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ABSTRACT

The surveill ance gplication aims at improving the quality of
techndogy viamodelli ng human expert behaviour in the k-
ing dant ArcdorMittal Ostrava, the Czed Repubic. Video
data on several indwstrial processes are cagtured by means of
aCCD camera andclasd ed by wsing Latent Semantic Index-
ing (LSI) with the resped to etalons class ed by an expert.
We dso study the aconvergence behavior of proposed partial
eigenproblem-based dimension reduction technique and its
ability for knowledge aquisition. Havingincreased the com-
putational eff ort of the dimension reduction technique did na
imply the increasing quality of retrieved resultsin our cases.

1. INTRODUCTION

Content-based retrieval of images is used as a tod for moni-
toring o indwstrial processesin the wking gdant ArcdorMit-
tal Ostrava, the Czeth Repulic. A coking pant belongstothe
industrial complex [3] with severa various parall el y operated
techndogies of chemicdly-thermal charader which are, only
theoreticdly, in full acordancewith theoreticd conditions of
the processes. There ae more reasons of this gatement:

absence of algorithmized forms of these techndogies

insuf cient knowledge aoncerning the posshiliti es of
applicaion of communicaionandinformationtechnd-
ogy in sped c condtions of industrial complexes in-
cludingthein uences of working environment.

General problems of integration o partial techndogicd
systemsandthe dimination a moderation of negative expres-
sions described above were dready described in more detail s
in[4].
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Fig. 1. The distribution o the rst 45 largest singuar values
of the document matrix. The singuar values are sorted in a
descending arder.

In this paper we focus on applicaion d a content-based
seach techniquetoimagestaken at such aplant. Inthisway, a
content-based analysistoad could be used for evaluation of the
coking processquality, which shoud leal to its better surveil -
lance Namely, the result of the analysis provided by the todl
will be the projed of adioninterferenceinto the hedaing sys-
tem and projed for carrying ou of control of the chamber
lining. This applicaion will be interconreded with the sub-
system of servicing madhine aontrols and with the goplication
of pasgort working ou servings for observation o the state
of lining o the mke-oven chambers. The dfed of thisin-
terconredion onthe techndogicd quality of the information
being oltained will be evaluated.

The nal goal of any surveillance gplicaion for coke-
oven (CO) analysisis an optimal dedsion. In pradice aCO
operator makes dedsions using his past experience which is
not formalized at all. A exible cexistence of ahuman being
reasoning paver, computer memory and arithmetic operation
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Fig. 2. An example of LS| image retrieval results: Experi-
ment A,k = 8.

velocity isan effedive ati cia intelli gence solution.

2. TECHNOLOGICAL SITUATION

The pictures shown in Figures 2 — 9Qwere picked up dgitally
during the pushing ou the coke from the coking furnaces at
the coke plant in ArcdorMittal Ostrava, Czech Repuldic. The
servicing cas (wagors) are equipped with camera systems
enabling visua cortrol of the state by service personrel of
the ake-oven battery (hereinafter only CB). The measuring
andinformation system (hereinafter only MIS) does not cach
the states when there occurs changes of the heding gases ow
into the coke-oven battery, for example due to the damage of
lining a burners. These parts of CB are dfeding to coking
products and the quality of resulting product can be reduced.
The &isting MIS does not enable the mlledion, scanning,
archiving and evaluation o data concerning the quality of re-
sulting product (coke) and their utili zationin the coking pro-
cessmanagement.

After completion o the mking process which runs un-
der temperatures above 100°C, the charge of CB, processed
thermally and chemicadly, is pushed throughthe output open-
ing by means of the output servicing machine. During the
pushing ou on the output side of CB there comes to disin-
tegration o the aoke prism which falls on the loading area
of the handing wagon linked on (Figure 2, up). Due to the
wagon traveling the falling coke is distributed onits loading
area and is transported for codling bywater shower and, after
coding, to dumpinginto the chutes of the transport system of
the granulation system and storage tanks.

