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Abstract

Using the 2-D extensionof Chi's real 1-D paramet-
ric nonminimum-phaskourier seriesbasedmodel(FSBM)
for or as an approximationto any arbitrary nonminimum-
phaselinear time-irvariant (LTI) systemswe proposea
systemdentificationalgorithmfor 2-D nonminimum-phase
linear shift-invariant (LSI) systemsupportedoy somesim-
ulation results. The estimated?-D FSBM parametes and
second-and higherorder statisticsobtainedusingthe pro-
posedalgorithm constituteeffectivefeaturesfor texture im-
age classificationsupportedoy someexperimentalresults.

1. Intr oduction

Chi[1,2] proposeda real 1-D parametricmonminimum-
phaseFourier seriesbasedmodel (FSBM) for or as an
approximationto ary arbitrary nonminimum-phasdinear
time-invariant(LTI) systems.This modelis applicablein a
variety of statisticalsignalprocessingreassuchassystem
identification, decomvolution and equalization,and spec-
tral estimation. Recently a real 2-D maximum phase-
minimumphasgMX-MN) FSBM for linear shift-invariant
(LSI) systemswvasproposedy Chi andHsi [3] with appli-
cationto 2-D textureimagesynthesis.This paperproposes
a2-D minimumphase allpas§MP-AP) FSBM andthena
2-D systemidentificationalgorithmis proposedor theesti-
mationof the FSBM parametersThe estimated-SBM pa-
rameterandtheassociatedecond-andhigherorderstatis-
tics arethenusedfor textureimageclassification.

*The researctdescribedn this paperwas supportecby the National
ScienceCouncilunderGrantNSC88-2219-E-007-019.

2.2-D MP-AP FSBM

The2-D MP-AP nonminimum-phaseSBMfor LSI sys-
temsis definedthroughthefollowing frequeng response:

H(wl,wQ) = H*(—wl, —LUQ)
= Hmp (w1, w2) - Hap(wr,ws) (1)
whereHup (w1, w2) is @a2-D minimum-phasé&SBM given

by

Hyp (w1, w2)
= exp { Z Z ail,ige_j(il wi1+tizwz) } )
(i17i2)69(p1 7p2)

andHap(wr,ws) is a2-D allpassFSBM givenby

Hpp(wr,w2)
= €xXp {] Z Z ﬂh,ig sin(i1w1 + iQWQ)} (3)
(41,d2)€Q(p1,p2)

in whicha, 4, andg;, ;, arereal-valuedandQ(p:, ps) isa
truncatedasymmetrichalf planegivenby

Qp1,p2) = {(81,92) 14y =1 ~ p1,ip = —p2 ~ P2}
U {(il,ig) : il = O,iQ =1 Np2} (4)

It can be easily shovn that the region of supportof the
minimum-phasesystemhyp [m, n] is the right-half plane
(i.e., Q(o0,0)) and the leading coeficient hyp[0,0] =

1. The2-D MP-AP nonminimum-phas&SBM H (w;,ws)

given by (1) sharesthe following characteristicof Chi's

1-D FSBMwhenusedin statisticalsignalprocessingreas
mentionedabove:

(C1) systemmagnitudeandphaseresponsesf the FSBM
H(w1,ws) arecharacterizedy a;, 4,'s and (84, i, —



04, .5,)'S, respectiely. Whenay, 5, = 0, h[m,n] isa
2-D allpasssystemwheng;, ;, = 0, hlm,n] isa2-D
minimum-phaseystem.

(C2) TheFSBM H (w1, w2), thatcanbecausabr noncausal,
is guaranteedbounded-inpubounded-outputstable
sinceit is a continuousfunction of (wy,ws), sois the
inversesysteml / H (w1, wa).

3. ldentification of 2-D FSBM

Assumethat we are given a setof non-Gaussiamea-
surementg[m, n] asfollows:

z[m,n] = u[m,n] * hjm, n] (5)

whereu[m,n] is areal, zero-meanindependenidentically
distributed(i.i.d.) non-Gaussiarandomfield andh[m, n] is
areal2-D systemimpulseresponseMoreover, assumehat
the orderparameterg; andps aregivenin adwance. The
MP parametersy;, ;, canbeestimatedisingthe following
algorithm:

Algorithm 1. Estimationof Hyp (w1, ws).

Let vmp[m, n] is a2-D minimum-phas&SBM givenby
Vmp (w1, w2)

Z Z e—j(i1w1+i2w2) (6)

(41,2) €Q(p1,p2)

= exp ail,iQ

Thenfind the optimumay;, ;, by minimizing
Juse = E{€’[m,n]} (7)
where

e[m,n] = z[m,n] * vim,n] (8)

It canbe shownn thatthe optimum Ve (w1,ws) is anopti-
mumlinear predictionerror (LPE) filter with

VMP(M,M) = 1/Hwup (w1, w2) 9

i.e.,&il,lé = =y iy
The AP parameterg;, ;, canbeestimatedisingthefol-
lowing algorithm:

Algorithm 2. Estimationof Hap(w1,ws).

(S1) Estimate a, 4, and obtain e[m,n]
hap[m, n] usingAlgorithm 1.

~ u[m,n] %

(S2) Process[m,n] usingan allpassfilter (a 2-D allpass

FSBM)
Vap(w1,w2)
= €exp ] Z Z le’lé sin(i1w1 + i2&12)

(41,42) €Q(p1,p2)
(10)

suchthatthe absoluteM th-order(M > 3) cumulant

Jeum = [Cp{y[m,n]}| (11)
of theallpasdfilter outputsignal
y[m,n] = e[m,n] x vap[m,n] (12)
iS maximum.
It canbe shown [4] thatthe optimum
Vap (Wi, ws) = 1/Hap(wi, ws) (13)

i.e.,ﬂil,b = —,31'1,1'2.

