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Texture Wear Analysis in Textile Floor Coverings
by Using Depth Information

S. A. Orjuela Vargas, E. Vansteenkiste, F. Rooms, S. De NMeedster,
R. de Keyser and W.Philips

Abstract—Category 4. Considerable industrial and academic features which resulted in a poor ranking according to the
interest is addressed to automate the quality inspection dextile  wear labels [9], [10], [11]. The reasons for the poor ranking
floor coverings, mostly using intensity images. Recentlyhe use \yarq first the poorly suited scanner resulting in a sometimes

of depth information has been explored to better capture the3D ially for dark | fleci t
structure of the surface. In this paper, we present a compasgon very sparse (especially for darker, poorly reflecing carpe

of features extracted from three texture analysis techniges. The unstructured point clouds as input data and second the low
evaluation is based on how well the algorithms allow a good amount of useful features that were found as output data to
linear ranking and a good discriminance of consecutive wear extract from these poor quality input data.
labels. The results show that the use of Local Binary Pattes  Thgrefore, a novel 3D scanner based on structured light
techniques result in a better ranking of the wear labels as wé e .
as in a higher amount of discrimination between features redted was developed specifically for_scannlng.carpets [121' SD,c_iat
to consecutive degrees of wear. termed range data, are obtained by video capturing with a
camera the reflection of a uniform laser line on the surface
of the carpet. Then, the depth information is calculatednfro
the highest position of the brightest reflection on the calam
of each frame. This system offers better linear and linear-
rank correlations between wear labels and texture features
computed from depth data. Experiments suggest that depth
HE change in appearance of textile floor coverings forn@nd color information are complementary to generalize the
the base of a quantitative assessment of their wear. Tdescription on several carpets.
wear is assessed by first subjecting the carpets to acelerat To optimize the feature extraction process a methodology
intensive mechanical wear. Then an evaluation is perfodmyedbased on experimental design has been proposed [13]. The
human experts using a series of reference containing sampfethodology assumes that for a correct description the fea-
with different degrees of wear. Manufacturers require aemotures must not only change monotonically according to the
objective assessment because the human assessment is sogm- labels but also must be highly discriminative between
what subjective. Much effort has been devoted to automéate thonsecutive wear labels. This methodology has been tested
rating process, specifically on techniques extractingutext extracting Local Binary Pattern statistics on referencesf
features from intensity images [1], [2], [3], [4], [5], [6]7], different standards [14], [15]. In this approach we use this
[8]. However, no automated system for the labelling processethodology for comparing the performance of the features
has been successfully developed yet. proposed in [13] against features using the Haralick [15]] [
Practical applications have been limited because of tAad the Laws’ texture energy [18], [19] descriptors.
need to use dedicated algorithms with circumscribed featur The optimal features obtained in this approach are used
for specific types of carpets while industry demands genetizgether with features from intensity images in [20] for
algorithms fully describing the wear for a wide range of edrpassigning wear labels on the worn carpets by using linear
types. Recently, some researchers have been exploringéheregression models. As a result a correct assignment ofdabel
of depth information instead of photographs in search of ad® steps of 1 could be achieved for six types of carpets. The
quately capturing the three dimensional structure of thpeta correct assessment could be expanded to seven carpets by
also evaluated by the experts. As a first attempt researcheegstructing the depth images using edge detection based on
used a scanner for digitizing 3D objects, resulting in ested Multiresolution analysis [21].
The paper is organized as follows. In Section 2 we describe
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a collection of samples of a particular textile floor covgrin0.3 was discretized intd0 equal steps froni to 10 (values
priorly subjected to different revolutions on the Vetterma outside of the interval were fixed t®) in order to obtain a
tester [22]. This tester is composed of a drum with freeeliable description of the depth, independent on the tyfpe o
running circular brush inside. To perform the test, a carpearpet. Then the depth was considered to be represented by
sample is located inside the drum, and the free-runninglarc the highest position of the highest value in each column of
brush lightly contacts the surface of the carpet sample whtfre frame. An array was constructed using this single depth
the drum rotates. Loose fibers are extracted by using a vacuuaiue per column from the frame. A matrix representation of
cleaner. We collected samples from carpet types loopoag/l the depth information was subsequently constructed byngddi
woven cut pile, frisé and shaggy. Each reference incluitg® e the arrays when the drum is rotating. To obtain a gray image,
samples that have been have been subjected to the mechatigaldepth values of the matrix were converted to gray scale
wearing in order to compose samples with transitional degrevalues from 1 to 255. Two depth image examples obtained
of wear. For this, three experts supervised the wear output fvith his scanner are shown in Figure 2.

each sample until the required label was achieved. The sets
do not include labeb and the labels vary from.5 to 1, with
steps of half point. Label.5 represents a minor change in
appearance and labgla severe change.