The resulting quality of the ke produced isin uenced
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Fig. 3. An example of LSl image retrieval results: Experi-
ment A, k=45,

not only by the heding regime but also by the wal charge
quality. The important and upto now not utili zed informa-
tionsource aethe mlored visual parameters of the surfaceof
the coke pushed ou from CB together with the charader of
its gassng and fragmentation before the fall on loading area
of handing wagon In pradice this kind o information can
be used by an experienced human expert, such as operating
personrel, to make an estimation d the quality of the pushed
coke. However the operator can also passthelinguistic values
of estimated visual parameters observed during coke pushing
to aknowledge-based system to makethe nal dedsionabou
quality. In some cases these parameters can also be used for
maintenance diagnastic of the inner state of the mking fur-
nace from which the woke is pushed. This visual informa-
tion can be caught by visual displaying system with the CCD
camerain 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 o the dis-
charging hopgr of the coke aaded, where, after certain in-
formation processng, the parameters of granularity, fradure
surfaces and color of resulting product can be monitored.
Such a displaying system consisting o a moled high
resolution CCD camerainterconneded with the computer for
data pre-processng and analysing would be wireless inter-
conreded with the control system of CB on two levels. The
rst one would enable the service personrel the view on the
output side of CB. The second orewould deliver the extracted
data aou the parameters of the aoke production from sin-
gle CB for visualizaion. At the same time, the le of these
extraded data would serve for clasg caion in the database
systemasa e of the knowledge system inpu data.
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Fig. 4. An example of LSl image retrieval results: Experi-
ment B, k=8.

3. IMAGE RETRIEVAL USING LS|

3.1. Principlesof LS|

The numericd linea algebra, espedally Singuar Value De-
compasition (SVD) isused asabasisfor information retrieval
intheretrieval strategy cdl ed Latent Semantic Indexing (LSI),
see[5]. Originally, LSl was used as an ef cient tod for se-
mantic analysisof large anourts of text documents. Themain
reason is that more conventional retrieval strategies (such as
vedor space probabili stic and extended Bod ean) are not very
ef cient for red data, becausethey retrieveinformationsolely
on the basis of keywords; pdysemy (words having multiple
meanings) and synonymy (multiple words having the same
meaning) are thus nat corredly deteded, see[1, 2]. LS| can
be viewed as a variant of the vedor spacemodel with alow-
rank approximation o the original data matrix via the SVD
or the other numericd methods [5].

The "classcd” LS| applicaionininformationretrieval al-
gorithm has the following besic steps:

i) The Singuar Value Demmposition o the term matrix
using numericd linea algebra. SVD is used to identify and
remove redundant information and ndse from data.

il) The computation o simil arity coef cientsbetween trans-
formed vedors of data and thus reved some hidden (latent)
structures of data.

Numericd experiments proved that some kind o dimen-
sionreduction, which is applied to the origina data, bringsto
the information retrieval two main advantages. (i) automatic
noise lteringand (ii) natural clustering o datawith” similar”
semantic.

Recantly, the methods of numericd li nea algebra, espe-
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Fig. 5. An example of LSl image retrieval results: Experi-
ment B, k=45.

cialy SVD, have dso been successully used for diverse g-
plicaions auch as general imageretrieval [8, 9], facerecgni-
tion and reconstruction [7], iris recognition [11], information
retrieval in hydrochemicd data [12], and even as an suppat
for information extradion from HTML product caalogues
[6]. A comparison d two approaches for clasd cdion o
metall ography images from asted plant is presented in [13].

3.2. Image woding

In our approach [8, 9, 10, 11], a raster image is coded as
a sequence of pixels. Then the aded image can be under-
stoodas avedor of am-dimensional space where m denctes
the number of pixels (attributes). Let a symba A dencte 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 representsthe oolor of i-th positionin the
j -th image document.

