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V �SB - Technical University of Ostrava
Dept. of Measurement andControl

17. listopadu 15
708 33Ostrava, Czech Republic

ABSTRACT

The surveill ance application aims at improving the quality of
technology viamodelli ng human expert behaviour in the cok-
ing plant ArcelorMittal Ostrava, the Czech Republic. Video
data on several industrial processes are captured by means of
aCCD camera andclassi� ed by usingLatent Semantic Index-
ing (LSI) with the respect to etalons classi� ed by an expert.
We also study the convergence behavior of proposed partial
eigenproblem-based dimension reduction technique and its
abilit y for knowledge acquisition. Having increased the com-
putational effort of thedimensionreduction techniquedid not
imply the increasing quality of retrieved results in our cases.

1. INTRODUCTION

Content-based retrieval of images is used as a tool for moni-
toring of industrial processes in the coking plant ArcelorMit-
tal Ostrava, theCzechRepublic. A coking plant belongsto the
industrial complex [3] with several variousparallelly operated
technologiesof chemically-thermal character which are, only
theoretically, in full accordancewith theoretical conditionsof
theprocesses. There aremore reasons of this statement:

� absenceof algorithmized formsof these technologies

� insuf� cient knowledge concerning the possibiliti es of
application of communicationandinformationtechnol-
ogy in speci� c conditions of industrial complexes in-
cluding the in� uences of workingenvironment.

General problems of integration of partial technological
systemsandthe elimination or moderation of negative expres-
sions described above were already described in more details
in [4].
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Fig. 1. The distribution of the � rst 45 largest singular values
of the document matrix. The singular values are sorted in a
descending order.

In this paper we focus on application of a content-based
search techniqueto imagestaken at such aplant. In thisway, a
content-based analysistool could beused for evaluation of the
coking processquality, which should lead to itsbetter surveil -
lance. Namely, the result of the analysis provided by the tool
will be the project of action interferenceinto the heating sys-
tem and project for carrying out of control of the chamber
lining. This application will be interconnected with the sub-
system of servicingmachine controlsandwith the application
of passport working out servings for observation of the state
of lining of the coke-oven chambers. The effect of this in-
terconnection onthe technological quality of the information
being obtained will be evaluated.

The � nal goal of any surveill ance application for coke-
oven (CO) analysis is an optimal decision. In practice aCO
operator makes decisions using his past experience which is
not formalized at all . A � exible coexistenceof ahuman being
reasoning power, computer memory and arithmetic operation



Fig. 2. An example of LSI image retrieval results: Experi-
ment A, k = 8.

velocity isan effective arti� cial intelli gencesolution.

2. TECHNOLOGICAL SITUATION

The pictures shown in Figures 2 – 9were picked up digitally
during the pushing out the coke from the coking furnaces at
the cokeplant in ArcelorMittal Ostrava, Czech Republic. The
servicing cars (wagons) are equipped with camera systems
enabling visual control of the state by service personnel of
the coke-oven battery (hereinafter only CB). The measuring
andinformationsystem (hereinafter only MIS) doesnot catch
thestateswhen thereoccurschangesof theheating gases� ow
into the coke-oven battery, for example due to the damage of
lining or burners. These parts of CB are affecting to coking
products and the quality of resulting product can be reduced.
The existing MIS does not enable the collection, scanning,
archiving and evaluation of data concerning the quality of re-
sulting product (coke) and their utili zation in the coking pro-
cessmanagement.

After completion of the coking process, which runs un-
der temperaturesabove1000oC, the chargeof CB, processed
thermally andchemically, ispushed throughtheoutput open-
ing by means of the output servicing machine. During the
pushing out on the output side of CB there comes to disin-
tegration of the coke prism which falls on the loading area
of the handling wagon linked on (Figure 2, up). Due to the
wagon traveling the falli ng coke is distributed on its loading
area and is transported for cooling bywater shower and, after
cooling, to dumping into the chutesof the transport system of
thegranulation system and storage tanks.

The resulting quality of the coke produced is in� uenced

Fig. 3. An example of LSI image retrieval results: Experi-
ment A, k=45.

not only by the heating regime but also by the coal charge
quality. The important and upto now not utili zed informa-
tionsource are the colored visual parametersof thesurfaceof
the coke pushed out from CB together with the character of
its gassing and fragmentation before the fall on loading area
of handling wagon. In practice this kind of information can
be used by an experienced human expert, such as operating
personnel, to make an estimation of the quality of the pushed
coke. However theoperator can also passthelinguistic values
of estimated visual parameters observed during coke pushing
to aknowledge-based system to makethe� nal decisionabout
quality. In some cases these parameters can also be used for
maintenance diagnostic of the inner state of the coking fur-
nacefrom which the coke is pushed. This visual informa-
tion can be caught by visual displaying system with the CCD
camera in the viewing � eld of which the output of chutes of
the output servicing machine will be found. More detailed
information can be obtained further by scanning of the dis-
charging hopper of the coke cooled, where, after certain in-
formation processing, the parameters of granularity, fracture
surfaces andcolor of resulting product can bemonitored.