A database of depth images was composed by scanning
samples with a scanner based on structured light designed by
Orjuelaet al. [12]. A photograph of the scanner is shown in
Figure 1. Fig. 2. Surface of depth image samples.

A 3D perspective of a digitized carpet is shown in Figure 3.

Fig. 3. 3D perspective of a depth image.

The scanning process resulted in gray images with size of
720 x 1250 pixels representing a surface sample with size
of 17.28 x 30 cm?. Images with size of720 x 576 pixels
Fig. 1. Scanner used to capture the depth of the surface fremextile \yere however preferred in order to be able to compare depth
floor covering samples. . L L . .

images with intensity images in different research not cede
in this paper. For this purpose, a window was moved along
height of the depth images obtaining five images with size
Bf 720 x 576 pixels corresponding with a surface sample of

7.28 x 13.82 em?. By consequence, each pixel represented

Ysurface sample with size ¢6.24 mm)? of a textile floor
covering sample. The final result was a database composed of
320 gray images representing depth images. Each set contained
eight types of reference fatigued specimens, Each referenc
with samples of eight label scales and each scale represente
gvith five images.

The samples were scanned one at a time by holding th
upon an inox-drum with a diameter of 25 cm with elasti
bands. The scanning process consisted of projecting aramif
line on the surface of the sample. This line was generated
a line laser generator locaté® c¢m above the drum, which
produced a bright, crisp laser line of uniform intensity twit
length of20 c¢m, a thickness 0.5 mm and a fan angle @f0°.
The reflection of this line, representing the depth infoiorat
was captured with a Sony camera fixed at a distancg0of
cm from the line to the objective lens. In order to cover th
entire surface of the sample with the projected line, therdru
was moved using a motor with gear box. This allowed us to
control the distance between captured lines arougd mm We extract features from the depth images using tex-
by adjusting the speed of the motor using an AC inverter drivere analysis techniques namely features from Local Binary
speed controller. Patterns, coocurrence matrices and Laws’ texture measures

This system allowed us to extract the depth informatiagechniques. These features represent transitional chainge
provided by the reflected light in a frame and save it intappearance of the worn carpet samples.
an array. This information was converted to a scale fromWe compute features from 32 image variations for each
0 to 1 for practical purposes, though most information wasage in the database. These variations have been intrdduce
contained in the interval frorfi.1 to 0.3. The applied treshold to add reliability and robustness to the results. The \vianat
was dependent on the carpet type. The interval ffbinto consist in random combinations of complement, rotatiorn of

IIl. METHODS



90, 180, 270 degrees and mirrored up-down and left-right. The
methods to extract the features are explained in the fotigwi

values. Afterwards, the energy value corresponding to the
L5L5 mask is discarded and the otht energy values
are combined intd4 to achieve rotational invariance.

A. Features from Local Binary Patterns. These features  gince most of the changes due to wear appear in the tips
are computed by using a symmetrized adaptation of tae the pile yarns tufts and their size depends of the type of
Kullback-Leibler (SKL) divergence between distributiongarpet, the images in the database are evaluated at differen
of patterns from an extension named LBPRMC [13] dfesolutions. Scale resolutions within the range from to 1
the rotational Local Binary Pattern techniques [23], [24]n steps of0.1 are considered because the optimal resolution

known as LBPROT. The LBPRMC technique is computegre found to always lie in this interval [13].

as the LPPROT by codifying into a pattern for each |p total, a collection of0 features for each scale factor have
pixel its relations with points in a circle around it. Inpeen computed? from the LBPRMC techniquel4 from the

the LBPROT rotational versions of patterns are groupg@.ocurrence matrix anti from the Laws’ texture energy.

by using a look up table while in the LBPRMC technique The features for the wear labels are characterized fol-
mirror and complement versions are also grouped. Thisjigying the methodology described in [13]. This methodology
because a carpet reflected in a mirror or with the ColoU pased on the assumption that the features are expected
inverted must be assigned the same rating by human g$-change monotonically with the wear labels. In that case,
sessors. We compute for this approach LBPRMC patteri features must be highly discriminant between conseeuti
using 8 and 12 circular neighbours and using a radius @bar |abels. To evaluate this, the following two charastis,