3.3. Implementation details

Let the symbd A denatethem  n document matrix related
to m pixelsin n images. The am of SVD isto compute the
decomposition

A= USVT; €))

whereS 2 R™ " isadiagoral matrix with nonregative di-
agoral elements cdled the singuar values, U 2 R™ ™ and
V 2 R" " are orthogoral matricest. The columns of ma-
trices U and V are cdled the left singuar vedors and the

1A marix Q 2 R" " is sid to be orthogond if the condtionQ 1 =
QT is stis ed.
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Fig. 6. An example of LSl image retrieval results: Experi-
ment C, k=8.

right singuar vedors respedively. The decompasition can
be computed so that the singuar values are sorted in a de-
cresing ader. The full SVD demmposition is a memory
and time consuming operation, espedally for large problems.
Moreover, the matrices U and V have adense structure and
our experiments how that computation o very small singu-
lar values and associated singuar vedors can damage image
retrieval results, seeFigure 3, Figure 5, Figure 7 and Figure
9. Dueto these fads, only afew k-largest singuar values of
A and the correspondng left and right singuar vedors are
computed and stored in memory. We implemented and tested
LSl procedure in the Matlab system by Mathworks. The doc-
ument matrix A was decompaosed by the Matlab command
svds. Using the svds command krings foll owing advantages:

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

The number of singuar values and vedors computed
by the partial SVD decompasition can easily be set by
the user.

Following[5] the Latent Semantic Indexing procedure can
be written in Matlab by the foll owing way.

Procedure LS| [Latent Semantic Indexing]
functionsim = Isi(A,q,K)
Input:
A... them n matrix
q... thequery vedor
k... Computek largest singuar valuesand vedors; k n
Output: sim... thevedor of similarity coef cients
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Fig. 7. An example of LSl image retrieval results: Experi-
ment C, k=45.

[m,n] = size(A);

1. Computethe -ordinates of all i magesin thek-dim
spaceby the partial SVD of a document matrix A.
[U,SV] = svds(AK);

Compute the k largest singuar values of A; The rows
of V contain the a-ordinates of images.

2. Computethe co-ordinate of a query vedor q
qc=q * U*pinv(S);
Thevedor qcincludesthe m-ordinate of the query vec
tor g; Thematrix pinv(S) containsredprocdsof noree-
ros snguar values (apseudanverse); The symba ' de-
notes a transpose superscript.

3. Compute the similarity coef cients between the -
ordinates of the query vedor and images.
fori=1n Loop owr all i mages
sim(i)=(qc*V(i,:)") /(norm(gc)*norm(V(i,:)));
end;

Compute the simil arity coef cient for i-th image;
V (i;:) denatesthei-th row of V.

The procedure Isi returns to a user the vedor of similarity
coef cients sim. The i-th element of the vedor sim con
tains a value which indicates a "measure” of a semantic sim-
ilarity between the i-th document and the query document.
Theincreasing value of the simil arity coef cient indicaesthe
increasing semantic similarity. The dgorithm can be imple-
mented very eff edive when the time consuming SVD of LS|
isreplaceal by the partial symmetric egenproblem [9, 11].



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

4. SUMMA RY OF EXPERIMENTS

Thereis no exad routine for seledion o the optimal number
of computed singuar values and vedors [1]. For this reason,
the number of extreme singuar values and asociated singu
lar vedors used for LS| was estimated experimentally acoord-
ing to the distribution o singuar values of the document ma-
trix, seeFigure 1. We have extended experiments [10] by a
subjedive evaluation o results related to these two diff erent
settings. Inthe rst case, k = 8 largest singuar values is
asaumed, whereas in the second case k = 45 largest singu-
lar values were used for LSI. For ead experiment, query im-
age represents a different industrial process Image retrieval
results are presented by deaeasing ader of similarity. The
query image is stuated 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 singuar values and asociated singuar vedors can
damageretrieval results. Analysing Figure 1, we set the num-
ber of computed singuar values and vedors by k = 8 for

nal evaluation. The properties of the document matrix and
LSl processng parameters are summarized in Table 1.

