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Rotation-Invariant Texture Classification
Using a Complete Space-Frequency Model

George M. Haley and B. S. Manjunatkiember, IEEE

Abstract—A method of rotation-invariant texture classification rotation (and scale) parameters. To classify a sample, an
based on a complete space-frequency model is introduced. Aestimate of its rotation (and scale) is required.
polar, analytic form of a two-dimensional (2-D) Gabor wavelet For feature-based approaches, rotation-invariance is

is developed, and a multiresolution family of these wavelets hi db . . ic f P dz 127
is used to compute information-conservingmicrofeatures From ~ achiéved by using anisotropic features. Porat and Zeevi [27]

these microfeatures amicromode] which characterizes spatially ~Use first- and second-order statistics based upon three spatially
localized amplitude, frequency, and directional behavior of the [ocalized features, two of which (dominant spatial frequency
texture, is formed. The essential characteristics of a texture gnd orientation of dominant spatial frequency) are derived

sample, itsmacrofeatures are derived from the estimated selected i ;
parameters of the micromodel. Classification of texture samples is from a Gabor-filtered image. Leung and Peterson [22] present

based on themacromodekderived from a rotation invariant subset WO approaches, one that transforms a Gabor-filtered image
of macrofeatures. In experiments, comparatively high correct into rotation-invariant features and the other of which rotates
classification rates were obtained using large sample sets. the image before filtering; however, neither utilizes the spatial
Index Terms—Gabor filters, texture classification, wavelets. ~ resolving capabilities of the Gabor filter. You and Cohen [29]
use filters that are tuned over a training set to provide high
discrimination among its constituent textures. Greenspian
al. [17] and Haley and Manjunath [19] use rotation-invariant
HE SPECTRUM of texture analysis techniques rangesructural features obtained via multiresolution Gabor filtering.
from those focusing on structural features to those empha-both of those approaches, rotation invariance is achieved
sizing statistical modeling. In most statistically oriented techyy using the magnitude of a discrete Fourier transform (DFT)
niques within the last 15 years [6], [11], [15], [16], [20], thein the rotation dimension. Haley and Manjunath also use
image is modeled as a Markov random field (MRF) of pixelstatistical features that are rotation invariant.
In these approaches, the relationships between the intensiti€she approach defined herein is novel in the following
of neighboring pixels are statistically characterized. Thesggspects:
methods have proven very effective for texture segmentation, {he pasis for classification is a complete feature space
and classification. More recently, feature-based approaches model:
have been i_ntroduced. Features are typically extracted u_sing Rotation invariance is achieved by transforming Gabor
Gabor functions [3], [4], [7], [24], [26], [28] or wavelet basis  fo44 res into rotation invariant features (using autocor-

functions [8], [12], [23]. Feature-based methods are often less relation and DFT magnitudes) and by utilizing rotation
computationally intensive and more effective than MRF-based invariant statistics of rotation dependent features:

approaches. . L . * A polar form of a two-dimensional (2-D) Gabor function
The general approach to developing rotation-invariant tech- that is truly analytic (frequency causal) is introduced
nigues has been to modify successful nonrotation-invariant L i
techniques. Since general MRF models are inherently dH® motivation for the complete feature space model is to
pendent on rotation, several methods have been introdu&@I0it the benefits of both model-based and feature-based

to obtain rotation invariance. Kashyap and Khotanzad [2&PProaches. The underlying assumption is that conserving

developed the “circular autoregressive” model with parameté'pgormation (spatial, spectral and directional characteristics)
ill result in maximizing classification performance. For clas-

that are invariant to image rotation. Choe and Kashyap [¢f" ' A k ) i
introduced an autoregressive fractional difference model tififcation purposes, “information” is defined as data useful
has rotation- (as well as tilt- and slant-) invariant parametef8. discriminating between different texture types. Unless the
Cohenet al.[10] extended a likelihood function to incorporateS€t of texture types is known and fixed, all feature data is
potentially important for discrimination. To ensure that the
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« Gabor functions are used as (nonorthogonal) basis func- 0
tions for exact signal representation. -10
¢ A narrowband Gabor function closely approximates an -20 =
analytic function. Signals convolved with an analytic -30 7
function are also analytic, allowing separate analysis of -40 7
the magnitude (envelope) and phase characteristics in the 4g -50 7
spatial domain. -60 /
e The magnitude response of a Gabor function in the -70 /
frequency domain is well-behaved, having no sidelobes. -80 i
« Gabor functions appear to share many properties with the -90 /
human visual system [25]. -100 = H " - -
(o] — — ol o

While Gabor functions are a good choice, the standard forms
can be further improved. Under certain conditions, very low
frequency effects (e.g., due to illumination and shading vari- Fig. 1. Response of Gabor functionat= 0 versus bandwidth.
ations) can cause a significant response in a Gabor filter,
Ieadlng tg mlscIaSS|f|cat|op. An analytic form is mtroduceg)een shown that a functioifz)
to minimize these undesirable effects. In the flower petal
configuration of the 2-D Gabor function, the polar form allows ) > >

: i i@= 3 Y o hoal@)

Bandwidth (Octaves)

is represented exactly [18] as

for superior frequency domain coverage, improves rotation- £ (3)
invariance and simplifies analysis, compared to the standard n=Teo k=—eo
2-D form. where i, 1 (x) = gs(z —nX, kQ, o), ando, X, and(? are

The method for establishing a model is as follows. all parameters and(} = 2.