Such a displaying system consisting of a cooled high-
resolutionCCD camera interconnected with the computer for
data pre-processing and analysing would be wireless inter-
connected with the control system of CB on two levels. The
� rst one would enable the servicepersonnel the view on the
output sideof CB. Thesecond onewould deliver the extracted
data about the parameters of the coke production from sin-
gle CB for visualization. At the same time, the � le of these
extracted data would serve for classi� cation in the database
system as a � leof theknowledge system input data.



Fig. 4. An example of LSI image retrieval results: Experi-
ment B, k=8.

3. IMAGE RETRIEVAL USING LSI

3.1. Pr inciples of LSI

The numerical li near algebra, especially Singular Value De-
composition(SVD) isused asabasisfor informationretrieval
in theretrieval strategycalledLatent Semantic Indexing(LSI),
see[5]. Originally, LSI was used as an ef� cient tool for se-
mantic analysisof large amountsof text documents. Themain
reason is that more conventional retrieval strategies (such as
vector space, probabili stic andextendedBoolean) arenot very
ef� cient for real data, becausethey retrieveinformationsolely
on the basis of keywords; polysemy (words having multiple
meanings) and synonymy (multiple words having the same
meaning) are thus not correctly detected, see[1, 2]. LSI can
be viewed as a variant of the vector spacemodel with a low-
rank approximation of the original data matrix via the SVD
or theother numerical methods [5].

The ”classical” LSI applicationin informationretrieval al-
gorithm has the following basic steps:

i) The Singular Value Decomposition of the term matrix
using numerical li near algebra. SVD is used to identify and
remove redundant informationand noise from data.

ii ) The computation of similarity coef� cientsbetween trans-
formed vectors of data and thus reveal some hidden (latent)
structures of data.

Numerical experiments proved that some kind of dimen-
sion reduction, which isapplied to theoriginal data, brings to
the information retrieval two main advantages: (i) automatic
noise� lteringand(ii ) natural clustering of datawith ”similar”
semantic.

Recently, the methods of numerical li near algebra, espe-

Fig. 5. An example of LSI image retrieval results: Experi-
ment B, k=45.

cially SVD, have also been successfully used for diverse ap-
plications such asgeneral imageretrieval [8, 9], facerecogni-
tion and reconstruction [7], iris recognition [11], information
retrieval in hydrochemical data [12], and even as an support
for information extraction from HTML product catalogues
[6]. A comparison of two approaches for classi� cation of
metallography images from asteel plant ispresented in [13].

3.2. Image coding

In our approach [8, 9, 10, 11], a raster image is coded as
a sequence of pixels. Then the coded image can be under-
stoodasavector of am-dimensional space, wherem denotes
the number of pixels (attributes). Let a symbol A denote a
m � n term-document matrix related to m keywords (pix-
els) in n documents (images). The (i ; j )-element of the term-
document matrix A represents the color of i -th position in the
j -th image document.

3.3. Implementation details

Let the symbol A denote the m � n document matrix related
to m pixels in n images. The aim of SVD is to compute the
decomposition

A = USV T ; (1)

where S 2 Rm � n is a diagonal matrix with nonnegative di-
agonal elements called the singular values, U 2 Rm � m and
V 2 Rn � n are orthogonal matrices1. The columns of ma-
trices U and V are called the left singular vectors and the

1A matrix Q 2 Rn � n is said to be orthogonal if the condition Q � 1 =
QT is satis� ed.



Fig. 6. An example of LSI image retrieval results: Experi-
ment C, k=8.

right singular vectors respectively. The decomposition can
be computed so that the singular values are sorted in a de-
creasing order. The full SVD decomposition is a memory
and time consuming operation, especially for largeproblems.
Moreover, the matrices U and V have adense structure and
our experiments show that computation of very small singu-
lar values and associated singular vectors can damage image
retrieval results, seeFigure 3, Figure 5, Figure 7 and Figure
9. Due to these facts, only a few k-largest singular values of
A and the corresponding left and right singular vectors are
computed andstored in memory. We implemented and tested
LSI procedure in theMatlab system by Mathworks. Thedoc-
ument matrix A was decomposed by the Matlab command
svds. Using thesvds command brings followingadvantages:

� The document matrix A can be effectively stored in
memory by using the Matlab storage format for sparse
matrices.