1 and+/2 respectively [13].
To compute the symmetric Kullback-Leibler divergence
the distribution of the LBPRMC patterns corresponding
to wear labels should be compared with a distribution
reference to quantify the change in texture. To do this,
since there are no samples of original appearance in the
database, its LBPRMC patterns distribution is estimated
by using a simple linear regression model from the
histograms of wear labels 1.0 to 4.5. This is justified
as patterns changes monotonically from labels 1.0 to 5.0
[13]. The differences in texture between worn and original
carpet have been have been quantified by comparing
the corresponding LBP histograms using the symmetric
Kullback-Leibler divergence [25] described in [13].

. Features from Coocurrence Matrices.These features
are computed using the descriptors proposed by Haralick
[16], [17] on a given co-ocurrence matrix. A cooccurrence
matrix defines the distribution of co-occurring neighbour
values in an image at a given distancand an anglé.

We compute the 14 Haralick descriptors from a matrix
resulting from adding four co-ocurrence matrices using
x =1 andd = [0°,45°,90°,135°].

. Features from Laws’ texture measures.We compute
these features by computing Laws’ texture energy mea-
sures [18], [19] for major regions of the images in the
database.

To compute the Laws’ texture energy, the images are first
filtered by using a set o5 masks. These masks are
constructed by mutual multiplying five vectors, each with
five elements, describing average gray level, edges, spots,
ripples and waves from images, respectively known as
L5, E5, S5, R5 andW5. These vectors are derived from
the convolution of three vectors, each with three elements,
namely L3, E3 and S3. These three vectors represent
averaging, first difference and second difference.

After the convolution of the image with thg5 masks,

the energy measure of the major region is computed for
each resulting image by summing together their absolute
values. The energy values are divided into the energy
value corresponding to thB5L5 mask to normalize the

2.

termed response variables, are quantified.
1.

The monotonicity, termed p. We desire to obtain fea-
tures that change monotonically with the wear labels. For
such features, the resulting relationship between feature
of consecutive wear labels should be linear-ranked. The
linear ranking can be evaluated by computing the Spear-
man rank correlation between the wear labels and the
mean values of the associated features. This is done by
first ordering the mean values from small to large and
then calculating the difference between the assigned rank
and the expected rank. Finally, a significance of the corre-
spondence is assigned betweehto 1, with 1 indicating
a perfect rank correlation. The formal computation of the
Spearman rank correlation is described in the following
equation

6 L,

p=1 (L(Lg_l));dl 1)

with L = 8 the number of wear labels and, the
difference between the assigned rank and the expected
rank for the mean valué (with [ from 1 to L).
The number of consecutive wear labels that can be
statistically distinguished, termed =. This number is
quantified by counting the number of times the differ-
ence between consecutive means exceeds the threshold
for a statistic significance. The statistic significance is
computed based on the Tukey test which allows pairwise
comparisons. The Tukey test requires an equal number
of features values per wear label. The significance is
computed by the equation below:

(o, L,SL—L)

¢ = ——="=

JSL-1L)S

F, refers to a given feature for wear laliednd variation
of the images. q(a,r,s.—1) iS obtained from the stu-
dentized range distribution a00(1 — «) of confidence.
S = 32 is the number of image variationg, = 8 is

the number of wear labels and is the mean value of

S
ZZ (Es - /Ll)2

=1 s=1
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the features associated with the wear label is finally Figure 4 summarize the ANOVA results. Mean values, at
computed as the number of times that the difference tife bottom of the boxes, and standard deviations, repregent
features between consecutive wear labels is bigger thaith < at the top of the boxes, are shown.

q.
The techniques are compared using an ANalysis Of VAri- 9% U
ance test (ANOVA) [26] on the optimal response variables Co-ocurrence
for each carpet type. For this, for each technique the highes 0.61 23

response variables for each carpet type are chosen. ANOVA

results are probabilities, termeevalues, where a-value less b PR
than a givena means that there is at least one significant Laws - .
difference with 100(1 — «)% of confidence. ANOVA does 0.74 2.99
not specify the differences when more than two classes are 005 034
compared. In that case, a test for multiple comparisons must T 1
be performed. We choose for this the Scheff test [26], in Whic LBPRMC "™ -
significant differences are also detected wperalues are less Ok, 433
than a givern. p T
IV. RESULTS Fig. 4. Comparison of response variables response for thee ttexture
techniques.