1) Transform image samples into Gabor space.

2) Transform the Gabor space samples intierofeature B. An Analytic Gabor Function
space that completely segregates the rotation dependenty. (., w., o) exhibits a potentially significant response at
information from the rotation independent. w = 0 and at very low frequencies. This manifests itself as an

3) Estimate parameters of the microfeature-basecro- yndesirable response to interimage and intraimage variations
mode] which characterizes spatially localized amplitudgy, contrast and intensity due to factors unrelated to the texture
frequency and directional behavior of the texture iftself, potentially causing misclassification. Cases include:

_rmcrofeature space. A sample’s micromodel parameters, sample images of a texture with differences in average
its macrofeaturesprovide a more global description of intensity:

4 tge_sample. £ th ‘ basad * images with texture regions having differences in contrast
) msotggfte parameters of the macrofeature-basadro- and/or intensity (Bovik [3] has demonstrated that region

boundaries defined in segmentation using unmodified

Classification of texture samples is based on the rotation- Gapor filters vary according to these differences between
invariant components of the macromodel. Section Il provides the regions);

a review of Gabor space analysis and presents the true ana- jmages with uneven illumination.

lytic and 2-D polar forms of the Gabor function. Section IILI-he response to a constant-valued input (i.e= 0) relative

explains the transformation of the Gabor space sample i%)the response to an input of equal magnitude at we: can
microfeatures. In Section 1V, the micromodel and macromods& computed as a function of octave bandwidth [3];

are developed. Experimental results are presented in Section V

and conclusions, in Section VI. |Gs(0)|/|Gs(we)| =277 4
wherey = (28 +1)/(2% — 1) and B = log,((we +6) /(we —
II. GABOR FUNCTIONS §)) andé is the half bandwidth. This plot is shown in Fig. 1.
It is interesting to note that the responsewat= 0 depends
A. One-Dimensional Gabor Function upon the B but notwe.

There are two approaches to avoiding these problems:
eprocessing the image or modifying the Gabor function.
mlk?ormalizing each image to have a standard average inten-
1 _ 2 sity and contrast corrects for interimage, but not intraimage,
gs(x, we, o) = - €xXp <F> -exp(jwex) (1) variations. Alternative methods of image preprocessing are
2o o required to compensate for intraimage variations, such as point
—02(w — we)’ logarithmic processing [3] or local normalization.

2 ' An equally effective and more straightforward approach is
to modify the Gabor function to be analytioy forcing the real
Thus, Gabor functions are bandpass filters. Gabor functionsgj,ce ;¢ (ws) # 0 for w < 0, a Gabor function only approximates an
are used as complete, albeit nonorthogonal, basis sets. It &asytic function.

A Gabor function is the product of a Gaussian function arkgr
a complex sinusoid. Its general one-dimensional (1-D) for

Gs(w, we, o) = exp l )
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and imaginary parts to become a Hilbert transform pair. Thi3. Two-Dimensional Gabor Function: Polar Form

is'accompllished by replacing the real partggl’('a:), 9s Re(2) An alternative approach to extending the Gabor function

with the inverse Hilbert transform of the imaginary parfyi, two dimensions is to form, in the frequency domain, the

~gstm(®): product of a 1-D analytic Gabor functi@#(w) (the subscript is
9a(2) = —G5Tm(2) + igsTm (). (5) omitted to indicate that the concepts are generally applicable

to the standard form as well) of radial frequencyand a
The Fourier transforms of the real and imaginary parts @aussian function of orientatioft

gs(x) are, respectively, conjugate symmetric and conjugate

antisymmetric, resulting in cancellation for < 0: Gp(w, 8, we, Oc, o,, 00)
2 2
G (— _ . —o05(0 —0c)
GA(w) — {(?5((4)) GS( CU), Z z 8 (6) - G(w, wc, Up) €Xp |: 9 — (11)

gP(-T, Y, we, 907 Ops 00)

Because it is analytic(7a (w) possesses several advantages .
over for Gs(w) for many applications including texture anal- = // Gp (\/wg% +wg, tan™ (wy/ws), we, O, o, 0’0)

ySiSZ' . . exp[j27r(wx$ + wyy)] dw,, dw, (12)
» improved low frequency response sin¢éa(w)| <
|Gs(w)| for smallw and |Ga(0)] = 0; wherew = /w2 +w? andtan(f) = wy/w,. Thus, (11) is
* simplified frequency domain analysis sinG& (w) =0 g 2-D Gaussian in the polar, rather than Cartesian, spatial
for w < 0; _ _ . frequency domain. The frequency domain regions of both
+ reduced frequency domain computations sife(w) = polar and Cartesian forms of Gabor functions are compared
0 for w < 0; in Fig. 2.

