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Abstract. In this paper we present a new algorithm for translating visual information into a semantic form. In our approach we try to combine
these two separate areas of computer since into one process. The main
goal is to achieve very good performance at searching for similar images.
In this paper we explain in details the design of the translation algorithm
which is only one part of the whole process, but the most important one.
This module is some kind of interface between information in the form
of digital image and the information represented by lexems. We will also
concisely demonstrate the structure of the whole SIA (Semantic Image
Analysis) project.
Keywords: semantic translation, image transformation, semantic image analysis, CBIR.

1

Introduction

Nowadays we are surrounded by the immensity of information. Because of computers and power of digital processing we are able to analyze more and more
information in a shorter period of time. Humans are already very good at searching and analyzing information in a textual form, everyone of us is familiar with
using popular Internet search engines. In the area of digital image processing we
are still far away from the quality and eﬀectiveness of text retrieval. Translation
of the information in the form of digital image into text is one of the most important parts of the SIA project [25]. To enable semantic analysis [25] on the
data representing the image we have to convert it into text and this conversion
has to be a deterministic and stable process [19]. Before we were ready to establish our translation algorithm we had had to prepare the whole preprocessing
module, which is responsible for ﬁltering out some unimportant information and
noises from the image and fetching the most important one [3][13][14][21][24][27].
Fetched data are translated by our translation formula and saved in the database
in the form of the vector of lexems. Our approach is designed to be applied on
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Fig. 1. Simpliﬁed structure of the conversion process used by the proposed approach

every kind of images but it could be specialized to process only speciﬁc classes
of image objects [4] or to images with speciﬁc features [1][9][10][26] which may
be classiﬁed by multiple methods [5][6][7][8][16][17][20][22].

2

Image Processing Algorithm

As we see in Fig. 1, the whole process of the image conversion into the semantic
form consists in two general parts – preprocessing and processing. Results of
our research concerning each preprocessing step have been already described in
[24][27]. In this paper we are focused on our latest research about the translation
algorithms. This part of the process is also divided into stages what is described
in following subsections.
2.1

Division into Single Word Matrixes

The output from the preprocessing part is the grayscale image with marked
important parts, which were selected as signiﬁcant areas of the image [2][15].
Relying on the information enclosed in that image, we need ﬁrst to select the
ROI (Region Of Interest), which is a rectangle containing the signiﬁcant areas
of the image and then restrict that rectangle by searching for a shape which is
the best pattern for areas representing the important parts of an image. The
selected shape has to be divided into areas, which we called SWM (Single Word
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Matrix). The question was how large these matrixes have to be. In our approach
we assumed that the number of rows and columns of the SWM will be equal to
5% of the height and width of the selected ROI. Thanks to this operation we
can keep our process robust for images containing the same objects in a diﬀerent
scale.
2.2

Estimation of Constants

In the result, each SWM has to be represented by a single word, so we had
to ﬁnd a method to convert a matrix of pixels into one word. What was very
important, this algorithm had to be stable, that means that conversion of the
matrix representing the same part of the image has to be always transformed
into the same word. Because of that we employed markers, which represent the
constant properties of that area. In the current implementation we used the
following markers:
1. Percentage amount of edges contained by the matrix,
2. Average value of the intensity of pixels contained by the matrix.
At the beginning of the research we decided that this part has to be generic,
which means, that adding new markers has to be feasible. That is why in the
next planed phase of our project we can combine diverse markers to achieve the
best selectivity of similar images.
2.3

Fuzzy Logic

We used fuzzy logic mechanisms by conversion the values of single SWM represented by array of markers. To each marker we assigned some number of levels,
to this levels we round every marker value to reduce diversity and the number
of possible combinations.
2.4

Translation

To translate the values of markers into single word, we used an English dictionary. Each array of markers, which represents the single SWM is converted by
the SHA-1 algorithm into a hash code. Then the algorithm searches in the dictionary if there exists already a word to which this hash code was exactly assigned,
if yes then the SWM becomes this word, if not, then to this value of hash code is
assigned the next free word from the dictionary. The whole image is represented
by the row of single word matrixes separated by the space characters.

3

Structure of the Conversion Mechanism

In this paragraph we present each step of the conversion. Description of each step
is connected with the input and output information, so the order of presentation
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Fig. 2. Original test image

Fig. 3. Image representing the result of the preprocessing phase

is very important. The original test image is shown in Fig. 2. As already mentioned, in this paper we are focused on the processing part of the approach. The
resulting image at the output of the preprocessing part is presented in Fig. 3.
Now we present the steps of the algorithm:
1. In the ﬁrst step we have to divide the selected ROI into SWMs. The number
of rows and columns is equal to 5% of the height and width of the selected
ROI. Fig. 4 presents the image with marked ROI divided into single word
matrixes.
2. In the next part of the conversion we have to ﬁlter out these matrixes, which
do not contain any pixels which were marked as the signiﬁcant and important
information. In our approach it is performed by ﬁnding the maximum value
of intensity of pixels included into matrix, when this maximum is equal 255,
then the whole matrix is selected as important one. Fig. 5 shows only these
matrixes, which were marked as containing signiﬁcant information and were
selected for further computation.
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Fig. 4. Image representing the ROI divided into single word matrixes