The ANOVA results show that features from the LBPRMC
technique performs better than features from the co-oooere

matrix and the Laws’ texture for both characteristics, the TABLE |
monotonicity and the number of consecutive wear labels thatOPT!MALREPRESENTATION CHOSEN FOR THB TYPES OF CARPETS
can be statistically distinguished. Optimal Quantiied
To obtain these results, we tested for significant diffeesnc — TRePffffsemgtlor Characteristics
in the response variables computed from the images on the ol mage | Facor | © | | T
database applying the three techniques. The analysis leas be Shaggyl IDepth 8-; g-gg j-gg 8-%
. . 1 t . . . .
performed on the optimal response variables for each carpet " Dep 07055 400 | 08
type. In the following, we will describe the ANOVA results in Cuthoop | intensity | 0.9 | 0.49 | 5.20 | 049
detail Shagavz Depth | 0.9 | 0.77 | 400 | 0.80
: 99y Intensity | 1.0 | 0.92 | 5.60 | 0.87
High/Low loo Depth 0.6 0.88 | 4.00 | 0.93
A Evaluati fthe S lati 9 P | Intensity | 0.9 | 0.99 | 6.40 | 0.97
. Evaluation of the Spearman correlation. — Depth |09 | 0.97 | 540 [ 0.97
p values are identified to be significantly differept\alue '”S‘Z’F‘)Stgy e e
= 0.029 < 0.05) among the techniques. The Sheeffé test cut Intensity | 1.0 | 0.99 | 6.00 | 0.96
i ifi i _ Depth 0.8 1.00 | 6.60 | 0.94
show S|gn|f|can_t dlffere_nces between features from the co Loop ntensity | 0.9 | 0.98 | 620 | 0.97
ocurrence matrix technique and features from the LBPRMC Cut Design Depth 10 | 0.72 | 2.80 | 0.67
technique g-value < 0.05). No significant differences have Intensity | 09 | 087 | 4.20 | 0.81

been identified between features from the co-ocurrencexmatr

technique and features from the Laws’ texture measures tech

nigue p-value > 0.05). Likewise, no significant differences V. DISCUSSIONS AND CONCLUSIONS

have been identified between features from the Laws textureIn this paper a comparison between three texture analysis

measures technique and features from the LBPRMC techniquey niques for describing the wear in carpets from depth im-
(p-value > 0.05). Although no significant difference were,qqq a5 peen presented. We have compared the performance
detected between the Laws’ texture energy and the LBPRM¢to 51res extracted from the Co-ocurrence matrix, thesaw
te_cr_mlql_Je, the fact that the Laws’ texture energy 1s notrilea o1 ;re measures and an extension of the Local Binary Ratter
distinguishable _from the co-occurrence technique mak(_as_ chnique. The depth images were obtained from samples of
LBPRMC technique the optimal from the three for describingjynt yynes of carpets provided from the EN1471 standare. Th
more monotonically the transitional changes due to wear. samples represent eight transitional changes of wearpis st
) ) 0.5 that were achieved under the supervision of human expert

B. Evaluation of the number of Consecutive Wear labelson the Vetterman Test. It has been previously demonstrated
that can be Statistically Discriminated. that the LBPRMC extension performs better than common

7 values are identified to be significantly differeptfalue LBP techniques on these types of images. The results of
= 0.003 < 0.05) among the techniques. The Sheeffé test shawis approach show that the LBPRMC technique performs
significant differences between features from the co-@nae better than the other two, the co-ocurrence matrix and the
matrix technique and features from the LBPRMC techniqueaws’ texture measures. This has been demonstrated because
(p-value < 0.05). Significant difference are identified amonghe LBPRMC technique describes more monotonically the
the three techniques, with the LBPRMC distinguishing @ansitional changes due to wear as well as distinguishes a
bigger number of consecutive wear labels. bigger number of consecutive wear labels.



We believe that the algorithm to reconstruct the surfa¢] S. A. Orjuela, E. Vansteenkiste, F. Rooms, S. De Meukstes,
from the scanner data must be improved to obtain mor
reliable description of the wear. Moreover, further study o

combinations between texture features from depth images an
features obtained from intensity images is required befofé!
an automated and universal carpet-labeling system can be

e R. De Keyser, and W. Philips, “Automated wear label assestrime

carpets by using local binary pattern statistics on depth iatensity
images,” inln Proc. Latinoamerican Conference on Communications,
Submission ID: 735662010.