These advantages are achieved without requiring additionaln the Cartesian spatial frequency domain, th& dB
processing. Thus, it is an attractive alternative for most textusentour of the Cartesian form is an ellipse, while the polar form

analysis applications. has a narrower response at lavand a wider response at high
w. When arranged as “flower petals” (equally distributed along
C. Two-Dimensional Gabor Function: Cartesian Form a circle centered at the origin), the polar form allows for more

The Gabor function is extended into two dimensions 4¥lform coverage of the frequency domain, with less overlap
follows. In the spatial frequency domain, the Cartesian form # oW frequencies and smaller gaps at high frequencies. The
a 2-D Gaussian formed as the product of two 1-D Gaussia‘?}%'ar form is more suited for rotation invariant analysis since

from (2): the response alwgys vr_:tries as a _Gaussian with rotation. The
Cartesian form varies with rotation in a more complex manner,
Go(we, wy, Weer, Woyr, 0, 0wy o) introducing an obstacle to rotation invariance and complicating
= G(wx/, wWe O'J;/) . G(wy/, Wy O'y/) (7 analysis.

whered is the orientation angle dc, «' =« cos f+y sin 6 g \yitresolution Representation with Gabor Wavelets
andy’ = —z sin # + y cos 6. In the spatial domainZc is

separable into two orthogonal 1-D Gabor functions from (1) 1he Gabor function is used as the basis for generating a
that are, respectively, aligned to thé¢ andy’ axes: wavelet family for multiresolution analysis. Wavelets have

two salient properties: the octave bandwidthand the octave

gc(x, Y, wew, Wey, 8, 027, 0y) spacingA = log,(ws41/ws) are both constant, where; is
= g(2', wewr, ow) - gy, weyr, o). (8) the center frequency. The filter spacing is achieved by defining
As in (3), an image is represented exactly [1],2[ak ws=wo- 2%, s€{0,1,2,-} (13)

. > > > > where wq is the highest frequency in the wavelet family.
iz, y) = Z Z Z Z Prs by, m, Constant bandwidth requires tha} be inversely proportional

» =—00 Ny=—00 ky=—00 ky=—00 to Wt
. hkx,ky,nw,ny(xv y) (9) 1
Tpy = (14)
Wherehkm,ky,nw,ny (J}, y) = g(x - nazXa ka;Qaca 01:) . g(y - i

nyY, kS, 0y); 0a, 0y, X, Y, , andl, are constants; and ywhere
XQ, = YQ, = 2r. Approximations tof,, x,, n,,n, are 2B _ 1

obtained by using [25] h= V2In2.-(2B+1)
n2.

. is a constant. The orientations of the wavelets are defined as
= 'L(.I', y) * hka:: Ky, Mo,y (.Z', y) ~ ﬁkl: ky,na,ny (10) 9 9 —27”) (15)
. ) ) —|—
provided that the parameters are chosen appropriately. ' R
2The proofs in the references are based on the standard, not analytic, fé!Vrhefe90 is the starting angle' t_he second term is the anQU|ar
of the Gabor function. increment, and and R are both integers such thai< » < R.

B, by, a1y
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............ Cartesian

— Polar

a4l

Fig. 2. The—3 dB contours of Cartesian and polar Gabor functions of varying bandwidths. The arguidB width of the polar Gabor functions is 45

As in (9), an image is represented using the polar wavelet
form of the Gabor function from (17):

=) [ oo R-—1

; s=0. r=0 . . L(xa y) = Z Z Z Z Bs,r,nw,ny

y=—00 Ny=—00 s=0 r=0
o rngn, (2, U)- (18)

Approximations to3;, , »,,», are obtained as in (10):

Bs,rna,ny, = 0@, Y) * s vony o, (€, 4) R B rong,n, (19)

and parameters(,, Y;, wo, #, and oy are chosen appropri-

6 ately. Instead of a rectangular lattice, a polar Gabor wavelet
representation has the shape of a cone.

Fig. 3. A family of 2-D polar form Gabor wavelets in the polar spatial

frequency domain, withS = 3, R = 8, wg = 3w/2, andfy, = 22.5°.

Regions of> —3 dB response is indicated by shading. The sca)eapd I1l. M ICROFEATURE REPRESENTATION
orientation ¢) indexes are indicated inside each filter's response region.

| | | |
0 1 | 1 >
45° 90° 135° 180°

. . A, Transformation into Gabor Space
Using (13)~(15) in (11), the 2-D Gabor wavelet family is As described in Section I, a set of 2-D Gabor wavelets

fin . . . . X
defined as can represent an image. Assuming that the image is spatially
limted to 0 < = < N, X,, 0 < y < N,Y,, where N,
H, i (ws, wy) and IV, represent the number of samples in their respective

= [ Jo2 1 w2, tan—w, fwn), ws, 6 1 dimensions, and is bandlimited o< w < wy,® the number
T R ity e Uy 8 of Gabor wavelets needed to represent the image is finite.