For finite data z[m,n], the second-ordemand higher
order cumulantsusedin Jyse (see(7)) and Joym (see
(11)), respectiely, must be replacedwith the associated
samplecumulantsthat are highly nonlinearfunctions of
FSBM parameters.Therefore,gradienttype optimization
algorithmsare neededor finding the minimum and max-
imum of Jysg and Jouwm, respectiely. Neverthelessthe
proposediwo algorithmsalso have a computationallyef-
ficient parallel structureas Chi's 1-D FSBM identification
algorithms[1,2].

4. Simulation results

This sectionpresentssome simulation resultsfor 2-D
systemidentificationusingthe proposedilgorithms.Figure
1 showvs somesimulationresultsusing Algorithm 2 with
p1 = p2 = 5 andM = 3 for the casethat u[m,n] is
a zero-meangxponentiallydistributedi.i.d. randomfield,
andh[m, n] is a2-D ARMA systentakenfrom [5]. Figure
1(a) shows the true impulseresponsei[m, n] and Figure
1(b)shavstheaverageof tenindependeMstimateﬁ[m, n|
for SNR= 20 dB (white Gaussiamoise). Onecanseethat
theresultshavn in Figure1(b) is a goodapproximatiorto
thatshown in Figure1(a). Thesesimulationresultssupport
thatthe proposedilgorithms 1 and?2 areeffective.

5. Texture image classification

As reportedin [6], Gaussianityand linearity testsin-
dicatethat a texture image can be modeledasa 2-D LSI



-0.5

-05

05

X

=\

i

v

o

f
.:.:‘o
i

(X

0‘
i
ik

s
N
AN
hanee
s
KON
"0"‘“

i

)
!
i
(X
‘:
X
“‘Q“
0y

(X

(X

(X

“
”““

0
i
o

X

15

X
0
)
o
0
"

A

b
AXX

i
o)
o

(i
o
o

10

4
{
"

0.5

)

\s

)
i

|
|

i
O
i

|
i

/’/WT ‘
oy
i

e
i
0
o

{
!
:’:,
|
h
£

oy

Dk

)

Sl
AN

o
“\Q,&‘“WM

S
>
—
—
‘=z
e

X

AR

O
Ay ‘“Q' .:
"

¢

AX
!
“
0
i
o
i
i
it
A

A

(X

(X
i
iy

0
XX
i

)
(i
e
o

"
A
i

|
0
%

o

e

i
x
N

!

{
i

1
“0“

A
!
i
i
i
A
0

0

0

0

BN
O
(0 0,’0
o
“0“

(X

15

"
:‘
(X
(

(
f

10

(b)

Figure 1. Simulationresultsusing Algorithm 2. (a) The
true impulseresponsei[m, n] and (b) the averageof ten
independenimpulseresponsestimates:m, n].

system(2-D textureimagemodel)drivenby ani.i.d. non-
Gaussiarrandomfield. Accordingly, the proposedAlgo-

rithms1and2 canbeappliedto obtainthefollowing feature
vectorsfor textureimageclassification:

0.

02:

: FSBM parametersy;, ;, for all (i1,i2) € Q(p1,p2)

obtainedusingAlgorithm 1 ando? /o2, wheres? and
o? arethe variancesof z[m,n] ande[m,n], respec-
tively.

FSBM parametersy;, ;, for all (i1,i2) € Q(p1,p2)
andA(y[m, n]) obtainedusingAlgorithm 2 where

At = el g

is thenormalizeathird-ordercumulantof y[m, n].
Next, let us presentsomeexperimentalresultsof tex-

ture image classificationwith featuresobtainedusing the

proposedAlgorithms 1 and2. For a comparisonKashyap
andChellappas approximatemaximum-likelihood (AML)
algorithm[7] wasalsousedto obtainthe following feature
vectorfor textureimageclassification:

03: AR parameters;, ;, for all (i1,is) € Q(p1,p2) and
p/a2 where

Q(p1,p2) = {(81,92) : |i1] < p1, li2] < po,
(i1,42) # (0,0)} (15)

andp is theresidualpower associatedvith a symmet-
ric toroidallattice SAR model.

The leave-one-outstratgly and distanceclassifier [8]
were usedto perform classificationusing twelve different
512 x 512 textureimagestakenfrom the USC-SIPlimage
DataBase.Each512 x 512 textureimageis segmentednto
sixteen128 x 128 nonoverlappingsubimagesonstituting
a texture imageclass. Therefore, 192 = 16 x 12 subim-
age<classificationsvereperformedby theclassifier Tables
1, 2 and 3 show the classificationresultsusingthe feature
vectorsf, (p1 = p2 = 3), 0, (p1 = p2 = 3,M = 3),
and@s; (py = p2 = 2), respectrely. Eachrow of theseta-
blesincludesnumberof classificationgovera 16-member
subimageclass)belongingto eachof the 12 classesFrom
Tablesl, 2 and3, onecanseethatthe classifierusing8, (6
misclassificationsperformsnearly aswell asusing8; (4
misclassificationsandmuchbetterthanusing8s (31 mis-
classifications) Theseresults(asshovn in Tablesl and2)
justify that the FSBM parameterdogetherwith the asso-
ciatedsecond-and higherorder statisticsare effective for
textureimageclassification.

6. Conclusions

We have presentea 2-D systemidentificationalgorithm
(Algorithm 2) usingthe 2-D FSBM givenby (1) andits ef-
ficagy is supportecdby somesimulationresults. The FSBM
parametergogetherwith the associatedstatistics(¢; and
6>) obtainedby Algorithms 1 and 2 are effective features
for texture imageclassification asexhibited by the experi-
mentalresults.
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