S. A. Orjuela, B. Ortiz, S. J. De Meulemeester, C. GaréiaRooms,
A. Pizurica, and W. Philips, “Surface reconstruction of waacarpets
by using a wavelet edge detector,” in Proc. of Advanced Concepts

developed. The extracted features can be used in generatefor Intelligence Vision Systems. Submission ID:,22@10.

linear models to assign the wear label of a sample. Furtreer, {321
would also like to extend the application area of our scanner
to digitize surfaces of general textiles and other materahd [23]

to analyze the roughness of bendable materials.

(1]

(2]
(3]

(4]

(5]

(6]
(7]

(8]

El

[10]

[11]

[12]

(23]

[14]
[15]

[16]

[17]
(18]

[19]

[24]

REFERENCES

L. H. Siew, H. R. M., and E. J. Wood, “Texture measures farpet
wear assessmentEEE Transactions on Pattern Analysis and Machine
Intelligence vol. 10, pp. 92 — 105, 1988. [
E. Wood and H. R., “Carpet texture measurement using @rawlysis,”
Textile Research Journalol. 59, pp. 1-12, 1989.

Y. Wu, B. Pourdeyhimi, and S. Spivak, “Texture evaluatiof carpets
using image analysis,Textile Research Journavol. 61, pp. 407-419,
July 1991.

J. Sobus, B. Pourdeyhimi, J. Gerde, and U. Y., “Assessimgnges in
texture periodicity due to appearance loss in carpets: Gegl co-
occurrence analysis,Textile Research Journalol. 61, pp. 557-567,
October 1991.

B. Xu, “Assessing carpet appearance retention by imagalyais,”
Textile Research Journabol. 64, pp. 497-509, 1994.

J. Wang and E. Wood, “A new method for measuring carpetutex
change,"Textile Research Journalol. 65, pp. 196-202, April 1994.

S. Sette, L. Boullart, and P. Kiekens, “Self-organizingural nets: A
new approach to quality in textilesTextile Research Journavol. 65,
pp. 196-202, April 1995.

W. Van Steenlandt, D. Collet, S. Sette, P. Bernarn, R.ihgnL. Teze,

H. Bohland, and H. Schulz, “Automatic assesment of carpetrwsing
image analysis and neural network$gxtile Research Journalol. 66,
no. 9, pp. 555-561, 1996.

W. Waegeman, J. Cottyn, B. Wyns, L. Boullart, B. De Baétsyan Lan-
genhove, and D. J., “Classifying carpets based on lasemscatata,”
Engineering Applications of Artificial Intelligencevol. 21, no. 6, pp.
907-918, September 2008.

C. Copot, S. Syafiie, S. A. Orjuela, R. De Keyser, V. L.and C. Lazar,
“Carpet wear classification based on support vector machatéern
recognition approach,” ilEEE International conference on Intelligent
Computer Communication and Processing, 5th, Proceedi?@89, pp.
161-164.

S. A. Orjuela, C. Copot, S. Syafiie, E. Vansteenkiste, Raoms,
W. Philips, R. De Keyser, and L. Van Langenhove, “Carpet wee
classification using coocurrence matrices and supporbreaachines,”

in Proc. of the XIll Simposio de Tratamiento de sefALES, Bnag y
Visi'on Atrtificial, 2008.

S. A. Orjuela, E. Vansteenkiste, F. Rooms, S. De Meukstes,

R. De Keyser, and W. Philips, “Feature extraction of the wabel of
carpets by using a novel 3d scanner,”"Rroc. of the Optics, Photonics
and Digital Technologies for Multimedia Applications cerghce 2010.
——, “Evaluation of the wear label description in capéty using local
binary pattern techniquesTextile Research Jounal, Submission, Acepted
July, 2010.

T. Carpet and R. Institute, “Assessment of carpet serfappearance
change using the CRI reference scales,” Technical Bull@@®3.

E. C. for standardization, “Constructional detailstyges of textile floor
covering available as reference fatigued specimens,”.1996

R. Haralick, K. Shanmugam, and D. I., “Textural featif®or image
classification,”IEEE Transactions on Systems, Man, and Cybernetice
vol. 3, no. 6, pp. 610-621, November 1973.

R. Haralick, “Statistical and structural approachestexture,” in Pro-
ceedings of the IEEEvol. 67, no. 5, 1979, pp. 786-804.

K. Laws, “Textured image segmentation,” Ph.D. disstion, University
of Southern California, 1980.

——, “Rapid texture identification,” inmage Processing for Missile
Guidance vol. 238. SPIE, 1980, pp. 376-380.