— 1 Substituting 3, . n., », from (19) for ., ..., in (18), a
- G<wa Wy W J) texture image is approximately represented using the polar
- ) wavelet form of the Gabor function as
—o3(tan™Hwy /wy) — 6,)? 16
P 2 (16) Nsz—1 Noy—1 S—1 R—1

hSﬂ‘,nm,ny(‘Tv y) L(.’L’, y) ~ Z Z Z Z Bs,r,nw,ny

ne,=0 mn,=0 s=0 r=0

1
=4gpr <$ - nrnXsa Y- nyY;a Ws, 91‘5 m, UO) (17) " hs,r,nw,ny(x7 Zl) (20)

3For sampled texture images, the upper frequency bound is enforced,

where X. andY.. the sampling intervals. are inversely proalthough aliasing may be present since natural textures are generally not
s o ' bandlimited. It is both reasonable and convenient to assume that, for textures

portlonal to the bandW'dthS Corre_SpondmgStd:'g' 3 depICtS of interest, a lower frequency boung, > 0 exists below which there is no
an example wavelet family of this form. useful discriminatory information.
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Fig. 4. wus ~(nz, ,ny) in response to a sinusoidal input texture oriented at®120

where parameterss, R, X,, Y;, wo, %, and oy are chosen (21) is b, .(ng, n,) = as , exp(j¥s »(ng, ny)), where
appropriately. Note that thesubscript is added t&/,, andN,, v, .(ng, n,) = w(n, cos 6+n, sin §) anda, ,. is a constant
to indicate their dependencies d&, andY,. Thus, a texture for a givens andr. From (16)

image is represented with relatively little information loss by
the coefficientss, .. n. . », -

Following Bovik et al. [4], /957,,7 ne,n, IS interpreted as a
channel or band; ,.(n,, n,) of the imagei(x, y) tuned to
the carrier frequencyw, = wg - 272 (13), oriented at angle
6, = 6y + 27r/R (15) and sampled in the spatial domain
at intervals of X; and Y;. Since b, ,.(n,, n,) is formed Foreachsandr, ¢ .(ns, n,) is a plane in the spatial domain
by convolution with a narrowband, analytic function (19)with a slope of(w; cos 6;, w; sin 6;).
bs »(ns, ny) is also narrowband and analytic, and is therefore
dec_omposable into amplitude and phase components that 82N ocal Frequency Estimation
be independently analyzed as follows:

s, = |HS,7‘(wacv wy)|

2 2
:G<w7 o, L) exp [M}
KWs 2

While +, .(n., n,) contains essential information about a
texture, it is not directly usable for classification. However, lo-
cal frequency information can be extracted frgm .(n,, n,)
as follows:

(21)

by (e, Ny) = as, #(Na, Ny) - €xP(jVs, »(Nz, 1y))

where a; (g, ny) = |bs, r(nz, ny)| and ¥, (g, n,) =
arg(bs, »(na, ny)). as,»(ng, n,) contains information about

the amplitude and amplitude modulation (AM) characteris- {9
v

v + 180°

|6, — 6y < 90°

tics of the texture’s periodic features within the band, andg, ,.(n,., n,) = 6, — Be| > 90°
r — UV

s, »(nz, ny) contains information about the phase, frequency
and frequency modulation (FM) characteristics. For textur@8d
with low AM in band (s, 7), as »(n., n,) is approximately — u, (1, n,) = \/Vi(z/)&,,(nm, ny)) + VZ(ths, (12, ny))
constant ove(n,, n,). For textures with low FM in bans, r, c05(Or — o r (1, 1))
the slope ofi)s .(n., n,) with respect to(n,, n,) is nearly MR i

= \/V%(¢S,1’(”wv ”y)) + V§(¢S,1’(”wv ”y))

constant.
- cos(8,. — 0v)| (26)

(25)

Botha, .(ng, n,) andy, ,.(ng, n,) are rotation-dependent
and periodic inr such that

s, ((r+R/2)x(Mas Ny) = Cs, v (Ny Ty) (22) where V() and V() are gradient estimation functions,
Vo (et R (Nas My) = Vs, (N y) (23) 6. is the orientation of the Gabor function, arttf, =
Z/)s,((1*+1L2/2))R(nacv ”y) = - ws,r(ﬂm ”y) (24) tan_l(vy(w‘?’”(n“”’ ny))/vl’(wsﬂ’(nl‘? ny))) is the direction

Rotating i(x, y) by 6° produces a circular shift in- of
—R§/180° for a, .(n., n,) and—RO/360° for ¢, ,.(n., ny).

The characteristics ofb, ,.(n., ny) are clearly illus-
trated by using a sinusoidal input(z,y) = cosfw -

of the gradient vectoru, .(n., n,) is a spatially localized
estimate of the frequency along the directigh, and
¢s,»(na, ny) is the direction of maximal phase change rate,
i.e., highest local frequency. For the preceding sinusoidal
input example ¢, ,(n., ny) = 120° for 30° < 6, < 210°,

(x cos @ + ysin §)]. Both AM and FM are nonexis- and¢; ,.(n,, n,) = —120° whené,. is outside that range. The
tent. The Gabor space representation that follows frobehavior ofu, .(n., n,) for the example is shown in Fig. 4.
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Fig. 5. Transformation from Gabor coefficients into microfeatures.

