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4 Abstract )

The paper deals with classification of ground radar
targets. A received radar signal backscattered from a
ground radar target was digitized and in the form of
radar signal matrix utilized for a feature extraction ba-
sed on Singular Value Decomposition. Furthermore,
singular values of a backscattered radar signal matrix,
as a target feature, were utilized for Radar Target
Classification by multilayer perceptron. In learning
phase of a multilayer perceptron we used the learning
target set and in the testing phase the testing target set
was used. The learning and testing target sets were
created on the basis of real ground radar targets. )
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1. Introduction

In this paper we are interested in classification of
ground radar targets. Backscattered electromagnetic energy
represented by received radar signal is detected, sampled
and stored as a radar signal matrix, X. This signal matrix,
X, is utilized for the classification. A classification system
based on the use of a multilayer perceptron is developed as
a classifier with learning.

In the learning phase, a multilayer perceptron uses a
learning set consisting of real ground radar targets. A real
ground radar target is observed in a “basic” position, i.e.,
each ground radar target of a learning set is represented by
the only observation angle profile. The goal of this ap-
proach is a minimization of the learning set.

In the testing phase, the classification of a real ground
radar target is performed on the basis of a multilayer per-
ceptron. The real ground radar targets are detected in real
situations, i.e., they are detected at different distance, ang-
le, etc. It results in fact that a backscattered radar signal,
being classified, represents a geometric projection of an
etalon ground radar target of the learning set. This geomet-
ric projection can be concerned as a translation, rotation
and dilatation of real ground radar targets of the learning
set. Goal of this paper is an invariant classification of a ge-
ometrically transformed real ground targets by minimum
learning set, which is created by only ground radar target
etalon for each class of classified ground radar targets.

Circumstances defined above enable minimization of
computational complexity of a classification process, i.e. a
minimization of learning and testing time, and minimiza-
tion of memory capacity for both learning and testing sets.

An analysis of applications of a multilayer perceptron
in a pattern classification resulted in the fact that multilayer
perceptron is a little robust due to geometric transforma-
tions of patterns [10], [11]. Since geometric transforma-
tions are assumed in classification of ground radar targets,
the multilayer perceptron alone is not suitable to solve this
problem. However, there are two ways how to solve the in-
variant classification of geometrically transformed ground
radar targets. The first of them is the utilization of a diffe-
rent model of neural network, which is suitable for an inva-
riant pattern classification. The second one is a generation
of invariant features for pattern classification. However, a
limitation of a problem solution is simplicity of a neural
network model and its learning algorithm [2], [16], [17].

An analysis of chosen models of a neural network
with relatively simple structure does not show better results
in the field of invariant pattern classification if compared to
a multilayer perceptron. Therefore the second approach
was used for pattern classification (Ground Radar Target
Classification). The approach is based on invariant feature
generation. We used Singular Value Decomposition (SVD)
(11, [71, [8], [9]-

The chosen approach consists of two steps. The first
step is a generation of invariant features for Ground Radar
Target Classification by decomposition of signal matrices
into singular values. The second step is a pattern classifica-
tion by multilayer perceptron. As presented later, this ap-
proach enables classification of ground targets by radar.

In the part 2, we define the matrix of a backscattered
radar signal, X, describe a generation of invariant features
by SVD matrix decomposition and classification of ground
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radar targets by means of singular values and multilayer
perceptron.
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Fig. 1 Structure of invariant classification of ground radar targets

2. System for ground radar target
classification

The system for classification of ground targets by ra-
dar corresponds with the structure of the classification pro-
cess (Fig. 1). It consists of 3 following subsystems: a radar
signal matrix generation subsystem, invariant feature gene-
ration subsystem, and pattern classification subsystem.