[25]

A. S. for Testing and Material2010 Annual Book of ASTM Standards,
General Methods and InstrumentatiolPASTM International, 2010, vol.
14.01-14.04.

T. Qjala, P. M., and M. T., “Multiresolution gray scalendh rotation
invariant texture classification with local binary pat®fnEEE Trans-
actions on Pattern Analysis and Machine Intelligengel. 24, no. 7,
pp. 971-987, July 2002.

T. Menp, “The local binary pattern approach to textumalgsis exten-
sions and applications,” Ph.D. dissertation, UniversityOuoilu, August
2003.

M. Petrou and P. G. Sevilldmage Processing Dealing with Texture
Wiley, January 2006.

26] M. Kutner, C. J. Nachtsheim, J. Neter, and L. \Mpplied Linear

Statistical Models5th ed. McGraw-Hill/lrwin, 2004.

Sergio Alejandro Orjuela Vargas (Ibagué, Tolima)
(Colombia) In 2001 Sergio Alejandro Orjuela Vargas
graduated as electronic engineer from the National
University in Colombia. Afterwards he conducted a
postgraduate in statistics in Tolima University. he
graduated in control automation at the University
of Ibagu in Colombia in agreement with Ghent and
Leuven Universities. From 2008, he is conducting a
PhD in Ghent University in the faculty of engineer-
ing at the telecommunication department. His main
topic of research is texture analysis.

Ewout Vansteenkiste (Kortrijk) (Belgium) Ewout
Vansteenkiste obtained his master degree in mathe-
matics in July 2000 and his PhD in image process-
ing in March 2007, both at Ghent University, Bel-
gium. Currently, he is technology developer at the
HyCT (Hybrid Computed Tomography) consortium
at Ghent University where several teams of Ghent
University are working together with industrial part-
ners on innovative technologies for tomographic
imaging and image processing for Material Sciences
and Life Sciences.

Filip Rooms (Sint-Niklaas) (Belgium) Filip Rooms
obtained his master degree in physics at Ghent
University in 1999 and his Ph.D. in image processing
in 2005 on the topic of image restoration. In 2007,
he received the scientific FWO-BARCO Prize for his
PhD research. He worked for a while at an incubator
to convert research results in commercial products in
the context of geo-information. Currently, he is back
at Ghent University to follow up industrial projects
in computer vision.



Simon De Meulemeester(Kortrijk) (Belgium) Si-
mon De Meulemeester finished his studies in 2001 as
civil engineer in textiles at Ghent University. He then
performed his PhD research on the three dimensional
simulation of the weft insertion on air jet looms,
finishing in 2010. Besides this, he also worked on
several research projects related to air jet looms. He
developed an algorithm for a self regulating machine
ﬁ\ speed and assisted with the development of algo-
rithms for reducing the compressed air consumption
air jet looms. An active project he is working on is
the development of control strategies for new weft insartagystems. This
research occurs in a close cooperation with the loom matwréacPicanol.
He further performed research on the computer based aspecaton of
carpet wear.

Robain de Keyser (Deinze) (Belgium) Robain

de Keyser obtained a M.Sc. degree in electro-
mechanical engineering in 1974 and the PhD degree
in Control Engineering in 1980 from Ghent Uni-
versity, Belgium. He is currently full Professor of
Control Engineering at the Faculty of Engineering,
Ghent University. He acted as external review expert
in several European Commission research programs
and is one of the pioneers who produced the original
concepts of predictive control during the 1980s.
His teaching and research activities include model
predictive control, auto-tuning and adaptive control, elod) and simulation,
system identification. He developed and implemented thédimse’ EPSAC
predictive control strategy and is mentioned as inventgraitents concerning
industrial applications of this method. The research idie@ion—driven, with
many pilot implementations in technical and non-techngyatems, amongst
others chemical, steel, marine, mechatronic, semicondumbwer electronics
and biomedical.

Wilfried Philips (Aalst) (Belgium) In 1989 Wilfried
Philips received the Diploma degree in electrical
engineering from the University of Gent, Belgium.
Since October 1989 he has been working at the
Department of Electronics and Information Systems
of Ghent University, as a research assistant for the
Flemish Fund for Scientific Research (FWO). In
1993 he obtained the Ph.D. degree in electrical
engineering from Ghent university, Belgium. His
main research interests are image and video restora-
tion, image analysis, and lossless and lossy data
compression of images and video and processing of multeneaia.