C. Transformation into Microfeatures

To facilitate discrimination between texturds, ,.(n.,n,)
is further decomposed into microfeatures that contain |
cal amplitude, frequency, phase, direction, and directionalit
characteristics. This decomposition is depicted in Fig. 5. |

the following, for simplicity, R is assumed to be even. The

I

microfeatures are defined to be

fAS,p(nwv ny)

R/2—1
= Z s, r(Nay Ny) * A ((rp)) e (P, Ty,
Tosps @7)
frs,q(na; ny)
= Rgzlu (N, ny) - ex <—27rj7)q>
=| 2 ey P{~%p )|
0<¢< R/4 (28)
st,q(nwv ”y)
iy . 2mjrq
= 3 ettt m) e (— J )

g=1,3, - R—1
fDAs,q(na}a ny)
R/2-1
= arg Z s, (Mg, Thy) - €XP
=0
1<q< R/4
fors, o(na, ny)
R/2—1
= arg Z U, (N, Ty) - €XP
=0
q< R/4

fDYs (nrm n, )
2 q Y
—1

_ 2rjrq
R/2

2mirq
R/2

1<

=

exp(itn.» (e, 1) - exp (—

1,3 -, R—1.

)

|

R

2mirq

(29)

(30)

(31)

7

32

040
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0.00 bbb A TP
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a

Fig. 6. as,r(ne, ny) andfas, »(ns, ny) in response to a sinusoidal input
texture oriented at 120 fa, (72, ny) does not depend upon the rotation
of the input.

only R/2 components are needed in the sum in (27). Eliminat-
ing the redundant components from the circular autocorrelation
allows complete representation by the< p < R/4 compo-
nents of fa, »(ns, ny). It is rotation-invariant because the
autocorrelation operation eliminates the dependence, and
thus, oné. For a sinusoid inputg, .(n., n,) is a Gaussian
in r, and fa, ,(ns, n,) is the autocorrelation of a Gaussian
in r, as shown in Fig. 6.

frs, ¢(na, ny,) contains the frequency envelope information
from b, .(nz, ny). Similar toa, (ns, ny), v, r(na, ny) has
R/2 periodicity. Sinceu, .(n., n,) is real fr, (n., n,) is
conjugate symmetric ig, and consequently, i3 < ¢ < R/4
components are sufficient for complete representation. It is
rotation-invariant because the DFT operation maps rotationally
induced shifts into the complex numbers’ phase components,
which are removed when the magnitude operation is per-
formed.

fvs, ¢(ne, ny) contains the directionality information from
bs7r(7’Lm, ﬂy) Since¢57((,,+R/2))R(nm, ﬂy) = (7)57,,(7133, ﬂy) +
180°, only the components with odg are nonzero. For
the same reason &%, ,(n, ny), fys,q(nz, ny) is rotation-
invariant.

Ipas, ¢(Nz, 1y),

fDFS,q(nmv ny); and fDYS,q(nwv ny)

fas p(ng,ny) contains the amplitude envelope informatiomontain the direction information from,_ ,.(n., n,). Because
fromb, .(n.,n,). Because of th&/2 periodicity ofa,_ . (22),

Ioas, ¢(na, ny) and foes, 4(n., n,) are conjugate symmetric
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fpa, fpor, andfpy provide excellent discrimination informa-
”""H”""H HHIH”‘HN“ tion not available in the microfeatures themselves. A texture

t's macrofeaturesare defined to be

[ Foa 1T E{falt} |
For E{te[t}
Texture A Texture B £CY \/ E{fY |t}
. o AM E{fR} — E{fa}’
Fig. 7. Text th simil features. A
19 extures with similar microfeatures F= Frum \/E{f]_%} — E{fF}2 (34)
Fym VE{G} - E{fy}?
in g, they are represented completely by théir< g g_ Fpma \/E{f]%A}_E{fDA} X E{fpa}*
R/4 components. However, thg = 0 component is Foumr | | VE{t3p} — E{for} x E{fpr}*
always zero since the DFT's are on real sequences in Fomy \/E{f?F}_E{fDY}XE{fDY}*
L 4 L DY . X | § .

both cases.fpys,4(n4, ny) has the same nonzero indexes
as fys ¢(ne, ny). foas ¢(nz, ny),  fDFs,¢(na, ny), and where 2 = fxf =[f-f1 £r-£--]%. For texturet,
Jpys, ¢(ne, ny) are inherently rotation-variant since theF'ca, Fcr, and Fcy describe amplitude, frequency and
phases of the DFT contain all of the direction information. directionality characteristics, respectively, of the “carrier.”
Since all transformations in this decomposition are in¥'am, Fryv, and Fyns describe a texture’s amplitude mod-
vertible (assuming boundary conditions are available), it igation, frequency modulation, and directionality modulation
possible to exactly reconstruts ,.(n.., n,) from their micro- characteristics, respectivellica , F'cr, Foy, Fam, Fru,
features. Thusfas, p(ne, ny), frs ¢(Nas ny), fys,¢(na, ny), and Fyy are all rotation-invariant because the micro-
Ipas, ¢(nzy ny), foFs, (N, ny), @andfpys, ¢(na, ny) provide features upon which they are based are rotation-invariant.
a nearly exact representation 4fr, y). Fpnma, Fovmr, andFpyy capture the directional modula-
tion characteristics. Whildp , fpr, and fpy are rotation-
dependent, their variances are not. Meandf, fpr, and
fpy are directional in nature and are not used as classification
features. For simplicity, off-diagonal covariance terms are not