� The number of singular values and vectors computed
by the partial SVD decomposition can easily be set by
theuser.

Following[5] theLatent Semantic Indexing procedure can
bewritten in Matlab by the followingway.

Procedure LSI [Latent Semantic Indexing]
function sim= lsi(A,q,k)
Input:
A . . . them � n matrix
q . . . thequery vector
k . . . Compute k largest singular values and vectors; k � n
Output: sim . . . thevector of similarity coef� cients

Fig. 7. An example of LSI image retrieval results: Experi-
ment C, k=45.

[m,n] = size(A);

1. Compute the co-ordinatesof all i mages in thek-dim
spaceby thepar tial SVD of a document matr ix A.
[U,S,V] = svds(A,k);
Compute the k largest singular values of A; The rows
of V contain the co-ordinates of images.

2. Compute the co-ordinate of a query vector q

qc = q' * U * pinv(S);
Thevector qc includesthe co-ordinateof thequery vec-
tor q; Thematrix pinv(S) containsreciprocalsof nonze-
ros singular values(apseudoinverse); Thesymbol ' de-
notes a transposesuperscript.

3. Compute the similar ity coef� cients between the co-
ordinates of thequery vector and images.
for i = 1:n Loop over all i mages
sim(i)=(qc*V(i,:)') /(norm(qc)*norm(V(i,:)));
end;
Compute thesimilarity coef� cient for i-th image;
V (i ; :) denotes the i -th row of V .

The procedure lsi returns to a user the vector of similarity
coef� cients sim. The i -th element of the vector sim con-
tains a value which indicates a ”measure” of a semantic sim-
ilarity between the i -th document and the query document.
Theincreasing valueof thesimilarity coef� cient indicates the
increasing semantic similarity. The algorithm can be imple-
mented very effective when the time consuming SVD of LSI
is replaced by thepartial symmetric eigenproblem [9, 11].



Fig. 8. An example of LSI image retrieval results: Experi-
ment D, k=8.

4. SUMMA RY OF EXPERIMENTS

There is no exact routine for selection of the optimal number
of computed singular values and vectors [1]. For this reason,
the number of extreme singular values and associated singu-
lar vectorsused for LSI wasestimated experimentally accord-
ing to thedistribution of singular valuesof thedocument ma-
trix, seeFigure 1. We have extended experiments [10] by a
subjective evaluation of results related to these two different
settings: In the � rst case, k = 8 largest singular values is
assumed, whereas in the second case k = 45 largest singu-
lar values were used for LSI. For each experiment, query im-
age represents a different industrial process. Image retrieval
results are presented by decreasing order of similarity. The
query image is situated in the upper left corner. The similar-
ity of the query image and the retrieved image is written in
parentheses. In order to achieve well arranged results, only
9 most signi� cant images are presented. The computation of
very small singular valuesandassociated singular vectorscan
damageretrieval results. AnalysingFigure1, weset thenum-
ber of computed singular values and vectors by k = 8 for
� nal evaluation. The properties of the document matrix and
LSI processing parameters aresummarized in Table 1.

The SVD-freeLSI algorithm seems to be fast. The anal-
yses of 166.4 MB of data required lessthan 1.5 seconds, see
Table 1.

In fact, LSI made it possible to distinguish between dif-
ferent layouts of objects on the scene. It seems that we could
thuse. g. detect inadequatepositionsof cokewith arespect to
the chamber observed bythegiven camera, seeExperiment A
at Figure 2. The query image describes the situation of coke
pushing out the cokingfurnaces. All of the6 most similar im-

Fig. 9. An example of LSI image retrieval results: Experi-
ment D, k=45.

ages except one are related to the same topic. These images
are automatically sorted in thesameway asit would besorted
by a human expert. Another example of LSI image retrieval
results related to the same query image is at Figure 3. In this
case, k = 45 largest singular values were computed. The
most similar image is relevant, but its similarity to the query
isonly 0.23881. Thefollowing 6imagesarenot related to the
same topic at all .

In Experiment B, the query image includes cinders, see
Figure 4. The image with the same content is only one in
the image database and its similarity coef� cient is 0.97074.
The third most similar image is not related to cinders at all
but has similarity coef� cient with asigni� cantly smaller value

Properties of thedocument matr ix A
Number of keywords:
Number of documents:
Sizein memory:

640� 480= 307 200
71
166.4 MB

TheSVD-FreeLSI processing parameters
Dim. of theoriginal space
Dim. of the reduced space(k)
Time for AT A operation
Results of the eigensolver
The total time

71
8
1.031secs.
0.235secs.
1.266secs.