The classification of ground targets by radar consists
of the following processes:

e Backscattered radar signal is sampled, digitized, and
stored into the radar signal matrix, X. Because Ground
Radar Target Classification is performed by multilayer
perceptron, in order to generate the radar signal matrix,
X, we used the learning and testing sets of ground radar
targets.

e The matrix, X, is used for an invariant feature genera-
tion by singular values in the invariant feature genera-
tion subsystem.

e Singular values of a backscattered radar signal matrix
are used as patterns for the invariant Ground Radar
Target Classification by multilayer perceptron in the
pattern classification subsystem.

2.1 Radar signal matrix generation

The aim of the radar signal matrix generation subsys-
tem is to sample and store a backscattered radar signal into
the radar signal matrix, X. Firstly a backscattered radar sig-
nal is sampled and stored into the signal memory. Then it is
transformed into the radar signal matrix, X, for utilization
in a feature generation subsystem.

Matrix of backscattered radar signal is defined as follows

X X X1y
Xop Xy Xon
1
X = (1)
xkn
L Xx1 k2 Xgn |

where K is the number of repetition periods during which
the backscattered radar signal is transformed into the signal
matrix X; N is the number of samples of a backscattered
radar signal in 1 period; xy, is signal sample; k=1, 2, ... K,
andn=1,2, ... N.

2.2 Invariant feature generation

The decomposition of the signal matrix, X, into sin-
gular values is defined as follows [3], [4], [5]

X=USV" 2

where U is a matrix of orthonormal row—oriented eigen-
vectors of (XX ); V is a matrix of orthonormal column—
oriented eigen-vectors of (X' X); S is a diagonal matrix of
singular values of the signal matrix X; and " is a transpose
matrix operator.

The singular values s, , are defined by the characteris-
tic equation in the form of

\XTX— ;LI\ =0 3)

Solutions of (3) are eigen-values 4. Singular values
Si.» can be computed as follows

S = \/l_k =s, fork=n 4)
Then we define the matrix of singular values by following

S=diag[s1,s2,...,sN] Q)
It is characteristic that

5,20, k=n, and 5, =0, k#n (6)

Let the matrices U and V be expressed in the forms using
column vectors as follows

U=[u,u,,..,u, ] (7)
V=[v,v,,..,Vy | ®)

then the signal matrix X can be expressed by sub-matrices
X, and decomposition of X into singular values, by (2), is

N N
X=>us v, =X, for k=n. ©)
k=1 k=1



38 Ground Radar Target Classification Using Singular Value Decomposition and Multilayered Perceptron
Z. MATOUSEK, J. KURTY, I. MOKRIS

Radioengineering
Vol. 10, No. 4, December 2001

Expression X; = u; s; V' is an outer product of a de-
composition of the radar signal matrix X into singular va-
lues and expresses the elementary matrix X; of a received
radar signal. The elementary sub-matrix X is projection of
the radar signal matrix X into sub-space in the direction of
eigen-vector u; in N-dimensional orthogonal space of
eigen-vectors U". The singular value s; represents the ori-
ented energy of sub-matrix X, [14], [15].

The singular values s; are real positive numbers. If the
singular values are ordered into monotonously decreasing
set as follows

828y 228, > S8, RSy, 2ars, =0 (10)

then the following approximated relation holds true

N M
- T o -
X= E u, s, Vk~2 X, =X,
k=1

k=1

(11

Eqn. (10) expresses the approximated representation of the
signal matrix X by SVD (2). The error of an approximation
of the signal matrix X expressed by Euclidean metric is

N
X=X, [ = >si

k=M+1

(12)

(small compared to other linear orthogonal transforms).

The signal matrix X is expressed by a vector of singu-
lar values S and matrices of eigen-vectors U and V. Eigen-
vectors U, V and a matrix of singular values S contain all
the information about the signal matrix, X. But substantial
information about a signal matrix, X, is stored in the matrix
of singular values, S. Therefore there is an idea of utiliza-
tion of singular values as features for pattern classification.
Results of an analysis of the singular values are due to the
fact mentioned above [7], [8], [9], [14], [15].

Singular values of the signal matrix X were used as a
features for the invariant Ground Radar Target Classifica-
tion by multilayer perceptron.