IV. THE TEXTURE MODEL

A. The Texture Micromodel used, although they may contain useful information.
A texture may be modeled as a vector-valued ran-
dom fieldf = [fa fr fy fpa for foy]?, where C. The Texture Macromodel

fa, fr, fv, foa, for, and fpy are vectors containing the For purposes of classification, a texturés modeled as a
microfeature components for a#l and p or ¢ indexes. It is vector-valued Gaussian random vectowith the conditional
assumed thaf is stationary and has a multivariate Gaussigprobability density function

distribution. For simplicity, a non-Markovian model is chosen. . 1
Given these assumptions, tineicromodelfor texturet is p(Ft) = =
(2m)N* |Cr|
stated as R »
—(F - Co, (F— T
p(f|t) _ 1 - exp < ( NFt) 2Ft( NFt) ) (35)
(2m)Ne |Cly|

~(f = 1ee)C (F — piee)T where up; = E{F|t} andCp, = E{F - F'|t} — E{F|t} -

"exXp < 2 ) (33)  E{FT|#) are the mean and covariancelf respectively N

is the number of macrofeatures, aftlis an estimate of”

whereug, = E{f|t} andCy, = E{f-f1|t} - E{f|t}-E{f?|t}, based on a sample of textureThis is the texturenacromodel
are the mean and covariancefpfrespectively, andv is the The parametergr: and Cy, are estimated from statistics

number of microfeatures. over M samples for each texture
1 M R
B. Macrofeatures fiFe =7 Z F,,
While microfeatures can be used to represent a texture m=1
sample, microfeatures are spatially localized and do not chgpd "
acterize global attributes of textures. For instance, consider 2 1 - N - N
the textu?es in Fig. 7. Most of the spatial samples in the P ;(F’" —jme) - (o — jie)" - (36)

upper-right and lower-left quadrants of texture A would be .
classified as texture B based on microfeatures alone. FwherefF’, is the estimate af" based on sample: of texturet.
thermore fpa, fpr, andfpy are rotation-dependent, making
them unsuitable for rotation-invariant classification.

For classification, a better texture model is derived from Experiments were performed on two groups of textures. The
the micromodel parametergs, and Cg,. For instance, for first group comprises 13 texture images [30] digitized from
the two textures shown in Fig. 7, the standard deviations tife Brodatz album [5] and other sources. Each texture was

V. EXPERIMENTAL RESULTS
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wool

Fig. 8. Textures from the first group. Each texture was digitized at rotation$ ,02@, 60°, 90°, 12(°, and 150. Table | summarizes the results for
rotation invariant classification for these textures.

digitized at rotations of § 30°, 60°, 9(°, 12(?, and 150 as subdivided into 16 128« 128 subimages. A polar, analytic
512 x 512 pixels, each of which was then subdivided intGabor transform was used with parameter valugs= 0.8,

16 128 x 128 subimages. Fig. 8 present the 120tations 6y = 0°, S = 4, R = 16, xk = 0.283 (B = 1 octave) and

of these images. The second group comprises 109 textage= 0.0523/° (—3 dB width of 90).

images from the Brodatz album digitized &t @ith 512 x Two types of feature analysis were performed for the
512 pixels at 300 dpi resolution, each of which was thegroup of 13 textures. Feature parametric analysis characterizes
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Fig. 9. Feature parametric analysis fbica (» = 0,p = 1, ands = 2); and for Fcr (s = 2). The presentation format faF'ca (p = 0) is
unique since the features are normalized to have a sum of 1.0 for each texture.

feature types by the scale)( rotation frequency¢) and/or To reduce filter sampling effects at high frequencies due to
autocorrelation indexr). Quality analysis focuses on the dis+otation, the estimation of model parameters was based on
crimination capabilities of a single feature across all texturethe features from subimages at all rotations in the first group
Many of the feature values have been normalized for improvefl images.
presentation. ) )

Classification performance was demonstrated with bofh Feature Parametric Analysis
groups of textures. Half of the subimages (separated inRecall thatF'c4 represents the amplitude envelope informa-
a checkerboard pattern) were used to estimate the motleh. Referring to Fig. 9, gt = 0, Fica is particularly high for
parameters (mean and covariance) for each type of textuneave ats = 2 (> 60%) and brick as = 3 (> 50%). Visually
while the other half were used as test samples. Features waigtinct textures such as straw and leather have simitar0
extracted from all of the subimages in an identical mannesignatures. Fop > 0, the most directional textures (water,
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Fig. 10. Feature parametric analysis By (s = 2); Fam (¢ =0); Frm (¢ =1); Fym (s = 1); andFpma (s = 1).

wood, straw, and brick) had the lowest values, especially tato peaks separated by 9QUnanifested as two maxima in the
higher values ofp. For all texturesF'ca generally decreased autocorrelation f = 4 corresponds to 99.

with increasingp, except for raffia ats = 2, which had two For Fer, Which represents the frequency envelope infor-
maxima p = 0 andp = 4). The behavior of raffia is due mation from b, ,, most textures had values that decreased
to its bidirectional structure. The Gabor response of raffia hagth increasingg. Notable exceptions are wool and weave.
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Feature quality for carrier amplitude and carrier frequency characteritics, (p = 0) and Fcr (¢ = 0). Amplitude modulation and frequency

modulation characteristicF am (¢ = 0) and Fry (¢ = 0). Feature quality for carrier directionality characteristiEg:a (p = 1) and Fcr (¢ = 3).