The SVD-freeL Sl algorithm seansto be fast. The anal-
yses of 1664 MB of datarequired lessthan 1.5 seconds, see
Table 1.

In fad, LS| made it posdble to distinguish between dif-
ferent layouts of objeds onthe scene. It seems that we aould
thuse. g. deted inadequate positions of cokewith aresped to
the chamber observed by the given camera, seeExperiment A
at Figure 2. The query image describes the situation o coke
pushing ou the wking furnaces. All of the 6 most similar im-
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Fig. 9. An example of LSl image retrieval results. Experi-
ment D, k=45.

ages except one ae related to the same topic. These images
are automaticdly sorted in the sameway asit would be sorted
by a human expert. Ancther example of LS| image retrieval
results related to the same query image is at Figure 3. In this
case, k = 45 largest singuar values were computed. The
most similar image is relevant, but its dmil arity to the query
isonly 0.23881 Thefollowing 6images are not related to the
sametopic a all.

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

Properties of the document matrix A

Number of keywords: 640 480=307 200
Number of documents: 71

Sizein memory: 1664 MB

The SVD-Free L Sl processng parameters

Dim. of the original space 71

Dim. of the reduced space(k) 8

Timefor AT A operation 1.031secs.
Results of the d@gensolver 0.235secs.
The total time 1.266secs.

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



(0.68403. Anocther example of LS| image retrieval results
related to the same query image is at Figure 5. In this case,
k = 45largest singuar values were computed. The retrieved
images are not related to the sametopic a all.

In Experiment C, the query image includes aview into the
opened coke furnace seeFigure 6. The images with the same
content asthe query image ae & 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.
Ancther example of LSl image retrieval results related to the
same query imageis at Figure 7. Inthis case, k = 45 largest
singuar values were computed. The most similar image is
relevant, but its gmilarity to the query is only 0.30463 The
following images (except one image) are nat related to the
sametopic a all.

In Experiment D, the query imageincludes adetail ed view
of coke, seeFigure 8. All of the 8 most similar images are
related to the same topic. Another example of LS| image re-
trieval results related to the same query image is at Figure 9.
In this case, k = 45 largest singuar values were computed.
Theretrieved images are naot related to the same topic a all.

5. CONCLUSIONS

In ou applicaion o a content-based search technique in a
heavy industry environment, we experimented with the LSI
method applied onimage bitmaps. It seems that for the spe-
ci csetting o coking dant surveill ance the LSI method may
provide interesting results, and mimic the behaviour of the
human operator. Our results also indicae that the LSI method
can automaticdly recognizethetype of industrial processfound
in our image database. We have studied the quality of image
retrieval results. Having increased the computational eff ort of
LSI did na imply increasing quality of retrieved results.

Soft computing approaches will be gplied to achieve the
more dfedivenessof CO processng, namely techndogicd
andfail urediagnostics and states prediction, optimal dedsion-
making, reasoning and control. In addition to the general
rules of the CO processeven the subjedive knowledge of the
CO operator hasto be gplied. The expert systemsare wonsid-
ered here, namely, as amean for the diagnastics of the inves-
tigated route with prediction o development of its sledive
condtion and steps to be taken to avoid any urfavorable de-
velopment. The gpplied knavledge systems enable to design
such a aontrol system than will be open for future develop-
ment.

Future research in ou applicaionareashoud concentrate
on the discovery of more explicit mapping from low-level
video feaures to semantic astradions, which can be used
for human interpretation o underlying processes.

Recatly, we dso experimented with the sparse image
representation for automated image retrieval. Althoughim-
ages can berepresented very effedively by sparse coef cients
based on FFT, the sparsity charader of these wef cientsis

destroyed during the L SI-based dimension reduction process
represented by the sparse partial eigenproblem. In ou ap-
proach, we keep the memory limit of the decompaosed data by
a statisticd model of the sparse data [14]. We succes<ully
used this new sparse gpproach for alarge-scde simil arity task
in NIST TRECVid 2007competitionas a member of K-Space
tean [15)].
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