Recognized
ground target

Fig. 2 Structure of the pattern classification subsystem based on
multilayer perceptron

2.3 Pattern classification

The structure of a multilayer perceptron, which was
used for Ground Radar Target Classification, consists of

input (i), hidden (%), and output layers (o) (Fig. 2). The
number of neurons in the input layer is due to the number
of singular values needed for classification of ground radar
targets. The number of neurons in the hidden layer was
determined experimentally due to results of Ground Radar
Target Classification. The number of neurons in an output
layer is determined by number of recognized classes of
ground radar targets. The back-propagation algorithm was
used for learning of the multilayer perceptron [12,13].

3. Ground radar target classification

In order to classify ground radar targets we used a
real radar signal received by non-coherent battlefield radar.
The radar parameters are as follows:

e Pulse width 400 ns
e Pulse repetition frequency 4 kHz
e Frequency band J
e Signal-to-noise ratio (SNR) 16 dB.

In order to digitize a received radar signal we used 10-bit
digitizer, PCI-9810. The sampling period of the digitizer
was Tsqupre = 50 ns, i.e. we got a sampled profile of a
ground radar target consisted of several tens of samples.

We used learning and testing sets for classification of
ground radar targets. Both the learning set and testing set
consisted of the 8 following classes of ground radar tar-
gets: masts, big buildings, small buildings, trees, cars,
trucks, chimneys, and bushes.

A digitized radar signal was stored either in the etalon
radar signal matrix, C, or in testing radar signal matrix, X.

S. | Class
V. [ No.1

Class
No. 8

Class
No.7

Class
No. 6

Class | Class

No.4 | No.5

Class | Class

No.2 | No. 3

sy | 27.15| 38.32 | 39.87 | 30.99 | 28.63 | 28.74 | 27.43 | 27.26

s, | 169 167 181 210 201| 3.00( 1.75] 1.72

s; | 061 1.02] 077 1.06| 1.79| 222| 0.56| 0.74

Tab. 1 The singular values of learning set ground radar targets

Each class of the learning set was represented by one
real etalon ground radar target. Each class of the testing set
consisted of 10 real ground radar targets which correspon-
ded to those of learning set; e.g., class of buildings, class of
trees, class of cars, etc.

A profile of each etalon ground radar target was sam-
pled 100-times and a mean value of those 100 profiles was
used for a generation of the etalon ground radar target mat-
rix C;, for I = 1, K, 8, where i stands for the number by
which a certain class is assigned. The matrix C; represents
a learning set.

A ground radar target of a testing set was sampled
just ones for the generation of the signal matrix X. A sin-
gular values of matrices C and X were computed using
equations (2), (3), and (4).
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Singular values were ordered into a monotonously de-
creasing set corresponding to the equation (10). Analysis
of singular values shows that for Radar Target Classifica-
tion it was sufficient to utilize just 3 singular values, s; to
s3. The examples are shown in Tab. 1.
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Fig. 3 The histogram (percentage) of correct classification of
ground radar target of the class No. 5

Ground Radar Target Classification was performed
by multilayer perceptron. Learning of a multilayer percep-
tron was based on the back—propagation algorithm.

No. of Value of output neuron Given | Major.
class. class voting
01|[02[03]|0s]| 05| 06| 07| 08

1 0Of1]0]J]0|1[0]0]0]|2and5

2 ojojfojo|l1jo0fo|0]5

3 ojojfojoj1jo0fo0o|0]5

4 0j]1]0l0]1]0[0]O0]2and5

5 ofojoj1]|]0fO0O]O]O]|4 5

6 ojojfojo|l1jo0fo|0]5

7 ojojfojoj1jo0fo0o]|0]5

8 ojojfojo|j1jo0fo0o]|O0]5

9 ofojojJo|1fO0]O]O]|>5

10 0]j]1]0l0|1]0[0]O0]2and5

Tab. 2 Classification of the ground radar target of the class No. 5

The structure of a multilayer perceptron was developed
according to a number of singular values, number of recog-
nized classes of ground radar targets, and results of classi-
fication. Therefore its input layer consists of 3 neurons, i;
to i3, which corresponds to 3 singular values, s; to s;3. Out-
put layer consists of 8 neurons, o; - 0g, which corresponds
to 8 classes of ground radar targets. The number of neurons
in hidden layer is 30 (%, to /3) and was determined expe-
rimentally in accordance with the results of classification.