The features for wool increased from having relatively lowalues ats
0 to having the highest values at = 2.
At s = 3, wool had the lowest value fog

values ats

relatively high value forq =

2. Weave had relatively low average value.

0 but the highest values at

1 but a the lowest values for all; exceptyq

1. At

s = 2, weave exhibited a very distinctive signature, with

2, which had an
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Fig. 12. Feature quality for carrier directionali#cv (¢ = 3), and directionality modulation characteristidSgy (¢ = 2), Fym (@ = 3), Fpma
(¢ = 2), Fomr (¢ = 1), and Fpmy (¢ = 3).

Referring to Fig. 10, forF oy, higher the values cor- values, particularly at low frequencies (high€r The large
responded to stronger directionality. Strongly unidirectionahriations in the strength of the wood grain patterns resulted
textures had values that peaked qat= 3 and decreased in high values for higher frequencies. Weave and brick had
rapidly with increasingg. Textures with low directionality unique signatures fog = 0.
tended to peak aty = 5. Raffia, bubbles and weave had For Fgn, the multidirectional textures weave and raffia (for
distinctive signatures, with raffia and bubbles having relativeljigher frequencies) and wool and brick (for lower frequencies)
high values at botly = 3 and¢ = 5, and weave increasing had the highest values far = 1. Weave had a particularly
with ¢ (at s = 2) instead of decreasing or peakinggat 5. complex variation over; and s.

For F an, the most amplitude-uniform textures, raffia and For F'y, the textures with a single predominant orientation
weave, had the lowest values overall. The differences fnonotonically increased with; all others had a minimum at
intensity levels between bricks is reflected in its relatively highh = 5 and a maximum at = 7.
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TABLE | Fovy(¢=3) sand, leather, wates (= 0); wood (s = 0, 1); weave
CLASSIFICATION PERFORMANCE FORFIRST GROUP OF TEXTURES (s = 2); brick (s = 2, 3);

Sample Type | %Classified Correctly Frm(g=2) water ¢ = 0); weave ¢ = 2);
Bark 87.5% Fywm(q=3) none;
Sand 97.9% Fpwma (¢ =2) raffia (s =0, 1, 2); straw s = 1); wood (s = 2);
Pigskin 95.8% Fpumr(g=1) water =0, 1, 2);
Bubbles 100% Fpuy(q=3) bubbles § = 0); raffia (s = 1, 2); wood (s = 2);
Grass 95.8%
Leather 93.8%
Wool 91.7% provided very good discrimination for particular textures, at
waffe ;ggzz least for some values af and s. While, for some features,
Wator 97.9% discrimination quality generally deteriorated asand/or s
Wood 97.9% increased, exceptions were evident. For wool and pigskin, the
f;f?: }88;’0 most difficult texture pair to differentiate in the experiments,

TIC. 0

Fponva (q = 2,5 = 3) andFDMY (q =3, 5= 3), were
particularly useful discriminators.

For Fpnva, the textures with the most consistent direction,
water and wood, had the lowest values. The value for leattfer Classification
for ¢ = 1 was significantly lower than that for grass, one A model of each type of texture was established using half
of the few features distinguishing the two. Textures generalyy its samples to estimate mean and covariance, the parameters
increased withg except for multidirectional textures (wool,required by (35). For the other half of the samples, each was
raffia, brick), for which the values at = 1 were the lowest classified as the texturethat maximizedp(F|t). Because of
at their principal frequencies. Again, weave had a peculiggink deficiency problems in the covariance matrix due to high
signature over alk. interfeature correlation, off-diagonal terms in the covariance
The values forF'pyvr (not shown) were generally similar matrix were set to zero. This is believed to have had a
to those for Fpma. However, there were several notableignificant adverse effect on classification performance.
exceptions. The signatures for water and wood were quiteClassification performance for the first group of textures
different. For instance, fos = 1, ¢ = 1 their values were (at different rotations) is presented in Table . Out of a
similar in F'pnva, but in Fpyr the values for wood were total of 624 sample images, 604 were correctly classified
much higher in wood than in water. Wool had a particularlyg6.8%). The misclassification rate per competing texture type
dramatic depression at= 3, ¢ = 2. is (100-96.8%)/12= 0.27%. Bark was misclassified as brick,
For all texturesF'pyy at ¢ = 1 decreased with increasingbubbles, pigskin, sand, and straw; sand as bark; pigskin as
s, except for weave which had its minimum at= 2. At bark and wool; grass as leather; leather as grass and straw;
q = 3, wood and water had the lowest values fo« 1, raffia wool as bark and pigskin; water as straw; and wood as straw.
and wood fors = 2 and wool and brick fos = 3. At ¢ =7, Classification performance for the second group of textures
weave had a very low value for = 3. (the complete Brodatz album) is presented in Table II. Out of
a total of 872 sample images, 701 were classified correctly
(80.4%). The misclassification rate per competing texture type
is (100-80.4%)/108= 0.18%. Perhaps some comments are in
Figs. 11 and 12 graphically present examples of the relatiygqer regarding the classification rate. Many of the textures in
quality of the features used. The shaded area at the toptigd Brodatz album are not homogeneous. Some examples of
each bar representslo. For a given feature, the greater theyych textures with less than 50% classification are shown in
vertical separation between shaded areas for a set of texturgg, 13. Although one can use a selected subset of textures,
the greater the discrimination capabilities provided by thgtwill make comparisons between different algorithms more
feature for those textures. The following identifies texture§fficult. Notice (in Fig. 13) that the D58 texture has similar
for which the example features provided notably good digegments to those of the other three textures shown, and not
crimination (defined as roughly nonoverlappitigo regions  syrprisingly, 50% of misclassified images from these textures
between a texture and most similar textures): Most featurgare classified as D58. Examples of some homogeneous
textures that resulted in 100% classification are also shown
in Fig. 13. Finally, for comparison purposes, when using the

