets 1 CoatePas 1 i

] Jopea) 4 | > | _teome] %

Fig. 9. With the set of 24 image recovered when query A=1 and B=1 and C=1 is injected to the

system, image 63 was recover. Note there is not an instance of object B, however instances of
object A and E exist.
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As you can appreciate in Table 1, the worst classification result was obtained with
the hook (Object D). This is because of the essential part selected for the object. This
bad classification causes that retrieval system performs a low accuracy when the query
involves object D.

4  Conclusion and directions for further research

In this paper we have described a system that is able to first organize a set of input
images, and second to allow for recover examples of them given an image query. Three
modules integrate the system. The first module performs object training and object rec-
ognition. The second module performs image analysis and image organization. The
third one allows for image retrieval.

Table 1. Classification results obtained with the object recognition module.

Object % of classification
Bolt 93%
Washer 92%
Evebolt 80%
Hook 51%
Dovetail 96%
% total of Classification 83%

Through some experiments we have shown the cfficiency of the system. The overall
performance of the system strongly depends on the correct functioning of the object
recognition module. For the set of objects used and the restrictions imposed the system
provides good results.

One important feature is that it is close to the end-user that usually ignores every-
thing about image processing and image analysis. It is a first step to design a more gen-
eral system.

A system with these limitations could be used, for example, to recover photographs
of objects circulating through a conveyor belt.

Nowadays, we are working on: 1) a method to obtain automatically the EPS for
each object, 2) how to recognize object also in the presence of scale changes, and 3)
how to solve the most difficult problem of image retrieval under clutter images. At the
end of our research, we hope to count with a system able to structure a set of images
(landscapes, portraits, and so on), allowing to recovering them in terms of their objects

and their relations.
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