Table 1. Image retrieval using the SVD-freeLatent Seman-
tic Indexing method; Properties of the document matrix (up)
and LSI processing parameters related to a PC system with
Pentium(R) 4, 3GHz CPU with 2GB RAM (down).



(0.68403). Another example of LSI image retrieval results
related to the same query image is at Figure 5. In this case,
k = 45 largest singular values were computed. The retrieved
images arenot related to thesame topic at all .

In Experiment C, thequery imageincludesaview into the
opened cokefurnace, seeFigure6. The imageswith thesame
content as the query image are at positions 2, 3, 7 and 8. The
images at positions 4, 5 and 6 include images with similar
shapes of contours as the query image, i. e. two thin lines.
Another example of LSI image retrieval results related to the
same query image is at Figure 7. In this case, k = 45 largest
singular values were computed. The most similar image is
relevant, but its similarity to the query is only 0.30463. The
following images (except one image) are not related to the
same topic at all .

InExperiment D, thequery imageincludesadetailed view
of coke, seeFigure 8. All of the 8 most similar images are
related to the same topic. Another example of LSI image re-
trieval results related to the same query image is at Figure 9.
In this case, k = 45 largest singular values were computed.
The retrieved images arenot related to thesame topic at all .

5. CONCLUSIONS

In our application of a content-based search technique in a
heavy industry environment, we experimented with the LSI
methodapplied on image bitmaps. It seems that for the spe-
ci� c setting of coking plant surveill ance, theLSI methodmay
provide interesting results, and mimic the behaviour of the
human operator. Our resultsalso indicatethat theLSI method
canautomatically recognizethetypeof industrial processfound
in our image database. We have studied the quality of image
retrieval results. Having increased the computational effort of
LSI did not imply increasing quality of retrieved results.

Soft computing approaches will be applied to achieve the
more effectivenessof CO processing, namely technological
andfailurediagnosticsandstatesprediction, optimal decision-
making, reasoning and control. In addition to the general
rules of the CO processeven the subjective knowledge of the
CO operator hasto be applied. The expert systemsare consid-
ered here, namely, as a mean for the diagnostics of the inves-
tigated route with prediction of development of its selective
condition and steps to be taken to avoid any unfavorable de-
velopment. The applied knowledge systems enable to design
such a control system than will be open for future develop-
ment.

Futureresearch in our applicationareashould concentrate
on the discovery of more explicit mapping from low-level
video features to semantic abstractions, which can be used
for human interpretation of underlying processes.

Recently, we also experimented with the sparse image
representation for automated image retrieval. Althoughim-
agescan berepresented very effectively by sparse coef� cients
based on FFT, the sparsity character of these coef� cients is

destroyed during the LSI-based dimension reduction process
represented by the sparse partial eigenproblem. In our ap-
proach, wekeep thememory limit of thedecomposed databy
a statistical model of the sparse data [14]. We successfully
used thisnew sparse approach for a large-scalesimilarity task
in NIST TRECVid 2007competitionasamember of K-Space
team [15].

Acknowledgment

This research was supported by the European Commission
under contract FP6-027026-K-SPACE and also by projects
1M0567and 1M06047 of the Ministry of Education, Youth
andSports of Czech Republic.

6. REFERENCES

[1] Berry W.M,, Dumais S. T., O' Brien G. W.: Using lin-
ear algebrafor intelli gent informationretrieval. In: SIAM
Review, 37 (1995), pp. 573-595.

[2] Berry W.M, Drmac Z., Jessup J.R. Matrices: Vector
Spaces, and Information Retrieval. In: SIAM Review, 41
(1999), pp. 336-362.

[3] R Bri�s, P. Praks. Simulation Approach for Modeling
of Dynamic Reliabilit y using Time Dependent Acyclic
Graph. Special Issue of the International Journal of Pol-
ish Academy of Sciences ”Maintenance and Reliabilit y”
Nr 2(30)/2006. Ed. I. B. Frenkel, A. Lisnianski, pg. 26-
28. Polish Maintenance Society, Warsaw, Poland. ISSN
1507-2711; Also at http://darmaz.pollub.pl/
ein/fultext/30.pdf
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Semantic Indexing for iris recognition of largedatabases.
In V. A. Petrushin and L. Khan (Eds.) Multimedia Data
mining andKnowledgeDiscovery (Part V, Chapter 24, pg.
472-486.). Springer-Verlag LondonLimited 2007.

[12] P. Praus, P. Praks. Information retrieval in hydrochem-
ical data using the latent semantic indexing approach.
Journal of Hydroinformatics, Vol. 9, No. 2 pp. 135- 143,
2007. IWA Publishing, London, UK.

[13] P. Praks, M. Grzegorzek, R. Moravec, L. Válek, and E.
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