The process of Ground Radar Target Classification
was repeated 10-times. I.e., each ground radar target of the
testing set was recognized 10-times and a decision about
the class was performed by majority voting (6 from 10).
The process, which was repeated 10-times, included samp-

ling of the profile of a target, generation of the signal mat-
rix X, SVD for the target feature generation, and classifica-
tion using a multilayer perceptron.

As an example of Ground Radar Target Classification
of the class No. 5 we present Tab. 2. We can see there that
the target was classified 3-times into 2 classes (the classi-
fication No. 1, No. 4, and No. 10) and one classification
was incorrect (the classification No. 5). The target of the
class No. 5 was, by majority voting (6 from 10), correctly
classified into the class No. 5. The percentage of the classi-
fication is shown in Fig. 3.

As mentioned above, Ground Radar Target Classifi-
cation was performed for 80 ground radar targets of testing
set, which were divided into 8 classes (10 targets in each
class of the testing set). The percentage of the correct clas-
sification during all the experiment is shown in Fig. 4.

100

Correct classification of ground targets

3 4 5 6 7
Class of target

Fig. 4 Percentage of correct classification of ground radar targets

4. Conclusion

Our method of Ground Radar Target Classification,
which is based on the use of non-coherent battlefield radar,
SVD, and multilayer perceptron brought effective results.
The method can be successful when the backscattered
signal is over the noise, i.e., the ground radar target signal
can be separated from noise by means of the analysis of
backscattered radar signal. The efficiency of Ground Radar
Target Classification corresponds with SNR. However
there is a need of analysis of the relationship between an
efficiency of classification and SNR.

The obtained results depicted in Fig. 4 are due to
SNR=16 dB. The greatest percentage of a correct classifi-
cation was obtained in case of the classes of cars and trees,
and the smallest one was in case of the classes of small
buildings and trucks. In all the experiments the achieved
percentage was 65% to 90%. The mean value of the correct
classification was 75.2%. That is sufficient enough for
such application as the used battlefield radar. This corres-
ponds with results obtained in [2], [6], [16], [17].

As the original results of this paper, we define:

e Usage of SVD and a multilayer perceptron for Ground
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Radar Target Classification in case of non-coherent bat-
tlefield radar.

e The determination of a signal learning set.

e The experimental results.

References

[11 BARATH, J., MOKRIS, |. Classification of Noised Images
Using Different Models of Neural Networks. Bulletin of WAT,
Warsaw, 1994, pp. 3 — 10.

[2] BOTHA, E. C., BARNARD, E., BARNARD, CH. J. Feature-
based Classification of Aerospace Radar Targets Using Neural
Networks. Neural Networks, 1996, vol. 9, no. 1, p. 129-142.

[3] GOLUB, G. H., REINSCH, C.,: Singular Value Decomposition
and Least Squares Solutions. Numer. Math., 1970, 14, p. 403
to 420.

[4] DEPRETTERE, E.F. (Editor) SVD and Signal Processing:
Algorithms, Applications and Architectures. Elsevier Science
Publishers B.V. (North - Holland), The Netherlands, 1988.

[5] HANSEN, P.C. SVD - Theory and Applications. ISSN 0105-
4988, Numerisk Institute, Lyngby, Denmark, 1984.

[6] INGGS, M. R., ROBINSON, A. D.,: Ship Target Classification
Using Low Resolution Radar and Neural Networks. IEEE
Trans. on Aerospace and Electronic Systems. 1999, vol. 35,
no. 2, p. 386 — 392.

[71 MOKRIS, I. Theory and Application of SVD in Image Proces-
sing. Military Academy Press, Liptovsky Mikulas, 1995, (in
Slovak).