Fig. 5. Image representing selection of important single word matrixes

3. Having selected list of SWMs we are ready to compute constant markers for
every matrix. Our algorithm was designed in such a way that adding new
markers is an easy and fast action, but in this situation we need to compute
values for every image in the database. In the current implementation we
used the percentage value of edges in the matrix and average intensity of
pixels. Thus, for one SWM these values can take values as follows:
- Percentage value of edges: 22
- Average value of intensity: 120
4. When we have already estimated values of constant markers for every SWM,
we have to compute the hashcode, which is going to be the representation
of these values. For this computation we use a SHA1 algorithm, e.g.:
SHA1(22,120) = 231151646136144130502039643226195140178156113132386
5. In the next step we need to ﬁnd a word which will be the representation of
our hash code, if our hash code already exists in the database, then we will
take the word which is assigned to this hash code, otherwise we will take the
ﬁrst one without assigned a word.
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At the end of the process, each SWM will have assigned a word. All the words
will be combined into a single text, separated by the space characters. Such prepared text will be the textual representation of the image. But it is not the last
step of conversion, during adding the new image with the textual representation
to the database we call a trigger which converts the text into lexems. The name
of this form of data in PostgreSql database system is TS VECTOR. Below we
present an example of the structure with this form of information:
TS VECTOR = airfar 127 aisl 289 alarmist 346 albedo 304 alert 201,217
We see words followed by certain numbers. These words are not ordinary words,
but lexems, which are normalized words to make diﬀerent variants of the same
word look similarly. Numbers following the lexems show the position of the lexem
occurrence.

4

Structure of the Research Environment

For our research we have developed the next version of the software which is responsible for the whole SIA [25] process. In this paper we are focused on the processing part, so the following information concerns only this phase. Our software
called CBIR 4.0 is divided into server and database layers. CBIR 4.0 software
was written using C# .NET 4.0 and PostgreSQL 9.0 technologies. In addition,
for the purposes of image processing we use Emgu.CV-2.3.0 library. Because the
end result of the conversion mechanism is a database item, it is worth to describe
in details the database structure and functionalities. In Fig. 6 we presented the
main part of the database structure of the conversion system. As we see in Fig. 6,
the most important tables in the database are table “DICTIONARY” and table “IMAGE”. Table “DICTIONARY” contains 109.583 rows, which represent
single words in English language (obtained from the SIL Organisation, available
at http://www.sil.org). Each item with ﬁlled ﬁeld “HASHCODE” is already
assigned to speciﬁc values of constant markers. Data from this table are strongly
used and updated during the conversion of images into semantic form. Table “IMAGE” contains of course already transformed images, the most important ﬁeld
of the table is “TSV BODY”, which contains data representing digital image in
the form of TS VECTOR, which is the sorted list of lexems. Database table “IMAGE” together with the trigger, the trigger function and the GIN index create
the independent fast text engine construction (PostgreSQL 9.1.2 Documentation, available at http://www.postgresql.org/). By each update or insert on
the table “IMAGE” the trigger is started, which calls the trigger function, while
the main task of this function is to convert data into TS VECTOR and save
them in silent mode inside table in the ﬁeld “TSV BODY”.
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Fig. 6. The most important parts of the database structure

5

Experimental Results

For tests of our algorithm and system we chose a set of images representing
diﬀerent types of objects. Several of them represent diﬀerent objects but of
the same type [12]. For example there are multiple images representing ants
in various scale, on diverse background and with other coexisting objects. By
performing these tests we wanted to check following properties of our approach:
determinism, performance and structure of converted data. Presented statistics
and properties describe our test on 100 of test images from Caltech 101 images
data base. Total number of words generated in dictionary is 109.583 with number
of distinct words used for conversion the ﬁrst 100 images in amount of 5.536.
During conversion of ﬁrst 100 images there were used 28.835 words. Average size
of processed images is 232 pixels height and 294 pixels width and disk size of
table containing 100 converted images in number 1264 kB. Average time used
for the whole process of conversion is 2686 ms.
It is worth to mention that we also tested that the same image converted twice
gives the same results. With this test we proved the deterministic behavior of
our algorithm. More than 90% of time used for conversion is the preprocessing
phase, the GrabCut algorithm is the the slowest part of the process.

6

Conclusions

With this paper we proved that the idea of conversion of images from pixels into
words is not only an idea but the real way to combine two important branches
of computer science. Because of usage of fast text search engine we obtained the
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possibility of very fast and eﬀective analysis of data representing images. Because
of advanced database structure and functions we have also possibility of applying
fuzzy logic on the level of single table row, representing single words. It is possible
to establish the level of similarity between two words. By extending the function
we can achieve a connection between similarities of two words to similarity of
constant markers representing the single word matrix what is an exact area of
the image. This property gives us the possibility of eﬀective applying fast text
search engine analytic functions. The proposed algorithm of translation fulﬁlled
all requirements, which we speciﬁed at the beginning of our research. The new
approach is stable, deterministic, fast and easy to extend, these properties allow
us to look in the future of the SIA with promising expectations. As already
mentioned this is one of the last parts of our broad SIA project, but also the
most important one. In the next step of our research we will develop new search
and rank functions. Also we noticed the opportunity to expand our algorithms
of SWMs classiﬁcation by using neural networks [11][18][23] but it is one of
additional functionality of the SIA. Our novel algorithm of translation is an
important milestone on our way to establish fast and eﬀective way to ﬁnd similar
images to the one given on the input. Our alfa tests already provided satisfying
results and we hope that in a short period of time we will be ready to publish
results of the whole SIA mechanism.
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