B. Feature Quality Analysis

Foal(p=0) grass § = 0, 1); wool (s = 2); weave ¢ = 2, 3); brick

(s = 3); same subset of the Brodatz album used by Chang and Kuo
Fcr(g=0)  sand, wood{ = 0); weave ¢ = 1, 3); raffia (s = 2); [8], 100% of the samples were correctly classified.
Fam(g=10) sand, leather, wates (= 0); wood (s = 0, 1); weave
s = 2); brick (s = 2, 3);
Frm(g=0) E)ubble)s, grasé, wool, v)vater, wood, straw, brigk< 0); VI. CONCLUSIONS
weave § = 1, 2); The approach described herein has proven to be an effective
Fca(p=1) straw ¢ = 0); bubbles ¢ = 0, 1); raffia, wood method of rotation-invariant texture classification. However,
(s =0, 1, 2); brick (s = 3); there is potential for substantial improvement in the classi-

For(q=3)  very similar toFyn(q = 0); fication stage. Performance was limited by using a model
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TABLE 1l
CLASSIFICATION PERFORMANCE FOR THE SECOND GROUP OF TEXTURES

Sample % Sample %o Sample % Sample %
Texture Classification Texture Classification Texture Classification Texture Classification
Dl 100% D29 25% D57 87.5% D85 100%
D2 12.5% D30 62.5% D58 50% D86 87.5%
D3 87.5% D59 25% D87 100%
D4 100% D60 25% D88 50%
D5 62.5% D33 62.5% D61 62.5% D89 50%
D6 87.5% D34 100% D62 75% D90 87.5%
D7 12.5% D35 100% D63 75% D91 25%
D8 75% D36 100% D64 100% D92 100%
D9 100% D37 100% D65 100% D93 87.5%
D10 75% D38 100% D66 62.5% D94 100%
D11 87.5% D39 75% D67 100% D95 100%
D12 87.5% D40 100% D63 75% D96 87.5%
D13 37.5% D41 87.5% D69 75% D97 75%
D14 100% D42 62.5% D70 62.5% D98 50%
D15 75% D43 87.5% D71 87.5%
D16 100% D44 75% D72 75% D100 100%
D17 100% D45 87.5% D73 12.5% D101 87.5%
D18 100% D46 87.5% D74 87.5% D102 100%
D19 87.5% D47 87.5% D75 100% D103 50%
D20 100% D48 100% D76 100% D104 75%
D21 100% D49 100% D77 100% D105 62.5%
D22 100% D50 100% D78 100% D106 75%
D23 62.5% D51 75% D79 100% D107 50%
D24 100% D52 100% D80 100% D108 87.5%
D25 87.5% D53 100% D81 75% D109 75%
D26 87.5% D54 87.5% D82 100% D110 50%
D27 25% D55 100% D83 100% D111 100%
D28 75% D56 100% D84 100% D112 100%

D4 D9 D35 D37

(b)

Fig. 13. (a) Some examples of nonhomogeneous textures. About 50% of the sample patterns from D2, D7, and D73 were classified as D58. (b) Few
examples of homogeneous texture patterns with 100% classification rate.

based on a variance vector rather than a covariance matixa similar application [8]. An alternate approach would be to
This implies that the features are independent, when in famthogonalize the features using a Karhunen—-Loeve transform.
there is a high degree of interdependence as manifested inTihés approach would have the ancillary benefit of fitting the
covariance matrices. This is comparable to using Euclide@aussian assumption better, since many of the histograms
distance rather than a Bayesian distance, which has bedserved were very non-Gaussian. However, a much larger
shown to result in over a tenfold reduction in performancgample set would be required.
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The concepts described herein may be used in other g® G. M. Haley and B. S. Manjunath, “Rotation invariant texture classi-
plications. The two level modeling approach facilitates an

integrated texture segmentation/classification scheme. Seg;

mentation could be performed using only the micromodel,

followed by classification using the macromodel. Microfea:
tures are potentially useful features for classification of images

21]

other than textures.

Finally, an approach worthy of future consideration is thg?!
development of a rotation invariant Markovian model based on
microfeatures. While the complexities would be considerabli3l
it may provide significant improvements in classification (as
well as segmentation) performance by combining the strengths)
of Markovian model-based and feature-based approaches.
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