[8] MOKRIS, I. Application of Approximated Orthogonal Transfor-
mations for Image Processing. Liptovsky Mikulas, 1995.

[9] MOKRIS, I., BARATH, J., SEMANCIK, L. Image Classification
by Means of Singular Value Decomposition and Multilayer
Perceptron. Neural Network World, 1995, No. 2, pp. 191-198.

[10] MOKRIS, I., TURCANIK, M. A Comment to the Invariant Pat-
tern Classification by Multilayer Perceptron. Neural Network
Word, 2000, no. 6, p. 959 — 967.

[11] MOKRIS, I., TURCANIK, M. Contribution to the Analysis of
Multilayer Perceptron for Pattern Classification. Neural Net-
work Word, 2000, no. 6, p. 969 — 982.

[12] SINCAK, P., ANDREJKOVA, G. Neural Networks, Vol. |
(Forward — Feeding Networks), Elfa Press, Kosice, 1996, (in
Slovak).

[13] SWIATNICKI, Z., WANTOCH-REKOWSKI, R. Neural Net-
works — An Introduction. Bellona Press, Warsaw, 1999.

[14] VANDERSCHOOT, J., VANDEWALLE, J., JANSSENS, J.,
SANSEN, W., VANTRAPPEN, G. Extraction of Weak Bioel-
ectrical Signals by Means of Singular Value Decomposition.
Proc. of SICAS, Nice, June 19-22, 1984, p. 434-448.

[15] VANDEWALLE, J., VANDERSCHOOT, J., DE MOOR, B.
Source Separation by Adaptive Singular Value Decomposition.
Proc. of SICAS, Nice, 1985, p. 1351-1354.

[16] XING, Wu, BHANU, Bir Gabor Wavevlet Representation for 3D
object Classification. IEEE Transactions on Image Processing,
1997, vol. 6, no. 1, p. 56-64.

[17] XANG, S., CHANG, K. CH. Multimodal Pattern Classification
by Modular Neural Network. Optical Engineering, 1998, vol.
37, no. 2, p. 650-659.

About authors...

Zdenek Matousek received Ing. (M.Sc.) degree in elec-
trical engineering from the Military Technical University in
Liptovsky Mikulas, and PhD degree in electrical engine-
ering from the Military Academy in Liptovsky Mikulas,
Slovakia. He is with Department of Radars at the Military
Academy in Liptovsky Mikulas and takes part in R&D pro-
jects focused on radars and signal processing.

Jan Kurty received Ing. (M.Sc.) degree in electrical engi-
neering from the Military Technical University in Liptov-
sky Mikulas, and PhD degree in electrical engineering
from Military Academy in Liptovsky Mikulas, Slovakia.
He is with Radioelectronics Department at the Military
Academy in Liptovsky Mikulas as an associate professor
where takes part in R&D projects focused on microwaves,
radars, sonars, and array signal processing. He is a member
of the Czech and Slovak Radioengineering Society.

Igor Mokris (Prof., Ing., CSc.) received Ing. (MSc) degree
in technical cybernetics from Faculty of Electrical Engi-
neering, Technical University at Kosice in 1972 and CSc.
(PhD) degree from the Faculty of Electrical Engineering,
Slovak Technical University in Bratislava in 1980. From
1985 he was as an associate professor and from 1997 as a
professor in technical cybernetics and artificial intelligence
with the Department of Informatics and Computers, Milita-
ry Academy, Liptovsky Mikulas. From 1998 he is with the
Department of Information Systems, Faculty of Finance,
Matej Bel University, Banska Bystrica, as a professor. His
research interests include signal and image processing, pat-
tern recognition and neural networks



	Ground Radar Target Classification�Using Singular Value Deco
	Abstract
	Keywords
	Introduction
	System for ground radar target classification
	Radar signal matrix generation
	Invariant feature generation
	Pattern classification

	Ground radar target classification
	Conclusion
	References
	About authors...


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>







    /HEB (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


